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ABSTRACT. Several human movement simulators employ pathfinding algorithms to determine the best
route to an emergency exit or other targets within built environments. However, the literature often lacks
detailed descriptions of some of these algorithms, particularly those of high quality. This paper introduces
a new and enhanced pathfinding algorithm, VSP (Visibility Search Pathfinding), designed for movement
simulations in built environments. It is based on the creation of distance maps and route maps generated
by tangent search. The algorithm’s logic is thoroughly detailed, with examples of its application. Key ad-
vantages of the VSP algorithm include simplicity of logic, ease of computational implementation, appli-
cability to environments of any design or geometry, low processing time (in non-dynamic scenarios), and
full automation, requiring no specialist input. The VSP algorithm consistently identifies routes that closely
approximate the optimal paths, independent of the number of people in the environment. Furthermore, the
VSP algorithm allows the creation of a region around obstacles that prevents collisions. Thus, the VSP
becomes a valuable tool for high-quality human movement simulations in evacuation contexts or similar
scenarios.

Keywords: shortest path, pathfinding algorithm, Von Neumann neighborhood, Moore neighborhood,
emergency exit, Dijkstra algorithm.

1 INTRODUCTION

Several human movement simulation models employ algorithms to identify the best route be-
tween an agent’s initial position in an environment and a specific target, such as the nearest emer-
gency exit [18, 25, 26, 34]. These models can be integrated into computational tools, serving as
valuable support for architects and engineers during the design process. Such studies are crucial

*Corresponding author: Henrique Costa Braga – E-mail: henriquebraga@cefetmg.br
1Centro Federal de Educação Tecnológica de Minas Gerais (CEFET-MG), Department of Transportation Engineering,
MG, Brazil – E-mail: henriquebraga@cefetmg.br https://orcid.org/0000-0001-9504-6156
2Centro Federal de Educação Tecnológica de Minas Gerais (CEFET-MG), Department of Civil Engineering and
Post-Graduate Program in Mathematical and Computational Modeling, MG, Brazil – E-mail: gray@cefetmg.br
https://orcid.org/0000-0002-6510-1019



i
i

“1845” — 2026/3/30 — 11:21 — page 2 — #2 i
i

i
i

i
i

2 DISTANCE MAP ASSOCIATED WITH TANGENT SEARCH AS A PATHFINDING STRATEGY

for understanding the impact of architectural designs on building safety [29, 51], and reinforce
the role of information technology as a fully established field within architectural design [24].

The optimal paths are those routes that minimize (or maximize) some metric between the spec-
ified points. The geometric distance is often used mainly as a metric [2, 11]. Although other
factors, such as population density [39,42,56], pedestrian distribution [55], personal spaces [28],
flow direction [54], information dissemination [31], and specific contexts [5,33,48], among oth-
ers, are also relevant, sometimes even preponderating, understanding the shortest path remains a
fundamental aspect.

The shortest path can be found using various methods, including applying search and exploration
methods known as pathfinding algorithms. These algorithms identify the best route between two
specific points in an environment (or a graph). Several literature reviews on this topic have been
conducted [27, 35, 37, 47, 49]. Moreover, modern techniques such as genetic algorithms, neural
networks, and fuzzy logic have also been applied [1, 12, 23, 43].

Among the many available algorithms, two stand out for their widespread use: Dijkstra’s algo-
rithm [15] and A-Star [16,19]. Currently, both the Dijkstra and A-Star algorithms have numerous
variations and applications [30, 32, 50].

The Dijkstra algorithm searches for the shortest path by assigning a cumulative cost to each
node, starting from the initial node. It systematically explores all nodes, ensuring the lowest cost
between the source and destination points, and guarantees the shortest path to all reachable nodes
in graphs. However, its main limitations include the inability to handle negative edge weights and
potential inefficiency in large or dense graphs due to its exhaustive exploration.

As highlighted in the algorithm engineering literature, more advanced methods achieve enormous
performance gains: Chimani and Klein [14] note that state-of-the-art point-to-point algorithms
can be tens of thousands of times faster than standard Dijkstra; Goldberg and Harrelson [17]
motivate the development of more efficient point-to-point search methods than Dijkstra; and
Bast et al. [4] demonstrate that modern algorithms may outperform Dijkstra by several orders
of magnitude, even up to millions of times faster in transportation networks. These findings
reinforce why most of the relevant works in the literature, as well as commercial evacuation
simulation software [34, 35] do not adopt Dijkstra’s algorithm for crowded scenarios.

On the other hand, the A-Star algorithm is an extension of Dijkstra, incorporating a heuristic
function to prioritize nodes closer to the target. This heuristic makes A-Star potentially more
efficient in terms of computational cost, as it reduces the number of nodes explored. However,
the accuracy of the indicated path depends on the quality of the heuristic used, which may lead
to deviations from the optimal path in some cases.

Moreover, in modeling a generic evacuation in a built environment, it is expected to have not
just one or a few persons but a large number, potentially hundreds or even thousands, distributed
throughout the entire space. Using algorithms individually for each person may not be practical in

Trends Comput. Appl. Math., 27 (2026), e01845
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HENRIQUE COSTA BRAGA and GRAY FARIAS MOITA 3

a simulation, making it highly valuable to apply a tool capable of finding the best path across the
entire environment in a single operation. This can be achieved through a distance map [11, 46].

The distance map provides, for the entire environment – that is, for all points accessible for
movement – their respective distances to the nearest exit or target. Thus, a person located at any
point in the environment can find the nearest exit by simply moving to the neighboring point with
the shortest distance to the exit, systematically continuing this process until reaching the exit.

Once this map is generated, no further analysis is needed for individuals to reach the nearest
exit. Additionally, this method maintains the same computational cost regardless of the number
of people in the simulation or their locations within the environment. Once the map is obtained,
the simulation becomes much more efficient, as the map can be generated prior to the simu-
lation (non-dynamic utilization), thus not affecting the computational cost of the simulation’s
execution.

Microscopic approaches to modeling pedestrian dynamics, such as those based on Cellular
Automata and Floor Fields [13, 36, 54] rely on such algorithms. Consequently, errors and in-
accuracies in these pathfinding algorithms can significantly affect the quality of simulation
results.

Amongst the algorithms used to create the distance map, two stand out due to their search ap-
proach: those based on the Von Neumann neighborhood (VNN) and those based on the Moore
neighborhood (MN). These algorithms are well-known and thoroughly detailed in the literature
[7].

However, when analyzing the preferred direction profiles generated by some of these algorithms
(VNN or MN), considerable deviations from the optimal route are often observed [3, 36, 38, 40].
In some cases, additional algorithms are required to minimize these errors [12].

Furthermore, while certain algorithms may seem to avoid these issues upon superficial analy-
sis, providing highly realistic results [34, 46], the highest-quality algorithms are often not well-
documented in the literature. This lack of clear and comprehensive documentation can hinder
their broader adoption, often resulting in the use of lower-performance algorithms to generate
the distance map instead of superior alternatives.

Thus, the main objective and contribution of this work is to provide a detailed description of the
logic and some application examples of a pathfinding algorithm called Visibility Search Pathfind-
ing (VSP), designed for non-dynamic applications. The VSP algorithm is based on creating dis-
tance maps and route maps through tangent search. This algorithm combines the advantages of
direct search algorithms, such as VNN and MN, while eliminating the errors in distance calcula-
tions or route profiles associated with these methods. Furthermore, the VSP algorithm allows the
creation of regions around obstacles to prevent collisions.

This feature makes the VSP algorithm suitable for high-performance software to simulate
environment evacuations.

Trends Comput. Appl. Math., 27 (2026), e01845
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4 DISTANCE MAP ASSOCIATED WITH TANGENT SEARCH AS A PATHFINDING STRATEGY

2 FUNDAMENTAL BACKGROUND

Pathfinding algorithms for non-dynamic applications often utilize some of the simplest methods,
such as breadth-first search, over a discretized environment. These searches typically start from
the targets (commonly the available exits) and then expand to cover the entire environment. As
mentioned earlier, the search typically employs either the Von Neumann neighborhood (VNN),
which considers only the four nearest neighbors of each cell, or the Moore neighborhood (MN),
which also includes the diagonal neighbors [52, 53]. Figure 1 illustrates the first neighborhoods
for both VNN and MN.

Figure 1: Representation of the first-order neighboring cells based on the Von Neumann (VNN)
and Moore (MN) neighborhood models.

These algorithms offer several advantages: simplicity in their internal logic, general applicability
(they can be used in environments with any geometry), straightforward computational imple-
mentation, low processing time (for non-dynamic applications), comprehensive search of the
environment (ensuring no unexplored areas), and full automation (they do not require specialists
or human intervention). However, the generated routes can significantly deviate from the true
optimal path. These pathfinding algorithms, along with additional aspects, are discussed in the
literature [7]. To illustrate, Figure 2 presents a top-view representation of a simple didactic envi-
ronment (not to scale), consisting of a single rectangular floor with no internal obstructions and
one exit located in a corner.

The walls are represented in black, the exit in orange, and the obstacle-free interior in white.
Additionally, Figure 2b and Figure 2c display the corresponding route maps that could be gener-
ated for the environment depicted in Figure 2a. Different routes with the same total ’best lower’
distance can be identified, depending on whether the VNN or MN algorithms are used. The
movement directions indicated by the route maps (blue arrows) between an initial point (in red)
and the exit (in orange) are highlighted, along with the obvious best theoretical (straight) path (in
yellow).

Trends Comput. Appl. Math., 27 (2026), e01845
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(a) (b) (c)

Figure 2: Top-view representation of a simple environment (a), with examples of the respective
route maps showing general routes (black arrows) and movement directions (blue arrows) gen-
erated by the VNN (b) and MN (c) algorithms, along with the corresponding ideal straight-line
path (in yellow). Adapted from [10].

The difference between the ideal route (in yellow) and those obtained by the algorithms (in
blue) depends on the environment geometry, the relative position of the person to the target, and
the criteria adopted to generate the route map from the distance map. Unfortunately, errors of
approximately 40% in distance calculations can occur when using the VNN algorithm, and up
to 8% when using the MN algorithm [7]. Although the results from MN are significantly better,
considerable errors persist.

3 METHODOLOGY

The VSP algorithm, like the VNN and MN algorithms, is also based on a breadth-first search
from the targets (e.g., the emergency exits) toward the interior of the environment. The search
uses the first VNN (due to the logic of the VSP algorithm, the issues caused by VNN will not
affect the results, as VNN is used solely to guide the search). However, a route map (or reference
map) is also generated simultaneously, in addition to the distance map. The reference map shows
minimal sudden changes in the indicated direction toward the exit.

The reference map is constructed based on the principle of visibility, or searches by tangent, or
even Euclidean shortest path [22, 44]. Each cell points to another cell closest to the exit, where
visibility is possible. Visibility is possible when there is no obstruction along the straight line
between two cells.

Instead, the VSP algorithm explores the entire environment without leaving gaps and determines
routes based on the shortest Euclidean distance along tangents. It is important to emphasize, how-
ever, that the VSP algorithm cannot be considered ”optimal” in the strict mathematical sense. The

Trends Comput. Appl. Math., 27 (2026), e01845
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6 DISTANCE MAP ASSOCIATED WITH TANGENT SEARCH AS A PATHFINDING STRATEGY

discretization of a real built environment into a lattice inevitably introduces geometric approxi-
mations that cannot be fully eliminated. Thus, even if an algorithm guarantees the best solution
within the discrete graph, the result may still deviate from the true continuous geometry. From
an engineering perspective, however, the VSP can be regarded as optimal, since its results con-
sistently remain closer to analytical expectations and superior to alternative algorithms when
evaluated in terms of accuracy and efficiency in lattice-based simulations.

From a geometric perspective, visibility-based shortest-path maps in continuous polygonal envi-
ronments admit optimal solutions, as shown by [22]. Our grid-based VSP can be interpreted as a
discrete approximation of this continuous visibility framework. Although a formal discretization-
error bound (expressed as a function of the grid resolution r and obstacle geometry) lies beyond
the scope of the present work, our empirical results show that, with r = 0.05m, the deviation
from the analytical solution remained below 1% even in benchmark layouts with multiple angular
deflections.

Moreover, uncertainties inherent to human behavior must also be considered. Pedestrian evac-
uation dynamics are strongly influenced by perception, cognition, decision-making, and social
interactions, all of which introduce deviations that cannot be fully captured by purely geometric
or physical models [9, 21, 41]. These behavioral factors often dominate the overall uncertainty
in evacuation predictions, making small geometric deviations caused by discretization or algo-
rithmic choices secondary in comparison. For these reasons, when assessed in the broader engi-
neering context, the VSP provides results that are sufficiently robust and ”optimal” for practical
applications.

The first essential step is to discretize the environment in the form of a two-dimensional rect-
angular matrix, named the Environment Matrix (EM). Each element of this matrix represents a
portion of the environment, with its resolution (r) proportional to the overall dimensions of the
environment. All elements of the environment (walls, passages, internal obstructions, and exits)
must be an exact multiple of the resolution unit (or rounded to that). As an example, consider the
environment depicted in Figure 3a and its corresponding EM in Figure 3b.

Initially, all positions within the environment that are not occupied by walls or exits will have the
value ’0’ in the corresponding cell in the EM; the walls will have the value ’-1’; and the exits (or
targets) will have the value ’-2’ (these values ’0’, ’-1’, and ’-2’ are used just as references in this
example).

Figure 4 briefly illustrate the steps of the VSP algorithm to better explain the underlying logical
principles.

In Figure 4a, a top-view of a hypothetical environment is presented. It consists of a single rectan-
gular room with no internal obstructions, black walls, and a single passage. This passage serves
as both the entrance and the exit of the environment and acts as a reference point, designated as
RP1, located at the center of one of the shorter walls.

Trends Comput. Appl. Math., 27 (2026), e01845
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(a) (b)

Figure 3: Example of an illustrative environment shown in perspective view (not to scale) along
with its top-view projection (a) and the corresponding Environment Matrix (b). Reproduced from
[7].

(a) (b) (c) (d)

Figure 4: Top-view images of a hypothetical environment consisting of an unobstructed room,
illustrating the steps to derive the route map from any point to the destination (RP1) using the
distance map.

Trends Comput. Appl. Math., 27 (2026), e01845
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8 DISTANCE MAP ASSOCIATED WITH TANGENT SEARCH AS A PATHFINDING STRATEGY

In the VSP algorithm, the environment is discretized into its respective EM. An algorithm is
then applied to this matrix, starting from the final objective (the initial reference point, in the
example shown, RP1), scanning the entire environment. This algorithm calculates the distance-
to-exit values (De), which, in this case, is the straight unobstructed Euclidean distance from
each cell center in the EM to the reference point considered (RP1). In this specific scenario, the
unobstructed Euclidean distance is equivalent to the direct Euclidean distance since there are no
internal obstructions, and the environment is geometrically convex (in this case, a rectangle).

These De values are stored in another matrix, its respective distance map, which has the same
dimensions as the EM. The orange lines shown in Figure 4b illustrate several curves where all
the elements of the environment along each orange line share the same De from RP1.

Using the distance map, the algorithm generates another matrix called the route map, which also
has the same dimensions as the EM. Each cell in the route map contains a vector pointing toward
the reference point adopted during its generation, in this case, RP1. Some of these vectors are
represented as blue arrows in Figure 4c, which also displays several curves indicating equal De

distances from RP1.

Finally, Figure 4d illustrates the environment with only the arrows pointing toward the reference
point (RP1). Thus, starting with the environment constructed as a matrix (EM), the VSP algo-
rithm generates the distance map, and later, using the distance map, it generates the route map.
By simply following the route map, any individual in the built environment can efficiently and
directly find the exit (RP1), avoiding the errors of simpler algorithms such as VNN or MN.

Indeed, the environment in Figure 4 was designed to be very simple for didactic purposes, so
the paths could have been found even without any advanced algorithm, as the solution is trivial.
From any location in the environment, one could simply point toward the exit, RP1, and proceed
directly. However, real-built environments can become much more complex, making it far from
straightforward to identify the best paths. By applying the VSP algorithm, regardless of the en-
vironment’s complexity, geometry, or number of floors, the routes to the exit will be determined
automatically, without human intervention.

To illustrate the VSP algorithm’s logic in slightly more complex environments, Figure 5
introduces complementary reference points.

In Figure 5a, an environment similar to that in Figure 4a is presented, but now containing an
internal obstruction (in black). When applying the VSP algorithm to the respective new EM, it
calculates the distance of each cell from the reference point RP1, generating the respective new
distance map.

In the region between the obstruction and the exit, the distance values obtained from the distance
maps in Figure 4b and Figure 5b are identical. Similarly, across much of the area located between
the obstacle and the larger walls, there will be no difference between the distance maps.

However, in the region behind the obstruction, the differences between the distance maps from
Figure 4b and Figure 5b emerge. This occurs due to the calculation of De. In this region behind

Trends Comput. Appl. Math., 27 (2026), e01845
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(a) (b) (c) (d)

Figure 5: Top-view images of two hypothetical environments. In (a), (b), and (c) an environment
with one internal obstruction and two complementary reference points and in (d) an environment
with three internal obstructions and three complementary reference points.

the obstruction, there is no straight line that directly connects the reference point RP1 without
intersecting the obstruction. When applying the VSP algorithm to the environment to generate
the distance map, the algorithm first checks if a point in the environment has an unobstructed
straight line to the reference point (initially RP1) before calculating the Euclidean distance. If the
line is not blocked, the Euclidean distance is calculated directly, and the algorithm proceeds to
the next point.

However, if there is an obstruction — meaning there is no longer an unobstructed straight line
between the considered point and the adopted reference point — the nearest previous neighbor
to this point becomes the new reference point, such as RP2 (or RP3), depending on the location
of the considered point behind the obstruction. As the calculations are performed from the active
reference point, from this point onward, all points in the environment to be checked will consider
this new reference, RP2 (or RP3).

When such a reference change occurs, the unobstructed Euclidean distance for these specific
points is calculated as ”1” (the distance between the point and the new neighboring reference),
plus the distance from the new reference point to the original one. Thus, the general equation for
the distance to the exits can be obtained (Eq. 3.1).

De = Dpr +Dl (3.1)

Where: De is the distance of any cell to the nearest final exit (this is the value placed in the
distance map); Dpr is the distance from the specific reference point considered to the nearest
final exit; and Dl is the Euclidean distance from each cell to the specific reference point for that
cell.

Trends Comput. Appl. Math., 27 (2026), e01845
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10 DISTANCE MAP ASSOCIATED WITH TANGENT SEARCH AS A PATHFINDING STRATEGY

At this point, all these distance values are in number of cells (with the central point of each cell
as a reference). To convert these values to a distance unit in the SI - International System, simply
multiply the distance values in number of cells by the adopted resolution r at the end of the
simulation.

In the example of Figure 4, Dpr is zero (no intermediary reference points), so in this case, De =

Dl .

Figure 5b illustrates some of these lines representing equal unobstructed Euclidean distances to
the exit (RP1) and the corresponding routes found. It can be observed that near the obstruction,
both the distance profile (orange lines) and the orientation of the arrows (routing paths) change
direction.

Removing the distance lines, Figure 5c illustrates some routes indicated by arrows and the two
complementary reference points automatically generated by the VSP algorithm, RP2 and RP3.
The blue arrows point directly to RP1, the red arrows to RP2, and the green arrows to RP3.

Finally, Figure 5d depicts an environment with multiple internal obstructions. Applying the VSP
algorithm to this environment, the distance map is obtained, reflecting the unobstructed Euclidean
distances for all points within the environment. To achieve this, three additional complementary
reference points (RP2, RP3, and RP4) are generated to cover the entire space and create the desired
route map.

The algorithm logic described above was implemented computationally using the Python pro-
gramming language. Complementary resources, including demonstration videos and the pseu-
docode, are provided in the sections Supplementary Resources and Appendix, respectively. It
is worth noting, however, that there are several ways to develop this algorithm [8].

The VSP method represents a geometric refinement of traditional grid-based approaches, improv-
ing the accuracy of distance estimation in discrete environments. Having presented and illustrated
the main concepts and logic of the VSP algorithm, its practical application is now demonstrated.

4 RESULTS AND DISCUSSIONS

4.1 The VSP algorithm

To illustrate some of the characteristics of the VSP algorithm and its differences from the classic
VNN and MN, several experiments were devised. Initially, the didactic environments shown in
Figure 2 (one exit) and Figure 3 (two exits) are now presented in Figures 6a and b, respectively,
but with indications of the best routes obtained by the VSP algorithm (route map). As expected,
Figure 6 typically exhibits a smoother discrepancy in the orientations between adjacent cells that
are directed towards the same exit (e.g., observe the differences between Figure 2 and Figure 6a).

Now, square-shaped environments without internal obstacles, with walls of one cell thickness and
an exit of two cells width positioned at the center of one side, are simulated. These environments
have widths ranging from 10 to 1,000 cells. Considering a resolution of r = 5 cm, the value of

Trends Comput. Appl. Math., 27 (2026), e01845
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(a) (b)

Figure 6: Route maps with arrows indicating the path to the exit (in orange) as obtained by the
VSP algorithm. In (a), the map corresponds to the environment shown in Figure 2 (one exit),
while in (b), it corresponds to the environment shown in Figure 3 (two exits).

Dmax (maximum distance indicated in the environment to the exit) and the value of Dave (the
average distance in the environment, considering the values of all free cells in the distance map)
for each square environment were obtained from the distance map.

Figure 7 shows the results obtained using the VSP algorithm, as well as the VNN and MN
algorithms in the same environments for comparison. Figure 7a clearly shows that there are no
noticeable differences between the theoretical (exact) distance and that obtained by the VSP algo-
rithm. Additionally, according to Figure 7b, the values for the distances (Dmax and Dave) obtained
using the VSP in square environments with no internal obstructions are 8% lower than those ob-
tained by MN and about 34% lower than those obtained by VNN. Finally, Figure 7c compares
the computational times of the three algorithms, showing that VSP is approximately one order
of magnitude slower than MN, which in turn is slower than VNN. All reported processing times
correspond to wall-clock time, measured under identical hardware conditions. However, since
the processing is performed prior to the evacuation simulation (non-dynamic application), this
additional cost is not operationally significant and is fully justified by the substantial improve-
ment in both the accuracy and quality of the results. It should be noted that absolute processing
times naturally depend on implementation details and hardware conditions; thus, the results are
presented to highlight relative trends rather than exact values.

It is important to note that the computational cost shown in Figure 7c refers exclusively to the
precomputation stage. During the evacuation simulation itself, the cost becomes practically neg-
ligible: routes are retrieved through direct table lookups, with no search, no gradient propagation

Trends Comput. Appl. Math., 27 (2026), e01845
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12 DISTANCE MAP ASSOCIATED WITH TANGENT SEARCH AS A PATHFINDING STRATEGY

(a) (b)

(c)

Figure 7: (a) Values of Dmax, (b) values of Dave, and (c) computational processing times obtained
using the VSP, VNN, and MN algorithms for square environments with varying numbers of cells
per side (r = 5 cm) and a single exit located at the center of one side. Data for VNN and MN are
based on [7], while VSP results are presented here and further developed in this work (see [8]).

and no additional geometric processing. Hence, once the precomputation has been performed,
the pathfinding cost within the simulation is effectively zero in practical terms.

Figure 8 shows the distance map profiles for these square environments, with a 50 m side (2,500
m² of area), for all three algorithms (MN, VNN, and VSP). Each different color range indicates
a distance of 1 m from the exit. Figure 9 shows the stylized representation of some distance line

Trends Comput. Appl. Math., 27 (2026), e01845
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profiles obtained from Figure 8 for all three algorithms, providing a better visualization of the
impact resulting from the differences.

Figure 8: Distance map profiles for square environments with sides of 50 m, according to the
VNN, MN, and VSP algorithms (exit located in the middle of the bottom side; each color range
represents a distance of 1 m from the exit). VSP based on [8].

In Figure 9, the red semi-lines were obtained from VNN, the blue semi-lines from MN, and the
faded background is the distance map obtained by the VSP, where each color range indicates a
distance of 5 m from the exit. Still, in Figure 9, the thumbnail on the right shows a reproduction
of the main image with the identification of regions where the discrepancy between the distance
profiles obtained by the three algorithms is smaller.

Figure 10 shows the distance map profiles for a more sophisticated hypothetical environment with
two independent exits and several internal rooms for all three algorithms (VNN, MN, and VSP).
Each different color range indicates a distance of 1 m from the nearest exit. For comparison, the
values of Dmax and Dave were obtained for all situations.

It is worth noting that the limitations of pathfinding are not restricted to direct neighborhood-
based algorithms. Even classical methods such as Dijkstra’s algorithm, while theoretically exact
on a graph, rely on the quality of the underlying graph representation of the built environment.
When a continuous environment is discretized into a rectangular graph, distortions may occur:
with only orthogonal connections, Dijkstra reproduces results similar to Von Neumann search,
whereas with additional diagonal links it tends to reproduce Moore-like behavior.

To achieve path quality comparable to VSP, one would need to construct a graph with a very
large number of connections per node, which would dramatically increase computational cost and
complexity, making Dijkstra’s already inefficient performance even worse. Furthermore, gener-
ating such a rich graph from a generic environment would itself require a complex algorithm,
adding another layer of computational burden and potential sources of error. This highlights that
the issue is not with Dijkstra’s logic itself, but with the mismatch between graph abstraction and

Trends Comput. Appl. Math., 27 (2026), e01845
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14 DISTANCE MAP ASSOCIATED WITH TANGENT SEARCH AS A PATHFINDING STRATEGY

Figure 9: Stylized representation of some distance lines obtained from Figure 8. The red semi-
lines were obtained from VNN, the blue semi-lines from MN, and the faded background repre-
sents the distance map obtained by the VSP, where each color range indicates a distance of 5 m
from the exit.

(a) Environment considered, with two exits (in or-
ange) and several inners rooms.

(b) VNN: Dmax of 30.3 m and Dave of 13.9 m.

(c) MN: Dmax of 27.5 m and Dave of 12.4 m. (d) VSP: Dmax of 27.0 m and Dave of 12.0 m (see
[8]).

Figure 10: Representation of distance maps profile for an environment (a) with two independent
exits (in orange): (b) for VNN, (c) for MN, and (d) for VSP. Each different colour range indicates
a distance of 1 m from the nearest exit.

Trends Comput. Appl. Math., 27 (2026), e01845
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the geometric reality of built environments. In this sense, the VSP method avoids such distortions
by operating directly on the geometry, ensuring both efficiency and fidelity in the resulting paths.

It is also important to clarify that VSP, VNN, MN, and Dijkstra do not share the same design
objectives. VNN and MN prioritize simplicity and local uniform expansion, Dijkstra optimizes
paths in an abstract graph, and VSP explicitly optimizes geometric fidelity. For this reason, com-
parisons among them are meant to highlight structural differences rather than suggest equivalence
of purpose. That is, the fact that Dijkstra can approximate VNN or MN behaviour under specific
connectivities does not imply that it can approximate VSP results under realistic grid constraints.

As discussed in Section 3, all lattice-based formulations introduce geometric approximations due
to discretization. However, the sensitivity to this approximation is not uniform across methods.
In neighbourhood-based searches (VNN/MN), discretization is embedded directly in the local
expansion pattern, and its geometric effect is predictable and limited to the chosen first-order
neighborhood. In contrast, when Dijkstra is applied to the same grid graph, its geometric fidelity
depends entirely on the connectivity of that graph: with only four neighbours, it necessarily re-
produces VNN behaviour; with eight neighbours, it approximates MN; improving geometric ac-
curacy would require substantially denser connectivity. Such dense connectivity rapidly increases
memory consumption and computational cost, making Dijkstra comparatively more sensitive to
discretization as grid resolution grows. By comparison, VSP relies on geometric visibility rather
than neighbourhood connectivity, retaining high geometric accuracy even on coarse grids.

The quality of the results ensures that the profiles of the distance maps generated by the VSP
algorithm are predominantly characterized by smooth, effectively differentiable curves, exhibit-
ing gradual transitions rather than abrupt changes at the macroscopic level. This behavior can
be likened to segments of circular arcs. This characteristic does not occur in the distance maps
generated by the VNN or MN algorithms, which are macroscopically composed of straight lines
and non-collinear segments [7]. Another advantageous aspect of the VSP algorithm is the im-
possibility of local minima occurring, except for the global minimum, as can happen in methods
such as potential fields [20]. These characteristics contribute to the algorithm’s simplicity and
efficiency.

The precomputed traversal information provided by VSP could also be incorporated into hybrid
architectures or learning-based evacuation models, e.g., as geometric priors for agent decision
models or as constraints in metaheuristic search.

Finally, even if a classical method such as Dijkstra could hypothetically achieve high geomet-
ric accuracy for this application (which would require graph densities far beyond practical lim-
its), this would not diminish the scientific value of presenting VSP. Algorithmic research rou-
tinely benefits from complementary approaches: a method may be optimal for one class of
problems while another excels in a different structural setting. VSP contributes by offering a
geometry-driven, globally consistent, and computationally efficient solution tailored to evac-
uation contexts—an area where classical graph-based algorithms have not been designed to
operate.

Trends Comput. Appl. Math., 27 (2026), e01845



i
i

“1845” — 2026/3/30 — 11:21 — page 16 — #16 i
i

i
i

i
i

16 DISTANCE MAP ASSOCIATED WITH TANGENT SEARCH AS A PATHFINDING STRATEGY

4.2 Correcting the effect of body sizes

The route generated by the VSP algorithm is indeed very close to optimal, but it does not consider
the effect of body size. If the resolution of the route is smaller than the body size, which is a
typical situation in high-level modeling, it will be impossible for an agent to follow the route
previously defined as the best by the VSP algorithm. This is due to constraints and collisions
near fixed obstacles such as walls. Figure 11 illustrates this situation, where a person follows the
defined route and collides with the wall. To avoid this, an alternative is to consider the influence
of body size when generating the optimal route using the VSP algorithm.

(a) (b)

Figure 11: Representation of a person (in red) walking towards a passage, following the initially
defined optimal VSP route (in blue), and hitting the wall (in black).

The proposed approach aims to implement the so-called ’shading effect’ around obstacles in the
discretized built environment. This shading involves marking cells around all fixed obstacles that
are, within a linear distance from these obstacles, less than or equal to half the width between
the shoulders of a person (considered the minimum space necessary to safely avoid physical
collision) to be perceived by the VSP algorithm as fixed obstacles as well. Therefore, when the
VSP algorithm is applied to this shaded environment, it will generate corrected optimal routes,
avoiding overlaps, without requiring further modification or adaptation.

For the implementation of this shading approach, instead of conducting the distance mapping
search from the exits (objectives) into the environment, the search will be initiated from the fixed
obstacles themselves. Consequently, the resulting distance map will not provide the distance from
any cell in the environment to the nearest exit; rather, it will provide the distance from any cell
to the nearest wall (fixed obstacle).

With this established distance map of walls, a simple scan is performed on all free movement
spaces (empty cells) in the discretized environment, which are at a distance equal to or less than
the human-defined distance to avoid overlaps, as indicated on the previously generated distance
map. These elements are then also treated as fixed obstacles. Subsequently, in this newly modified
or shaded environment, the best distance map acquisition algorithm (in this case, VSP) is applied,
with the real exits considered as objectives.
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From this new distance map, optimal movement routes can be obtained, with no risk of physical
overlap between individuals and fixed obstacles. The core features of the VSP algorithm remain
unchanged. To illustrate the proposed method, a simple two-floor built environment is presented,
with no internal obstructions except for the constraints imposed by the stairs and featuring a
single exit on the first floor.

Figure 12a depicts this 3D environment according to a planned representation [10,46]. Walls are
represented in black, open areas for movement in white, the exit on the first floor in orange, stair
constraints in gray, dark blue straight lines represent stair links, and light blue regions designate
areas disregarded for simulation. Figure 12b shows the distance map obtained using the original
VSP algorithm, where each color band indicates a distance of 1 m from the considered objective,
in this case, the exit.

(a) (b)

Figure 12: (a) Planned representation of a simple 3D two-floor built environment, and (b) the
original distance map obtained by the VSP algorithm.

The distance map in Figure 12b, as it stands, does not meet the requirements for simulations.
It indicates paths that are too close to obstacles, potentially leading to undesirable overlaps if
employed directly. For instance, note the narrow regions between the stairs and the walls. To
address this, the distance map for generating the shaded environment should be created using the
same VSP algorithm, but with the walls as the objectives.

Figure 13a illustrates this scenario, where all elements in the environment are identical to those
in Figure 12a, except the walls are now represented in orange and the exit in black. Applying the
VSP algorithm to this configuration with the walls as objectives produces a new distance map.
Using this distance map, shading can be achieved by scanning all free movement points (empty
cells) within a specified distance from the walls and treating them as walls (shadows). In this

Trends Comput. Appl. Math., 27 (2026), e01845
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example, the distance threshold for generating shadows was set to 25 cm, corresponding to the
shoulder width of a typical agent. Figure 13b depicts the resulting shaded built environment.

(a) (b)

Figure 13: (a) Planned 3D environment with walls as objectives (represented in orange); (b) the
same environment as Figure 12a, but properly shaded within a 25 cm distance radius.

Finally, the VSP algorithm is applied again to this shaded environment, resulting in the final
distance map to be used by the subsequent simulation program. Figure 14 illustrates this distance
map for the shaded environment.

As previously noted, the distance map presented in Figure 12b shows routes generated between
the stairs and the walls. However, in the distance map shown in Figure 14, this region is blocked
(in black) due to the shadowing effect, preventing its use for movement. This occurs because its
width is less than 25 cm, which represents the shadow width considered in this example.

Another important point is the variation in body sizes among individuals [45], as well as special
conditions, such as a person using a wheelchair [6], which must be considered for a more realistic
simulation. Therefore, a single shading configuration may not fully meet all requirements. To
achieve the desired realism, multiple distance maps could be generated, each accounting for
a specific shading size suitable for different human dimensions and situations. Each simulated
individual can then be associated with their respective distance map, a concept that can be easily
implemented as previously described.
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Figure 14: Final distance map obtained after considering the shading effect.

5 CONCLUSION

The Visibility Search Pathfinding algorithm (VSP), described in detail in this paper, offers sev-
eral advantages, including logical simplicity, ease of computational implementation, broad ap-
plicability (independent of the environment’s internal or external geometry, or number of floors,
including 3D environments), no processing time demands in simulations (for non-dynamic appli-
cations), full automation (independent of human intervention), and the absence of multiple local
minima.

Furthermore, compared to simpler search algorithms such as the Von Neumann Neighborhood
(VNN) and the Moore Neighborhood (MN), the VSP consistently produces nearly optimal results
in any built environment, with minimal errors. In contrast, the VNN and MN algorithms may
yield, in some situations, differences of up to 40% (VNN) or 8% (MN) in distance calculations.

The distance maps and corresponding route maps generated by the VSP algorithm exhibit fewer
artificial abrupt changes in direction within areas influenced by specific exits, with distance
ranges that often resemble segments of circular arcs.

Yet, for more realistic simulations, the VSP algorithm can account for variations in body size
or include a safety factor through a shading effect, ensuring optimal, safe paths to exits, without
overlaps or collisions with fixed obstacles.

The detailed logic of the VSP algorithm presented here, along with its applications, repre-
sents a significant contribution and holds considerable potential to support high-performance
human movement simulation software, particularly in evacuation scenarios, thereby aiding in the
architectural design of safer built environments.
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SUPPLEMENTARY RESOURCES

Demonstration videos related to the present study are available within a broader playlist associated with the
Fuga framework, a computational tool for pedestrian movement simulation:
Fuga demonstration playlist.
https://www.youtube.com/playlist?list=PLtNrPc3_xkxDKX7BiOr1dSZfSQJHbh8Zm

APPENDIX

In the following pseudocode, we state:

- EM (Environment Matrix) is the matrix that represents the discretized built environment,

- OM (Objective Matrix) is the matrix that contains the coordinates of all final targets (e.g., exits),

- DM (Distance Map) is the matrix with the shortest distances between all points and the nearest
objective,

- RM (Route Map) is the matrix that contains the best route to be followed from all points to the
nearest objective,

- The values in all matrices represent cell counts and have not been converted to SI units (this can be
done in a later step using the resolution r), and

- N4
F is the set of all 4-neighbors through the faces of a generic cell at (x,y):

N4
F = {(x+1,y),(x−1,y),(x,y+1),(x,y−1)}.
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Algorithm 1 Pseudocode for the search core of the VSP algorithm.
Input: EM, OM
Output: DM, RM

1 MBP← OM // Initialize the search matrix with the final objectives

2 DM ← 0 // Initialize the Distance Map matrix with the same dimensions as

EM, with its cells initially set to 0

3 RM ← (0,0) // Initialize the Route Map matrix with the same dimensions as

EM, with its cells initially set to (0,0)

4 while MBP ̸= null do
// When MBP = null there will be no more cells to search

5 MBS← null
for j← 1 to length(MBP) do
// Will search through all objectives

6 (xi,yi)← coordinates in MBP( j) (xr,yr)← coordinates in RM(xi,yi)

7 for k← 1 to 4 do
// searches neighboring face cells (N4

F) from EM(xi,yi)

8 (xk,yk)← coordinate of (N4
F) from EM(xi,yi)

if EM(xk,yk) indicates a valid coordinate then
9 MBS←MBS∪EM(xk,yk)

if there is a straight unobstructed line between EM(xk,yk) and EM(xr,yr) then
10 step← Euclidean distance between EM(xk,yk) and EM(xr,yr)

DM(xk,yk)← DM(xr,yr)+ step // Equation (3.1)

11 RM(xk,yk)← RM(xr,yr) // Keep the reference

12 end
13 else
14 DM(xk,yk)← DM(xi,yi)+1

RM(xk,yk)← RM(xi,yi) // Change the reference

15 end
16 end
17 end
18 end
19 MBP←MBS
20 end
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