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A Genetic Algorithm for Pedestrian
Origin-Destination Flow Estimation

Rodrigo Simões , Adriano Lopes , and Fernando Brito e Abreu

ISTAR-IUL, Instituto Universitário de Lisboa (Iscte-IUL), Lisbon, Portugal
{rjbss,adriano.lopes,fba}@iscte-iul.pt

Abstract. Urban environments are facing increasing complexity, mainly
due to rising populations, vehicle usage, and tourism. This intensifies ur-
ban flows, including traffic, daily commuting, and tourist movements,
posing challenges for congestion management, environmental sustain-
ability, and overall quality of life. In popular tourist destinations, where
urban infrastructure often limits carrying capacity, managing the com-
bined flows of residents and visitors becomes particularly difficult. This
can degrade both the visitor experience and the mobility of local com-
munities.
To address these challenges, mobility flows can be modeled using trajec-
tory data, typically obtained via GPS. However, such data is costly and
often unavailable. In this study, we leverage a more accessible but less
granular dataset from the Lisboa Aberta initiative, which provides ag-
gregated mobile device counts across Lisbon by location and time. While
this dataset lacks individual identifiers or trajectory information, we aim
to reconstruct pedestrian origin-destination (OD) flows from it.
We frame this as a dynamic OD estimation problem, which is an inher-
ently under-determined optimization task. To address this, we present a
genetic algorithm constrained by a simplified pedestrian mobility model.
This approach enables us to infer plausible mobility patterns from aggre-
gated data, offering a cost-effective method for urban flow analysis and
contributing to more sustainable urban planning.

Keywords: Origin-Destination Flows · Origin-Destination Estimation ·
Pedestrian Flows · Genetic Algorithm

1 Introduction

Many urban environments are becoming increasingly complex, with growing pop-
ulations, increased vehicle use, and a rise in the number of tourists. The intensity
of urban flows, such as traffic, the pendular movement of residents, and tourist
flows between points of interest, is a significant reminder of this. Efficient man-
agement of these flows is crucial to prevent congestion, minimize environmental
impact, enhance the quality of life for residents and visitors, and promote local
sustainability.

In overcrowded scenarios, common in popular tourist destinations, where
the urban fabric reduces the carrying capacity [1], managing visitor flows in
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combination with flows of locals becomes problematic. This degrades the visitor
experience and hinders the mobility of residents and traders in local communities.

These flows can be modeled using individual trajectory data, which can be
obtained through technologies such as GPS; however, this approach has a higher
cost compared to less granular data [10]. Thanks to the Lisboa Aberta initiative,
we have a dataset with mobile device counts for the city of Lisbon. It falls into
this ‘less granular data’ category since it does not have sufficient information so
that it is possible to reconstruct mobility flows straightforwardly, as it does not
contain individual IDs, pseudonymized or otherwise, nor any trajectory infor-
mation. Instead, it has aggregated counts of mobile devices for each considered
location and date/time. A detailed description of the dataset will be provided
in Subsection 4.1; for now, it suffices to note that reconstructing flows from this
type of data is not a trivial task. We simplify this problem in two ways: (i) we aim
to reconstruct origin-destination flows; (ii) we only consider pedestrian mobility.
Thus, our problem is a dynamic origin-destination estimation problem, which is
an under-determined optimization problem. We developed a genetic algorithm
to address this problem, utilizing a simplified model of pedestrian mobility to
constrain the solutions and mitigate the issue of underdetermination.

This paper is structured as follows: Section 2 presents work related to origin-
destination flows and pedestrian flow modeling. In Section 3, the genetic algo-
rithm used to estimate origin-destination flows is described in detail. Then, in
Section 4, we describe the dataset used and present the results of our proposed
solution on that dataset. Finally, Section 5 concludes the paper with a discussion
of the results, addressing its limitations and proposing future work.

2 Background & related work

Urban mobility flows can be classified from the perspective of travel mode into
traffic flow, public transit flow, crowd (or pedestrian) flow, among others [13].
In this work, we focus on pedestrian flows.

2.1 Modeling pedestrian mobility

Our proposed algorithm uses a custom-made model of pedestrian mobility that
assigns probabilities to transitions between regions. Other approaches exist for
modeling pedestrian flows, which could, in theory, replace our simplistic model
and therefore generate higher-quality solutions. One approach is agent-based
modeling (ABM), which enables agents to interact with each other, capturing
various effects that arise in real person-to-person interactions that may not be
possible to capture through other approaches [12]. A well-known method for
modeling individual agents is through the social forces model, where the envi-
ronment (e.g., other pedestrians or borders) can be viewed as exerting a force
on agents, thereby influencing their motivations and, consequently, their behav-
ior [8].
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Another approach to modeling pedestrian flow is network-based, where the
street network is treated as a graph and movement is based on connectivity and
various parameters. One traditional algorithm that has been adapted to street
networks is the betweenness index, where the “betweenness” of a street segment
captures the estimated foot traffic passing through it [11]. The network-based
approach is typically much more efficient than the ABM approach.

2.2 Origin-destination flows

As mentioned in Section 1, we focus on origin-destination (OD) flows. We divide
an urban area into distinct non-overlapping regions, and we want to know, for
each region, how many pedestrians traveled to each other region. When we group
these pedestrian counts in a matrix, where each row represents an origin and each
column represents a destination, we obtain an origin-destination (OD) matrix.

Rong et al. [10] list four problems whose goal is to obtain OD matrices: OD
prediction, OD construction, OD estimation, and OD forecasting. In OD predic-
tion, the OD matrix is partially filled, and the goal is to find the missing OD
flows. In OD construction, no OD flow information is available for constructing
the OD matrix. In OD estimation, there is also no OD flow information; how-
ever, a set of observations from the real world (e.g., pedestrian counts obtained
by a movement sensor) is available, from which the OD flows can be estimated.
In OD forecasting, we are given historical OD matrices, and the goal is to obtain
new OD matrices for future time periods.

Our goal in this work is to obtain OD matrices based on a dataset that
has counts of mobile devices, which we assume are strongly correlated with
pedestrian counts. This dataset contains the observations that make our problem
an OD estimation problem. It might be relevant to transcribe Rong et al.’s
definition of OD estimation (mathematical symbols omitted):

Given a set of observed temporal traffic counts or other relevant observa-
tions collected at various locations within a transportation network (e.g., road
segments, intersections, or sensor-equipped locations), the objective is to infer
the underlying OD flows—that is, the number of trips between different origin
and destination pairs—that generated the observed traffic pattern.

This definition is specific to traffic OD flow, as it is the type of flow that has
been more extensively studied in the context of OD estimation. One work that
utilizes OD estimation for pedestrian flow (albeit in an indoor scenario rather
than an urban context) employs techniques developed for traffic flow [3], which
highlights the centrality of traffic flows in the context of OD estimation research.

OD flows can also be categorized by their temporal nature. A static OD ma-
trix refers to patterns that maintain a stable structure over a period, such as
commuting flows. In contrast, a dynamic OD matrix refers to a time-varying
pattern of mobility. In our work, we consider OD matrices based on two sets of
observations that are consecutive in time, thus making our problem a dynamic
OD estimation (DODE) problem. The most common approach to this problem
is to formulate it as a bi-level optimization problem [2], where the inner problem
takes a proposed OD matrix as input and solves a Dynamic Traffic Assignment
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(DTA) problem. In the outer problem, the matrices are adjusted to minimize the
discrepancy between the solution of the inner problem and the traffic observa-
tions. Several approaches have been proposed for solving the bi-level optimiza-
tion problem, including genetic algorithms [5]. Our work’s approach also uses a
genetic algorithm, although it does not employ a bi-level optimization problem
formulation.

3 Methodology

Estimating OD matrices from counts along different regions is an underdeter-
mined problem, as one can generate an infinite number of matrices that fit
the observations. This means that something more is required to constrain the
optimization process. In addition to the observations, our approach utilizes a
pedestrian mobility model. The intuition behind our optimization is that we can
fit a matrix to the observations and the mobility model. The accuracy of the
generated matrix depends on the accuracy of the mobility model employed.

Our genetic algorithm requires crowding data (observations) for two consec-
utive time periods. The generated matrix will then contain information on how
many people moved from one region to another between the first time period
and the second.

Algorithm 1 Genetic Algorithm
1: Initialize population P with PopSize random individuals
2: while termination condition not met do
3: Evaluate fitness of each individual in P
4: Select parents from P based on fitness
5: Apply crossover to parents to produce offspring
6: Apply mutation to offspring
7: Evaluate fitness of offspring
8: Select individuals for the next generation using steady-state selection (i.e.

few individuals are replaced)
9: Update population P with new individuals

10: end while
11: Return the best individual found

Algorithm 1 shows our genetic algorithm. We used the PyGAD library in our
implementation. The individuals in the population are candidate OD matrices,
and our solution is the individual with best fitness after the last generation.
For our experiments described in Section 4, we defined PopSize and the max-
imum number of generations in an ad-hoc way, running the algorithm multiple
times on different sets of observations and analyzing the curve of the fitness
function across generations. Besides setting a maximum number of generations
MaxGenerations, we implemented an alternative termination condition: after
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each generation, if in the window of the last W generations there is a plateau
in the fitness improvement of the best individuals, that is, the distance between
the best fitnesses is below a threshold T , then the algorithm is stopped early.

3.1 Initialization

We begin by generating an initial solution for the genetic algorithm. Given N
regions, the dimension of our OD matrix is (N + 1, N + 1). The extra line
represents people entering from outside the considered regions, and the extra
column represents people exiting the considered regions.

Our initialization function assigns a constant value to all elements of the
matrix (except one, which we will soon discuss). That value corresponds to
the sum of crowding values for the first time period, divided by the number of
elements in the matrix.

What about the last element in the matrix, that is, row N + 1 and column
N + 1? This would represent individuals who were not in any of the regions of
interest during the first period and subsequently moved outside of the regions of
interest into the second time period. Conceptually, this means almost everybody,
everywhere, which falls outside the scope of our OD estimation task. Therefore,
this value is ignored in the iterative steps of the genetic algorithm (mutation
and fitness evaluation). For the purposes of our implementation, we initialize it
with 0. Using a null value might be more appropriate, but we use 0 due to the
constraints of the libraries used in the implementation.

3.2 Mutation function

For each individual (matrix) in the population, we select one element (excluding
the last) and use randomness to modify it. First, we obtain a random value
between 0 and 1, which we can call rand. Given the chosen element E, we
obtain its new value through the following formula:

(E + 1)× rand× 2

This is the same as multiplying E + 1 by a random number in the interval
[0, 2]. We add one to E to ensure this factor is not zero. Otherwise, an element
with value zero would be “stuck” at zero even if it were selected multiple times
to be mutated. We multiply the random value by two so that there is an equal
likelihood of making the value of E + 1 smaller or larger.

3.3 Objective function 1: fit to observations

The fitness function of our genetic algorithm is a sum of two objective functions.
We want to minimize these functions. Therefore, the fitness function is actually
the sum of the two objective functions multiplied by -1, so that by maximizing
the fitness we minimize the objective functions.
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We will now describe the first of the two objective functions. Its purpose is to
guide the optimization process in a way that the resulting matrix is consistent
with the observations, that is, the crowding data for the two consecutive time
periods.

Let D be the matrix that holds the crowding data. This matrix has dimension
(2, N), where N is the number of regions. D1,: holds the data for the first time
period, while D2,: holds the data for the second time period. Let M be another
matrix. This is the OD matrix, which means its rows represent origins and its
columns represent destinations. Recall that its dimension is (N +1, N +1), with
the extra line to represent people coming from outside the regions of interest and
the extra column to represent the people going to outside the regions of interest.
With these definitions, we can express the objective function as follows:

N∑

i=1


|D1,i −

N+1∑

j=1

Mi,j |+ |D2,i −
N+1∑

j=1

Mj,i|




The idea is to sum the distances between the actual observations and the
hypothetical observations implied by the OD matrix. For example, for region 1,
the implied observation for time period 1 is the sum of line 1 of M , while the
implied observation for time period 2 is the sum of column 1 of M . The lower
this objective function is, the closer M is to the real observations.

3.4 Objective function 2: fit to model

When minimizing the previous function, we obtain an OD matrix that is con-
sistent with the observations. However, many different matrices could fit the
observations. Indeed, when running the genetic algorithm without a second ob-
jective function, the results vary widely depending on the seed of the random
number generator. We need a second objective function that further constrains
the range of possible solutions. Our approach is to use a pedestrian mobility
model for this second function. We will discuss the mobility model we used
later, although other mobility models could also be used for this second objec-
tive function. Indeed, all that is required of the model is that it provides us with
the probabilities of a person moving from one region to every other region.

What we need, more precisely, is to know what the probability is of a person
who was in region R1 during time period 1 to move to region R2 during period
2, which we can denote by p(R1 → R2). We also need to know the reverse of
this: given that a person moved to region R2 in time period 2, we want to know
the probability that it came from region R1: p(R2 ← R1).

Once we have these probabilities, we can construct an objective function that,
when minimized, brings the OD matrix M closer to the model. The expression
of this function is as follows:
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N∑

i=1




N∑

j=1

(
|Mi,j − p(Ri → Rj)

N+1∑

k=1

Mi,k|
)

+ |Mi,N+1 − p(Ri → Rout)
N+1∑

k=1

Mi,k|




+
N∑

j=1

|MN+1,j − p(Rj ← Rout)
N+1∑

k=1

Mk,j |

First, we loop through the first N lines, and within this loop, we loop again
through the first N columns. For each element, we calculate the distance between
that element’s value and the probability of the OD flow represented by that
element, multiplied by the sum of the element’s line in the matrix. If the elements
along a line i are proportional to the probabilities of the OD flows that have i
as their origin, then the result of this part of the expression will be 0, meaning
that the line is perfectly fitted to the model.

At the end of each outer iteration, we then consider the element Mi,N+1,
which is in the last column, representing the OD flow between origin i and
locations outside the regions of interest. The idea here is the same, and we use
p(Ri → Rout) to mean “probability that a person moved from region i to any
location outside the regions of interest.”

Finally, outside the loop, we consider the last line of the matrix. We loop
through that line, and for each element (except the last), we calculate the dis-
tance between its value and the product between the sum of its column and the
probability that a person moved into the region represented by that column,
knowing that it came from outside the regions of interest.

3.5 Pedestrian mobility model

We have developed an algorithm that provides a probabilistic model of pedes-
trian mobility, which can be utilized for the second objective function of the
genetic algorithm. For a given origin region, our algorithm assigns a probability
to each possible destination region. That is the probability that a pedestrian, on
a random walk, starting from a random location in the origin region, ends up
somewhere in the destination region. More sophisticated mobility models, such
as those we mentioned in Subsection 2.1, can be used instead, as long as they
provide the required probabilities of moving from one region to another.

Our algorithm utilizes OpenStreetMap geographic data. The different regions
of interest are assumed to be represented as polygons rather than as points. Thus,
for spatial topologies that use points rather than polygons, such as those based
on movement sensors or cameras, the algorithm presented below cannot be used.
In particular, for the dataset we used, the regions are 200 by 200 square meter
cells in Lisbon; adaptations in one of the algorithm’s steps may be required for
different topologies.

The crux of our algorithm is to determine the isochrone of the origin cell.
Before we present our definition of “isochrone of a cell”, we will present the
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concept of isochrone of a point. The isochrone of a point is a line that delimits the
possible positions that a moving agent can reach in a given time frame starting
from that point. We assume that the agent is a pedestrian walking at an average
speed of 1.3 meters per second, which is the average speed of pedestrians as
stated by [7]. Isochrones can be obtained using OpenStreetMap data through
tools such as GraphHopper, which is the one we use.1

Here we extend this idea of an isochrone of a point to an isochrone of a cell,
that is, a line that delimits all the possible positions that a pedestrian can end
up in, starting from somewhere in the given origin cell. We can obtain such a
line by merging the isochrones of several points along the edges of the cell. For
large cells, this merging may not cover the cell itself, which should be part of
the isochrone of the cell; therefore, the isochrones are also merged with the cell.

The choice of the number and placement of points from which to generate
isochrones depends on the specific characteristics of the shape and geography of
the regions of interest. For topologies different than ours, alternative methods
may be required to determine the placement of the points. In our scenario,
we begin by placing points at the corners of the cell and the midpoints of the
edges, resulting in a total of 8 points. However, some of these points may fall
on unwalkable terrain, such as the middle of a road or a building. Therefore, we
first apply the carrying capacity algorithm described by [1] to the cell so that
we only consider the walkable parts of the edges of the cell. Then, when a point
is not walkable, we project it towards the nearest walkable point along its edge.

Once we have the set of points in walkable zones, we determine their isochrone
areas and combine them, together with the cell, into a single area, which we call
the isochrone area of the cell. This area encompasses all the possible destinations
that a pedestrian can reach within a given time frame, walking at an average
walking speed. For our case, since we have crowding data for periods of 5 minutes,
we set the time frame of the isochrones also to be 5 minutes.

Once we have the isochrone area of a cell, we run the walkable area algorithm
on it. Then, we quantify the area of the resulting geometry. Given this, we can
calculate the probability of transition from the origin cell to a destination cell by
intersecting the walkable area of the isochrone with the destination cell. Then,
we quantify the area of the intersection. The area of the intersection divided by
the walkable area of the isochrone gives us the final result: the probability of
transition from the origin cell to the destination cell.

This can be visualized in Figure 1, where the blue square represents the origin
cell, the green square represents a destination cell, and the walkable isochrone
area of the origin cell is shaded in brown. The probability of transitioning from
the blue square to the green square is given by the area of the intersection of
the brown area with the green square, divided by the total area of the polygon
isochrone (the brown area).

As seen earlier, our second objective function requires not only the probability
of a person going to a destination cell given that they were in a specific origin cell,

1 OpenTripPlanner is another option for obtaining isochrones. We chose GraphHopper
because its executable is slightly smaller than OpenTripPlanner’s.

195



A Genetic Algorithm for Pedestrian Origin-Destination Flow Estimation

Fig. 1. Walkable isochrone area (brown) of a cell (blue)

but also the inverse of that: the probability of having come from an origin cell
given that the person arrived at a specific destination cell. We can use a similar
approach with isochrones and walkable areas to determine the probabilities for
this inverted model. Given a destination cell, its isochrone area represents all the
locations from which a pedestrian can have come. To determine the probability
that a pedestrian originated from a specific cell, we calculate the intersection of
the origin cell with the isochrone area of the destination cell, calculate its area,
and then divide it by the walkable area within the isochrone cell. The reader may
have noticed that this algorithm is identical to the one described immediately
before, which determines the probability of transition from one cell to another,
given a chosen origin cell. Using the notation introduced in Subsection 3.4, we
can say that p(A→ B) = p(B ← A).
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3.6 OD matrix visualization

We have developed a simple web-based tool to visualize OD matrices, shown in
Figure 2. This visualization does not use the extra line and column representing
pedestrians coming from or to outside the regions of interest. In the figure, the
cell with the black border and without an arrow is the selected origin. We are
visualizing the row in the OD matrix that corresponds to the selected cell. The
colors in the heatmap range from green (the row element with the minimum
value) to red (the row element with the maximum value). When we place the
cursor over a cell, a tooltip displaying the exact OD flow for that cell is shown.
The arrows inside the cells serve to provide a more intuitive understanding of
what is being visualized, showing the direction of the OD flows, starting from
the selected cell. It is also possible to visualize columns of the OD matrix rather
than rows by toggling the switch shown on the top left. When “To” is selected,
the selected cell acts as a destination rather than an origin, and the arrows point
toward the selected cell rather than from it.

Fig. 2. Visualization of a row of an OD matrix
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4 Evaluation

4.1 Dataset

We use a dataset provided by the Lisboa Aberta for evaluation purposes, based
on data collected by a mobile network operator. It divides the Lisbon munic-
ipality into 3,743 square cells, each measuring 200 meters by 200 meters. For
each cell, several metrics related to the counts of detected mobile devices are
available. Values below 10 devices are not reported and are instead marked as
missing. The data is collected in 5-minute intervals.

The most relevant metrics for flow estimation are: C1 : number of distinct
terminals in the cell; C3 : number of distinct terminals that remained in the
cell; C5 : number of distinct terminal entries in the grid; C6 : number of distinct
terminal exits in the grid.

It is not clear how these different metrics are related. Considering two con-
secutive time periods, where t1A is metric A in the first time period and t2A is
metric A in the second time period, we could expect t2C1 = t1C1 + t2C5− t2C6.
However, this relationship does not hold. We decided to use the C1 metric exclu-
sively instead. We also make the simplifying assumption that these device counts
represent the pedestrian counts for the purposes of our genetic algorithm, as we
do not have a means of grouping these counts by different modes of transport.

In our experiments, we used N = 25 cells, organized geographically as a
5 × 5 grid, comprising 1,000,000 square meters. Thus, our OD matrices are of
size (25 + 1)2 = 676.

4.2 Results

We compared different crossover functions, including a custom-built function
that, for each row index, selects a row from either parent with equal prob-
ability. We tested other crossover functions, built into PyGAD. These func-
tions are: single-point crossover, two-point crossover, scattered crossover, and
uniform crossover. Finally, we also tested the algorithm without any crossover.
For this evaluation, we used five pairs of consecutive observations, testing each
crossover type twice for each pair, with a different seed each time to account
for the effects of randomness. Using the notation introduced in Section 3, we
set PopSize = 500, MaxGenerations = 1000, W = 50, and T = 50. As stated
earlier, these values were determined experimentally in an ad-hoc manner. The
crossover functions with the best performance (best fitness) were scattered and
uniform. These are mathematically equivalent, but scattered crossover had the
fastest computation times. Therefore, in the following evaluation, we use scat-
tered crossover.

The ideal way to validate the estimated OD matrices would be to compare
them with ground-truth OD matrices. However, the dataset that we use does
not contain OD information. Our experimental evaluation employs an alternative
approach: since we are using a genetic algorithm to estimate OD matrices, which
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relies on randomness, we aim to assess the randomness of the results by com-
paring the structural similarity of matrices generated for the same observations.
We estimated matrices for 20 pairs of consecutive observations. For each pair,
we generated 5 matrices using different seeds for pseudo-random generation, and
we made 5 × 4 = 20 pairwise comparisons between matrices using normalized
Levenshtein distance for OD matrices (NLOD) [4]. The average NLOD across all
pairs of observations is 0.35, with a minimum NLOD of 0.33 for one pair of ob-
servations and a maximum NLOD of 0.38 for another pair of observations. This
means that randomness plays a fairly important role in the resulting structure
of the OD matrices.

5 Conclusions & future work

We have presented a genetic algorithm for estimating OD pedestrian flow. An-
other contribution we made is a simple pedestrian mobility model that we use in
the algorithm. As stated earlier, our algorithm can be enhanced by replacing our
mobility model with a more sophisticated one, provided that the latter provides
probabilities of transitions between regions. The enhancement of our mobility
model is part of planned future work.

Our approach to the DODE problem differs significantly from existing lit-
erature in that we do not formulate it as a bi-level optimization problem, but
rather utilize two objective functions within a genetic algorithm. We combine
the two functions using summation instead of employing multi-objective opti-
mization techniques, as these methods output a set of solutions rather than a
single optimal solution. Although not mentioned in the body of this paper, we
did experiment with multi-objective optimization with evolutionary algorithms.
We found that selecting the solution with the best value for the first objective
function, which approximates the matrix to the observations, yields a solution
with fitness values similar to those of our genetic algorithm solution.

Our experimental results show that randomness plays a significant role in
the results, despite the incorporation of the mobility model, which attempts to
alleviate this problem.

As mentioned previously, obtaining datasets of aggregated counts rather than
individual trajectories may be more cost-effective. Another advantage of our
method is that the dataset that serves as input to the genetic algorithm is
completely anonymized. Having said that, the output OD matrices can constitute
a privacy risk in that they may reveal individuals’ behaviors when combined with
auxiliary information, such as publicly available demographics or social media
check-ins [9]. Privacy in spatiotemporal data is an active area of research (see
e.g. [6]) and is an important issue that we aim to explore in the future.
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