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Abstract: The origin–destination (OD) matrix describes traffic flow information between
regions. It is a critical input for intelligent transportation systems (ITS). However, obtaining
the OD matrix remains challenging due to high costs and privacy concerns. Synthetic
data, which have the same statistical distribution of real data, help address privacy is-
sues and data scarcity. Based on Generative Adversarial Networks (GAN), OD matrix
generation models, which can effectively generate a synthetic OD matrix, help to address
the challenge of obtaining OD matrix data in ITS research. However, existing OD matrix
generation methods can only handle with tens of nodes. To address this challenge, this
study proposes the Origin–Destination Progressive Growing Generative Adversarial Net-
works (OD-PGGAN) for large-scale OD matrix generation task which adapt the PGGAN
architecture. OD-PGGAN adopts a progressive learning strategy to gradually learn the
structure of the OD matrix from a coarse to fine scale. OD-PGGAN utilizes multi-scale
generators and discriminators to perform generation and discrimination tasks at different
spatial resolutions. OD-PGGAN introduces a geography-based upsampling and downsam-
pling algorithm to maintain the geographical significance of the OD matrix during spatial
resolution transformations. The results demonstrate that the proposed OD-PGGAN can
generate a large-scale synthetic OD matrix with 1024 nodes that have the same distribution
as the real sample and outperforms two classical methods. The OD-PGGAN can effectively
provide reliable synthetic data for transportation applications.

Keywords: origin–destination matrix; generative adversarial networks; intelligent
transportation systems; gravity model; radiation

1. Introduction
Transportation plays a vital role in human society. Advancements in both transport

systems and infrastructure have a growing influence on our society, economy, and envi-
ronment. Over the past few decades, the volume and density of vehicles have increased
significantly, leading to increased accidents and congestion. The expansion of traffic in-
frastructure and new roads can alleviate some of these problems but is insufficient to fully
address the escalating demand for mobility. With technological advancements, particularly
in computer science, intelligent transportation systems (ITS) and a series of new methods
and applications have been proposed for traffic management. These innovations improve
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traffic safety and efficiency and have garnered widespread attention from governmental
organizations and scientific communities. In the application of ITS, understanding the
dynamics of traffic demand is an important topic, as it helps us to optimize the movement
of vehicles and improve traffic flow. The origin–destination (OD) matrix is a matrix that
describe the total number of traffic flows between regions and serves as crucial input for
transportation modeling [1,2].

Traditionally, to construct the OD matrix, traffic flow data were obtained through
census data, local travel surveys, vehicle counts collected through loops or manual, deploy-
ing sensors on the road network, etc. With advances in information and communication
technology (ICT) and location-based services (LBS), spatiotemporal big data have opened
up new possibilities for collecting traffic flow data. Spatiotemporal big data include probe
car data, cellular-based mobile phone signaling data, social media data, public transporta-
tion smart card data, etc. [3]. However, existing datasets still face limitations, particularly
in terms of high costs and privacy issues. Collecting data in a new city often requires a
significant investment of time and resources, such as the expense of deploying sensors
and recruiting volunteers. Moreover, since traffic mobility data contain the approximate
whereabouts of individuals, it raises increasing privacy considerations [4,5].

To overcome the limitations of high costs and privacy concerns associated with collect-
ing real-world traffic mobility data, researchers have turned to synthetic data generation
as a promising solution [6–8]. Synthetic data are generated by model and have the same
statistical distribution as real data. This enables synthetic data to serve as a viable substitute
for real data in both research and application by preserving statistical characteristics while
safeguarding sensitive information [9]. Synthetic data help us to address privacy concerns
and compensate for incomplete, scarce, or biased datasets [10,11]. In this context, the
OD matrix generation task has garnered considerable critical attention. The OD matrix
generation task aims to construct synthetic OD matrix that have the same distribution as
the real OD matrix [12]. OD matrix generation is particularly important in two scenarios.
First, in cities where traffic flow data are limited or absent due to the high cost of deploying
sensors or conducting surveys, OD matrix generation allows researchers to obtain usable
OD matrix in the absence of traffic flow data. Second, in cases where real mobility data
(e.g., mobile phone signaling data, GPS floating car data) are available but not publicly
accessible due to privacy regulations, the synthetic OD matrix can serve as a substitute in
research while protecting individuals’ privacy. Therefore, using OD matrix synthetic data
helps us to address the challenge of obtaining OD matrix data in ITS research, especially
in cases where real-world datasets are either difficult to obtain because of high costs or
unsuitable for public use due to privacy concerns.

Previous studies on OD matrix generation generally fall into two primary categories:
traditional physics-based methods and data-driven machine learning methods [13]. Physics-
based methods apply physical laws to model traffic flow, such as the gravity model,
radiation model, intervention opportunity model, etc. The second category is data-driven
machine learning methods. With the development of machine learning, models such as
random forest [14], Kalman filters [15], and neural networks [16,17] have been widely
used in traffic flow simulation. These machine-learning-based models construct complex
fitting functions to capture the complex nonlinear relationship between traffic flow and
urban features such as transportation networks, urban land use, and points of interests
(POIs), while also capturing the spatial relationships among different urban regions. As
a result, machine-learning-based models often achieve better performance than physics-
based models [18,19]. However, existing research still has limitations, particularly in the
synthetic data generation task. Physics-based models have fewer parameters and often
ignore multiple factors that influence movement behavior (e.g., transportation facilities
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and urban built environment), resulting in suboptimal performance. On the other hand,
machine-learning-based models primarily focus on fitting training data instead of capturing
the intrinsic distribution of movements, which lead to a poor generalization capability [13].
Neither method is an effective solution for the OD matrix generation task.

In recent years, with the advancement of deep learning technologies, the emergence
of Generative Adversarial Networks (GAN) has demonstrated significant potential for
diverse applications in fields such as computer vision, speech and language processing,
and ITS [20,21]. Compared to other deep learning algorithms, GAN have the advantage
of generating synthetic data, which are indistinguishable from real data by learning the
distribution of real data [22]. Therefore, GAN are widely used in synthetic data generation
tasks across various fields. In the field of ITS, GAN are applied in tasks like autonomous
driving data generation, individual trajectory generation, and OD matrix generation. In
the OD matrix generation task, researchers have developed various improved GAN archi-
tectures to simulate and generate urban traffic flow. Studies have shown that GAN can
effectively generate synthetic traffic flow data and achieve better performance compared to
physics-based methods and machine-learning-based methods [13]. GAN based method
effectively addresses issues such as data insufficiency and privacy concerns associated with
using real data.

Although GAN-based methods can effectively generate the synthetic OD matrix,
research on using GAN to generate large-scale OD matrix still remains limited. Due to
rapid urbanization, urban areas have expanded significantly. A large-scale OD matrix
with more nodes can capture urban traffic flows at a finer scale, which is important in the
study of fine-scale urban studies and ITS research. Using GAN to generate large-scale OD
matrix presents several challenges. There are two challenges: How do we generate OD
matrix with thousands of nodes? In the OD matrix generation task, the output size of GAN
directly determines the scale of the OD matrix. Current GAN-based studies can typically
only generate OD matrix with tens of nodes [23]. A large-scale OD matrix generation task
means handling the topological connections between millions of nodes, which significantly
increases the complexity of the training process. Another challenge is how do we capture the
implicit spatial relationships in OD matrix? OD matrix elements inherently encode spatial
dependencies and geographical correlations. Directly applying image-based processing
algorithms may fail to preserve these implicit geographical relationships.

To address the above challenges, this study proposes the Origin–Destination Matrix
Progressive Growing Generative Adversarial Networks (OD-PGGAN) model for the OD
matrix generation task to address the challenge of generating a largescale OD matrix.
Progressive Growing Generative Adversarial Networks (PGGAN) have demonstrated
superior performance in the task of generating high-resolution images. OD-PGGAN have
adapted the PGGAN architecture for the large-scale OD matrix generation task. This
study has designed a multi-scale generator and discriminator to generate and discriminate
the OD matrix at different spatial resolutions. OD-PGGAN start the training from the
low-resolution OD matrix and then progressively increase the spatial resolution of the OD
matrix. The training strategy allows the networks to first discover the coarse-scale structure
of the OD matrix and then shift attention to finer-scale details. This study designed a
geography-based upsampling and downsampling algorithm to replace the upsampling
and downsampling algorithm which is used in the field of image processing. By employing
new upsampling and downsampling algorithms, this paper constructs mappings between
the OD matrix of different spatial resolutions based on the hidden spatial relationships in
the OD matrix among different regions. This approach helps ensure that the generated
matrix maintains realistic geospatial semantics during progressive training. Based on
mobile phone signaling data from Shanghai, this study has successfully trained an OD-
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PGGAN model to generate a large-scale synthetic OD matrix with 1024 nodes and validated
that OD-PGGAN models have superior performance compared to the baseline models.

The main contributions of this study are as follows. Firstly, the proposed OD-PGGAN
model is capable of generating a large-scale OD matrix with thousands of nodes. Compared
to traditional models, GAN-based models can produce more diverse synthetic OD matrix
that have the same distribution as a real sample, demonstrating the potential of GAN-
based models for large-scale OD matrix generation tasks. Secondly, this study introduces a
geography-based upsampling and downsampling algorithm that can capture the inherent
spatial relationships between the OD matrix at different spatial resolutions. This approach
ensures that the progressive training process preserves the spatial relationship of the OD
matrix, allowing for a more accurate representation of real-world traffic flow patterns across
varying scales.

The structure of this paper is as follows: Section 2 reviews related work on GAN mod-
els and OD matrix generation methods. Section 3 introduces the methodology, covering key
concepts, the definition of the research problem, and the architecture of OD-PGGAN and
its improvements, including the multi-scale generators and discriminators and geography-
based upsampling and downsampling algorithms. Section 4 presents the experimental
setup, including experimental data, baseline models, and evaluation metrics. Section 6
presents the experiments results, demonstrating the superior performance of OD-PGGAN
in generating large-scale OD matrix task. Section 6 summarizes the main content of the
research and discusses future research directions.

2. Literature Review
This section provides a detailed review of the related works on GAN and OD

matrix generation.

2.1. Generative Adversarial Networks

Goodfellow et al. first introduced the framework of GAN in 2014 [24]. In their
proposed framework, they trained the model using only backpropagation and dropout
algorithms and generated samples from the model using only forward propagation. The
results showed that GAN have the potential to compete with the other generative models.
GAN consist of two components: a generator and a discriminator. The generator attempts
to learn the distribution of real samples and generate fake samples, while the discriminator,
typically a binary classifier, is used to distinguish the fake samples from real samples as
accurately as possible. The goal of generator and discriminator are opposite to each other.
The goal of the generator is to generate fake samples that resemble real samples closely
enough to fool the discriminator. Conversely, the discriminator aims to distinguish real
and fake samples accurately. GAN are trained using a minimax optimization framework,
seeking a Nash equilibrium between the two components [25,26]. At this equilibrium, the
generator can effectively learn the data distribution and generate synthetic data which the
discriminator cannot distinguish from real samples.

Since the introduction of GAN, researchers have developed numerous enhanced archi-
tectures such as Conditional GAN (CGAN) [27], Deep Convolutional GAN (DCGAN) [28],
Semi-Supervised GAN (SGAN) [29], Wasserstein GAN (WGAN) [30], Graph Represen-
tation Learning with GAN (GraphGAN) [31], and Diffusion GAN [32]. These refined
architectures effectively mitigate challenges in GAN training, notably mode collapse and
non-convergence. GAN exhibit superior performance across applications including image
synthesis, video and audio synthesis, natural language processing, medical and healthcare,
security, and various domains [33].
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With the advancement of GAN, several studies have begun to pursue higher res-
olution and clarity of images. Consequently, numerous novel GAN architectures have
proposed for high-resolution image generation, conversion, and editing applications, such
as Progressive Growing GAN (PGGAN) [34], StyleGAN [35], BigGAN [36], Self-Attention
GAN (SAGAN) [37], StyleSwin [38], and so on. These advancements have significantly
improved the fidelity and diversity of generated images, benefiting applications in image
synthesis [39], medical imaging [40], geoscience [41], and remote sensing [42].

Beyond computer vision, GAN have been widely applied in synthetic data generation,
particularly in scenarios where real data collection is constrained by privacy concerns or
data scarcity. GAN can generate synthetic data that preserve the statistical characteristics
of the original data while safeguarding sensitive information, ensuring that data can be
securely utilized for research and analytical purposes [9,43]. Various GAN-based models
have been developed to generate realistic yet privacy-preserving datasets in domains such
as medical imaging, mobility patterns, and sensor data simulation. In ITS research, GAN
have demonstrated significant application potential and have been leveraged for tasks in-
cluding traffic flow modeling, anomaly detection, and autonomous driving perception [21].
In recent years, the use of synthetic data has gained widespread attention in ITS research.
Recent studies have employed GAN-based methods for trajectory generation [44] and OD
matrix generation to address challenges related to privacy protection and data scarcity.
The related work of GAN based OD matrix generation studies will be further discussed in
Section 2.2.

2.2. OD Matrix Generation

The OD matrix generation task refers to constructing OD matrix based on the known
geographical information through models, without any OD flow information available.
Specifically, by giving a set of geographic locations, along with the socio-geographic
attributes of these regions (e.g., population and land use) and the interaction characteristics
between different regions (e.g., distance and spatial adjacency), researchers are able to
generate traffic flow (e.g., population and vehicle) between regions and construct the OD
matrix. In addition to generation, this issue is also related to the traffic flow inference,
estimation, imputation, construction, and prediction [12]. Existing research on OD matrix
generation could be summarized into two categories.

The first category methods are physics-based methods that typically use physical laws
to simulate the traffic flow, primarily including the gravity model, radiation model, and
intervening opportunities model, among others. For instance, the gravity model often likens
the movement of populations between two regions to the gravitational attraction between
celestial bodies, while the radiation model equates population movement to the radiation
and absorption processes in physics. Recent research often employs more complex physical
models or considers additional variables to simulate traffic flow [45–48]. The advantage
of physical models lies in their ability to generate traffic flow OD matrix based on preset
model mechanisms, minimal data, and specific parameters. However, physical models
struggle to capture the complex relationships between urban spatial structures and traffic
flows, often resulting in significant deviations from reality and poor performance. The
second category is machine-learning based models. With the advancement of machine
learning, contemporary models such as random forests, neural networks, and graph neural
networks can model the complex nonlinear relationships between variables. Compared
to physical models, researchers incorporate more geographical features such as land use
types, POI density, weather conditions, and the interactions between geographical regions,
significantly improving the accuracy of model outputs [49–51].
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Recently, using generative algorithms for data production has become a major research
focus. Scholars have also conducted a series of studies on generating traffic OD matrix
using generative algorithms. Mauro et al. proposed the Mobility Generative Adversarial
Network (MoGAN), which is based on the architecture of DCGAN [23]. The results
showed that the realism of the OD matrix generated by MoGAN outperforms that of
physical models, demonstrating the potential of GAN in the OD matrix generation task.
Rong et al. construct an ODGAN model to generate the OD matrix which integrates physics
laws and machine learning methods [13]. Li et al. proposed a Conditional Wasserstein
Generative Adversarial Network with Gradient Penalty (CWGAN-GP) to predict the
passenger demand OD matrix [52]. Rong et al. proposed a cascaded graph denoising
diffusion OD matrix generation method (DiffODGen) which comprised a two step diffusion
model for generating the OD matrix in new urban [53].

These methods still have limitations in the OD matrix generation task. The gravity and
radiation model are designed to generate a single matrix, while machine learning models
tend to directly fit the training data, which lead to their low generalization capability. Using
GAN models helps us to address these issues, but there has not yet been an efficient method
on generating a large-scale OD matrix with thousands of nodes, and existing studies can
only generate the OD matrix with only tens of nodes.

This study proposed OD-PGGAN to explore the potential of using GAN to generate
a large-scale OD matrix. This paper introduced a progressive growing network structure
to generate OD networks with 1024 nodes. This paper employed multi-scale generators
and discriminators to generate the synthetic OD matrix at different spatial resolutions. The
geography-based upsampling and downsampling algorithm is designed to capture the
geographical topology between nodes in the OD matrix at different spatial resolutions.

3. Methodology
3.1. Preliminary

This section provides a systematic introduction to the necessary definitions and neces-
sary notations and presents the problem formulation for large-scale OD matrix generation.

3.1.1. Definitions

Definition 1 (Study Region). The study region refers to the area where the OD matrix generation
task is conducted, denoted as R.

Definition 2 (Region). A region r describes a smaller area contained within the study region,
denoted as r ∈ R. The study region R, according to a specific partitioning algorithm, is divided
into n non-overlapping regions, denoted as follows,

R(n) =
n
∪

i=1
ri|∀i, j ∈ {1, 2, . . . , n}, i ̸= j ⇒ ri ∩ rj = ∅ (1)

Definition 3 (Trajectory). A trajectory is defined as the path that an individual follows during a
single movement in geographical space, represented by a series of chronologically ordered points,
where each point contains geographical coordinates and a timestamp. For example, a trajectory T can
be represented as T = {(x1, y1, t1), (x2, y2, t2), . . . , (xi, yi, ti)}. In this study, the point (xi, yi) can
be represented by the region r(xi ,yi)

in which the point is located. Similarly, trajectory can also

be represented as T =
{
(r(x1,y1)

, t1), (r(x2,y2)
, t2), . . . , (r(xi ,yi)

, ti)
}

. Specifically, the trajectory

is denoted as T =
{
(rorg, t1), (rdst, ti)

}
, it indicates that this trajectory departs from the origin

region rorg and terminates at the destination region rdst.
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Definition 4 (OD Flow). The directed OD flow Frorg ,rdst describes the cumulative mobility flow
of all trajectories T that depart from the origin region rorg and terminates at the destination
region rdst over a specified period.

Definition 5 (OD Matrix). The OD matrix M is an n × n matrix that includes the OD flows
between every pair of regions in R(n), defined as fellows in Equation (2). Each node mi,j of the
matrix M represents the OD flow Fri ,rj that departs from origin region ri to destination region rj.

M =


m1,1 m1,2 · · · m1,n

m2,1 m2,2 · · · m2,n
...

...
. . .

...
mn,1 mn,2 · · · mn,n

 (2)

Definition 6 (OD Network). The OD matrix M can be represented as a weighted directed
graph G = (V, E, ω) from the network perspective. V is the set of nodes, where each node represents
a region, E is the set of directed edges between every two regions, and ωri ,rj is the weight function
on the edges, denoting the OD flow Fri ,rj .

Definition 7 (Spatial resolution). Spatial resolution refers to the level of detail captured in the
OD matrix, similar to the concept used in remote sensing. For a given study region, higher spatial
resolution means that the study region is divided into a subset of smaller regions, with each region
representing a fine spatial unit, allowing for a more detailed representation of traffic flow. The spatial
resolution can be represented as R(n), where n denotes the numbers of regions. Specifically, an OD
matrix with n larger than 1000 is considered a large-scale OD matrix.

3.1.2. Problem Formulation

Definition 8 (OD Matrix Generation Task). Given the study region R(n) and a series of historical
OD matrix data Xreal = {M1, M2, . . . , Mn}, the OD matrix generation task involves developing
a model that can produce a set of synthetic OD mobility matrix Xsynthetic =

{
M̂1, M̂2, . . . , M̂m

}
.

Specifically, when n is larger than 1000, the generation task is a large-scale OD matrix
generation task.

3.2. Methodology

This section presents the framework of our proposed methodology, OD-PGGAN. To
address the issue of large-scale OD matrix generation, we designed the OD-PGGAN, a deep
learning architecture based on the PGGAN framework. OD-PGGAN employ multi-scale
generators that progressively increase the spatial resolution of generated OD matrix from
low to high, combined with multi-scale discriminators that correspond to different spatial
resolutions. Additionally, geography-based upsampling and downsampling algorithms
are incorporated to enhance the performance of the PGGAN model. Figure 1 illustrates
the workflow of this study. Mobile phone signaling data are used as the data source. After
performing stay point detection and trajectory aggregation, this study constructs the OD
matrix using the sampling approach. The OD matrix is then divided into training and test
datasets. The training dataset is used to train OD-PGGAN, while the test dataset is utilized
for validation. Additionally, the gravity and radiation models are fitted for comparison.
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Figure 1. Research workflow of OD-PGGAN for large-scale OD matrix generation task.

3.2.1. Network Structure

This section provides a detailed introduction to the framework of our proposed OD-
PGGAN. As visualized in Figure 2, OD-PGGAN leverage the PGGAN architecture and 
are designed for the task of high-spatial-resolution OD matrix generation. The training 
strategy of OD-PGGAN is similar to the PGGAN, where training begins with the low-
spatial-resolution OD matrix and progressively adds new structures to the network to 
gradually increase the spatial resolution.

Figure 2. Architecture of OD-PGGAN.

Figure 1. Research workflow of OD-PGGAN for large-scale OD matrix generation task.

3.2.1. Network Structure

This section provides a detailed introduction to the framework of our proposed OD-
PGGAN. As visualized in Figure 2, OD-PGGAN leverage the PGGAN architecture and
are designed for the task of high-spatial-resolution OD matrix generation. The training
strategy of OD-PGGAN is similar to the PGGAN, where training begins with the low-
spatial-resolution OD matrix and progressively adds new structures to the network to
gradually increase the spatial resolution.
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This study designed multiple multi-scale generators G1, G2, G3, G4, and G5. Corre-
sponding to multi-scale generators, we designed multiple multi-scale discriminators D1,
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D2, D3, D4, and D5, to generate and discriminate the OD matrix at spatial resolutions of
R(4), R(16), R(64), R(256), and R(1024), respectively. The generators and discriminators are
in a mirror structure, growing synchronously as training progresses. The design of the
multi-scale generators and discriminators is based on the principles of PGGAN, where the
complex mapping from low resolution to high resolution is easier to gradually learn step by
step. The crucial difference is that OD-PGGAN introduce a geography-based upsampling
and downsampling algorithm in the training progress, ensuring that the geographical
significance of the OD matrix is preserved during the spatial resolution transformations.
This progressive training strategy allows us to capture the coarse structure of the OD matrix
and gradually refine the details as the spatial resolution increases.

The goal of the generator is to map the random input noise z to an OD matrix of a
specific spatial resolution. In the initial stage of training, G1 maps the random noise z to a
4 × 4 matrix at the spatial resolution R(4). As training stabilizes, new layer structures are
added to the network. The low-spatial-resolution synthetic OD matrix is upsampled via a
designed geography-based upsampling algorithm and fed to the next level of the generator
to produce an OD matrix with a higher spatial resolution, ultimately reaching the target
resolution R(1024), which generates a synthetic OD matrix with 1024 nodes.

To correspond with the generator’s output spatial resolutions, OD-PGGAN designed
multi-scale discriminators that grow in synchrony. Each scale’s discriminator evaluates
the OD matrix at a corresponding spatial resolution. Specifically, OD-PGGAN employ a
geography-based downsampling algorithm on the real OD matrix to create the OD matrix
pyramid. This OD matrix pyramid serves as the training data for discriminators, which
enables each discriminator to distinguish the real OD matrix from the synthetic OD matrix
across different spatial resolutions.

3.2.2. Multi-Scale Generators and Discriminators

This study designed five generators, G1, G2, G3, G4, and G5 to generate the synthetic
OD matrix at different spatial resolutions, and each generator outputs an OD matrix with a
specific spatial resolution at R(4), R(16), R(64), R(256), and R(1024), respectively. Therefore,
our generator can be represented as a tuple G = {G1, G2, . . . , Gn}; as additional network
components are added to the generator, the output resolution is determined by the final
generator in the sequence. For example, if the generator tuple is defined as G = {G1, G2},
the output size of the matrix is 16 × 16. The use of multi-scale generators helps us to
gradually learn the structure of the OD matrix. Corresponding to the generator, five
discriminators, D1, D2, D3, D4, and D5 were designed, with each discriminator designed
to distinguish the real sample and the synthetic sample at spatial resolutions of R(4),
R(16), R(64), R(256), and R(1024), respectively. Similarly to generators, discriminator can be
represented as a tuple D = {D1, D2, . . . , Dn}. For example, if the discriminator tuple is
defined as D = {D1, D2}, then discriminator D will accept the input size of a matrix of
16 × 16 and perform the discrimination task across two different spatial resolutions.

As shown in Figure 3, in the initial stage, the training process begins with the low-
spatial-resolution generator G = {G1} and discriminator D = {D1} at the spatial resolution
R(4). G1 takes random noise z as the input after a series of transposed convolution opera-
tions to generate the synthetic OD matrix at R(4). Simultaneously, based on the real sample,
this study downsamples the real sample from R(1024) to R(4) using a geography-based
downsampling algorithm. The synthetic sample and the downsampled real sample are
then input into the corresponding discriminator D1. After the initial training phase, OD-
PGGAN introduce new network structures in GAN to produce higher-spatial-resolution
OD matrix. We define the generator G = {G1, G2} and discriminator D = {D1, D2} at
the spatial resolution of R(16). In the generator G, G starts by accepting z as input. After
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processing through G1, the output is a 4 × 4 matrix. This matrix is then passed through a
geography-based upsampling process to a 16 × 16 matrix and used as input for G2. Subse-
quently, after a series of transposed convolution operations, G2 produces an output matrix
at spatial resolution R(16). Correspondingly, based on the real sample, OD-PGGAN apply a
geography-based downsampling algorithm to reduce the real sample from a resolution of
R(1024) to R(4). The downsampled real data will be used for training the discriminator D2.
In D2, both the real sample and synthetic sample are input to perform binary classification
tasks at this specific resolution. Additionally, the synthetic sample undergoes geography-
based downsampling to the R(4), and then passed through D1 to determine whether the
synthetic matrix still contains the coarse structure at a lower spatial resolution. As the
training process progresses, new network structures are synchronously added to both G
and D, gradually increasing the resolution of the OD matrix generated by OD-PGGAN
until reaching the spatial resolution of R(1024).
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generator G = {G1, G2} and discriminator D = {D1, D2} at spatial resolution R(16).

3.2.3. Geography-Based Upsampling and Downsampling Algorithm

In the field of computer vision, upsampling and downsampling techniques are fun-
damental operations for image preprocessing [54]. These techniques adjust the resolution
and size of an image by increasing or decreasing the number of pixels, with the aim of re-
taining the image’s visual features based on specific sampling algorithms. However, when
applied to the task of upsampling and downsampling an OD matrix, directly using image
processing sampling algorithms presents limitations. Upsampling and downsampling
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operations in an image matrix rely on the spatial relationships between pixels. In an image
matrix, neighboring elements correspond to adjacent pixels in the actual image. Therefore,
image processing sampling algorithms can leverage this explicit spatial relationship to pre-
serve visual continuity and ensure smooth transitions between neighboring pixels during
resolution adjustments.

In contrast, the OD matrix differs from the image matrix. Each element in the OD
matrix represents flow information between specific geographic regions. For instance,
neighboring elements in an OD matrix do not necessarily represent geographically adja-
cent areas. Consequently, directly applying image-based upsampling and downsampling
algorithms to an OD matrix may lead to a loss of geographic context. Specifically, these
algorithms may introduce incorrect spatial adjacency spatial relationship in the OD matrix,
resulting in inaccurate allocation and adjustment of flow information between regions and
leading to outcomes that do not reflect the actual geographic layout.

Therefore, for the large-scale OD matrix generation task, this study designed a
geography-based upsampling and downsampling algorithm specifically designed for
OD matrix spatial resolution adjustments. This algorithm performs sampling based on
real spatial adjacency relationships, thereby preserving the geographic adjacency in the
OD matrix across different scales. This approach ensures that the OD matrix retains its
geographical significance during the upsampling and downsampling processes.

Given the study area with a low spatial resolution, denoted by R(low) and its corre-
sponding OD matrix M(low), as well as a high spatial resolution R(high) with OD matrix
M(high). For each low spatial resolution r(low)

i , it can be represented by multiple high-spatial-

resolution regions r(high)
pk , as shown in Equation (3):

∀r(low)
i ∈ R(low), ∃

{
r(high)

p1 , r(high)
p2 , . . . , r(high)

pk

}
∈ R(high) : ri =

k
∪

l=1
rpl (3)

In the downsampling process, the OD matrix M(low) aggregates traffic flow based on
geographic adjacency. For each element M(low)

i,j in M(low), the traffic flow is computed as
Equation (4):

m(low)
i,j = ∑

rp∈ri

∑
rq∈rj

m(high)
p,q (4)

where M(low)
i,j represents the aggregated OD flow from region i to region j in the low-spatial-

resolution matrix, while M(high)
p,q denotes the OD flow from region p to region q in the

high-spatial-resolution matrix. rp ∈ ri and rq ∈ rj indicate that ri and rj are the sets of all
high-spatial-resolution regions that belong to the downsampling regions i and j.

In the upsampling process, to transform a low-spatial-resolution OD matrix M(low)

into a higher-spatial-resolution matrix M(high), each element M(high)
p,q is calculated as follows:

m(high)
p,q = m(low)

i,j ×
m̂(high)

p,q

∑
rp∈ri

∑
rq∈rj

m̂(high)
p,q

(5)

where M̂p,q represents the real traffic flow information between regions p and q calculated

by a real sample. The term M̂(high)
p,q / ∑

Rp∈Ri

∑
Rq∈Rj

M̂(high)
p,q represents the proportion of flow in

the high-spatial-resolution region relative to the total flow in the corresponding low-spatial-
resolution region in the real sample.

Figure 4 illustrates the upsampling and downsampling processes between matrix with
spatial resolutions of R(4) and R(16). For example, the low-spatial-resolution region r(low)

1
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maps to several high-spatial-resolution regions r(high)
1 , r(high)

2 , r(high)
5 , and r(high)

6 . Based on

the mapping relationships between spatial regions, the traffic flow of m(low)
1,1 is distributed to

the elements m(high)
1,1 , m(high)

1,2 , m(high)
1,5 , m(high)

1,6 , m(high)
2,1 , m(high)

2,2 , m(high)
2,5 , m(high)

2,6 , m(high)
5,1 , m(high)

5,2 ,

m(high)
5,5 , m(high)

5,6 , m(high)
6,1 , m(high)

6,2 , m(high)
6,5 , and m(high)

6,6 . Conversely, during the upsampling

process, the above elements are aggregated into m(low)
1,1 .
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4. Experimental Setup
This study presents experiments on a real dataset of Shanghai mobile phone signaling

data to answer the following research questions and assess whether the OD-PGGAN model
can generate a large-scale synthetic OD matrix.

RQ1: Can our proposed OD-PGGAN model effectively generate the large-scale syn-
thetic OD matrix?

RQ2: Compared to existing models, does the OD-PGGAN model demonstrate
significant advantages?

4.1. Datasets

This study used mobile phone signaling data from Shanghai and its surrounding areas
as the real-world dataset to evaluate the efficacy of the proposed OD-PGGAN model. This
dataset was collected from a major telecommunication operator in China, covering data
from 1 October to 31 October 2012, involving nearly 17 million users. These data record the



ISPRS Int. J. Geo-Inf. 2025, 14, 172 13 of 21

cell tower location information of users during activities such as phone calls, text messaging,
switching between cell towers, and regular communication with cell towers. In Shanghai,
the average coverage area of each tower is approximately 0.447 km2. To adhere to privacy
standards, all user data were anonymized, ensuring there is no personally identifiable
information. The anonymization process included the removal of direct identifiers such as
telephone numbers, thereby safeguarding user privacy.

This study applied a stay point extraction algorithm to the mobile phone signaling
data to identify individuals’ meaningful stay points and moving behaviors and extract each
individual’s trajectory. Shanghai was divided into 1024 equally sized rectangular regions.
Based on this regional division, this study further aggregated individual trajectories into
OD flows. To ensure sufficient training data, this study adopted a non-replacement random
sampling approach to construct the OD matrix. Specifically, for each day, 500,000 users were
randomly sampled without replacement to construct an OD matrix, and this process was
repeated iteratively until the remaining number of users was insufficient to form another
complete OD matrix. In total, this sampling approach constructs 1020 OD matrix as the
real sample over the 31-day period. Each OD matrix represents the OD flow information
derived from 500,000 users sampled on a given day.

4.2. Validation

To address RQ1, we designed the validation approach based on Mauro [23]. The
goal of the validation approach is to evaluate the realism of the synthetic OD matrix,
and we need to verify whether the synthetic data generated by the model is capable of
reproducing the variability of the OD matrix in the real sample dataset. If the distribution
of differences among the OD matrix in the synthetic dataset is similar to the real sample
dataset, it indicates that OD-PGGAN can effectively approximate the variability of the real
sample dataset.

We split 1020 real sample matrix into a training dataset (820 matrix) and a test dataset
(200 matrix). We trained OD-PGGAN on the training dataset and generated 200 synthetic
OD matrix as the synthetic dataset. We then evaluated the realism of the model by comput-
ing the difference between each OD matrix in the synthetic dataset and each OD matrix in
the test dataset. Additionally, we created a mixed dataset of 200 matrix, where half of the
matrix were randomly chosen from the test dataset, while the other was randomly chosen
from the synthetic dataset. We then computed the difference between every pair of OD
matrix in the mixed dataset. The results from the mixed dataset provide further insights
into whether the synthetic data exhibit similar variability to the real data.

To address RQ2, we compared our developed OD-PGGAN with two selected base-
line models. Given the current lack of GAN-based models specifically designed for the
high-resolution OD matrix generation task, we chose to compare our method at the spa-
tial resolution of R(1024) with classical physics-based models: the gravity model and the
radiation model.

4.3. Baseline Models
4.3.1. Gravity Model

The gravity model is inspired by Newton’s law of gravitation. Zipf first introduced
the gravity model to explain population mobility [55]. The gravity model is widely used
in human mobility research to model mobility flow. In this research, we used the single-
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constrained gravity model. The expected traffic flow Fri ,rj between the origin region ri to
the destination region rj is calculated by the following equation:

Fri ,rj = Oi prirj = Oi
mβ

j f (rij)

∑
k

mβ
k f (rik)

(6)

where Oi is the population of location ri, and prirj is the probability of observing a trip from
ri to rj. Here, mj is the population of the region ri, and β is a parameter that controls the
influence of the population on traffic flow. The deterrence function f (rij), represented as
f (rij) = dα

ij, describes the effect of distance on traffic flow, where dij is the distance between
two region ri and rj, and α is a parameter controlling the impact of distance on flow. The

term ∑
k

mβ
k f (rik) represents the sum of the attractiveness of all potential destination regions

of region ri.

4.3.2. Radiation Model

The radiation model is a parameter free model introduced by Simini [56]. It generates
the mobility flow between based on regional characteristics (e.g., population) and the
intervening opportunities. The equation of the radiation model is shown below:

Fri ,rj = Oi
1

1 − mi/M
mimj

(mi + sij)(mi + mj + sij)
(7)

where Oi is the total number of people leaving from region ri. Here, mi and mj indicate the
number of opportunities in region ri and rj. M is the sum of all the opportunities, and sij is
the total number of opportunities in the circle of radius rij centered at region ri.

4.4. Metrics

This study computes the difference between two OD matrix in two ways, by calculating
an error metric and by computing the difference in edge weights. Specifically, we use three
metrics to assess the difference: Normalized Root Mean Square Error (NRMSE), Common
Part of Commuters (CPC), and Jensen–Shannon divergence (JSD).

The NRMSE is a min-max normalization of the Root Mean Square Error (RMSE),
defined as follows:

NRMSE(A, B) =
RMSE(A, B)

max(A, B)− min(A, B)
(8)

The RMSE is defined as follows:

RMSE(A, B) =

√√√√ 1
n2

n

∑
i,j=1

(aij − bij)
2 (9)

where aij and bij are the elements at position (i, j) in the two OD matrix A and B, respectively,
and n is the total number of elements in the matrix. The terms max(A, B) and min(A, B)
represent the maximum and minimum values among all elements in matrix A and B.

The Common Part of Commuters (CPC), also known as the Sørensen–Dice index [57],
is used to quantitatively measure the similarity between two OD matrix by calculating
the overlap between the two matrix. CPC is a widely used metric in human mobility
studies [58], with values ranging from 0 and 1. A CPC of 1 indicates a perfect match
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between the synthetic OD matrix and the real OD matrix, while 0 means no agreement
between the two matrix. Given two matrix, A and B, the CPC is calculated as follows:

CPC(A, B) =

2
n
∑

i,j=1
min(aij, bij)

n
∑

i,j=1
aij +

n
∑

i,j=1
bij

(10)

where aij and bij are the elements at position (i, j) in the matrix, respectively, and n repre-
sents the total number of elements in the matrix.

This study introduced Jensen–Shannon divergence (JSD) to measure the similarity be-
tween two matrix. When calculating the JSD between two matrix, the goal is to compare the
distributions of edge weights or weight-distance metrics from a network perspective. JSD
is a symmetric measure that quantifies the difference between two probability distributions.
The JSD is defined as follows:

JSD(P || Q) =
1
2

KLD(P || M) +
1
2

KLD(Q || M) (11)

where P and Q are the probability distributions derived from matrix A and B, respectively,
and M = (P + Q)/2 represents the average distributions of P and Q. The Kullback–Leibler
divergence (KLD) is used to measure the difference between two distributions, and it is
defined as follows:

KL(P || Q) = ∑
x∈X

P(x) log(
P(x)
Q(x)

) (12)

To obtain the probability distribution for the matrix, we define the weight adjacent
matrix Â as Â = A/(d + ϵ), where d is the distance matrix corresponding to the geographic
distances between all pairs of nodes, and ϵ is a small residual term that prevents division
by zero for diagonal elements of the matrix. And the distribution of matrix Â is calculated
by Pij = Âij/∑

ij
Âij.

5. Result
Figure 5 shows the distribution of the CPC, NRMSE, and JSD metrics for the three

datasets: the test set, mixed set, and synthetic set generated by OD-PGGAN. Figure 5
evaluates the internal variability of each dataset, reflecting the ability of the synthetic data
generated by OD-PGGAN to replicate the statistical distribution of the real dataset. Across
all five metrics, the distribution of the synthetic dataset demonstrates the same distribution
as the test dataset. The mixed dataset, created by combining samples from both the test
and synthetic datasets, exhibits a distribution that resembles both datasets. Table 1 presents
the statistical characteristics of the test, mixed, and synthetic datasets. The results indicate
a high degree of consistency among the three datasets. These results demonstrate that the
generated synthetic data can effectively reproduce the distribution of the real OD matrix
dataset, preserving its internal variability.

Considering that physics-based models generate only a single OD matrix. To ensure a
fair comparison with OD-PGGAN, which generate multiple OD matrix, we adopt these
models to generate multiple OD matrix as well. Specifically, we used all users’ data for each
date to construct a daily OD matrix and then fit the gravity and radiation models based on
the daily OD matrix, which allowed us to obtain 31 OD matrix for each model. Figure 6
illustrates the distribution of CPC, NRMSE, and JSD metrics for the four datasets: the test
set, synthetic set generated by OD-PGGAN, synthetic set generated by the gravity model,
and synthetic set generated by the radiation model. Across all five metrics, the distribution
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of the OD-PGGAN-generated dataset closely aligns with the test dataset, suggesting that
the synthetic OD matrix effectively preserve the statistical characteristics and variability
of real OD matrix. In contrast, the gravity and radiation models exhibit distinct distribu-
tions, indicating that physics-based methods struggle to capture the heterogeneity of the
real dataset.
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Table 2 presents the statistical characteristics, and the results indicate that OD-PGGAN
achieve CPC and NRMSE values that are nearly identical to those of the test dataset,
confirming the model’s ability to generate OD matrix that reflect real-world mobility
patterns. In contrast, the gravity and radiation models tend to generate highly similar
matrix, which is reflected in their higher CPC values and lower NRMSE and JSD values.
This indicates that the OD matrix dataset generated by physics-based models is insufficient
to capture the variability between matrix in the real dataset. On the other hand, the synthetic
dataset generated by OD-PGGAN effectively captures this variability, demonstrating that
GAN-generated OD matrix better align with the real-world distribution.
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Table 2. Statistics of CPC, NRMSE, and JSD for pairwise comparisons in the test set, OD-PGGAN, the
gravity model, and the radiation model.

CPC NRMSE JSDinflow JSDoutflow JSDODflow

Test Sample 0.784 0.367 0.079 0.082 0.327
OD-PGGAN

(synthetic sample) 0.782 0.366 0.076 0.081 0.320

Gravity Model 0.973 0.093 0.012 0.032 0.052
Radiation Model 0.979 0.066 0.009 0.020 0.035

Figure 7 shows the error distributions between the generated synthetic OD matrix and
the real matrix for the proposed OD-PGGAN model, the gravity model, and the radiation
model across the CPC, NRMSE, and JSD metrics. For these metrics, lower values of NRMSE
and JSD and higher values of CPC indicate better performance. OD-PGGAN outperform
baseline models across all evaluation metrics. Furthermore, the error distributions for
OD-PGGAN are narrower and more concentrated, demonstrating its superior consistency
and reliability in OD matrix generation tasks compared to the baseline models.
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Table 3 shows the errors between the synthetic OD matrix and the real OD matrix
across several models. According to CPC and NRMSE, OD-PGGAN generate OD matrix
that are more similar to the real sample, exhibiting smaller errors compared to the baseline
models. Our results also show that the gravity model clearly outperforms the radiation
model. To compute the improvement in the performance of OD-PGGAN with respect to
the baseline models, for JSD, we define the quantity using Equation (13):

∆ =

(
JSD(ODPGGAN) − JSD(baseline)

JSD(baseline)

)
× 100% (13)

According to the JSD metric, we found that OD-PGGAN significantly improve upon
the baseline models. Specifically, the inflow JSD of OD-PGGAN improved by 56.1%
compared to the gravity model and 38.8% compared to the radiation model. For outflow
JSD, OD-PGGAN achieve an improvement up to 50.0% compared to the gravity model and
25.0% over the radiation model. In terms of OD flow JSD, OD-PGGAN demonstrate a 33.1%
improvement over the gravity model and a 36.5% improvement on the radiation model.
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Table 3. Statistics of CPC, NRMSE, and JSD across the gravity model, the radiation model, and
ODPGGAN.

CPC NRMSE JSDinflow JSDoutflow JSDODflow

Gravity Model 0.367 1.423 0.180 0.162 0.486
Radiation Model 0.346 1.435 0.129 0.108 0.512

OD-PGGAN 0.783 0.366 0.079 0.081 0.325

To ensure an adequate training dataset, this study adopts a sampling approach to
construct OD matrix. To assess the bias introduced by the number of sampled users in OD
matrix construction, we generate OD matrix using different sample sizes while applying
the same sampling methodology. Table 4 presents the statistics of CPC, NRMSE, and JSD
for OD matrix constructed using different sample sizes. It is important to note that when
using the entire dataset to construct OD matrix, the results reflect variations across different
days within the month rather than biases introduced by sampling. The results indicate
that as the sample size increases, the CPC value also increases. This trend occurs because
larger sample sizes result in fewer OD matrix, thereby reducing sampling bias. NRMSE
also exhibits variations across different sample sizes. The inflow JSD remains relatively
stable regardless of the sample size. The outflow JSD gradually stabilizes as the sample
size increases, while the OD flow JSD decreases progressively with increasing sample size.
These findings suggest that the OD matrix constructed using the sampling approach in this
study can approximate the distribution characteristics of the full dataset to a certain extent.

Table 4. Statistics of CPC, NRMSE, and JSD for OD matrix constructed using different sample sizes.

CPC NRMSE JSDinflow JSDoutflow JSDODflow

100,000 0.772 0.368 0.083 0.086 0.342
200,000 0.775 0.375 0.081 0.085 0.342

500,000 (ours) 0.783 0.367 0.079 0.082 0.326
1,000,000 0.785 0.362 0.080 0.081 0.328
All users 0.792 0.357 0.081 0.082 0.311

6. Conclusions and Future Research
The OD matrix describes traffic flow information within urban regions and serves as a

critical data input for ITS. The OD matrix generation task aims to generate the synthetic
OD matrix with the same data distribution as the real OD matrix and helps address the
challenge of obtaining OD matrix data such as privacy concerns, data scarcity, and high
data collection costs. As urban areas have expanded significantly, the OD matrix with more
nodes and higher spatial resolution provide fine-scale data inputs for modeling traffic flow.
Developing generative models capable of producing high-spatial-resolution OD matrix is
crucial for ITS research and applications.

This paper introduces OD-PGGAN, a generative model for high-spatial-resolution
OD matrix generation tasks. The proposed method employs a progressive training strategy,
incorporates multi-scale generators and discriminators, and utilizes a geography-based
upsampling and downsampling algorithm. Our results show that OD-PGGAN can effec-
tively generate high-spatial-resolution OD matrix, specifically with a size of 1024 × 1024.
The generated synthetic OD matrix exhibits the same statistical distribution as the real OD
matrix dataset and outperforms classic models, such as the gravity and radiation models.

Despite OD-PGGAN demonstrating the potential of GAN-based models for large-
scale OD matrix generation tasks, there are several limitations that need to be addressed
in future research. Firstly, GAN-based models typically require a substantial amount of
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data to accurately capture the complex statistical properties of OD matrix. However, in
real-world scenarios, OD matrix data may be limited due to privacy concerns, data scarcity,
or high acquisition costs. To address this issue, this study introduces a sampling approach
to construct the training dataset, ensuring sufficient data for model learning. While this
method provides a cable solution, it also introduces sampling biases. Future research should
explore robust data augmentation techniques to mitigate sampling biases and improve
model generalizability under limited data conditions. Secondly, the regional factors such as
population distribution, points of interests, urban land use, and road network density have
a direct impact on traffic flows, yet they are not explicitly incorporated into the current
model. Future research should consider integrating the socio-demographic factors into
the generative model to improve the interpretability and accuracy of the synthetic OD
matrix. Another promising future aspect is the geographical transferability of OD-PGGAN.
Future studies should investigate whether OD-PGGAN trained in one city can be effectively
adapted for use in other cities. Developing a generalizable generative model that integrates
socio-demographic factors would help address the challenge of OD matrix estimation in
cities where mobility data are scarce or unavailable. In addition, in recent years, GeoAI
techniques and large language models (LLMs) have attracted significant attention in urban
traffic flow research [59,60]. In future work, we plan to incorporate GeoAI and LLM-
based approaches into the large-scale OD matrix generation task to further enhance model
performance and scalability.

Author Contributions: Zehao Yuan, conceptualization, methodology, writing and editing; Xuanyan
Chen, review and editing; Biyu Chen, review; Yubo Luo, review; Yu Zhang, review; Wenxin Teng,
data collection and model solution; Chao Zhang, data collection and model solution. All authors
have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Data Availability Statement: Both the results and source codes can be requested from the author.
The mobile phone signaling data used in this study are not accessible; however, the processed OD
matrix data are available from the author upon request.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. An, S.; Lee, B.; Shin, D. A survey of intelligent transportation systems. In Proceedings of the 2011 Third International Conference

on Computational Intelligence, Communication Systems and Networks, Bali, Indonesia, 26–28 July 2011; pp. 332–337.
2. Dimitrakopoulos, G.; Demestichas, P. Intelligent transportation systems. IEEE Veh. Technol. Mag. 2010, 5, 77–84. [CrossRef]
3. Pavlyuk, D. Spatiotemporal Big Data Challenges for Traffic Flow Analysis. In Reliability and Statistics in Transportation and

Communication: Selected Papers from the 17th International Conference on Reliability and Statistics in Transportation and Communication,
RelStat’17, Riga, Latvia, 18–21 October 2017; Springer: Cham, Switzerland, 2018; pp. 232–240.

4. de Montjoye, Y.; Hidalgo, C.A.; Verleysen, M.; Blondel, V.D. Unique in the Crowd: The privacy bounds of human mobility. Sci.
Rep. 2013, 3, 1376. [CrossRef]

5. Cottrill, C.D. MaaS surveillance: Privacy considerations in mobility as a service. Transp. Res. Part A Policy Pract. 2020, 131, 50–57.
[CrossRef]
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