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Accurate road traffic estimation is essential for efficient traffic management and strategic urban planning.
However, traditional infrastructure-based traffic sensing systems face significant limitations in providing high-
resolution, network-wide coverage due to prohibitive installation and operational costs. Consequently, there is
a growing need to explore alternative data sources to complement conventional traffic monitoring. To address
this gap, this paper investigates and justifies the applicability of crowdsourced social activity data as a novel
data source for road traffic estimation. In the era of smartphones, social activity information is widely available,
with representative data accessible at the majority of Points of Interest (POIs). In this study, a relationship
is established between the social activity represented by Google Popular Times (GPT) data at POIs and
conventional traffic information, such as speed (from Floating Car Data) and number of vehicles (from video
sensors). Spatiotemporal correlation and prediction capabilities are presented and proven using real-world
data from two different metropolitan areas: Budapest (Hungary) and Kyoto (Japan). A probabilistic model
is introduced, enabling the regression of traffic data on GPT using a dimensionality reduction approach. To
capture temporal features, forward- and backward-shifted social activity data is also applied in the estimation
methodology. The analysis justifies that only a fraction of the social activity information is enough for efficient
traffic prediction (both for speed or number of vehicles), resulting in a few percent relative errors.

1. Introduction A known problem of current traffic detection is the lack of proper in-

frastructure based traffic sensing, i.e., maintaining a complete network-

There has been a strong focus on road traffic speed and flow mea-
surement, estimation, and prediction in recent decades. Accordingly,
a plethora of papers, as well as surveys, have been published in this
field (Shaygan et al., 2022; Gomes et al., 2023). Consequently, traffic
detection has become a highlighted topic as this is the base of efficient
traffic management (Papageorgiou, 2004), e.g., for applying traffic-
responsive traffic light control or for calculating the eco-routing of
vehicles. Furthermore, civil engineers also need traffic data for traffic
infrastructure planning and development projects (Asmael et al., 2024;
Farooq et al., 2026). Besides, reliable traffic data is also the preliminary
input for traffic engineers’ modeling activities, i.e., microscopic or
macroscopic traffic simulation (Lopez et al., 2018; Thonhofer et al.,
2018).

* Corresponding author.

wide traffic sensing system with high resolution is unrealistic due to the
high installation and operational costs of roadside infrastructure sen-
sors (Tettamanti et al., 2014; Hrubos et al., 2021). Instead, this paper
focuses on alternative data from which reliable traffic estimation can
be deduced, i.e., social activity (Moro Zamprogno and Esztergér-Kiss,
2024) data at Points of Interest (Pol) can also be leveraged efficiently
for traffic estimation purposes. Nowadays, we are facing an increasing
amount of data from navigation (e.g., Waze, Google Maps), most of
them provide traffic data in terms of travel time. That is, the traffic
flow (in other words, how many vehicles are present in the networks)
is not provided. Traffic flow data, however, is an essential data for
both strategic planning and real-time traffic operation. Our solution,
combined with cross-sectional traffic data (validated via real-world
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vehicle count data later in our case study), is capable of extending and
predicting traffic flow data.

Modern traffic detection systems may include other devices in addi-
tion to traditional detection techniques (loop detector, camera, radar,
and any other roadside sensors), i.e., alternative sensor technologies
(which are not specifically developed for traffic sensing) can be used for
traffic monitoring too. An emerging technology is traffic monitoring by
means of distributed acoustic sensing using fiber optic cables already
installed for communication purposes (Fakhruzi et al., 2025; van den
Ende et al., 2022). Another example of alternative traffic detection is
the data gathered from fleet management systems (Gunawan and Chan-
dra, 2014; Tettamanti et al., 2024), or from mobile networks (Fekih
et al., 2022).

Nowadays, we have access to an emerging amount of data. This
is in contrast to the traffic detection techniques commonly used in
traffic engineering (Alessandretti et al., 2020; Balsa-Barreiro et al.,
2022). Pentland (2015) showed that it is possible to reveal the in-
formation flow patterns in a social network, regardless of the infor-
mation actually exchanged. In this vein, the features of the traffic
network under study can be accurately predicted. Furthermore, various
social media-based studies are available to reveal urban travel behav-
ior (Zhang et al., 2017) or to predict road traffic jams (Moyano et al.,
2021). These studies are mainly based on Twitter data, thanks to the
formerly freely available Twitter API. Twitter data were used, besides
the traditional traffic detectors, for congestion prediction by Adetiloye
and Awasthi (2019). Alomari et al. (2020) developed a traffic event
detection tool and implemented an event classifier using Twitter data
via machine learning. Osorio-Arjona and Garcia-Palomares (2019) pre-
sented a Twitter data based method for origin-destination travel matrix
estimation. Pourebrahim et al. (2019) utilized random forest models
for Twitter data to calculate the trip distribution in an urban traffic
network. Mariani et al. (2019) examined the history of the use of
Facebook for travel decision-making. D’Andrea et al. (2015) invented a
traffic event detector applying a text-mining algorithm for Twitter data
with high efficiency.

Early research explored the use of social media and online mapping
services to infer trip purposes and activity patterns. Cui et al. (2018)
integrated data from Google Places and Twitter to predict individuals’
trip purposes using a Bayesian neural network, demonstrating that
combining POI-based contextual information with social activity data
significantly improves prediction accuracy. Their work showed that
the spatial distribution and popularity of POIs can serve as proxies
for travel demand and activity intensity, laying the foundation for
data-driven mobility modeling.

Building on this, recent studies have directly leveraged Google Pop-
ular Times (GPT) data, a real-time and anonymized measure of activity
levels at POIs, as an indicator of human presence. Mahdi et al. (2023)
modeled the time spent at POIs using GPT data across several activity
categories, confirming that GPT closely reflects observed behavioral
patterns such as visit duration and temporal activity cycles. Similarly,
in Vongvanich et al. (2023) GPT data is applied to predict transit station
demand, showing that the aggregated GPT activity of surrounding
POIs explains a substantial portion of passenger flow variability. These
findings establish GPT as a reliable proxy for local mobility dynamics
and urban activity intensity.

Despite these advances, the use of GPT in road traffic estimation
remains limited. Prior work has primarily focused on individual travel
behavior or public transport demand, while the relationship between
POI activity levels and vehicular traffic conditions has not been ex-
tensively explored. Our study fills this gap by integrating GPT data
with camera-based and floating car traffic data to estimate traffic states
via a spatiotemporal modeling framework. In particular, we investigate
how temporal variations in aggregated POI activity correlate with road-
level traffic metrics, providing new insights into the collective dynamics
linking land-use activity and traffic flow.
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All the studies mentioned above dealt with social-media data for
traffic analysis or estimation. However, the activity of travelers, mea-
sured at POI locations as Google Popular Times (provided by Google
Maps), has not yet been exploited for traffic estimation to the best of
our knowledge. Although a few papers have been published, e.g., Kan
et al. (2022), Gong et al. (2020), investigating the traffic dynamics
with the consideration of POI data sets, they also considered fleet data
as input for the estimation, and POI activity was therefore always
measured in an indirect way from vehicular traffic in the vicinity of
the POIs. Additionally, our previous paper (Kolat et al., 2023) dealt
with POI activity data in the context of traffic dynamics by revealing
the relationship between the POI activity and road traffic applying
heuristics. Yet, it did not provide a model to describe this relation-
ship or leverage its capability for traffic prediction. Accordingly, the
present study provides solutions to these problems with the specific
contributions listed below:

+ Traffic data and GPT data are synchronized and resampled to
allow a meaningful correlation analysis. Missing database entries
are interpolated where needed.

A probabilistic model, based on Principal Component Analysis
(PCA), is proposed to capture the road traffic dynamics solely
from GPT data.

To capture temporal features, we created an estimation method
based on time-shifted POI data, resulting in a generalized regres-
sion model capable of predicting both vehicle count and fleet
traffic data.

The proposed methods have been validated via real-world data:
Floating Car Data (FCD) provided by TomTom in Budapest, as
well as via vehicle count measurements from Kyoto.

The paper is structured as follows. After the introductory section,
Section 2 introduces the applied data sources. Section 3 presents
the methodology utilized in the research, including the probabilistic
model approach, the Principal Component Analysis, and the regression
method. Section 4 presents the case study locations and discusses the
results of applying the proposed methods to real-world data. Finally,
Section 5 summarizes the paper and gives an outlook for further
research.

2. Data sources
2.1. Google popular times at points of interests

In Google Maps, a Point of Interest is defined as a specific location
that may be useful or interesting to an individual. These locations
can be restaurants, cafes, shops, tourist attractions, parks, museums,
transportation hubs, public services, offices, banks, and other commer-
cial establishments. There are several methodologies to determine the
level of activity at a given location, collectively referred to as popular
times. These methods involve collecting data from user devices, which
is then used to generate a graphical representation of crowd levels
throughout the day. The data collected is categorized into three main
types: crowdsourced data, location history, and real-time data. The
popular times feature provides insights into the typical crowd levels
at a specific POI throughout the day and week.

The GPT data tries to represent how busy a particular POI is. The
numeric values are between 0 and 100, so these are not absolute but
relative to the POI’s normal attendance.

The method to generate GPT data is proprietary; however, we know
that it contains the following four kinds of information: (1) how busy a
location usually is during a day; (2) real-time data showing how busy a
location is right now; (3) average duration of visits; and (4) wait time
estimates. For our analysis, we used the real-time activity data, which is
generated at an hourly resolution; thus, it forms a time series (Google,
2025).
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2.2. Vehicle flow data

Vehicle counting using cameras is a key method for estimating
traffic, leveraging computer vision and Artificial Intelligence (AI). Tra-
ditional approaches use image processing techniques like background
subtraction or edge detection to sense and count vehicles. However,
deep learning-based methods provide higher accuracy by detecting and
segmenting vehicles in real-time.

Camera-based traffic count is of key importance as traffic flow (also
called traffic volume) is a base data for civil and traffic engineers for
transportation planning or operation.

In this research, we utilized cross-sectional traffic flow data, i.e., ve-
hicle count per time period, processed from video cameras.

2.3. Floating car data

The Floating Car Data (FCD) was collected by TOMTOM (2025).
One advantage of FCD over vehicle count data is its ability to measure
both historical and real-time data. Additionally, unlike vehicle coun-
ters, which provide information at specific locations (measured link
cross sections), TomTom data covers the entire District XI of Budapest.
FCD is based on Global Navigation Satellite System data, utilizing
navigation devices and applications. FCD is a sample dataset relative
to the total traffic data, as it is gathered solely from vehicles equipped
with TomTom-based navigation systems. The core principle of the FCD
technique involves the exchange of information between a fleet of
floating cars and a central data system. The floating cars frequently
transmit recently collected data on their positions and speeds. The
central data system tracks this data along traveled routes by matching
the related trajectories to the road network.

Therefore, the accuracy of FCD travel time estimations depends
on the percentage of floating cars participating in the traffic flow.
The average travel time and speed along road links are the most
common and valuable information derived from FCD. Overall, evidence
indicates that FCD-based travel time estimation is a reliable method,
as demonstrated by the efficiency of common navigation systems (such
as Waze, Google Maps, Here, or TomTom) that utilize their own FCD
information.

In this work, we use the hourly average speed values at specific road
sections.

3. Methodology

This section provides the theoretical background to establish a
relationship between social activity represented by the Google Popular
Times data at POIs and the conventional traffic information, such as
speed (from Floating Car Data) and number of vehicles (video sensor
measurement). The latter two will be referred to as traffic data when
distinguishing between them is not necessary.

The following notations will be used. Lowercase bold letters are
vectors, uppercase bold letters are matrices, calligraphic fonts represent
random variables, and N (x; u, X) stands for a Gaussian probability
density function (pdf) in the variable x with mean u and covariance
2.

3.1. Probabilistic model

The GPT data originates from users’ phones who chose to opt-in for
this service; the data cannot perfectly represent the true activity and
holds uncertainty. Only a fraction of the total visitors of a POI carry
a phone enabled to use the GPT service, and this fraction cannot be
known precisely. As a consequence, we will regard the GPT data as
a random variable that is assembled as the sum of the true activity
plus random noise. In particular, we model the GPT data of a POI as a
truncated normal (7 N') random variable. By stacking all the POI’s data
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into the random vector X, we get the probabilistic description with pdf
px(x) as

_exp (=1/2(x - uX)TE(;I (x— py))
J7exp (=1/20x — u) T3} (x — ) )dx
(@)

where pu, is the true activity, X, represents the uncertainty, and 7 is
the truncation interval. For our case 7 is taken to be the P-dimensional
hypercube [0, 100]”.

Let Y represent a random scalar quantity describing the traffic at
a specific road section. We are to establish a relationship between Y
and X. Specifically, we are interested in the conditional pdf pyx(y|x)
that will also serve as a likelihood function. Let us consider a linear
Gaussian latent variable model (Jiang et al., 2012)

Pyl =Ny f(x), 2), (2)

where f(&) is the latent scalar variable which is a linear function of &.
The model has the form

f@)=BTX+u, 3)

where 87 is a constant row vector and  is a constant scalar. This model
corresponds to the relation

pxX)=T N y(x: py, Zx.1)

Y=B"X+u+e, )

where ¢ is a zero mean Gaussian noise with variance X. With these the
likelihood (2) writes

Py ) =N (Vi BTx+u. ) . 5)
If y is taken in the form

=y — B uy (6)
then we have

Pyx %) = N (3 BT (x — pp) + py. X) . @)
By marginalizing out & one gets

py(y) = / Py (V1X)pp(x)dx (€)]

=/N (3BT (x = px) + 1y, Z) TN (x; g, T, I) dx. 9)

The integral in (9) is generally not tractable, although one can
approximate the distribution using Monte Carlo methods. Alternatively,
an analytic approximation could be applied. Since the conditional pdf
(5) depends on x only through g7x we introduce the random variable
Z = T X with pdf

pz(2) =/5(Z— BT x)pp(x)dx . (10)
Now we can write the marginal pdf (9) as
py(y) = /Py|z(J’|Z)PZ(Z)dZ- an)

If the truncation is slight moment matching is a viable approximation.
Using

Hz =BT px (12)
Var(2) = T Cov(X)B (13)
we obtain
Py~ N (B ux + 1. BT ZxB+ X) . a4

Formulas (9) and (14) can be interpreted as generative models that
can be used to estimate missing ) values. Our uncertainty in the model
(4) is represented by X. If we were to consider a deterministic relation
or assume low uncertainty, then X can be neglected. However, the POI
data has a low time resolution and, by its nature, cannot be regarded
as precise.
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3.2. Determining the B coefficient
To determine the value of the g coefficient, the traffic and POI data

need to be analyzed. Let the N x1 column vector y store the time series
data of a road segment and X contain the POI data as

X1 X2 .- Xip
X X X

x=| o as)
N1 XN2 NP

with N measurements and P POI locations.
We are interested in a linear relation between y and X. The mean
value of y will be denoted by 4, so the centralized data is

Yo=Yy~ 1yuy, 16)

where 1, stands for the N-element column vector containing all ones.
Similarly, the column-wise centralized matrix X will be denoted by X,.
Using the above notations, we are interested in the linear relation

Yo =XoBy, a7

that helps determine the regression coefficient g for the centralized
data.

Since typically P > N, we need dimension reduction to solve for .
To this end, we apply Principal Component Regression (PCR) (Pear-
son, 1901; Jolliffe, 2002; Greenacre et al., 2022). PCR is a two-step
procedure that first applies Principal Component Analysis (PCA) to
the predictor matrix X, and then performs regression using the trans-
formed variables. PCR is particularly suitable for our problem because
the number of predictors greatly exceeds the number of observations,
which makes direct regression ill-posed. Moreover, POI activity data are
often highly correlated, and PCA provides an effective way to identify
dominant activity patterns and mitigate multicollinearity. Thus, PCR
offers a robust and interpretable approach to exploit the latent structure
of the data while reducing overfitting.

PCA decomposes X, as

X, =SL, (18)

where, according to the usual terminology, L is the loading matrix and
S is the score matrix.
The regression coefficient is computed by

Bo=(SST'STy,. 19

We want to use the regression on the original POI data. Thus, we will
use L, instead of B,. Furthermore, for the decentralized data, we need
the extended regression coefficient

14T
p= |w'n - XLA) (20)
Lp,
which enables to make predictions about y in the form
¥=[1y. X] B. (21)

3.3. Regression with time-shifted data

To capture temporal features with the analysis, time-shifted values
of the POI data are also used in the regression discussed above.
The time-shifted POI data matrix Z assembles as

Z=[...X, 0. X, . X X1, Xgao o] (22)

where ¢ is the time index. The amount of temporal difference, or
timestep, and the number of components in Z can be chosen arbitrarily.
The ordering also does not matter since the regression and the eigende-
composition are unaffected by the arrangement. Substituting Z in place
of X, the formulas in the previous section apply for the time-shifted
evaluation.
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In the case studies presented below, we used a 15-minute shift both
forward and backward in time. Hence, for a given time index ¢, the
time-shifted data that goes into the model is

Z=[X_.X. X1 (23)

3.4. Note on Gaussian assumption

Assuming approximate normality provides a useful probabilistic
interpretation. Under the Gaussian assumption, the covariance matrix
fully characterizes the dependence structure of the data, and PCA
corresponds to the maximum-likelihood solution of a linear Gaussian
latent variable model. In our case, this assumption is applied as a
simplification to the residual component of the POI activity data rather
than to the entire time series, implying that deviations around the mean
activity patterns are modeled as Gaussian noise. This formulation en-
sures that PCA captures the dominant linear modes of variation across
POIs, providing a tractable approach to extract the main spatiotemporal
structure of the dataset.

4. Results

This section presents the experimental evaluation and validation of
the proposed traffic estimation framework. The objective is to assess
how effectively the probabilistic regression model captures the relation-
ship between social activity, represented by GPT data, and conventional
traffic indicators, such as average vehicle speed and traffic volume.
To ensure a comprehensive assessment, the analysis proceeds through
multiple stages.

First, the preprocessing and synchronization of heterogeneous
datasets are described, including procedures for temporal alignment,
interpolation, and data completeness verification. Subsequently, the
estimation performance is examined in two distinct urban contexts,
Budapest (Hungary) and Kyoto (Japan), representing different data
sources and traffic characteristics. To reveal how the input data and
the performance scales, an ablation study is conducted, which in this
setup involves varying how many days are included to compute the
regression coefficient. The days not included are the ones for which
prediction is made, and since the ground truth is known, error metrics
such as Root Mean Squared Error (RMSE) and Mean Relative Error
(MRE) can be computed.

Further experiments are conducted to investigate the influence of
input parameters on estimation accuracy. These include a sensitivity
analysis with respect to the number of POIs and observation days, as
well as a large-scale statistical evaluation over the entire Kyoto dataset.
Collectively, these tests aim to quantify both the estimation reliability
and scalability of the proposed approach under real-world conditions.

4.1. Data synchronization and data imputation

To evaluate the proposed estimation method, we prepare the ac-
quired real-world data as follows. The GPT data, which isa . csv file, is
time-based and contains data for each hour for every POI in a separate
file. This is restructured to be a single POI-based dataset that enables
the extraction of social activity data for a selected location and a time
slot.

The regression (21) is established between the traffic data and GPT
data individually for every timeslot using multiple weekday data. We
construct the matrix X such that it contains GPT data column-wise and
the rows are for the individual observations. Thus, by selecting P POIs
and N days for the regression, we create a N by P matrix.

The GPT time series data is approximately hourly with 10-15 min
typical deviations. To be able to correlate meaningfully with the traffic
data, the GPT data is resampled at a 15-minute rate using linear
interpolation. The TomTom speed data is exactly hourly, and there are
no missing entries.
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Fig. 1. Distribution of vehicle count data in the Kyoto dataset. Red line
indicates the theoretical maximum value of 8640 = 12 - 24h - 30days measure-
ments/detector throughout a month using 5 min sample time (12 observations
per hour). (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.)
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Fig. 2. Example of estimating missing vehicle count data entries with linear
interpolation on 28.9.2021.

The sampling time for the vehicle count data is exactly 5 min. The
distribution of the registered measurements per camera is shown in Fig.
1. We discarded the detectors that had less than 3000 measurements in
total. For most of the cameras, the missing measurements are isolated,
meaning the missing entries are flanked by existing data points on both
sides. Consequently, the missing entries are filled with interpolated
values, as can be seen in Fig. 2 as an example.

4.2. Case study locations

The case studies were conducted in two different locations, in
Budapest, Hungary, and Kyoto, Japan. In Kyoto, a rectangular region is
selected as the area of interest, which amounts to 131.66km?® (see Fig.
3(a)). In Budapest, District, XL is selected, which is a 33.48 km? area
(see Fig. 3(b)). POI locations for both locations are shown in Fig. 4.

The reason behind the choice of the case study locations is twofold.
On the one hand, the traffic data sources were different in the two spots,
still very common in practice, i.e., the Budapest area was analyzed
using FCD (providing average speed information) and the Kyoto area
via camera sensors measuring vehicle flow (Fig. 5). On the other hand,
the two study areas reflect different traffic, i.e., typical European as
well as Japanese travel behavior. This diversity makes the validation
of the methodology more credible.

4.3. Case study in Budapest (Hungary)

We have collected data from 290 POIs in the region of interest. Data
are distributed across POIs according to the histogram in Fig. 6(b). The
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theoretical maximum number of observations per POI is determined
by the sampling resolution and the length of the observation period.
In the Budapest dataset, the observation period covers 19 days, from
08.11.2021 to 26.11.2021, resulting in a maximum of 19 x 24 = 456
observations per POL In practice, not all POIs reach these theoret-
ical maxima because the availability of GPT data depends on user
activity and data collection consistency. Some POIs have fewer valid
entries due to temporary unavailability or missing hourly data, while a
few Budapest POIs slightly exceed the theoretical maximum owing to
occasional sampling intervals shorter than one hour.

From the 290 POIs, there were 140 that had data for the 12 evalu-
ated weekdays in the given time interval. The POI data thus constitute
a 12 x 140 matrix X. The covariance matrix of this dataset is of rank
11 because there are 12 observations for each POI. Since the number of
observations is much smaller than the number of POIs, we can regard
the data in X as linearly independent, X having rank 12. The traffic
data coming from the TomTom service is the average speed at a specific
link. The speed values have a 60-minute resolution.

Results for NagyszG5lGs road are presented in the following. Fig. 7(a)
shows the true (blue) and estimated (orange) traffic data values for the
afternoon 13-14 time slot. The regression used days 4...9, and the
estimation happened for the first and last 3 days. The vertical stems
indicate the estimation errors.

Fig. 7(b) shows results for the 17-18h time slot. In this example, the
regression used data from only the last 5 and the estimation happened
for the first 7 days. In both figures, it can be seen that practically two
principal components are enough to explain the variance in the data.

The RMSE and MRE values are computed only for the days on which
the estimations happened (red stems). Table 1 summarizes the error
metrics for selected, typical off-peak and peak periods, i.e., early and
late afternoon hours in both cities.

4.4. Case study in Kyoto (Japan)

In the Kyoto region, we have 1366 POIs in the area of interest,
of which 624 have no missing data for the selected time intervals.
The observation period spans 30 days, from 01.09.2021 to 30.09.2021,
with a quite precise hourly resolution; the theoretical maximum equals
24 x 30 = 720 observations per POI. The traffic data comes from video
sensors that have a 5-minute sampling rate.

Two locations are selected: Gojo-Dori St. and Marutamachi-Dori St.
(see Fig. 5). Fig. 8(a) shows estimation results for Gojo-Dori St. in the
17-18h timeslot. The regression used the odd days from the first half
of the dataset. The same setup with +15 minutes time-shift is presented
in Fig. 8(b). The estimation error decreased significantly due to the
inclusion of time-shifted data.

Fig. 9 shows an example for Marutamachi-Dori St. where the orig-
inal estimator, using non-shifted data, had high errors (top figure). In
this case, we can see blue error stems, indicating that the estimator
did not manage to fit a model that reproduces the ground truth data
correctly at these points. Again, including time-shifted POI data, the
performance of the estimator increased. Expressed quantitatively, the
RMSE and the MRE changed from 6.408 to 3.69 and from 10.2756
to 5.5503, respectively. The results of the Kyoto case study are also
tabulated in Table 1, showing the RMSE and MRE values. As it is
observable, the error values remain in a relatively low region, justifying
the viability of the proposed solution. Moreover, the results also clearly
reflect the superiority of the time-shifted solution.

Fig. 10 is a summary graph of how the number of observations
used in the regression affects the estimation performance. Creating
the regression with only one observation and predicting all the other
results in 10.88% MRE. The right end of the graph indicates that if the
regression is based on 21 observations, the estimation results in 4.77%
MRE.
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4.5. Sensitivity analysis

To evaluate the possibility of reducing the number of required
POIs, we also examine how the POI number affects the estimation
performance. First, we can compute the correlation coefficients be-
tween the vehicle count time series data and the POI data. POIs are
then sorted according to the absolute correlation values. At this point,

Table 1

RMSE and MRE values of the estimations, calculated for typical off-peak and
peak periods, i.e., early and late afternoon hours in both cities. RMSE unit is
km/h for the Budapest dataset and number of vehicles for the Kyoto dataset.

Case RMSE MRE (%)
Budapest 14 h 2.241 4.325
Budapest 17 h 0.713 3.704
Kyoto 17 h 7.789 3.704
Kyoto 17 h (with time-shift) 5.280 2.427
Kyoto 13 h 6.408 10.276
Kyoto 13 h (with time-shift) 3.690 5.550

a truncation is performed, which discards POIs with less than 0.2
absolute correlation.

The evaluation involves two parameters to be changed, the number
of POIs and the number of days (2, 5, 8, and 11 days) included in the
regression, and considers the Marutamachi-Dori St, Kyoto. Having 221
POIs that have a correlation value of at least 0.2, Fig. 11 depicts how
the RMSE values change along with the reduction of the POI number.
The results show that the lowest error can be achieved in the case of
the highest number of days included in the regression (11 days in the
example). This, of course, seems natural since more data enables more
effective estimations. The conclusion of the graphs is that two days are
not enough, and the RMSE value is roughly constant regardless of how
many POIs we include. With more days used, the RMSE actually scales
with the POI number, and above 10, the estimation error settles in a
reasonable range.
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The lower graph in Fig. 11 shows how the variance of the estima-
tions compares to the variance of the ground truth data. The variance
value for the ground truth (thick horizontal line) is computed for the
full 22-day time series. For the estimations, the variances are computed
for the days the estimation is conducted. Using (2,5,8,11) days to
create the regression, the estimation happens for (20,17,14,11) days,
respectively. The interesting feature is that using only two days in the
regression, the variance of the estimation is too low. This means that
the output of the estimator is nearly constant, indicating that it cannot
capture the variability of the data to be estimated. Using more days as
input data, the variance of the estimated values starts to converge to
the variance of the ground truth data. Again, it can be seen that more
than 10 POIs are needed to obtain satisfactory results.

The results of a similar analysis with higher resolution are presented
in Fig. 12. The left contour plot shows the logarithm of the RMSE
values across various POI numbers and days used in the regression.
From this plot, we can verify that at least 10 POIs are needed for a
satisfactory performance. The right plot shows the logarithm of the
relative variance of the estimation compared to the variance of the true
data. This indicates that if we use data from at least 5 days and 20
POIs, the variance of the estimation will converge to the ground truth
variance.

4.6. Large scale statistics

In the Kyoto region, we have performed a large-scale analysis
involving all video sensors (1033) that had data for the selected time
slots. The chosen POIs are the ones that have data throughout the
30 days, which means that the same POIs were used for every video
sensor. The regression analysis was conducted as follows. From the 22
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Fig. 11. Estimation RMSE (top) and variance (bottom) as a function of used
POI data. Black straight line is the variance of the ground truth traffic data.
Colored curves show different setups regarding how many days were used
for the regression. (For interpretation of the references to color in this figure
legend, the reader is referred to the web version of this article.)

workdays, every third is used to create the regression, and two-thirds
are used for evaluation.

Figs. 13(a)-13(d) show the histograms of the estimation RMSE and
MRE values for all video sensor locations for 3 AM, 8 AM, 12 PM,
and 5 PM. The shaded bars indicate where the mean values reside.
For daytime, the histograms show similar characteristics. The typical
RMSE and MRE values are around 10 and 20. However, for the night,
the RMSE values are lower, and the MRE values are much higher. This
is because at night, the traffic volume is much lower, resulting in higher
relative and lower absolute errors.
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4.7. Discussion

The research results demonstrate the usability of the proposed
method. The crowdsourced social activity data is recognized as a
new data source for traffic measurement or strategic urban planning,
tackling the critical problem of incomplete network coverage due to the
traffic sensor costs. Unlike navigation apps (such as Waze and Google
Maps) that primarily provide readily available travel time data, our
model specifically focuses on estimating the often missing traffic flow
data. By combining a probabilistic model and time-shifted regression,
the solution effectively predicts flow data, which is crucial for strategic
urban planning and real-time traffic operations. The results, validated
across diverse metropolitan areas like Budapest (speed) and Kyoto
(flow), confirm that leveraging a fraction of social activity data leads to
accurate and efficient traffic estimations with low relative errors. This
hybrid approach, utilizing ubiquitous social data to augment sparse
cross-sectional measurements, represents a significant, cost-effective
advancement in network-wide traffic sensing.

4.8. Limitations

The results proved that using GPT data to estimate traffic-related
quantities is feasible and promising. POIs offer several advantages
for this purpose. They are not limited to commercial establishments
but encompass a wide variety of locations that reflect human activity
patterns, including schools, factories, bus stops, parking areas, petrol
stations, government offices, and other public facilities. Essentially, any
location represented in Google Maps can serve as a POI, provided it
exhibits measurable temporal activity in Google Popular Times data.

The goal of our approach is not to rely on a specific type of POI
(e.g., shopping malls or restaurants) but to identify and select those
that show relevant spatiotemporal correlation with nearby traffic flow.
This allows the method to be effective even outside commercial areas,
such as residential or mixed-use zones, where certain categories of
POIs (e.g., schools, local markets, or public transport stops) still exhibit
activity patterns influencing local traffic.

Nevertheless, certain limitations apply. First, the method by which
GPT data are generated is proprietary and may be subject to future
changes. Second, unique and irregular events — such as accidents, road
closures, or special occasions — cannot be captured by the proposed
approach, which is designed to model regular weekday traffic trends.
Third, while POIs are widely distributed, they tend to be denser in
commercial and central areas, potentially leading to lower spatial
coverage in suburban or sparsely populated regions. This limitation can
be mitigated by combining POI-based data with other complementary
sources, which represents a potential direction for future research.

Finally, the proposed method remains phenomenological, relying on
statistical correlations rather than explicit physical modeling of traffic
dynamics.

5. Conclusion

In this paper, we examined the spatiotemporal correlation of social
activity and road traffic data. To be able to predict road traffic-related
data, a general estimator is proposed. Our approach considered a linear
relationship between Google Popular Times and specific descriptive
traffic data. A probabilistic model was established that allows the
construction of a regression of traffic data on GPT. To make the prob-
lem tractable, dimensionality was reduced using ideas adopted from
the principal component analysis technique. The predictive power of
the proposed method was validated on real-world data: the Budapest
dataset containing GPT and FCD data, and the Kyoto dataset having
GPT and vehicle count measurements. Analysis justified that by using
only social activity information, traffic data can be predicted effec-
tively. Moreover, by extending the GPT data with forward-backward
temporal shifts, the performance increases. In all, our demonstration
shows that a fraction of the available GPT data is enough to provide
reliable traffic data estimations with a few percent relative errors.

The results achieved are promising in terms of policy recommenda-
tions. If the POI activity information is also considered together with
the traditional traffic data, more credible traffic estimation and pre-
diction can be achieved. Furthermore, in case of missing measurement
data (e.g., typically due to technical failures of the sensors) social ac-
tivity information can be effectively utilized to substitute conventional
data.

Future research can go in two directions. Still, regarding linear
relations, more refined estimators of covariance matrices can be con-
sidered, which work robustly. Since there was data abundance in
this work, the sample covariance matrix served well as an estimator.
In a data-poor environment, perhaps with outlying data entries, the
estimation needs more care as covariance matrices do not form a
vector space but a Riemannian manifold (Smith, 2005). Another refined
method would use copulas of spatiotemporal data to interpolate missing
entries (Yang et al., 2025). If enough data is available, one might turn to
a more detailed but still probabilistic phenomenological description of
the traffic using the master equation (Mahnke et al., 2005). The master
equation is typically written as a gain—loss equation that describes how
the probability of a system being in a state evolves. In our context, it
would describe how the number of vehicles changes on a link, and the
POIs act as source and sink locations. Estimating the parameters or tran-
sition rates of a master equation is the task of fitting a high-dimensional
stochastic and discrete spatiotemporal model to time series data.
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