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Abstract—Nowadays, more and more people tend to plan
and book their vacation using services such as Yandex.Travel,
Booking.com or TripAdvisor. When most of the tourists are
booking a hotel, they want to know, where the touristic center
of city is located. However, it is an informal concept. In this
work we conducted a survey to obtain the ground truth on what
people thought to be a touristic city centre of their city, and then
approximated it with the mixture of Gaussians (ellipses). Finally,
we have suggested an algorithm to predict a tourist city centre
location given information on hotels in that city.

I. INTRODUCTION

When people are planning their vacation in another city
they have never been to before, most of them would like to
know, where the centre of that city is located. It would help,
for example, to avoid possible inconveniences such as huge
everyday transport fees to get there. An option to filter hotels
by location in the city center or by distance to it is one of the
users’ most demanded features in Yandex.Travel https://travel.
yandex.ru, an online service helping users to find the right
hotel and compare prices from different providers. Because
the number of cities is extremely high and its very costly to
use expert knowledge about each city’s centre, an interesting
task arises: how can one automatically locate a city centre
using some available information about that city.

The main hardness of the problem of automated detection
of city centre location is that the concept of city centre is
informal itself despite being used in a large number of studies.
City center is an object of research in urban studies [3], [26],
[25], [14], [2]; economic studies [1], [16], [7], [24], [23], [13],
[29] due to the high impact of urban centers in trading and its
major role in retail (interestingly, all these papers are devoted
solely to European cities); climatology [20], [19], [17], [9],
[10], [8], [12], [15] due to impact of city centers on climate
is different than impact of other areas; or even public safety
studies [18], [21], [22], [27], due to high economic impact of
the centres and high present of public, making it an attractive
venue of various crimes.

Typically, authors of those studies do not define what a city
center is. We believe that it is due to they used ”city centre”
as a linguistic but not scientific term. The only definition we
found was given in [28], in which city center was defined as
“an area, central to the city as a whole, in which the main
land uses are commercial”. This definition is obviously biased
towards the object of their study. Also none of the authors
explains how they specified that concept for data collection,
which makes us believe they did it in an expert way. A study,
which is worth to be discussed with a little more attention, is

a paper [6], the authors of which suggested several descriptive
models of city structure (including its center) with respect to
their retailing functions. This model is applicable for expert
analysis, however, it cannot be used for automated city center
detection due to lack of precise definitions for concepts used
in these models.

Thus, a solution of a city centre automated location de-
termination problem requires the formalization of the city
centre concept. Because we focus on tourists, we are interested
in touristic city centre (TCC). In this paper, we propose
an approach to formalize this concept in a computationally
suitable manner and present an approach to determine its
location automatically given information about hotels in this
city.

The rest of the paper is organized as follows. In Section 2,
we describe requirement that a definition of TCC should met
and infer an approach how it can be formalized. In Section
3, we describe data we collect using a survey and results of
approximating it. In Section 4, we propose an approach for
automated TCC location detection. In Section 5, we describe
data we use and experiment setup, results of which is presented
in Section 6. Section 7 concludes the paper.

II. FORMALIZATION AND EVALUATION OF TCC

In this section, we provide mathematical formalization of
a TCC and motivation under such formalization, as well as the
algorithm for evaluating TCC location.

A. Concept of TCC

First of all, we need to restrict the domain of application of
the formal TCC definition we present in this work. We claim
that TCC is not a point, but an area, which we want to detect.

Thus, we need to define TCC in a easily computable way,
because it is the aim of our prediction and it will be used
as the ground truth for learning predictive models. The only
source where we can find a city center formal definition is
an administrative division of cities. The key problem with this
source is not the fact that in many cases there is no such
a district as “Central” (an example is Samara, Russia), but
that even if such a district exists, it is very imprecise with
representation of TCC (an example is St. Petersburg, Russia).

We assume that we the only valid source for representing
TCC is opinion of citizens. Thus, we conclude that a survey is
the only method to locate TCC. However, under this approach,
a new question arises: what is the form of this opinion, which
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should be collected? TCC is a very informal concept with very
vague bounds, and this is why there is no purpose in asking
about the precise bounds of TCC. Thus, the survey has an only
question: “Where is located touristic centre of your city?”. An
answer may be any area of the city (figure on the city map)
marked by a respondent.

The next question we need to answer is how the resulting
answer should look like. Working with polygons is not very
convenient. Also, as we mentioned before, there is no need in
a delicate handling with shapes, because the initial figures are
imprecise, and a certain shape retrieved via intersecting will
be thus biased towards the sample. It motivates us to work not
with random figures, but with their smooth approximations.
We found that an ellipse is a very good option to be used for
that purpose, because of the following reasons:

• an ellipse provides a certain shape complexity, being
simple to parameterize. It is a bit more complex than a
circle, but much simpler, than any other smooth figure.

• an ellipse is a very convenient figure for prediction
due to its relatedness to the Gaussian distribution.

Thus, we consider each TCC to be an ellipse or a union of a
small number of ellipses.

B. Evaluating of an citizens’ opinion ellipsoidal approxima-
tion

In the previous subsection we motivated that a TCC
should be represented by a union of ellipses, which should
approximate citizens’ opinion on what the tourist center of
their city is. In this subsection we describe the algorithm to
evaluate the most suitable union of ellipses given a set of
figures representing citizens’ opinions.

After we obtain several citizens’ opinions on what is a city
centre in a form of set of figures, we need it to be approximated
with a set of ellipses. To find and draw ellipses, we use EM
algorithm for Gaussian mixtures, and also on the initialization
step we use k-Means [5] to learn the initial means, as described
in [4]. For each grid point, we calculate the number of covering
figures and normalized it.

In order to determine the ellipse size for the particular
city, we need to introduce several definitions: Central point
(C) is a point such that it lies within more than a half of
citizens’ figures. Peripheral point (P ) is a point such that it lies
within less than a half of citizens’ figures. Let C(E) denote the
number of central points lying within ellipse E and P (E) be
the number of peripheral points lying within it. Ellipse size can
be determined as a Mahalanobis distance between its center
and a point on its border. We want to choose a border point
that maximizes C(E) − P (E) for resulting ellipse. It seems
clear that the zone covered with central points is an optimal
candidate to be a touristic city center.

We also introduce function f(e, E), which we will be
maximized. This function for specified ellipse e and set of
ellipses E :

• should increase when e covers more central points,

• should decrease when e covers more peripheral points,

• should not change its value when covering points that
have already been covered with another ellipse from
E.

Such function can be defined by the loss matrix presented
on Table I with a parameter λ corresponding to how fast the
function will decrease when the ellipse covers more peripheral
points.

T I. LOSS MATRIX FOR DIFFERENT TYPES OF POINTS

Central Peripheral

Uncovered Point 1 −λ

Point already covered with another ellipse 0 0

Let us take a look at the iterative algorithm. At the very
beginning, we start with the empty set of ellipses. We create a
grid with a fixed step size covering the city and compute for
each point of this grid if it is peripheral or central. After that
we find such ellipse e that it maximize f(e). An ellipse can be
parametrized by five variables: two center coordinates (x, y),
two lengths of half axes (r1, r2) and angle. For each point of
the grid, we assume that it is an ellipse center and maximize
f(e) by changing r1, r2 and angle with coordinate descent
method. Then we choose the ellipse with maximum f(e) value.
We will add ellipses to resulting set while f(e′) > f(e) + ε ,
where ε is some constant greater than zero. As the result, we
obtain a set of ellipses that approximates citizens’ opinions.

III. EVALUATION OF THE GROUND TRUTH TCC

A. Data collecting

For each city, we asked its citizens to draw a territory on the
map, where they think the city tourist center is located. Each
of the citizens was asked to draw his/her city tourist center as
a polygonal (he/she can pick points of this polygonal). We
created a specified web service and used it to ask people
from different cities to draw their TCC. To implement this
web service, we used JavaScript, HTML and Google maps
API on the front-end, and Java, Spring Boot, MongoDB, and
Gradle on the back-end side. We chose MongoDB as database,
because it had geospatial index, which provided possibility to
find nearest points easily.

For this study, we chose only cities from the former Soviet
republics (mostly, from Russia), because they corresponds to
the Yandex.Travel audience interests. We worked with the
following twenty cities:

• Almaty (Kazakhstan),

• Baku (Azerbaijan),

• Chelyabinsk (Russia),

• Ekaterinburg (Russia),

• Kazan (Russia),

• Kiev (Ukraine),

• Kharkiv (Ukraine),

• Minsk (Belarus),

• Moscow (Russia),

• Nizhny Novgorod (Russia),
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Fig 1. Results of merging opinions on Kazan TCC

• Novosibirsk (Russia),

• Odessa (Ukraine),

• Omsk (Russia),

• Rostov-on-Don (Russia),

• Samara (Russia),

• Sochi (Russia),

• St. Petersburg (Russia),

• Tashkent (Uzbekistan),

• Volgograd (Russia),

• Yerevan (Armenia).

For each city from this list, we collected at least 15
opinions of its For each city from this list, we collected at
least 15 opinions of its citizens. Examples of merged opinions
are presented on Fig. 1 and Fig. 2. The more intensive the grey
color of a point on the map is, the more polygons cover this
point.

B. Results of ground truth evaluation

The results of the algorithm application are listed in Ta-
ble II. For the most of the cities, one ellipse is enough to
cover citizens’ opinions. However, for Kazan, two overlapping
ellipses were required.

Examples of algorithm application are presented in Fig. 3–
6.

IV. DETECTION OF TCC LOCATION

A. TCC as a Gaussian mixture

As we described in the previous section, we will try to work
with TCC as a composition of ellipses. A very straight way to
achieve this is to use the Gaussian mixture model (GMM) due

Fig 2. Results of merging opinions on Nizhny Novgorod TCC

Table II. RESULTS OF TCC EVALUATION

City Number of answers

St. Petersburg 114

Moscow 61

Kiev 15

Tashkent 16

Baku 19

Minsk 17

Novosibirsk 15

Almaty 15

Kharkiv 16

Ekaterinburg 16

Nizhniy Novgorod 19

Samara 17

Sochi 16

Kazan 17

Omsk 15

Chelyabinsk 15

Erevan 15

Rostov-na-Don 16

Volgograd 17

Odessa 15

to the Gaussian distribution is ellipsoidal in geometric sense.
An ellipse is described by the covariation matrix Σ and the
vector of mean values μ of Gaussian distribution.

In order to apply GMM, we need to work with a density
function. We use a grid with a fixed step size. For each
grid node x and set of touristic objects O, we define density
function as:

d(x) =
∑
o∈O

K(dist(x, o)),

where dist(x, y)) is a distance between two objects and K is
a kernel function.

Using the density function, we calculate the density relative
to tourist objects for each grid node. Then we applied EM
algorithm for GMM:

p(x; θ) =
k∑
i=1

wipi(x; θi),

k∑
i=1

= 1, wi ≥ 0, θ = {θk, wk}
k
i=1

.

EM algorithm returns k Gaussians, for each of them, we
know its covariation matrix and mean value.
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Fig 3. Resulting TCC for St. Petersburg (union of two ellipses

Fig 4. Resulting TCC for Kazan

Let likelihood(k) be likelihood of data approximated with
k Gaussians using EM-algorithm. We want to maximize it,
which means that we need to find the number of Gaussian
distributions, with which the density of touristic objects is
well represented. In order to do so, we run the algorithm with
different values of k and take a look at the resulting likelihood
values. We will take such k value that the following inequality
holds:

|likelihood(k) − likelihood(k + 1)| < ε,

where ε is a positive constant.

In order to visualize the resulting ellipses, we need to
calculate for each of them its center, two radii and an angle.
Coordinate vector of an ellipse center equals to its mean value
vector. In order to calculate the angle, we take eigenvector v1

Fig 5. Resulting TCC for Nizhny Novgorod some text here some text
here

Fig 6. Resulting TCC for Moscow

of the biggest eigenvalue and use the known formula:

α = arctan
v1(y)

v1(x)
.

Now we need to evaluate the ellipse size. In our case, we
can express it in terms of standard deviations σx and σy, such
that the ellipse is expressed by the following equation:

(
x

σx

)2

+

(
y

σy

)2

= s,

where s is the ellipse size and can have any value. Since
we operate in terms of the normal distribution, the left-
hand side of the equality given above is the sum of the
squares of the independent normally distributed quantities. It is
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known that this quantity has a chi-square distribution. The chi-
square distribution is defined in terms of freedom degrees, in
our case there are two degrees of freedom. Thus, the value
of the variable s corresponds to certain values of the chi-
square distribution. Accordingly, the lengths of the semiaxes
of the ellipse can be expressed as follows: r1 = 2σx

√
s,

r2 = 2σy
√
s.

The equalities above can be expressed in terms of the
eigenvalues λ1, λ2 of the covariance matrix: r1 = 2

√
sλ1,

r2 = 2
√
sλ2.

Note that the parameter s in this case is a critical point,
such that for some probability p: P (x < s) = p, where p ∈
[0, 1].

Thus, we reduced the problem of finding the lengths of
two semiaxes of an ellipse to the problem of finding the value
of p that is probability of the chi-square distribution, the range
of possible values of which is from 0 to 1.

In order to determine the value of the parameter p, it is
enough to iterate through all possible values from 0 to 1
with a small step. For each of the values, we construct the
resulting ellipses and evaluate its accuracy in comparison with
the reference ellipse, built on the opinions of the city dwellers.

V. DETECTION OF TCC LOCATION USING INFORMATION

ABOUT TOURIST OBJECTS

After we evaluated TCC for each of the city in our dataset,
we can solve the problem of detecting its location using open
information.

A. Experiments

To learn a model, we used an aggregated hotel dataset
which was generously provided by Yandex.Travel company
and contained all hotels in the selected cities, total number of
which was 820,000. Each hotel was described by its location
(longitude and latitude), number of stars and average price
per night. We decided to exclude several other potentially
useful features, otherwise it can limit the model application.
For instance, hotel-specific features are not always available,
or the number of reviews depends on both service and city
popularity.

We used a grid with the fixed step size equal to 100 meters
to obtain a discrete space. To assess the model efficacy, we
used citizens’ ellipses to mark the grid nodes. The resulting
ellipses should cover only the ones that were covered by the
citizens’ ellipses. As a quality measure, we used F1 score and
accuracy.

For model learning and testing, we used 4-fold cross-
validation. Samples (20 cities) were divided into two sets: 15
cities for the training set, and 5 for test set.

To learn a density function, we used different approaches.
Initially, we had distribution of points with two characteristics:
number of stars and price. We tried several models that used
these characteristics, for instance, that gave bigger weights to
the hotels with higher number of stars or weights depending
on their price. We also tried to filter hotels according to their
price. However, since none of these models outperformed a
simple model we used, we will not describe them in details.

Fig 7. Results for Kiev, the dark ellipse is built using data about touristic
objects, and the light one is built using people opinions

The simple model used only the number of hotels. For each
grid node it evaluated Epanechnikov kernel function [11].

Having a density function, we applied Expectation Max-
imization algorithm for Gaussian Mixture. We got set of
Gaussians as an output, after that we built ellipses using the
proposed algorithm. Next, we selected the coefficient p to
calculate the lengths of the semiaxes which maximized model
quality (F-measure) on test set.

B. Results

The model quality is presented in Table III. The difference
between F1 measure and Accuracy are almost similar on both
train and test, so we model is well-trained for such a small
sample. The resulting parameter p value is 0.017.

Table III. RESULTS OF TCC EVALUATION

F1 Acc

Train set 0.792 0.797

Test set 0.769 0.773

Example of results for Kiev and St. Petersburg are pre-
sented in Fig. 7 and Fig. 8.

We presented the obtained results to content experts in
Yandex.Travel, and they confirmed that it is more accurate
than such naiv̈e approaches as the union or intersection of all
the experts’ opinions.

VI. CONCLUSION

In this paper, we have suggested an approach to define
formally, what the TCC of a city is. Also, we proposed a
method to compute it as a union of ellipses. This method
is confirmed by content experts to show acceptable quality
of results. We also described an idea how to use expectation
maximization algorithm for points considering that it could
intersect more than one polygon, by repeating this point in the
test set.
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Fig 8. Results for St. Petersburg, the dark ellipse is built using data about
touristic objects, and the light one is built using people opinions

Described results can be used in the future research as a
ground truth for the task of automatically determining TCC
when expert opinions are not available. They will form a
learning dataset and machine learning approach could be
applied to detect TCC location based on factors such as tourist
objects densities.
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