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Abstract. Intelligent Parking Systems (IPS) allow customers to select a car park according to their preferences, rapidly
park their vehicle without searching for the available parking space (place) or even book their place in advance avoiding
queues. IPS provides the possibility to reduce the wastage of fuel (energy) while finding a parking place and consequently
reduce harmful emissions. Some systems interact with in-vehicle navigation systems and provide users with information in
real-time such as free places available at a given parking lot (car park), the location and parking fees. Few of these systems,
however, provide information on the forecasted utilisation at specific time. This paper describes results of a traffic survey
carried out at the parking lot of supermarket and the proposal of the model predicting real-time parking space availability
based on these surveyed data. The proposed model is formulated as the non-homogenous Markov chains that are used as a
tool for the forecasting of parking space availability. The transition matrices are calculated for different time periods, which
allow for and include different drivers’ behaviour and expectations. The proposed forecasting model is adequate for poten-
tial use by IPS with the support of different communication means such as the internet, navigation systems (GPS, Galileo
etc.) and personal communication services (mobile-phones).

Keywords: intelligent parking systems, prediction, parking space availability, non-homogenous Markov chain, traffic survey.

Notations

Abbreviations
GBS — gross building square;
GFA — gross floor area;
GPS — global positioning system;
IPRS — intelligent parking reservation service;
IPS — intelligent parking system (or service);
MADM - multiple attributes decision-making;
MAPE — mean absolute percentage error;
PCS — personal communication service;
PGI — parking guidance and information.

Variables and functions
E(i,) — expected parking lot state in period t, from
model database;
E(i}) — forecasted expected state in period ,;
E(ig) — expected parking lot state in period t, from
model database;
fi(t) — frequency of state i;
J;j(t) — frequency of transitions from state i to state j;
i, j, k — states of process;
i{! - actual parking lot state;

my(t) — surveyed number of occurrences of state i;
m,-j(t) — surveyed number of transitions from state i to
state j;
n — number of states;
P(t) — transition matrix in time ;
pi(t) — probability of state i in time f;
pijt) — one-step transition probability between states
i, j in time £;
p(t) — vector of states probabilities in time ;
p(t4) — vector of states probabilities in period ¢, from
model database;
P(tq) — vector of states probabilities in period £, from
model database;
pM(t,) — forecasted vector of states probabilities in pe-

riod t,;
pM(tq) — actual vector of states probabilities in period #;
t — time;

T, — expected time arrival from period t;
T — query time from period t.
X ={X; t=0,1,..} — stochastic process.

*Corresponding author. E-mail: ruzicka@tf.czu.cz

Copyright © 2020 The Author(s). Published by Vilnius Gediminas Technical University

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0/), which permits unre-
stricted use, distribution, and reproduction in any medium, provided the original author and source are credited.


mailto:ruzicka@tf.czu.cz
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3846/transport.2020.14016

Transport, 2020, 35(5): 462-473

Introduction

The procedure to determine area parking demand in the
Czech Republic is generally carried out in the follow-
ing three basic approaches. The first one is the usage of
standards (CSN 73 6056, CSN 73 6110), the second one is
based on zoning regulations (Rada hlavniho mésta Prahy
2016) and the third one is modelling of planned parking
spaces (places) (Bosserhoff 2009; Cheng et al. 2012; Mar-
tolos et al. 2013). The principle of all these approaches
is based on planned squares defined, e.g., as GBS, GFA
or sale floor surface and so on. Consequently, different
square quantities (square units) are taken as the genera-
tor of the number of customers, of students, of clerks, of
transit frequency, of passenger cars per time (trip genera-
tion rate), parking generation rate and other information
are derived from experience based on pre-carried out traf-
fic surveys. These parking space projects are often further
modified and particularized by different influences (with
the usage of several coefficients) as for urban, suburban,
and rural areas or for a type of shopping, density of popu-
lation, transit accessibility, offer of special goods, discount
actions, the growth of motor vehicles number per capita,
etc. Shoup (1999) discussed these procedures and pointed
out several discrepancies in number, place and duration of
the traffic surveys, the relation validity between generation
rates and GFA and accepting conclusions based on these
presumptions. Nevertheless, none of these procedures pre-
vents occurring problems linked with the current parking,
congestions and traffic flows. The design and development
of sustainable transport systems and alternative transport
modes will lead to the reduction of car usage in the fu-
ture. Nowadays, however the support of the wider usage
of public transport or modal shift to solve environmental
problems is not sufficiently accepted by public. Everyday
reality in many cities shows that it does not meet always
with success and people still prefer to use passenger cars
especially for shopping. Results of psychology studies
imply that reducing car use must be promoted by em-
phasizing the positive consequences of reducing car use
(De Groot et al. 2008). Yan et al. (2019) simulated policy
results and they found out some synergistic effects be-
tween policy measures; when pricing and policy measures
reducing search and egress time are combined, they shape
parking demand more than the sum of their individual
effects if isolated implementation.

Searching for parking spaces on car parking lots (e.g.,
public P + R, supermarket, shopping centres lots with free
or charged access) or on streets has significant spill-over
effects on the urban traffic. For example, under-priced on-
street parking (during peak periods) can exacerbate urban
traffic congestion by inducing drivers to cruise for the in-
expensive parking spaces. Looking for a free parking place
is a tedious task since in urban scenarios up to 40% of traf-
fic is generated by cruising vehicles (Richter et al. 2014).
From the driver’s point of view, however, finding a free
parking place is just difficult and tedious in both cases.
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The contemporary designed and used IPS systems
(called PGI as well) are aimed to support drivers’ search-
ing, inter alia, for vacant parking spaces. However, these
systems can be only successfully utilized if adequate levels
of demand and supply of parking places are available in
the acceptable vicinity of the driver’s destination.

Lin et al. (2017) show that existing and ongoing works
on smart parking are complicated and transdisciplinary
and that many varied works involve multiple disciplines,
which are closely linked and inseparable. They went
through the literature over the period of 2000-2016 on
parking solutions as they were applied to smart parking
development and evolution. They proposed three macro-
themes to classify parking, i.e., information collection,
system deployment, and service dissemination. They also
point out to information and communication technology
evolution, drivers can more efficiently find satisfying park-
ing spaces with smart parking services.

The influences on driver’s decision for a given parking
alternative is a topic of many studies that consider fac-
tors as walking distance or distance to destination, driv-
ing and waiting time, parking fees, service level of parking
lots, safety, expected number of available parking spaces,
etc. (Hendricks, Outwater 1998; An et al. 2004; Lam et al.
2006; Caicedo 2009).

Khaliq et al. (2019) estimated model showing that al-
most all these attributes such as parking costs, payment
options, expected parking duration, speed limit, level of
parking convenience, space availability and surrounding
activities play a considerable role when determining car
drivers’ parking preferences. The model highlights rela-
tively important road related attributes, which can induce
search traffic and can be valuable for local authorities.

Parking surveys have the significant importance for
the parking managers and corresponding planners or re-
searchers. Chen et al. (2016) work on the technical basis
(sensors layout and algorithms) for parking survey in IPS
where parking spaces, entrance and exit are detected to ac-
quire the occupation of the parking; they presented three
possible sensor layouts and corresponding algorithms to
obtain the characteristic index needed in parking survey.
D’Aloia et al. (2015) supposed that unmanned aerial vehi-
cles (drones) can be used to recognize free parking spaces,
pictures of urban areas captured by the on-board camera.
It shows interesting possibilities of management of park-
ing areas and specifically the detection of parking slot oc-
cupancy. Support of drivers’ decision depends on the col-
lection, storage, dissemination and use of traffic and park-
ing data. Zhao et al. (2018) described a system supporting
the intelligent parking through which data acquisition and
storage of parking information could fully automatically
take part. To analyse parking information, they proposed
a new traffic model to forecast the status of urban traffic
in order to improve the efficiency of urban transportation.

IPS can provide information to users in real-time such
as parking location, free capacity, fees and current parking
utilization (Inaba et al. 2001; Oh et al. 2002; Yang et al.
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2003). However, few of these systems provide information
on the forecasted utilization at specific time. IPRS even
allow customers to select and book a parking facility ac-
cording to their preferences, rapidly park without search-
ing (cruising) for a free parking place, and eventually pay
their reservation in advance avoiding queues.

Many authors researched the finding available park-
ing spaces with the use of the vehicular ad hoc networks
and models (Caliskan et al. 2007; Mathur et al. 2010). The
principle of ad hoc networks and the internet of things
(spontaneous creation of a wireless network for vehicle-to-
vehicle data exchange and communication) could be a ba-
sis for solving the problem of finding a free parking space
and possibly its reservation and payment. It can be carried
out by linking IPS with PCS and car GPS navigation or ve-
hicular ad hoc networks. Stolfi et al. (2017) presented the
web page prototype to visualize the current and historical
parking data on a map, and used different models of the
occupancy forecast to satisfy drivers parking needs.

Many different types of models are listed for IPS in
the literature, e.g., the neuron networks and deep learning
(Camero et al. 2019; Rong et al. 2018); the fuzzy approach
(Sun et al. 2018); the models of the game theory (Li et al.
2014; Mamandi et al. 2015); the stochastic algorithms,
multi logit models, and simulation (Schlote et al. 2014;
Liang et al. 2017); the geometric programming (Balzano,
Vitale 2017); MADM models (Li et al. 2017).

In the US 2004/0032342 used a database that stored
information to project space availability at each parking
facility (parking lot entries and exits, historical informa-
tion of vehicle traffic to the parking lot over time, and
duration of stays at the parking lot), and the system oper-
ates with data obtained from ongoing survey for remote
parking lots with high demand. In the US 2004/0032342
patented system to forecast parking availability for a time
in the future based on driver-reported estimations of
how long each vehicle in the parking area will stay and
on forecasted arrivals. Caicedo et al. (2012) objected to
US 2004/0032342 access that it does not consider charac-
terization of driver’s behaviour in choice making. Caicedo
et al. (2012) proposed methodology consisted of three
subroutines to allocate simulated parking requests, esti-
mate future departures, and forecast parking availability.
Parking requests were allocated iteratively using an aggre-
gated approach as a function of simulated drivers’ prefer-
ences and parking availability. This approach was based on
the calibrated discrete choice model for selecting parking
alternatives. It was concluded that results obtained from
comparison of predictions and real data yielded small
average error availabilities. The forecast improves as the
system registers arrivals and departures.

Klappenecker et al. (2014) followed Caliskan et al.
(2006) and discussed the problem of predicting the num-
ber of available parking spaces in a parking lot. They tried
to respond drivers’ questions as:

- “will a parking space at a particular parking area be

available when I get there in time t-minutes?”;

- “there is no parking space available, how long do
I need to wait until a parking space becomes avail-
able?”.

These questions were solved with the modelling using
continuous-time Markov chain. Klappenecker et al. (2014)
assumed homogeneous Markov chain and their paper also
collected numerous works studying the problem of finding
available parking spaces using a vehicular ad hoc network
as well. Klappenecker’s approach considerably simplifies
the computation of the transition probabilities in the ve-
hicle navigation system and processing of probability data
of available parking space upon arrivals. Nevertheless,
the proposed method was applied under the theoretical
conditions of large parking lot (1000 parking places) and
the assumption of homogeneity with constant parking
demand in time. The assumption of homogeneity seems
to be rather theoretical; because the drivers’ behaviour is
changing during the day time and depends on the day
of week, etc. The utilization of the Markov chain is also
described in researches by Li ef al. (2017) and Tilahun,
Di Marzo Serugendo (2017). The last authors highlighted
many possible reasons of non-homogeneity of the process
of parking lot usage. They also suggest process of updat-
ing the transition matrices and possibility of cooperation
between near parking lots.

The aim of this paper is to design and verify the new
model of parking space availability using non-homoge-
nous Markov chain under real conditions of parking lot
approximately up to 100 parking spaces based on the re-
sults of carried out traffic survey. The condition of traffic
survey and Markov model will be briefly described at the
first part of the paper and next part consist of the proposal
of the model predicting real-time parking space availabili-
ty derived from these surveyed data. The last part of paper
consists of study cases and presents process of prediction
and analysis of its accuracy.

1. Materials and methods

1.1. Parking lot

The selected parking lot of supermarket was use to verify
the model. The full-assortment supermarket with GBS
1650 m? is an ordinary example of the most spread com-
mercial facilities in the Czech Republic. Supermarkets
with similar GBS and parking lots are built throughout the
whole Europe. There are shopping hours from 7 a.m. to
8 p.m. there and the supermarket is opened for the whole
week (Saturday and Sunday opened at 8 a.m.). The num-
ber of offered parking places is 86 (reserved 7 places for
disabled people and people with prams) with free access,
i.e., no barriers or any other payment facility. The traf-
fic survey was carried out during the whole week, from
Monday to Sunday, from 6 a.m. to 9 p.m. in the last week
of September 2017. The supermarket is located in the
Prague’s suburban area with near two bus stops of public
transport (3...4 min walk distance).
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The parking data were obtained under the real traffic
conditions of surveyed ordinary parking lot of supermar-
ket. The purpose of this survey was to obtain suitable and
sufficient data for the quantification of non-homogenous
Markov chain model.

1.2. Markov chain

Markov chain (Serfozo 2009), is commonly used for mod-
elling of the stochastic processes discrete in time and states
with Markov property, which means that the next state of
the stochastic process X depends only on its last state:

sz(t):P{Xt :i|Xt—1 =Ji1
Xi 2= Jras-Xo =jo} ZP{Xt =i|Xt—1 =jt—1}' (1)

This probability is referred to as a one-step transition
probability p;(#). Matrix of all transition probabilities is
called transition matrix P(t), which has the number of
rows and columns equal to the number of the states. If
the transition probabilities vary with the time ¢, the pro-
cess X would be a non-homogeneous Markov chain and
the transition matrices for each time step t are necessary
for its description. If the Markov chain has finite number
of states, we can define row vector of probabilities that
Markov chain is in the time ¢ in its states 1, 2, ..., n:

p(£)=(p1 ()22 (t)s- () t=12,00m. )

From the Chapman-Kolmogorov equations we can
calculate the probabilities of the Markov chain states in
some future time t. If we know the initial distribution p(0)
and one-step transition matrices P(0), P(1), ..., P(t - 1)
then we can compute p(t) using the formula (Serfozo
2009):

p(t)=p(0)-P(0)-P(1)-...-P(t-1)=
p(1)-P(1)-...-P(t=1)=p(t—1)-P(t-1). 3)

2. Parking spaces availability predicted
by non-homogenous Markov chain

The proposal of forecasting model is based on the non-
homogenous Markov chain, which is used as a tool to pre-
dict the parking space (place) availability. The transition
matrices are calculated for all different times and allow
including of different drivers’ behaviour and expectations.

The first assumption in proposed model design is that
the process describing the number of used (or available)
parking places can be modelled as non-homogenous
Markov chain. The number of arriving of passengers’ cars
into a parking lot can be modelled by Poisson’s process
and can be seen as non-homogenous process. As men-
tioned earlier it is not possible to assume that processes
(arrivals/departures of cars, i.e., intensities) are homog-
enous in time, because these intensities depend on a spe-
cific time of day (e.g., peak hours), on a day of week and
eventually on other circumstances. Therefore, this process

465

can be seen as a random walk representing a quantity that
changes over time. The number of available parking places
in time ¢ depends on number of places in time ¢ - 1 and
number of arriving/departing cars in this time. Analysis of
the real data also shows that the number of available park-
ing places depends on time of the day and the day of the
week. Therefore, the model was quantified for the work-
ing days only due to high similarity of process of parking
spaces availability during these days. Similarly, its version
could be quantified for weekend days as well.

The construction of non-homogenous Markov chain
model requires knowledge of the possible states of mod-
elled process, its probabilities and the transition matrices
for all time steps. The parking lot of supermarket data ob-
tained by traffic survey are used for calculation of model
input.

The definition of the Markov chain states is based on
the aggregation of surveyed data into categories of tens
available/occupied spaces. By this approach, the situations
of parking place can be divided into following proposed
states. Each state represents number of tens of parking cars
and consequently the number of available spaces. Number
of states depends on the maximal capacity of parking lot.
Generally, it is possible to propose more detailed states
(shorter intervals for number of cars), which could result
into more detailed conclusions; but such amount of results
would not have provided a simple overview about forth-
coming parking lots occupancy.

The 9 states were proposed for the parking lot with
maximal capacity of signed 86 parking places. Each state
describes number of parking cars as well as available (non-
occupied) parking places (Table 1).

The probabilities of Markov chain states and transition
probabilities in specific time are estimated based on the
number of occurrences of individual states and individual
transitions between the states in the observed data and
following two assumptions.

Numbers of arrivals and departures at the parking lot
was monitored every 15 min. This 15 min interval was
taken as time interval providing sufficient information
about occupancy of parking lot. It means that each 15 min

Table 1. State definition of parking lot

State Description of state

State 1 |0...10 parking cars E‘Zﬁ g:ﬂ:gg %?ces available -
State 2 | 11...20 parking cars | 66...75 available parking places
State 3 | 21...30 parking cars | 56...65 available parking places
State 4 | 31...40 parking cars | 46...55 available parking places
State 5 | 41...50 parking cars | 36...45 available parking places
State 6 | 51...60 parking cars | 26...35 available parking places
State 7 | 61...60 parking cars | 16...25 available parking places
State 8 | 71...80 parking cars | 6...15 available parking places
State 9 | 81...86 parking cars ziclflgliln}%agﬁfg 11 \;ailable -
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number of occupied, respectively available, parking places
were known. The number m;(t) of occurrences of state i
in time ¢ is calculated as the number of all observations
in which the number of parking cars is within state i. The
number m,-j(t) of transitions from state i to state j in time
t is similarly calculated as the number of all observations
in which the number of parking cars is changed from state
i into the state j in time t.

The second assumption is that the number of arrivals
to the parking lot does not need to share an exact scheme
without delays or advance. This assumption was proposed
based on maximal one-hour delay or advance as possible
shift of process on time axis. That is why the calculation
of state frequencies at specific time and transition prob-
abilities for the stated time interval is supposed to be with
a wider range of time intervals also. It means that data
of more surveyed intervals before and after specific time
t have to be used for this calculation. Therefore, the fre-
quencies of transitions are calculated in the range of sur-
veyed changes from previous and following time periods.
The time periods t - 3, ¢t -2, ¢t -1, t, t+ 1, t+2,t+ 3
were chosen. The weighted calculation of relative transi-
tion frequencies is used. Period distances are considered
and their influences are expressed by weights; i.e., periods
t-3and f + 3 have weight 1, f - 2 and t + 2 have weight 2,
t - 1and t + 1 have the weight 3 and period t is weighted
by 4 (Figure 1).

There is suggested the transition frequencies calcula-
tion with the use of following equation:

~ﬂ(t):ng.j(t—a)+2-mij(t—2)+

3-my (t=1)+4-my(t)+
3'mij(t+l)+2'mij(t+2)+mij(t+3)’

i,j=12,..,n. (4)

The same principle was used to calculate the state fre-
quencies of parking lot occupancy:

fi(t)=m(t=3)+2-m;(t-2)+
3-mi(t—1)+4~mi(t)+

3om; (t+1)+2-m(t+2)+m(t+3),

i=12,...,n. (5)
The third assumption is that it is possible to suppose

that transitions are more probable between neighbouring
states k > k, k > (k- 1), k — (k + 1) (where k is a specific

t-3 t-2 t-1 t t+1 t+2 t+3

Time

Figure 1. Description of weights of transition frequencies

state). Therefore, the frequencies of transition between
grades k > k, k - (k - 1), k > (k + 1) are increased by
specific constant ¢ to ensure its non-zero value assuming
that this transition frequency will never have zero value.
This proposed model of small parking lot based on one-
week survey uses ¢ = 1. The calculation of all probabilities
necessary for Markov chain model definition will be based
on the above calculation of the state frequency f,(f) and of
the transition frequency f;(¢). The following equation was
suggested for transition probability calculation:

fi(t)

n—ifi¢j,j+1,j—l;
:E:fé(t)
j=1

fi(t)+1
zg;fb(t)

and the following equation for states probability calcula-
tion:

bi (t) = nfi (t)
:é;f}(f)

2.1. Model testing

pij(t): i,j=12,..,n, (6)

else;

,i=12,...,n. (7)

The proposed model was tested by the comparison of the
real-time series of the observed parking lot states and the
results received from the suggested Markov chain model.
Data of the working days were used only as it was already
explained above. The MAPE was used as a measure of
prediction accuracy of a forecasting by proposed Markov
chain model in comparison with observed time series.
MAPE expresses accuracy as a percentage. The percent-
age error is between 10 and 20% (Table 2) when the com-
parison of the modelled data with the working days’ data
is carried out.

Table 2. MAPE values of forecast error

Monday | Tuesday | Wednesday | Thursday | Friday
| MAPE | 0.130 0.173 0.118 0.165 0.146

The quality of model prediction is much higher; there
is only 8.4% error, when the modelled time series is com-
pared with the average working days™ data. Although the
model data are based only on the weeks traffic survey, it is
possible to say that the proposed model describes the use
of the parking lot with a high accuracy.

2.2. Possibilities of model update

The Markov chain model should be updated, as the non-
homogeneity occurs due to many expected or unexpected
events. The time appropriate matrices of transition prob-
abilities and vectors of state probabilities can be recalcu-
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lated after the adding of the number of newly observed
state occurrences and transitions to the past values m;(t)
and mj(t) to receive the actual value of frequency. This
addition influences the calculation of the appropriate ma-
trixes of transition probabilities and vectors of surveyed
state probabilities.

The problems might occur when the initial data have
not been collected for a sufficiently long period because
each and even the small change is significant. Then this
eventually online model updating can produce a great in-
stability.

Therefore, the online (continuous) updating of the
model can only be performed after a longer period of time
when the long series of data is integrated into the model.
In this case, every change of the number of transitions can
be observed as relatively small and the model behaviour
will become stable and more precise.

From this reason, the model updating at the beginning
of use should not be made continuously but at least after,
e.g., the whole day or week monitoring only. This means
it is necessary to process newly recorded data daily (or
weekly) and use them for updating the model quantifica-
tion.

2.3. Model forecasting and model application

This paper proposes the following model application to
predict the parking place availability for the needs of in-
coming drivers.

Let us suppose that the PCS has sent the query to the
nearest (or unique) parking lot, respectively to its IPS. The
forecast of forthcoming occupancy of parking lot requires
just knowledge of current parking lot situation and the
matrices of transition probabilities between states during
the observed time period, and the calculation of prob-
abilities of the states according to the Equation (3). The
forecast process consists of the following 4 steps.

In the first step, the query time T, and expected arrival
time T, and actual parking lot state igf are registered. Let
Tq is time from period t; and T, from period t4. The
transition matrices P(tq), P(fg + 1), ..., P(t4 — 1) and vec-
tors of state probabilities p(t,) and p(t,) are read from the
model database.

The second step of proposed model application con-
sists of comparison of the situation in time T, with the
situation in corresponding time interval from the model
database. Two comparisons are made:

- comparing the actual state ig[ and expected state cal-

culated based on the data from the model database
as:

E(ig)=p(tg)-(L2...n) s (8)

- comparing the vector P(f;) from model database
and the actual vector of states probabilities pM(tQ)
where 1 is on the position of the state ié"f :

PM(tq)=(0,--1,...,0). (9)
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In the third step, the forecast is made:

— the forecast probability vector pM(t,) of parking
place availability in the arrival time T} is calculated
using equation:

pM(ta)=p"(tq) P(tg) P(tq +1)-.. P(t, ~1);
(10)

- the forecast state in the arrival time T, is calculated
as expected value of a discrete random variable:

E(i3)=pM (1,) (1,2 m) . (11)

In the fourth step, comparison of the forecasted situa-
tion with the data from model database is made:
— the forecasted probability vector pM(t,) is graphically
compared with vector p(t,) from model database;
— the forecasted state E(iﬁ/f ) is compared with the ex-
pected state according to the model database calcu-

lated as:
T

E(iy)=p(ty)(L2,..on) . (12)

All these results are displayed on PCS. Both compari-
sons are important to analyse and eventually detect some
possible non-standard situations occurring at the parking
lot. The more the initial situation differs from past obser-
vations the more likely the model forecast would be differ-
ent from the future situation. If the comparison of the data
in time T, shows a high match then the more relevant
prediction of the situation in time T, at the parking lot is
obtained in the fourth step.

3. Case study

The process of data survey and the overall description
of parking lot is specified in this section. Two examples
providing explanation of model usage for standard and
non-standard situation at the parking lot follow. The main
purpose of their presentation is to point out the usefulness
of the proposed model.

3.1. Results of traffic survey

The parking lot was selected according to following cri-
teria: parking lot at “full-assortment shop”, usually called
supermarket, with shopping time (opening hours) during
the whole day (from 7 a.m. to 8 p.m.); GBS of supermarket
1000...2000 m?; free access to the parking lot; intensities
should not be influenced by near specific large facility or
plant (e.g., large factory, university, etc.).

The aim of a carried-out traffic survey was to count
number of arriving and departing vehicles in/from a park-
ing lot (intensities), to find out the type of vehicles (pas-
senger cars, vans, trucks, etc.) and duration of parking
vehicles there.

The traffic survey was carried out to record data in
15 min interval and vehicles intensities (frequency of ar-
rivals and departures) were recorded and saved. The total
number of parking cars during the whole week was 9558,
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maximal values were find out on Thursday 1648 cars and
Friday 1649 cars, minimal value on Sunday 991 cars. The
structure of traffic flow (type of vehicles) was uniform,
i.e., passenger cars and occasionally vans (no trucks). Fig-
ure 2 shows the intensities of arriving and departing cars
into/from the parking lot during the hours of the days
of surveyed week. It can be point out that even this rela-
tively small parking lot proves high parking turnover (ap-
proximately 4 vehicles shared one parking place during
the peak hours).

Numbers of occupied parking places per hour every
day of the week are shown in the Figure 3. There are some
moments when parking lot was occupied with number of
cars above the maximal capacity of parking lot. It can be
explained that these cars were just exchanging the same
parking place, or were parked in non-parking places or
even in a space for pedestrians. In case of parking lot with
controlled access and counted arrivals and departures, it
would be possible to avoid overlapping of the maximal
parking capacity.

It is evident that the process of arriving and departing
and therefore the number of parking cars depends on the
week day and mainly on the hour of day and therefore it is
possible to conclude that this process is non-homogenous.
At the same time, the high values of the correlation co-
efficients (Table 3) show that the drivers’ behaviour and
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parking needs are equivalent mainly during working days
from Monday to Friday.

This parking lot is not usually fully occupied, but at
least 65 parking places are occupied in more than 25%
of time intervals, mainly at the peak hours. Even under
this parking turnover, the driver is face to his/her decision
where to park. The driver does not usually know before
his/her arrival whether unoccupied parking place can be
found there.

The data of the whole week traffic survey indicate that
74...78% of passenger cars spend more than 5 min and
less than half an hour on the parking lot. The passenger
cars that have been parked there for less than 5 min are
only 7...10% only. These cars very often just provide trans-
port for another person and immediately leave the parking
lot. Passenger cars that spend time from 30 min to 1 h are
14...20%. The specific number of passenger cars stay there
for long time but it might be expected that parking lot of
supermarket might be used for another purpose then just
to visit the supermarket. It is possible to summarize that
81...88% of passenger cars (without “short comers” up to
5 min) are on parking place less than 1 h. The examples
of parking time of cars are shown in Figure 4. These two
days were chosen to present an ordinary situation at park-
ing lot; weekend days are not so busy but costumers stay
at the parking lot similar time.
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Figure 3. Numbers of occupied parking places during days of week in time
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Table 3. Correlation of parking lot occupancy during days of the week

Monday Tuesday Wednesday Thursday Friday Saturday Sunday
Monday 1
Tuesday 0.793 1
Wednesday 0.889 0.816 1
Thursday 0.824 0.847 0.855 1
Friday 0.828 0.802 0.890 0.843 1
Saturday 0.720 0.400 0.613 0.585 0.633 1
Sunday 0.793 0.410 0.669 0.503 0.583 0.735 1
Note: low correlation is grey highlighted.

2.3h L.2h 2.3h
N o N\ et
Piem T 0.5 min P\ O

6.71%

30...45 min
14.53%

/— 5...15 min
28.25%

15..30 min ——
39.53%
Monday

984 cars

10.29%

30...45 min —~
9.88%

[ 5..15 min

33.78%

15...30 min
34.41%

Wednesday
962 cars

Figure 4. Parking time - example of two days (Monday, Wednesday)

The model proposal and its testing used all surveyed
data; even the data of cars that were in the parking lot for
less than 5 min. These cars enter the parking lot, they are
registered at the entrance and they are expected to spend
there “usual time” (i.e., more than 5 min) for parking. It is
difficult to recognise the intention of arriving drivers and
that is why it is necessary to involve them into the model.

It is possible to see that the parking lot is not usually
fully occupied, but at least 65 parking places are occupied
in more than 25% of time intervals, mainly at the peak
hours. Even under this parking turnover, the driver is face
to his/her decision where to park because the driver does
not usually know before his/her arrival whether unoccu-
pied parking place can be found there. Even in case there
are unoccupied places in parking lot majority of drivers
attempt to park in the closest distance from the super-
market entrance and they look for unoccupied places.
Notwithstanding the specific parking lot does not reach
85% occupancy and the driver will find unoccupied place
with a high probability, this parking survey can be used
for model proposal and presentation of model application.

3.2. Standard situation case

The driver plans to park his/her car at the chosen parking
lot and he/she wants to know if there is (or will be) an

available parking place. The driver sent the query by his/
her PCS at the query time T, = 9:57.

In the moment of the sending query, the PCS deter-
mines the expected arrival time T, = 10:21 that is depend-
ing on the car distance from the parking lot considers GPS
and traffic information. The IPS of parking lot registers the
actual (measured) state ig[ =6. The actual vector of states
probabilities pM(tQ) using Equation (9) is:

PM(tq)=(0:0:050501;0;0;0).
The vector of state probabilities from model databased is:

p(tq) = (05050;0.088;0.15;0.262;0.225;0.275; 0),

and the corresponding expected state is E(i) = 6.45 (Equ-
ation (8)).
The measured state ié” and expected state E(ig) in the
time T, are very similar; the difference is less than 10%.
The vector of state probabilities from model database
for the time of arrival T is:

p(£4)=(0505050.063;0.138;0.125;0.275;0.4; 0),

and corresponding expected state E(i,) = 6.813 (Equa-
tion (12)).

Based on the transition matrices P(f,), P(tg + 1), ...,
P(t, - 1) from model database; the vector of forecasted
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state probabilities is calculated (Equation (10)):
pM(t4)=(0050;0.018;0.11;0.216;0.309; 0.337; 0.011).

Finally, the predicted state is E(i}')=6.869 (Equa-
tion (11)).

The predicted state E(iﬁ’f ) is near to state 7, it means
16...25 places are non-occupied. The expected state E(i,)
in the arrival time T, is similar; the difference is again
less than 10%.

The Figure 5 shows comparisons of the vectors of states
probabilities from model database and from the forecast
by the suggested model. Even though the difference in
time T, may seem to be significant, at the expected ar-
rival time T on the parking lot, there is a great similarity
of forecasted states probability based on the current situ-
ation and the states probability from the model database.

The comparison of actual (measured) state and state
from the model database shows the usual situation. Ac-
cording to the forecasted states probabilities the driver can
suppose no more than 25 available parking places at time
of his/her arrival with probability at least 30% but prob-
ability of none available parking place is very low (about
1%). Therefore, the driver can expect to meet with free
parking places there.

3.3. Non-standard situation case

A driver plans to park his/her car at the chosen destina-
tion and he/her wants to know if there is (will be) an avail-
able parking place. The driver sent the query by his/her
PCS at the query time T, = 9:57.

a) .
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The expected arrival time is T, = 10:21 and actual
measured state is i} =3.

Results of the model forecast follow.

Vector of state probabilities in query time T, is:

p(tq ) =(0: 05 05 0.088; 0.15,0.263; 0.225; 0.275; 0),

and the expected state E(i) = 6.45.

The difference between E(i,) and ig[ =3 is significant
(more than 100 %).

The actual vector of states probabilities pM(tQ) is:

PM(tq)=(0:0:1;0500;0;050).
Vector of state probabilities in time T, is:
p(t4)=(0:05050.063;0.138; 0.125;0.275; 0.4; 0),

and the expected state is E(i) = 6.813.
Vector of forecast state probabilities in time T} is:

pM(£4)=(0.111;0.222;0.264; 0.236;0.167; 0; 0; 0; 0; 0),

and the forecast state is E(i%) =3.125.

The graphical comparison (Figure 6) of the initial data,
data obtained from the model database and the model
forecasts as well shows that the initial states probabilities
represents abnormally empty parking lot.

The predicted state of the parking lot occupancy at
the time of arrival T, assumes a maximum half-load of
parking lot. However, due to the probability of surveyed
states in the model database, it is necessary to assume that
ordinary state is a higher number of parking cars, approxi-
mately 70 cars, and therefore no more than 15 parking
places will be available.
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Figure 5. Graphical presentation of the received results for standard situation: a — situation at query time; b - forecast for arrival time
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Figure 6. Graphical presentation of the received results for non-standard situation: a - situation at query time; b — forecast for arrival time
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In everyday life, the greater or lesser exceptions oc-
cur sometimes, which are hard to describe by the model.
Therefore, information on the difference between the fore-
cast of the actual (measured) state and the expected state
based on the model database is important for the driver.
The system is not designed to decide instead of the driver;
it just supports the decision-making linked with parking.
In addition, by the model data updating, these exceptions
will be gradually incorporated into the database.

Conclusions

The paper presents the non-homogenous Markov chain
model for prediction of parking place availability that
could be included into IPS (or PGI system) to provide
information for incoming drivers in real-time. The pro-
posed usage of Markov chain for modelling of parking
place availability has many advantages and novelty.

The difference in presented approach can be seen in
the comparison with above-cited references. The suggest-
ed model is based on the initial assumption of the non-
homogeneity of the parking utilization process. The model
includes time shifts in occupation of parking places and
possibilities of continuous updating. The main advantage
of proposed model is that it provides information to driv-
ers describing not just the past monitoring situation but
also the actual situation on parking lot as well. The major-
ity of scientific works is focused on the finding of expected
results or simulations derived from the past as was proved
in introduction of this paper and they are not focused on
the prediction that is determined and based on the current
situation at the parking lot.

If this model would become a part of personal PCS
and IPS (or PGI system) of the chosen parking lot (car
park) then the model can be used to answer the question:
“How many available parking places will be in the car park
in the next (specified) time period and with what prob-
ability?”. The proposed model replies it with possibilities
to calculate probabilities of occupancy of parking lots of
individual states in future. The final selection of parking
lot supposes that these predicted results have to be com-
pared with state probabilities observed for the same time.
This solution gives also information about normality or
abnormality of the parking lot situation.

The proposed model and its methodology are possible
to use for any parking lots. The only condition of its use
is that the number of vehicles must be surveyed or simply
counted by parking facilities. Parking lot capacity must be
known and continuously compared with the instantane-
ous situation at the parking lot. While tickets can be used
as part of identifying the vehicle entering or leaving the
parking area, the proposed model could operate by gen-
erating an identifier internally for use by the system for
parking forecast, and without the need to issue an actual
ticket. This identifier could be generated by entry device
of the parking lot (e.g., cameras license plate recognition
or video-based vehicle counting or any other technical
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means) that would allow information to be recorded relat-
ing to the entry and exit of vehicles in/out the parking lot,
stored in the database, and used by the computing means
for forecasting. This is important for continuous updating
of model database. The use of ad hoc networks and the
internet of things can support the solving of some difficul-
ties linked with finding a free parking place; i.e., coopera-
tion of IPS (PGI system) with PCS (mobile-phones) and
GPS (navigation) used in passenger cars.

What might be taken as threat of the proposed model
is newly constructed objects in a vicinity of the supermar-
ket, e.g., factories, universities, sport facilities, etc. These
objects could cause different situations in short time at
the parking lot. However, it is necessary to say that after a
shorter time the model accepts this new situation due to
its updating system and this new situation becomes a part
of the model.

As a disadvantage of the proposed model can be con-
sidered the duration of intervals (15 min) that were ap-
plied in a discrete model. These intervals might be taken
as too long to record all arrivals and departures of vehi-
cles. In case of higher intensities (more arrivals and de-
partures in shorter time), this model could provide less
reliable results. However, it is not the topic for a parking
time spent by customers at this type and size parking lot
of supermarket. In this case, i.e., higher intensities, the
shorter interval can be applied or the usage of model with
continuous Markov chain would be more appropriate to
the situation. Nevertheless, such solution requires further
technical means and puts considerably greater demands
on data collection and a practical implementation of the
model. More detail system of states of parking process can
be possibly defined, and this choice depends on intensity
of utilization of parking lot and required complexity of
prediction.
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