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Abstract: Based on an available parking space occupancy ( APSO) survey conducted in Nanjing, China, an
APSO forecasting model is proposed. The APSO survey results indicate that the time series of APSO with

different time-sections are periodical and self-similar, and the fluctuation of the APSO increases with the

decrease in time-sections. Taking the short-time change behavior into account, an APSO forecasting model

combined wavelet analysis and a weighted Markov chain is presented. In this model, an original APSO time

series is first decomposed by wavelet analysis, and the results include low frequency signals representing the
basic trends of APSO and several high frequency signals representing disturbances of the APSO. Then different

Markov models are used to forecast the changes of low and high frequency signals, respectively. Finally,
integrating the predicted results induces the final forecasted APSO. A case study verifies the applicability of the
proposed model. The comparisons between measured and forecasted results show that the model is a competent

model and its accuracy relies on real-time update of the APSO database.
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Whether a parking lot has available parking spaces
or not is an important concern when drivers choose op-
timal parking lots'". Accurate forecasting of available
parking spaces of parking lots is the basic theory of the
parking guidance and information system ( PGIS),
which can help drivers choose optimal parking spaces
and prepare rational travel plans before trips.

Parking spaces included in PGIS are those spaces
which allow vehicles to park in public parking lots.
Fixed parking spaces hired by individuals are not in-
cluded in PGIS. In this paper, a new index in terms of
available parking space occupancy ( APSO) is put for-
ward to describe utilization of parking spaces in a park-
ing lot. Available parking space is defined as parking
spaces which are not occupied by vehicles or other
goods and can be used to park vehicles in an open
parking facility'” . APSO is the ratio of available park-
ing spaces to the total number of parking spaces.

The change characteristics of parking spaces in a
parking lot is influenced by many factors such as the
type and location of the parking lot, weather, traffic
flow and accidents around the parking lot. Multi-attrib-
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utes results in APSO change complexity and random-
ness. At present, the main forecasting method of park-
ing space is the BP neural network"™. But the BP
neural network has some disadvantages such as the
slow convergence speed and the difficult train of
weights.

This paper aims at developing a short-term fore-
casting model for APSO. Considering a good applica-
tion of a Markov chain and wavelet analysis in the
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forecasting of an unstable time series
bined with wavelet analysis and weighted Markov
chain forecasting model is proposed to forecast the AP-
SO. According to a parking facility’ s time records of
vehicle arrival and departure, the change characteristics
of the APSO are analyzed in this paper. Then, the
wavelet analysis-weighted Markov chain forecasting
model is put forward. Finally, a case study is presented

for verifying the applicability of the proposed model.
1 Short-Term Change Characteristics of APSO

1.1 Account method of APSO

Many parking lots have a charging management
system, and vehicle arrival and departure time from the
database of the system are available!”’. It is assumed
that A,(i =1, 2, ..., m) is the number of vehicles arri-
ving at a parking lot and L,(i =1,2, ..., m) is the num-
ber of vehicles leaving a parking lot in an interval i.
The available parking spaces at the end of an interval
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i(X;) can be represented as X; =X,_, — A, + L,. Sup-
pose that C represents the total parking spaces of a
parking lot and the APSO (R;) can be represented as
R, =X,/C. Then the time series of the APSO {R,, R,,
...,R,} can be obtained.
1.2 Analysis of short-term change characteristics
1) Periodicity and similarity
Taking Bainaohui underground parking lot in

Nanjing city as an example, the variation characteristics
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of the APSO are analyzed based on the statistical data
from 2005-12-12 to 2005-12-18 (see Fig. 1). During
this week, the APSO every day change tendencies are
approximate. However, due to different travel purpo-
ses, the change tendencies between workdays ( from
Monday to Friday) and weekends ( Saturday and Sun-
day) are different. Compared with workdays, weekend
travel purposes are mainly for entertainment.
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Fig.1 Weekly change curve graph of APSO
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2) Randomness

Fig.2 shows the change characteristic of the AP-
SO on 2005-12-12 with 5, 10, 15 and 30 min time inter-
vals in the Bainaohui underground parking lot. The re-
sults indicate that the APSO has very strong random-
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ness in different intervals, and the fluctuation of the
APSO increases with the decrease in time-sections. Es-
pecially, the change trends from 11: 00 a. m. to 5: 00

p. m. are the most frequent and random periods during

one day.
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Fig.2 Daily change curves of APSO. (a) 5 min interval; (b) 10 min interval; (¢) 15 min interval; (d) 30 min interval

2  Wavelet Analysis and Weighted Markov
Chain Forecasting Model
On the macro level, factors influencing the APSO

can be categorized into two kinds, that is, intrinsic fac-
tors which reflect essential rules such as types, addres-

ses and costs of parking lots and random factors which
reflect random rules such as traffic around parking lots
and weather. Wavelet analysis is used to separate dif-
ferent factors influencing the APSO in this paper. And
low frequency signals reflecting basic trends and sever-
al high frequency signals expressing disturbance are
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separated by selecting proper wavelet functions to de-
compose and reconstruct original APSO time series.
Low frequency signals separated by wavelet analysis
are not disturbed by random factors, so common fore-
casting methods can satisfy their forecasting precision.
The weighted Markov chain forecasting model, which
is competent for forecasting uncertainties or randomly
variable series, is employed to forecast the trend of
high frequency signals. The Markov chain forecasting
model can also be used to forecast low frequency sig-
nals. In this paper, Markov forecasting models based on
these reconstructed signals are built for low frequency
signals and high frequency signals, respectively. Final-
ly, the forecasting results obtained by the above Mark-
ov models are integrated to obtain the forecasted AP-
SO.
2.1 Forecasting procedure

First, a proper wavelet function is chosen to de-
compose the APSO time series. A low frequency coef-
ficient vector ¢, and high frequency coefficient vectors
d.d,, ..
quency signals and high frequency signals are recon-

., d, are obtained, respectively. Then low fre-

structed by an appointed wavelet function with time se-
ries C,, expressing basic trends and time series D,, D,,
..., Dy expressing disturbance. Based on the N + 1 re-
constructed time series, a weighted Markov chain fore-
casting model results in N + 1 results C’N, ﬁl, Dz, ey
D,,. Finally, adding the N +1 results Cy, D,, D,, ..., D,
yields the forecasted APSO.
2.2 Wavelet decomposition and reconstruction

The APSO time series are discrete time series and
the orthonoimal dyadic wavelet transformation which is
one kind of discrete wavelet transformation is suitable
for the decomposition and reconstruction of the APSO
time series. So the Mallat algorithm is chosen for
wavelet decomposition and reconstruction.

The Mallat algorithm'®' can be represented as

¢, =He,
{ n=0,1.2,....N
d,., =Gc,
where H is the low-pass order filter; G is the high-pass
order filter; N is the decomposing scale and c, is the
original time series. Low frequency coefficient vector
¢y and high frequency coefficient vectors d,, d,, ..., d,
can be obtained by the Mallat algorithm.
Time series decomposed by the Mallat algorithm
can be reconstructed by the following function:
C =H"C,,,+G"D n=N-1,N-2,...,0
where H* and G" represent the dual operators of H

n+l

and G, respectively. And the reconstructed time series
can be represented as C, =Cy + D, +D, + ... + D,.

2.3 Weighted Markov chain forecasting

1) State division

The essentials of the Markov process and the
Markov chain are the transformation of the system
state. State division is the foundation of Markov chain
forecasting. We usually confirm variation sections
based on sample means and sample variances. When
data is less, the system state should be less. And with
the increase in data amount, the system state can be in-
creased.

2) Calculation of transition probability matrix

Suppose that a time series is divided into n states
(i.e., E={E,, E,, ..
data, the transition probability of the Markov chain can

., E,}). According to historical

be estimated first. f; is the frequency of transition from
state E; to state E;, where E;, E; € E. And matrix F =
{file, EeE is designated as a transition frequency ma-

trix. Transition probability p; can be represented as

_J,
Py = o
i

3) Calculation of self-correlative coefficients

The self-correlative coefficient of rank k can be
represented as r, and it can be calculated by the follow-
ing function:

m—k

z (‘xt _X)('xt+k _X)

t=1

m—k m—k
Z('xt _x)2z(xr+k —X)2
t=1 t=1

where x, is the numerical value of time #; x is the sam-

ple mean and m is the time length. The self-correlative
coefficient w, can be normalized by

_nl
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where w, is also the weight of the Markov chain in dif-
ferent time sections.

4) Weighted Markov chain forecasting results

Based on the transition probability matrix, the
probability of state i can be forecasted as P\, i e E, k
=1, 2, ..., . Weighting sums of different probabilities
in the same state can be represented as P, =

1
Y wP"”,i € E.And the corresponding state / of the
k=1

maximum of {P,, i € E} is the forecasted state. Then
level characteristic values of the fuzzy set theory can
be used to confirm certain values.
2.4 Analysis of forecast error

In this paper, the mean relative error (MRE) is
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used as the index of error analysis and can be represen-

ted as
N Ag .
D | (i) —x(i) |
EMRE — = A);(l) x 100%

where £(i) is the forecasted value; x(i) is the actual
value and N is the number of test data.

3 Case Study

Bainaohui underground parking lot in Nanjing city
is used as an example to verify the applicability of the
proposed model. 270 data from 8: 00 a. m. on December
12 to 1: 00 p. m. on December 16 with 10 min intervals
are used as historical samples and data between 1: 00
p- m. and 6: 00 p. m. on December 16 are used as test
samples.

The 270 historical samples are decomposed and
reconstructed based on the wavelet toolbox of MAT-
LAB 7.0. Sym4 is chosen as the wavelet function and
four time series C;, D, D,, D, are shown in Fig. 3.
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Fig.3 Original time series and reconstructed time series

Set up the weighted Markov chain forecasting
model based on four reconstructed time series C;, D,,
D,, D, and obtain the four results C,, D, D,, D,. Final-
ly, the four results can be added to yield the forecasted
APSO (see Fig.4).

The comparison between measured and forecasted
results indicates that the proposed model is an efficient
way to forecast a short-term APSO. The mean relative
error of forecasted results is 13.9% . The results also
reveal that mean relative errors from 1: 00 p. m. to 4: 50
p.- m. increase with time elapsing, which implies that
the APSO database should be updated. Mean relative
errors from 5: 00 p. m. to 6: 00 p. m. are smaller be-
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Fig.4 Forecasted results of APSO. (a) Measured value vs.
forecasted value ; (b) Mean relative error
cause of the influence of random disturbance decrea-
sing during this period.

4 Conclusions

The significant contributions obtained from this
study are enumerated as follows:

1) The APSO survey results indicate that the time
series of APSO with different time-sections are periodi-
cal and self-similar, and the fluctuation of APSO in-
creases with the decrease in time-sections.

2) A model combined wavelet analysis and the
weighted Markov chain forecasting model is an effi-
cient way to forecast APSO. The accuracy of this mod-
el relies on real-time update of the APSO database.
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