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ABSTRACT
An interesting topic to researchers in image processing is using computer vision techniques to design 
an automatic parking space recognition system to serve as a guide for vehicles entering a parking lot. 
This current research project aims to reduce the time a driver needs to find a parking space in a busy 
area where empty parking spaces are in high demand.   In this paper, we employ information theory 
to deal with the problems of recognizing the status of a parking space (empty or occupied) from a 
parking lot image. Three different entropies are used to define the divergence measures between a 
parking space and a vacant parking space, so that the decision of whether a parking space has been 
occupied by a vehicle or not can be measured using the calculated information distance. The Matlab 
program is used to simulate the system for recognizing the status of parking spaces. Our research 
shows that the Tsallis divergence achieves the best performance in recognizing the parking spaces that 
are occupied by objects among the three entropies.

1 INTRODUCTION

1.1 Research Background
 Fast population growth and progressively 
active traffic have made it a problem to 
find empty parking spaces in modern cities. 
While vehicles bring us convenience for  
shopping and traveling, they become a 
burden when we don’t need to use them. 
Finding an empty parking space could be 
time consuming; especially, the time wasted 
in searching for a vacant parking space 
in the parking lot of  a busy area during 
rush hour could bring drivers headaches. 
Perhaps all drivers have the experience 
of  circulating in the parking area without 
finding an available parking space. This 
can lead to a traffic jam at the gate of  a 
parking lot. One of  the reasons for the low 
efficiency of  finding a parking space could 
be lack of  up-to-date information about 

the parking lot. This difficulty might be 
alleviated if  some information could be 
displayed on an LED screen at the gate of  
the parking area to give clues to incoming 
drivers. The existing (VPSD) systems serve 
this purpose by using parking lot entrance/ 
exit sensors[1]; however, the drivers still 
need to find the exact vacant space. Thus, 
researchers are interested in designing an 
automatic system to locate vacant parking 
spaces to help the drivers.
 There are two different approaches that 
researchers are interested in to design an 
efficient parking guide program. One is 
to attach a hardware sensor to a vehicle to 
communicate with the control center in the 
parking lot, accompanied by attaching a 
navigational system at the vehicle’s end[6].
The other method is what researchers are 
often more interested in, namely, to apply 
mathematical knowledge to find useful 
information contained in an image taken 
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from a surveillance camera overseeing the 
parking area[1-5]. This is preferable because 
sensors are not only expensive, but also 
inconvenient to be installed.
 In this paper, we use the mathematical 
knowledge to develop an algorithm for 
recognizing the vacant parking spaces 
by analyzing a parking lot image. We 
apply three information divergence 
measurements to identify vacant parking 
spaces—the mutual information, the 
Jensen Rényi divergence, and the Jensen 
Tsallis divergence. We have concluded 
that Jensen Tsallis divergence is the most 
efficient in recognizing the empty parking 
space.

1.2 Related Work
 In recent years, various image processing 
methods have been applied to identify  
parking space occupancy. In the previous 
studies, Hsu et al.[2] proposed using the 
ratio of  the total edge length of  an object 
inside a parking space and the perimeter of  
the parking space. The edges of  objects in 
a gray valued image are detected by using 
the Laplacian operator that uses the second 
derivative. The drawback with this method 
is that only boundary information is used, 
which could lead to misclassification. 
Later, Bong et al.[3] proposed to calculate 
the difference between the target parking 
area and the empty parking area using a 
color image to obtain a residue image, 
and the Sobel edge detection operator was 
used to detect any edges presented in the 
residue image in order to locate an object. 
The problem with this method is that it 
requires that the two images are obtained 
in the same identical condition and are 
completely registered. In 2008, T. Fabian[4] 
proposed a geometry model to detect an 
empty parking space. The two dimensional 
(2D) coordinates of  a parking space image 
are transformed into the three dimensional 
(3D) spatial coordinates so that a box-car 
can be used to simulate a car of  generic 

class to judge the status of  a parking space. 
This requires removing lens distortion 
and shadow. Meanwhile, Yamada et al.[5] 

identified the image segments according to 
gray value levels, and computed the ratio 
of  the densities of  a vacant parking space 
and an occupied parking space to analyze 
the distribution of  a segmented area in 
order to detect the presence of  a vehicle. 
N. True[1] began with human-labeling the 
parking space regions, then generating the 
color histograms by converting the color 
images from RGB to L*a*b* space. The 
k-nearest neighbor classifier was used to 
recognize the status of  the parking space.
 So far, there are drawbacks with each 
system. In some situations, it becomes 
very complicated to recognize an empty 
parking space, especially when taking into 
account the illumination condition and the 
angulated camera in the parking lot. Even 
a small object such as a water bottle could 
become an obstacle for an algorithm to 
recognize the empty parking space, not to 
mention the problems with shadows and 
object obtrusions. 

2 THEORETICAL FRAMEWORKS
 
     In this research, we adopt three different 
entropies, namely, Shannon entropy, Rényi 
entropy and Tsallis entropy to define 
distances between every parking space and 
a selected empty road to determine whether 
a specific parking space has been occupied 
or not. In this section, we will introduce the 
definition of  the three entropies and their 
corresponding definitions of  divergence.

2.1 Definition of  Entropy
 Entropy is the measure of  uncertainty 
in physical systems, or the average amount 
of  information that may be gained from 
observing the information source. Shannon 
entropy[7] is the fundamental entropy of  
the information theory, but it only shows 
the average amount of  information. 
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Later, the Rényi entropy[8], [9] and the 
Tasllis  entropy[10]  were introduced.  Both 
generalized the Shannon entropy by using 
a parameter to control the sensitivity 
of  the entropy in representing different 
probability distributions[7].

2.1.1 Shannon Entropy
Definition 1: For a discrete random variable  

  defined on the probability space    
 with probability distribution 

, , ,
where   is an index set, the Claude 
Shannon entropy [7], [17]  is defined as

  
(2.1.1-1)

with “  ” denoting the natural logarithm.

Definition 2:  For a continuous random 
variable   with a probability density 
function  , , the Claude 
Shannon entropy is defined as

(2.1.1-2)

2.1.2 Rényi Entropy
Definition 3: For a discrete random variable 

  defined on the probability space 
  with probability distribution 

 ,  ,  , and 
for  ,  , the Rényi entropy 
[8], [9], [17] is defined as

 (2.1.2-1)

Definition 4: For a continuous random 
variable   with a probability density 
function ,  , the Rényi entropy 
is defined as

(2.1.2-2)

where ,  .
We can see that, when  , the Rényi 
entropy degenerates to the Shannon 
entropy [11], [17].

2.1.3 Tsallis Entropy
Definition 5:  For a discrete random variable 

 defined on the probability space 
  with probability distribution 

, , , and 
for  ,  , the Tsallis entropy 
[10], [17] is defined as

 (2.1.3-1)

Definition 6:  For a continuous random 
variable  with a probability density 
function ,  , the Tsallis entropy 
is defined as

 (2.1.3-2)

where ,   .
  The advantage of  both the Tsallis 
entropy and the Rényi entropy is that the 
probability (or the probability density) is 
modulated by a factor  ; In addition, the 
Tsallis entropy can be more sensitive to the 
parameter   .

2.1.4 A Specific Example for Rényi 
Entropy and Tsallis Entropy
     Here we provide an example to illustrate 
the property of  Rényi entropy and Tsallis 
entropy using the Bernoulli distribution. 
The Bernoulli distribution describes 
the distribution of  a random variable 
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  with probability , and  
  . Fig. 

2.1.4-1 demonstrates the Rényi entropy 
for different  for Bernoulli 
distribution. As we can see, when  
the Rényi entropy is equal to the Shannon 
entropy. Fig. 2.1.4-2 shows the Tsallis 
entropy for different  for 
Bernoulli distributions. It can be seen from 
both figures that Tsallis entropy has the 
most significant variation for different 
. Rényi entropies almost reach the same 
values as the Tsallis entropy when the 
probability    = 0.5.
 

2.2 Divergence Measures
    

 In information theory, the divergence 
represents the difference between the 
probability distributions of  signals/images 
intensities. The larger the divergence is, 
the more diverse the distributions of  the 
signals/image intensities are. The general 
measurement is call Kullback-Leibler[12] 

(KL) divergence. The mutual information 
is a KL divergence that has been widely 
used as a measurement of  the information 
that one object contains about the other 
object. In the late 1980s, the Jensen Rényi 
divergence [13-14, 19] was introduced based 
on the Rényi  entropy to measure the 
difference between various probability 
distributions.  Hence the divergence among 
various distributions can be obtained 
using the Jensen  Rényi  divergence with 
different weights to reduce the influence on 
the divergence caused by the shapes of  the 
probability distributions.
     The Jensen Tsallis divergence [10], [15], [18] 
is defined using the Tsallis Entropy by the 
combination of  Jensen-information and the 
Tsallis entropy. It has the same attributes 
with the Jensen Rényi divergence.
 
2.2.1Kullback-Leibler Divergence
    Kullback-Leibler divergence is a distance 
between two probability density functions 

 and . It also can be written as  where 
 and  are probability density functions 

of  two random variables X and Y. The 
Kullback-Leibler [12] divergence is defined 
as

 (2.2.1)

2.2.2 Mutual Information
     The mutual information is shown in Fig. 
2.2.2, and can be defined as follows.
Definition 7:  For two discrete random 
variables X, Y defined on the probability 
space  with probability distribution 

,  , , and 
 represents the Shannon entropy, the 

mutual information [7]  between X and Y is 
defined as

(2.2.2-1)
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      It can be further expressed as

      
                                           (2.2.2-2)

2.2.3 Jensen  Rényi  Divergence
  The Jensen Rényi divergence is a 
generalization of  Jensen-information. It is 
used to measure the divergence between 
distributions. It invokes a weighted 
combination of  several distributions 
modulated by an  exponential parameter. 
Definition 8: For a set of  probability 
distributions  , Jensen Rényi 
(JR) divergence [13-14] is defined as

 
 (2.2.3-1)

Where   is Rényi entropy, and 
 is a weight vector 

such that     
and  .  When 

,  , the JR divergence 
measures the dependency between two 
resources, which can be viewed as a direct 
extension of  mutual information.

 (2.2.3-2)

where   is Rényi entropy.

2.2.4 Jensen Tsaills Divergence
 The Jensen Tsallis divergence [10], [15], 
[18] is another generalization of  Jensen-
information, and can be defined as
Definition 9:  For a set of  probability 
distributions  , Jensen Tsaills 
(JT) divergence [10], [15],  [18] is defined as 

    
(2.2.4-1)

where  is Tsallis entropy, and 
 is a weight vector 

such that   
and , . When 

,  , the JT divergence 
measures the dependency between two 
resources, which can also be viewed as a 
direct extension of  mutual information.

(2.2.4-2)

where  is Tsallis entropy.

2.3 The Properties of  Divergence
 We can obtain the basic properties of  JR 
divergence as following:

1. We have JR divergence 

   
because
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This has resulted from the Jensen inequity, 
namely

 
 (2.3-1)

where  ,   when the 
function   is a positive concave downward 
function, for example,          . 
The minimum value is reached if  and 
only if   . 

  can reach the minimum value 0 
when the random variables X and Y are 
independent.

2. The upper-bound of  the JR divergence 
[14] can be reached when the second term 
of  the JR divergence equals to 0, that is, 
when   is a degenerated distribution 
with . 

3. When     is uniformly weighted 

(i.e. ), the maximum value can 
be reached and we have the following 
inequality,
      JR divergence   
 The JT divergence has the minimum 
value zero when all the random variables 
are independent. If  all the probability 
distributions are degenerated, the 
maximum value of  the JT divergence will 
be reached, the JT divergence also can 
satisfy the following inequality [15]

   JT divergence .

3 VACANT PARKING SPACE 
DETECTION

3.1 Image Preprocessing
 In recent years, mutual information, JR 
divergence have been JT divergence are 
used in image processing to measure the 
difference between the distributions of  two 

different objects in classification and in 
image registration. For instance, He et al. 
[11] used JR divergence to register several 
images into the same orientation. 
     In order to use the divergence defined 
above to detect a vacant parking space, 
segments of  each parking lot are located 
first.  An empty road segment is a good 
choice to be used to compare with all other 
parking spaces.  This is not only because it 
has the same ground texture as an empty 
parking space, but also because the intensity 
distributions of  the two ground images can 
be viewed as independent.

3.1.1 Segmenting a Parking Lot
 Typically, a parking area is marked with 
lines to divide each parking space. Lines 
in white, yellow, or blue colors are used 
for different purposes. With a color image, 
different color pixels can be selected as land 
mark points to represent the information 
of  different parking lines and road. 
 The images of  different objects can be 
segmented by converting the RGB color 
information into the L*a*b* color space, 
shown in Fig. 3.1.1-1. The selected three 
primary colors are used to calculate the 
Euclidean distance between the landmark 
colors and all pixels in L*a*b* color space. 
Three color groups can be separated as in 
Fig. 3.1.1-2.  After the parking lines are 
identified, the coordinates of  four vertices 
of  every parking space are located, which 
can be used to locate the inside content 
of  each parking space. Then, in order to 
obtain an empty road information, edge 
detect technique is use to detect the ground 
texture in the parking area. Canny detector, 
a gradient based algorithm, is used in the 
edge detection.

Wen Tang
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3.2  The Distributions of  Parking 
Spaces
 An image is composed of  rows and 
columns of  pixels with vector values 
corresponding to the different colors, for 
instance, (250, 0, 0) corresponds to red 
color. Hence a three dimensional matrix 
can be obtained when a color image is 
input. The data contain red, green and blue 
values in all the three channels sequentially.  
In order to achieve the best recognition 
performance, we use all data from the three 
dimensional matrix for analysis. 
 In this section, we will describe the 
method used to generate the histogram to 
approximate the probability distribution 
of  a parking space. The histogram of  a 
segment of  road can be generated similarly.
 In applications, the probability 
distribution is typically approximated 
by the empirical probability. In terms of  
an image with intensities ranging from 
0~255, it is the relative frequency of  image 
intensities in various ranges called bins. 
The number of  bins is decided by the bin 
width  , and is defined as

 (3.2.1.2-1)

Here ceil  is a function that rounds up 
to the smallest integer that is greater 

than  . The length of  the bin width 
decides the approximate of  the probability 
distribution. In our case, we choose bin 
width   = 3, and 85 bins in total were used 
in generating our histogram.  Let  
,   represent the  th bin. 
The empirical probability is calculated as

 (3.2.1.2-2)

A histogram is a graphical representation to 
show the empirical probability distribution. 
Since our input is a color image, we 
collected all the RGB components in the 
data to generate the histogram in our 
processing. This processing allows us to 
use all the intensity information provided 
in a color image to generate a histogram 
that best approximates the probability 
distribution. In Fig. 3.2.1-2, a histogram for 
a parking space is shown.
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Figure 3.1.1-2

Figure 3.2.1.2
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3.3 The Divergence measure of  
Parking Spaces
 The divergence measure generated 
by Shannon entropy is referred to as the 
mutual information, while the divergence 
measures generated by Renyi entropy 
and Tsallis entropy are referred to as the 
Jensen-Renyi divergence and Jensen-
Tsallis divergence. In the following 
sections, we will introduce how to 
calculate the three different divergences.  

3.3.1 Mutual Information Calculation
 To calculate the mutual information, 
we employ the location dependent pixel 
values inside each bin. Since different 
locations of  pixels may have the same 
values which located in one image or in 
different images, we use the gray values of  
the pixels in image Y that are located at 
the same location of  image X to calculate 
the conditional probability, which is used 
to calculate the conditional entropy in the 
mutual information. 

 
Here,  is the target image, the unknown 
parking space.   is the baseline image, the 
empty road segment. Mutual information 
is non-negative. It reaches its minimum 
value 0, when the random variables , 

 are statistically independent.

3.3.2 Calculation  of  Jensen-
divergence 
 Since the JR divergence becomes the 
Renyi mutual information,   when 

  , . The 
Renyi mutual information is obtained when 
the Rényi entropy is used to replace the 
Shannon entropy in the mutual information 
formula. The same method is also used to 
calculate the conditional distribution for 
the Rényi mutual information. In the same 
way, Tsallis mutual information can be 
calculated.

3.3.3 Relationship  between Mutual 
Information and  Rényi  Divergence
 The continuous version  of  the JR 
divergence between random variables X 
and Y is Rényi mutual divergence that can 
be written as  

 
 The selection of    allows the 
divergence be enlarged or reduced.  It 
allows Rényi entropy and Tsallis entropy 
to provide measurements that are better to 
distinguish the similarity between random 
variables than the mutual information.  As 
a generalization of  Shannon entropy, the 
relationship between Rényi Divergence 
(RD) and the mutual information is shown 
in the following [19].

Theorem 1. Case 1: Given ,
 
Case 2: Given  ,
 
 
 In Fig. 3.3.3 are shown two examples 
that compare the mutual information 
with the JR divergence, at  and 

. The1024 possible positive values 
of  the random variables, are respectively 
generated by a random function. 
 It can be seen that, Rényi divergence at 

 takes the greatest value when 
comparing with the values of  mutual 
information and Rényi divergence at 

. Rényi divergence at   
is much less than the values of  mutual 
information. This is consistent with the 
theorem mentioned above. Moreover, the 
rate of  change for Rényi divergence at 

 is the greatest among the three 
cases.

Wen Tang
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3.4 Vacant Parking Space Identification
 In our algorithm, the divergence 
measures are used as the criteria to separate 
vacant spaces from occupied spaces.  We 
will focus on using the divergence to 
identify the vacant parking space.
 First, we need to use the empty 
parking area to find the optimal value 
of  the exponent parameter to reach the 
maximum divergence possible between the 
empty parking space and the parking space 
that has objects inside. The algorithm is 
used as follows for JR and JD separately

 (3.4-1)

 (3.4-2)

where   ,  are two random variables, 

  is the conditional distribution 
and the   is the marginal distribution.
The distance, which is utilized to calculate 
the similarity between the unknown 

parking space and the empty parking 
space, is defined as

 (3.4-3)

where     stands for one of  the three 
divergences that we have discussed.     
represents the divergence between the 
  th target parking space and the empty 

road, ;     represents the 
divergence between the   th original 
empty parking space and the empty road, 
and   . The parking space 
status is defined as a function

 (3.4-4)

where 0 indicates that the  unknown 
parking space is similar to the empty 
parking space, thus it is  an empty parking 
space; oppositely, 1 indicates it is an 
occupied parking space. Fig. 3.4 is a flow 
chart that illustrates our parking space 
identification algorithm.
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Calculation	  of	  divergences	  of	  training	  
data	  patterns	  using	  Equations	  2.3.2-‐1,	  

2.3.3-‐2,	  2.3.4-‐2	  

Distance	  Determination	  
Equation:	  3.4-‐3	  

Occupied	  

End	  

>	  0	   ≤	  0	  
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data	  to	  determine	  parking	  space	  status	  
using	  equations	  2.3.2-‐1,	  2.3.3-‐2,	  2.3.4-‐2	  

	  

The	  values	  obtained	  above	  are	  used	  to	  
calculate	  the	  value	  of	  Equations:	  3.4-‐1,	  

3.4-‐2	  

Vacant	  

Figure 3.3.3

Figure 3.4
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4. EXPERIMENTAL RESULTS

4.1 Training Data
 First, we select the   value in order to 
reach the maximum divergence. The initial 
value of  the factor   of  Renyi entropy 
and Tsallis entropy is set to 1.5.We use an 
empty parking area image as shown in Fig. 
4.1-1 as a training image to decide how 
large the divergence is to yield a maximum 
value of  the divergence between two empty 
parking spaces. We use this to decide the 
value of   . 

     When  , the values of  Jensen 
Rényi divergence and the Jensen Tsallis 
divergence  are  greater than the Shannon 
mutual information. The divergences grow 
when the value of    decreases. Thus we 
tried to decrease the value of
 . Then it was decreased to 0.5, which is 
good enough for us in this example.
     After the training image is preprocessed, 
one empty road segment and 50 parking 
spaces are located, which yield 51 
corresponding probability distributions 
(Fig. 4.1-2 and Fig. 4.1-3 above). Note 
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that some shapes of  the distributions are 
different from others because of  obstacles 
or vehicles in this parking space.

 The three divergences between each 
parking space and the empty road are 
shown in Tables 4.1-1, 4.1-2, and 4.1-3 
(see Appendix). From the tables, we can 
observe that No. 37 parking space has the 
maximum value among these divergences 
in each table. It corresponds to a black car 
in this parking lot. The training dataset 
allows us to set the threshold for Shannon 
mutual information as 0.4986; the 
thresholds for Rényi mutual information 
and Tsallis mutual information are chosen 
as 0.5181 and 7.4350 separately.
 
4.2 Testing Data
 After setting the parameter and 
the boundary values, we start testing 
our algorithm. The testing image is 
a busy parking lot with few empty 
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parking spaces as shown in Fig. 4.2-1.  46 
parking spaces recognized from the image. 
Note that the color marks (not shown) 
chosen at the beginning for segmentation 
decides the number of  parking spaces 
that can be recognized.  Among the 46 
recognized parking spaces, 5 empty parking 
spaces are detected according to Fig. 4.2-2. 
  The three divergences of  each pair of  
target parking space and the baseline 
parking space are calculated. All the 
values that are less than the threshold have 
been picked out and traced to locate the 
empty parking space. According to the 
Table 4.2-1 to 4.2-3, 35 parking spaces 
are picked out as unoccupied by Shannon 
mutual information. The Rényi mutual 
information picked out all parking spaces 
which used as testing data, whereas, the 
Tsallis mutual information detected all  the 

Figure 4.1-4

Figure 
4.2-1

Figure 4.2-2
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empty parking spaces.
    The experimental result has shown that 
the    of  the Tsallis divergence makes 
the solutions much more sensitive, and 
it maximized the divergence between 
two objects. The distance between the 
maximum and the minimum of  Tsallis 
divergence is 7.0614, whereas the distances 
of  Renyi divergence and Shannon 
divergence are respectively 0.7205 and 
0.7736.  

5. ADDITIONAL IMPROVEMENTS
 
 One drawback with using information 
theory as a measurement is that it is an 
average measure of  the difference of  
histograms and thus the location feature of  
an image is lost. Hence, we have improved 
our approach of  finding the divergence by 
using subdivision information of  a parking 
space. To compensate, we further divide 
every parking space into four sub-segments 
to partially keep the location information. 
Each sub-segment of  the target image is 
compared with the corresponding sub-
segment of  the basic image. The measuring 
divergence of  the two images will be the 
sum of  all the divergences.
 This method is applied to finding the 
mutual information, Rényi divergence, and 
Tsallis.  After using the training images, 

Figure 4.2-3

we set the thresholds for all the three 
divergences. The threshold for Shannon 
divergence is 0.8816, the threshold for 
Rényi divergence is 1.9686 and the 
threshold for Tsallis divergence is 22.2576.  
And the factor   is still set as 0.5. After 
running our improved algorithm on the 
testing image, it resulted in 46 parking 
spaces being recognized. Comparing the 
Fig. 5-1 and Fig. 4.2-3, we can see that 
the distances of  Rényi divergence and 
Shannon divergence are significantly 
larger than those calculated in section 4. 
This is also true for the Tsallis divergence’s 
distance.
 The results from the different 
divergences  have shown that the correct 
recognition rate using Shannon divergence 
has  increased from 0 to 5; and 5 empty 
parking spaces have been recognized  using  
Rényi divergence.

6. CONCLUSIONS

     In this paper, we use three entropies 
(Shannon entropy, Rényi entropy and 
Tsallis entropy) to propose divergence 
measurements (the mutual information, the 
Jensen Rényi divergence, and the Jensen 
Tsallis divergence) of  the similarity between 
two parking space images. Our experiment 
has shown the strongest performance from 

Figure 5-1
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the Tsallis mutual information because 
its corresponding divergence value is 
greatly enlarged by  . This has made it a 
better measurement for us to find all the 
occupied parking spaces. Furthermore, 
we have improved our algorithm by 
subdividing the image into four segments. 
The performance of  the newly calculated 
divergence increases quickly.  However, 
in some cases, the parking lot image may 
contain reflections and shadows that may 

become an obstacle for our program. This 
situation requires further improvement on 
our algorithm.
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APPENDICES
Table 4.2-1 The divergence of  Shannon entropy

#parking 
space 1 2 3 4 5 6 7 

divergence 0.347874 0.251503 0.316284 0.461949 0.343199 0.315139 0.535673 
#parking 

space 8 9 10 11 12 13 14 

divergence 0.28143 0.322291 0.294821 0.31769 0.399929 0.458053 0.318854 
#parking 

space 15 16 17 18 19 20 21 

divergence 0.323045 0.422517 0.271473 0.384753 0.229623 0.437467 0.355821 
#parking 

space 22 23 24 25 26 27 28 

divergence 0.340604 0.440965 0.535468 0.412095 0.19524 0.380389 0.200766 
#parking 

space 29 30 31 32 33 34 35 

divergence 0.82613 0.433114 0.301715 0.52801 0.40344 0.41121 0.348058 
#parking 

space 36 37 38 39 40 41 42 

divergence 0.268101 0.105653 0.52909 0.661214 0.326712 0.356598 0.285223 
#parking 

space 43 44 45 46 	   	   	   

divergence 0.369767 0.35847 0.291444 0.462186 	   	   	   
 

 

#parking 
space 1 2 3 4 5 6 7 

divergence 0.372935 0.216664 0.273873 0.537049 0.236931 0.340313 0.621766 
#parking 

space 8 9 10 11 12 13 14 

divergence 0.288281 0.243968 0.286818 0.295122 0.511336 0.531101 0.372994 
#parking 

space 15 16 17 18 19 20 21 

divergence 0.302888 0.537003 0.234666 0.368598 0.159561 0.458854 0.334106 
#parking 

space 22 23 24 25 26 27 28 

divergence 0.370038 0.422344 0.654068 0.339847 0.117539 0.146318 0.136475 
#parking 

space 29 30 31 32 33 34 35 
divergence 0.784599 0.418615 0.3304 0.591 0.420446 0.363836 0.333336 
#parking 

space 36 37 38 39 40 41 42 
divergence 0.217795 0.010995 0.531843 0.740243 0.361456 0.372278 0.297083 
#parking 

space 43 44 45 46 	   	   	   
divergence 0.448098 0.30882 0.272758 0.577565 	   	   	   

Wen Tang

Table 4.2-2 The divergence of  Rényi entropy
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#parking 
space 1 2 3 4 5 6 7 

divergence 9.034772 11.1553 10.41411 8.551096 10.03644 9.27179 11.22963 
#parking 

space 8 9 10 11 12 13 14 

divergence 10.01091 9.858536 10.89559 10.82829 11.47841 9.005687 9.35281 
#parking 

space 15 16 17 18 19 20 21 

divergence 10.50362 11.47643 9.315569 9.724637 5.253798 10.555 8.82775 
#parking 

space 22 23 24 25 26 27 28 

divergence 9.179457 10.93583 11.51547 9.302237 4.830277 8.877255 5.5014 
#parking 

space 29 30 31 32 33 34 35 

divergence 10.27239 10.71572 9.562595 9.083675 11.89165 10.5911 10.13505 
#parking 

space 36 37 38 39 40 41 42 

divergence 9.172558 5.17314 5.626743 10.7496 11.13924 8.820618 11.35417 
#parking 

space 43 44 45 46 	   	   	   

divergence 9.422013 10.27837 10.2971 11.7473 	   	   	   
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#parking 
space 1 2 3 4 5 6 7 

divergence 0.91576 1.192372 1.1221 0.924319 1.032858 0.951386 1.18617 
#parking 

space 8 9 10 11 12 13 14 

divergence 1.114778 1.051704 1.137428 1.134932 1.171083 0.979769 1.054513 
#parking 

space 15 16 17 18 19 20 21 

divergence 1.214837 1.164392 0.965785 0.99565 0.786953 1.250556 1.398564 
#parking 

space 22 23 24 25 26 27 28 

divergence 1.100942 1.559699 1.35483 1.396264 0.535566 1.46431 0.619809 
#parking 

space 29 30 31 32 33 34 35 

divergence 1.446997 1.491033 1.265705 1.153989 1.523887 1.372157 1.123679 
#parking 

space 36 37 38 39 40 41 42 

divergence 1.039541 0.551094 0.613029 1.288756 1.30258 1.029046 1.219894 
#parking 

space 43 44 45 46 	   	   	   

divergence 1.065291 1.227243 1.222607 1.1806 	   	   	   
 

Table 4.2-3 The divergence of  Tsallis entropy

Table 5-1 The total divergence of  Shannon entropy 



133

Table 5-2 The total divergence of  Rényi entropy 

Table 5-3 The total divergence of  Tsallis entropy

#parking 
space 1 2 3 4 5 6 7 

divergence 1.597474 2.250541 2.021553 1.68303 1.973021 1.670978 2.201416 
#parking 

space 8 9 10 11 12 13 14 

divergence 2.175734 1.983948 2.262069 2.014416 2.181525 1.757251 1.857065 
#parking 

space 15 16 17 18 19 20 21 

divergence 2.388789 2.117833 1.83034 1.845346 1.555763 2.262002 2.694375 
#parking 

space 22 23 24 25 26 27 28 

divergence 1.922755 2.832767 2.429393 2.76392 1.149685 3.034684 1.260015 
#parking 

space 29 30 31 32 33 34 35 

divergence 2.634347 2.912228 2.306296 2.00678 2.67773 2.770588 2.068426 
#parking 

space 36 37 38 39 40 41 42 

divergence 1.90799 1.149253 1.165909 2.374849 2.576603 1.912614 2.261533 
#parking 

space 43 44 45 46 	   	   	   

divergence 1.857347 2.531784 2.403596 2.15765 	   	   	   
 

Wen Tang

#parking 
space 1 2 3 4 5 6 7 

divergence 22.96011 30.60359 26.48308 24.29472 24.08571 26.47389 28.86154 
#parking 

space 8 9 10 11 12 13 14 

divergence 29.1549 26.3073 27.44703 28.50106 30.62081 24.84788 27.28879 
#parking 

space 15 16 17 18 19 20 21 

divergence 26.77437 30.53064 24.51922 27.94016 14.14521 30.89089 25.63338 
#parking 

space 22 23 24 25 26 27 28 

divergence 26.95503 28.78732 29.84083 26.10849 14.26468 25.77576 15.07159 
#parking 

space 29 30 31 32 33 34 35 

divergence 25.25013 30.26439 28.49565 25.32877 31.1435 27.08649 27.47822 
#parking 

space 36 37 38 39 40 41 42 

divergence 26.27185 14.59278 15.90754 31.37005 31.61003 26.45974 30.24413 
#parking 

space 43 44 45 46 	   	   	   

divergence 27.52218 29.41514 29.65454 29.70782 	   	   	   
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