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ABSTRACT 

Cities include districts with various features, and many studies have attempted to grasp the 
characteristics of cities by clustering districts with similar features. To date, the spatial clustering target 
has been a single urban space. However, districts with similar characteristics can be observed in 
different cities. We propose a feature extraction method that generates common feature functions using 
geographical data, such as population, industry type, use district, and similar districts in two cities. The 
usefulness of the proposed method was verified by applying the obtained feature function using Tokyo 
and Kyoto data to another city Osaka as verification data. 
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1. INTRODUCTION 

Cities comprise districts with various features, and many studies have attempted to roughly grasp the 
characteristics of cities by clustering districts with similar features. The most successful outcome is 
geodemographics, which visualizes district types based on resident characteristics. Geodemographics 
research has been developed actively, particularly in Europe and the United States (Harris et al., 2005), 
and commercialization is progressing. In such studies, general clustering methods, e.g., hierarchical 
clustering, k-means, and self-organizing maps, which considered robust against outliers (Openshaw, 
1994), are frequently applied to spatial data. However, when general clustering methods are applied to 
spatial data, it is impossible to control the complexity and grouping of regional shapes with 
homogeneous properties. As a motivation for clustering spatial data, especially when targeting 
relatively narrow spaces, such as the classification of office areas, it is desirable to summarize areas 
spatially where homogeneity is observed. 

Thus, methods to form clusters under the condition of continuity of space units have been proposed 
(Spence, 1968). However, as in the case of modern spatial data whose space unit is small and size is 
large, the clustering problem causes combinatorial explosion and thus desirable clustering results cannot 
be obtained. Methods to reduce computational costs while guaranteeing connectivity by limiting the 
graph class to the minimum spanning tree or by using heuristics have been proposed previously 
(Openshaw, 1977; Assuncao et al., 2006). Recently, a method to cluster road networks that employs the 
community detection method used in network analysis has been proposed (Law, 2017). Note that the 
target to which space clustering has been applied to date is assumed to be a single urban space. 

However, there are districts where similar characteristics are observed across multiple cities. For 
example, if a city is a medium size or larger, there may be a red-light district, a business district, and a 
district where high-class shopping facilities are gathered in the center of the city. Downtown and 
redevelopment districts are also typical urban components. In addition to districts that can be 
characterized relatively clearly in this manner, although it is difficult to explain in writing, there are 
districts where some similar atmospheres can be felt. Based on the experience of running a real estate 
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business in different cities, such as Tokyo and Kyoto, Kishimoto (2016) proposed a method to promote 
understanding of cities where people do not know well by comparing specific districts of Kyoto to 
districts considered similar in Tokyo. This method is analogous to urban understanding. However, this 
method requires that the person forming the correspondence relationship is familiar with both target 
cities; thus, applicable cities are limited because, generally, people tend to possess detailed information 
about only the city they reside in. Furthermore, although explaining the similarities and differences of 
such districts is inherently subjective, it is uncertain whether it alone can explain the similarity of the 
area with just too much. 

Therefore, in this study, we propose a method of feature extraction through the generation of common 
feature functions when geographical data, e.g., population, industry type, use district, and similar 
districts in two cities are available. The usefulness of the proposed method is verified applying the 
obtained feature function to another city. For verification data, we employ the data for Tokyo, Kyoto, 
and Osaka. Compared to the previously mentioned spatial clustering method for a single city, the 
proposed method is applied to multiple cities and differs from existing methods in that it can limit the 
class and range of a given region’s shape. In addition, it enumerates all combinations of shape of 
potential districts using zero-suppressed binary decision diagrams (ZDD; Minato, 1993), which is an 
efficient compressed data structure. Furthermore, in previous studies, it has been common to form 
clusters by assuming that the weights of feature quantities are equal. However, when we recognize a 
difference between a certain district of the city and other districts, we do not necessarily assume that 
the importance of all observable features is equal. General clustering methods treat the weights of all 
attributes as equal; however, in the proposed method, important attributes can be extracted via 
optimization of the weight of the attributes that characterize the districts for a given individual. 

The remainder of this paper organized is as follows. Section 2 describes the proposed method. Section 
3 describes the dataset used in this study. Section 4 discusses the verification of the proposed method, 
and Section 5 concludes the paper. 

2. PROPOSED METHOD

The proposed method comprises an algorithm to enumerate area shapes, a feature function and a 
corresponding calibration method, and an algorithm to extract the area that maximizes the given feature 
function. We describe the proposed method below. 

2.1 ZDD 

A binary decision diagram (BDD; Bryant, 1986) is a compressed graph representation of Boolean 
functions, and a ZDD is a variant of a BDD. Figure 1 shows examples of a decision tree, a BDD and a 
ZDD. The node at the top is referred to as the root, and each internal node has three fields, i.e., V, Lo, 
and Hi, where V holds the index of a variable. The Lo and Hi fields point to other nodes, which are 
referred to as Lo and Hi children, respectively. The arc to a Lo child is referred to as a Lo arc and is 
represented by a dashed arrow. Similarly, the arc to a Hi child is referred to as a Hi arc (represented by 
a solid arrow). When a family of sparse sets is represented as a BDD, it is likely that there will be many 
nodes whose Hi arcs point to F. Minato introduced the ZDD, which comprises a variety of BDDs 
specialized for such set families.  

Figure 1. A binary decision tree, a BDD and a ZDD expressing the same set 𝑎𝑐, 𝑏  
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2.2 SHAPE OF A DISTRICT AND AN ALGORITHM TO ENUMERATE THEM 

In this study, a polygon of a small area used as the unit of census data in Japan is considered the unit of 
a district. Here, a group of small connected areas comprise a coherent area; however, as shown in Fig. 
2(a), it is difficult to form a coherent shape by simply satisfying the connectivity condition. Therefore, 
as shown in Fig. 2(b), when generating the gravity point of each small area and connecting it to the 
gravity point of other small areas within a given radius from the former point with line segments, if the 
line segment intersects a small area, the area is included in the target district. 

(a) Connected district (b) Star-shaped district
Figure 2. Connected and star-shaped districts 

A district created in this manner can be categorized mathematically as an area family generally called 
the star-shaped domain. In modern urban spaces, the district spreads radially around the train station; 
however, a star-shaped district can express such a shape. Since basic shapes, such as linear shapes, 
rectangular shapes, and the L-shape, are also star-shaped districts, the star-shaped district can express 
various shapes. Incidentally, the shape of Isovist (Benedikt, 1979), that is a space syntax analysis 
method, also belongs to this area family. 

Here, A and B are the labels of the cities to be compared, 𝐶 A, B  is a set of these cities, 𝑅  is a set 
of small areas in city 𝑐 ∈ 𝐶, 𝐿  is a set of line segments with the gravity point of a small area 𝑟 ∈ 𝑅  
and the gravity point of each small area within radius 𝐷  of the former point as end points, and 𝐼𝑅 ⊂
𝑅  is a set of small areas where line segment 𝑙 ∈ 𝐿  intersects. In addition, since ZDDs are used in this 
enumeration algorithm, each node of a ZDD expresses whether or not each small area is included in the 
star-shaped district. Here, 𝑍 ~𝑍  represent the ZDD variables, 𝑍. Change 𝑖  is the class method of 
ZDD variable 𝑍 reversing the value of 𝑖-th node of 𝑍, 𝑍. Card  is the class method of 𝑍 that returns the 
size of the combinatorial set in 𝑍, ZID 𝑟  is the function that returns the ID of the corresponding node 
of ZDD for small area 𝑟, and CheckDepend 𝑟, 𝑙  is a function that returns the set of small areas where 
line segment 𝑙  intersects. If a small area with dependency is missing for some reason, such as a 
forbidden area, all small areas intersected by that line segment are considered invalid and an empty set 
is returned by CheckDepend 𝑟, 𝑙 .  

We enumerate star-shaped districts within radius 𝐷  of each gravity point and use those star-shaped 
districts for the feature functions described in Section 2.3 and extraction of distinctive districts described 
in Section 2.4. The enumeration algorithm is simplified according to this problem setting based on what 
Takizawa (2016) proposed. The EnumRegion 𝑐  algorithm to enumerate star-shaped districts in the 
city 𝑐 ∈ 𝐶 is given in Algorithm 1. This algorithm draws line segments from the gravity point of each 
small area to the gravity points of other small areas within radius 𝐷 . If the line segment intersects other 
small areas, the small area is stored in the ZDD. As a result, all linear-shaped district centered on each 
small area are enumerated (Algorithm 1, lines 3–10). Next, the district set are multiplied by the ZDD‘s 
Cartesian product operation to create a new district set, and this process is repeated until no combination 
of new districts can be generated (Algorithm 1, lines 11–16). This process is carried out in all small 
areas, and all star-shaped districts are enumerated. The main part of this algorithm is schematized and 
illustrated in Fig. 3. Here 𝑍  stores the linear-shaped districts enumerated by the in lines 3–10 of 
Algorithm 1. After copying 𝑍  to 𝑍 , the Cartesian product operation is repeated in lines 13–16 of 
Algorithm 1, various star-shaped districts not stored in 𝑍  are enumerated, and, finally, 𝑍  (Fig. 2, right) 
is obtained. 
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Algorithm 1: EnumRegion 𝑐  
1: 
2: 
3: 
4: 
5: 
6: 
7: 
8: 
9: 

10: 
11: 
12: 
13: 
14: 
15: 
16: 
17: 
18: 

𝑍 ← ∅   
for each 𝑟 ∈ 𝑅  
      𝑍 ← ∅  
      for each 𝑙 ∈ 𝐿  
           𝐷𝑅 ← CheckDepend 𝑟, 𝑙  
           if 𝐷𝑅 ∅  continue  

𝑍 ← ∅   
           for each 𝑟′ ∈ 𝐷𝑅 
                𝑍 ← 𝑍 . Change ZID 𝑟′  
           𝑍 ← 𝑍 ∪ 𝑍  
      𝑍 ← 𝑍  
      𝑛 ← 𝑍 . Card  
      while True 
           𝑍 ← 𝑍 𝑍  
           If 𝑛 𝑍 . Card  break 
           𝑛 ← 𝑍 . Card  
      𝑍 ← 𝑍 ∪ 𝑍  
return 𝑍  

 

 

Figure 3. Conceptual diagram of enumeration process for target small area 

2.3 FEATURE FUNCTION FOR A DISTRICT 

In the proposed method, the feature function is represented by a linear function comprising multivariate 
explanatory variables. Here, 𝑥 𝑥 , … , 𝑥  is a vector of explanatory variables that characterize 
each small area 𝑟 ∈ 𝑅 , 𝑛 |𝑥 | is the number of explanatory variables, 𝑁 1, … , 𝑛  is the set of 
indices of explanatory variables, 𝑤 is the weight vector of the feature function, 𝑤 ∈ 𝑤, 𝑖 ∈ 𝑁 is the 𝑖-
th weight of 𝑤, 𝐸𝑅 ℬ 𝑅  is the power set of the enumerated districts of city 𝑐 ∈ 𝐶, and 𝑡 ∈ 𝐸𝑅  
is the target district of 𝑐 considered as having a similar relationship with a given district of another city. 
If a district that shares part of a small area comprising the target area, there is a high probability that 
feature functions will similar regardless of how the weights are adjusted. Therefore, let 𝐸𝑅 ⊂ 𝐸𝑅  be 
a set obtained by subtracting target district 𝑡  and other star-shaped districts that include at least one 
small area contained in 𝑡  from 𝐸𝑅 . If there are districts with similar features in different cities, such 
districts are considered relatively similar in their positioning and functions within the city they are 
located. Therefore, the value of each explanatory variable of 𝑥  is normalized with the average 0 and 
standard deviation 1 in each city. Furthermore, 𝐸𝑅 𝑖 ⊂ 𝐸𝑅  is a combinatorial set of star-shaped 
districts that include all districts where the number of small areas constituting the district is 𝑖 or less. 

With the above preparation, the feature function of the area 𝑠 ∈ 𝐸𝑅  of city 𝑐 ∈ 𝐶 is given as follows: 

𝑓 𝑠
1

|𝑠|
𝑤 𝑥

∈

.
∈

 (1) 
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In this function, the weighted sum of the explanatory variables is divided by the number of small areas 
constituting the area. Therefore, as the number of small areas increases, the value of the function 
decreases and the features are averaged.  

Then, the weight of the feature function is optimized such that the value of the feature function of the 
target district is as large as possible compared to the value of the feature function of any other districts 
in the city within the lower and upper limits [−1, 1]. This problem can be formulated as the following 
mathematical programming problem. Here, the first term of the objective function indicates the 
difference between the values of the feature functions between the target districts and other districts, 
and the second term is an L1 regularization term to limit the number and size of the effective weights, 
where 𝜆 ∈ ℝ  is a hyper parameter. 

Maximize 𝑃 𝑤 𝑑 𝜆 |𝑤 |
∈

  
(2) 

subject to 𝑓 𝑡 𝑓 𝑠 𝑑 ∀𝑠 ∈ 𝐸𝑅  (3) 
 𝑓 𝑡 𝑓 𝑠 𝑑 ∀𝑠 ∈ 𝐸𝑅  (4) 
 𝑑 0  (5) 

 1 𝑓 𝑠 1 ∀s ∈ 𝑡 ∪ 𝑡 ∪ 𝐸𝑅 ∪ 𝐸𝑅 . (6) 
 
Since Equation (2) contains an absolute value, it cannot be solved as is; however, by introducing a 
vector of nonnegative real numbers ℎ , … , ℎ , this equation can be converted to the following easily 
solvable linear programming problem. 

Maximize 𝑃 𝑤 𝑑 𝜆 ℎ
∈

  
(7) 

subject to 𝑓 𝑡 𝑓 𝑠 𝑑 ∀𝑠 ∈ 𝐸𝑅  (8) 
 𝑓 𝑡 𝑓 𝑠 𝑑 ∀𝑠 ∈ 𝐸𝑅  (9) 
 𝑑 0  (10) 

 1 𝑓 𝑠 1 ∀s ∈ 𝑡 ∪ 𝑡 ∪ 𝐸𝑅 ∪ 𝐸𝑅  (11) 
 ℎ 0 ∀𝑖 ∈ 𝑁 (12) 
 ℎ 𝑤 ℎ  ∀𝑖 ∈ 𝑁. (13) 

 

2.4 ALGORITHM TO EXTRACT DISTRICT WITH VALUE OF LARGEST FEATURE FUNCTION 
FROM SET OF STAR-SHAPED DISTRICTS 

By applying the feature function with optimized weights to another city, we can attempt to extract 
similar districts in that city. Assuming an optimized feature function, it is natural that a similar district 
will be a star-shaped district with the greater value of the feature function in the city. Here, it is necessary 
to calculate and compare the values of the feature function in each district. As described in Section 4.1, 
the number of enumerated star-shaped districts is very large number (100 million units); therefore, it is 
difficult to adopt a naive method to find the value of the feature function of all enumerated star-shaped 
districts. However, we employ an algorithm that can efficiently obtain a solution that maximizes the 
sum of the weights for each node of a ZDD from the combinatorial set stored in the ZDD. This algorithm 
is based on the dynamic programming method without scanning all combinations. Let 𝑣
𝑣 , … , 𝑣 , … , 𝑣| |  be a vector of weights for each node of the ZDD. Since each small area corresponds 

to each node of a ZDD, the value of the feature function of a small area is the element 𝑣 ∈ 𝑣: 

𝑣 𝑤 𝑥
∈

. (14) 

 
Here, 𝑖  is the number of small areas of a district for which an optimal district is to be extracted, 
𝑍. PermitSym 𝑖  is the class method that returns all combinatorial sets with the number of elements 
equal to or less than 𝑖 in the ZDD variable 𝑍, and ChooseBest 𝑣  is the class method that returns the 
combination with the maximum sum of the values of the weight vector 𝑣 assigned to each node in 𝑍. 
The class method ChooseBest 𝑣  includes the algorithm to efficiently obtain the combination with the 
maximum weight sum described above. 
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The ExtractOptArea 𝑐, 𝑣, 𝑖  algorithm for extracting a star-shaped district whose small area size is 
𝑖  with the largest value of the feature function in the city 𝑐 ∈ 𝐶 is given in Algorithm 2. 

Algorithm 2: ExtractOptArea 𝑐, 𝑣, 𝑖  
1: 
2: 
3: 
4: 
5: 
6: 
7: 
8: 
9: 

10: 
11: 

𝑍 ← ∅   
for each 𝑖 ∈ 1, … , 𝑖  
      𝑍 ← 𝐸𝑅 . PermitSym 𝑖  
      if 𝑖 1  
           𝑍 ← 𝑍  
      else  
           𝑍 ← 𝑍 ∖ 𝑍  
      𝑍 ← 𝑍  
      if 𝑍 . Card 1 
           𝑍 ← 𝑍 ∪ 𝑍 . ChooseBest 𝑣  
return 𝑍  

 
As described above, since the value of the feature function of a district increases as the number of small 
areas comprising the district decreases from the definition of the feature function, Algorithm 2 is 
executed for each number of small areas, and a star-shaped district with the maximum value is obtained 
each time. Finally, the proposed method selects one or two districts for each subjectively similar pair of 
districts among enumerated districts. 

3. DATASETS 

We prepared the dataset required for verification as follows. 

3.1 SELECTION OF TARGET CITIES AND DATA PREPROCESSING 

In this study, similar districts in 23 wards of Tokyo and in the urban area of 11 wards of Kyoto City 
identified by Kishimoto (2016) were used to create the feature functions. We applied the feature 
function created for each similar district to Osaka City to extract similar districts in Osaka City. First, 
according to Algorithm 1, we enumerated star-shaped districts in each city. However, rare existing 
enclaves and small areas not adjacent to each other across the sea were problematic when creating star-
shaped districts. Those small areas were preprocessed, e.g., merged into a small area or by adding 
adjacency relationship virtually. Furthermore, since small areas in Kamigyo-ku, Nakagyo-ku, and 
Shimogyo-ku in Kyoto City are too small, as shown in Fig. 4(a), we merged such areas into the same 
use district to maintain the characteristics of the district (Fig. 4(b)). 

 

        

(a) Before merging            (b) After merging 
Figure 4. Merging small areas in the center of Kyoto city 
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3.2 SMALL AREA ATTRIBUTES 

The night population, number of business establishments, and the use district area are used as the 
attributes of a small area for the feature function. The data source and details about the attributes are 
listed in Table 1. The total number of attributes is 58. The value of these attributes is divided by the area 
of each small area and standardized within each city to generate the input data for a feature function. 

Table 1. Data source and attribute details 

Source  Attributes 

Population census (2015, small 
area unit) 

Population (Total), by age (Five-Year Groups), or by sex (18 
attributes):  
{Total, 0–4 years, 5–9, 10–14, 15–19, 20–24, 25–29, 30–34, 35–
39, 40–44, 45–49, 50–54, 55–59, 60–64, 65–69,70–, Men, 
Women} 

Economic census for business 
frame (2014, small area unit) 

Number of business establishments by industry (major 
classification) or by the number of employees (25 attributes): 
{All industries; Agriculture, Forestry and fisheries; Mining and 
quarrying of stone and gravel; Construction; Manufacturing; 
Electricity, gas, heat supply and water; Information and 
communications; Transport and postal services; Wholesale and 
retail trade; Finance and insurance; Real estate and goods rental 
and leasing; Scientific research, professional and technical 
services; Accommodations, eating and drinking services; Living-
related and personal services and amusement services; Education, 
learning support; Medical, health care and welfare; Compound 
services; Services, n.e.c.; Government, except elsewhere 
classified; Num. of establishments whose employees is 1–4; 5–9; 
10–19; 20–29; 30–; Num. of temporary transfer and detachment} 

Use district by National Land 
Numerical Information (2011) 

Area of each use district (15 attributes): 
{Category 1 exclusively low-rise residential zone; Category 2 
exclusively low-rise residential zone; Category 1 mid/high-rise 
oriented residential zone; Category 2 mid/high-rise oriented 
residential zone; Category 1 residential zone; Category 2 
residential zone; Quasi-residential zone; Neighborhood 
commercial zone; Commercial zone; Quasi-industrial zone; 
Industrial zone; Exclusively industrial zone; Residential type; 
Commercial type; Industrial type} 

 

3.3 SIMILAR DISTRICTS IN TOKYO AND KYOTO 

Each pair of districts in Tokyo and Kyoto (Table 2) identified by Kishimoto (2016) was used as a pair 
of similar districts to create the feature function, and their ranges were determined from the map 
illustrated in the book (Kishimoto, 2016) and etc. in small area units. Figure 5 illustrates the target cities, 
similar districts, and the procedure of the proposed method. 

4. RESULTS  

4.1 ENUMERATING STAR-SHAPED DISTRICTS 

Algorithm 1 was applied to the small areas data of each city (Section 3), and star-shaped districts were 
enumerated. To apply the algorithm, it was necessary to set the maximum Euclidean distance between 
two gravity points in each city. However, since this is an enumeration algorithm, the number of 
enumerated districts increases exponentially as this distance increases. We searched for the upper limit 
of the clear distance that can be enumerated using a general desktop PC and set 𝐷  as given in Table 3. 
The maximum distance between the gravity points of Kyoto was 390 m; however, here, it was set to 
300 meters as a clear numeric value. Note that the maximum distance between gravity points in Kyoto 
was much less than that of Tokyo because the planar dimension of Tokyo is much larger than that of 
Kyoto, while the number of small areas was less than that of Kyoto. Similar, the maximum distance in 
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Kyoto was quite short compared to that of Osaka because the number of small areas in Osaka was 
smaller by approximately 1500 and less than Kyoto. 

Table 2. Similar districts and their characteristics in Tokyo and Kyoto (based on Kishimoto (2016)) 

# District in Tokyo  District in Kyoto Characteristics 

1 Akabane Shijo-Omiya 
Homes and drinking establishments 
coexist 

2 Marunouchi Karasuma Brick buildings in a skyscraper town 
3 Nakano Demachiyanagi Small, chaotic shopping district 

4 Kouenji Mototanaka 
Cafe, old clothes, miscellaneous 
goods, and yakitori shop 

5 Asagaya Chayama 
Apartment complexes with rich 
greenery 

6 Ogikubo Ichijoji Quiet residential area and villa 

7 Mejiro Goshominami 
Households with high net worth and 
school district 

8 Ueno Okazaki Green spaces, nature, plaza, history 
9 Daikanyama (Aoyama) Kitayama Apparel stores and cafe 

10 Shinagawa Station Kyoto Station 
Calm atmosphere, and existence of the 
station of the Shinkansen 

11 Yoyogi Goshohigashi 
Nature-rich environment away from 
the city 

12 Kiyosumishirakawa Mifu 
Museum, cafe, and manufacturing 
town 

13 Kuramae 
Kawawamachi Shijo - 
Gojo 

New and old shops, many Non-citizen 
tourists in Europe and the United 
States 

14 Shoin Shrine Kitano Tenmangu 
God of learning, cafe, and baked 
goods stores 

15 Futagotamagawa Kitaoji 
Family oriented district, busy 
atmosphere in front of a train station 

16 Taninaka Nishijin 
Old houses, temples, sentos, 
machiyas, and tourists 

17 Nezu Shibano See #16 
18 Takeshita Street Shinkyogoku Street Shops for adults 
19 Shibuya - Ura Shibuya Kawaramachi - Karasuma Shops for teens 
 

4.2 OPTIMIZING WEIGHTS OF THE FEATURE FUNCTION 

For the 19 similar districts listed in Table 1, we solved the mathematical programming problem defined 
in Section 2.3 to obtain the weight of each feature function. Preliminary experiments were carried out, 
and the 𝜆 value used for the optimization was 0.05 for district #2 and 0.001 in other districts. The 
maximum value 𝑖 of the number of small areas in the area set 𝐸𝑅 𝑖  was set to 7. As described in 
Section 4.3, the value of the feature function of a district decreases as 𝑖 increases; therefore, even if 𝑖 is 
increased more than necessary, this does not affect optimization. The number of elements of 𝐸𝑅 7  
was approximately 1.3 million in both Tokyo and Kyoto. Here, Gurobi 7.5.2 was used to solve the linear 
programming problem.  

As a result of optimization, solutions were found only in similar districts #2, 13, 18, and 19, where the 
𝑑 values were 0.178, 0.075, 0.059, and 0.004, respectively, and the most distinctive feature function 
was obtained in similar districts #2. Overall, areas for which the optimal solution was obtained appear 
to have relatively simple common features. For example, Marunouchi is a well-known business 
district.Takeshita-Street, Shinkyogoku-Street, Shibuya, and Kawaramachi are also well-known districts. 
In the range of attributes used in this study, it appears that effective feature functions could be created 
for districts that can be expressed more concisely than other districts that might require more various 
attributes for explanation. 
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Figure 5. Summary of target cities, similar districts, and procedure of the proposed method 

Table 3. Conditions and results of enumerating star-shaped districts for each target city 

City Number of small areas 𝐷 : Maximum distance 
between gravity points (m) 

Number of enumerated star-
shaped districts 

Tokyo 3,068 1,000 4.21E+11 
Kyoto 3,493 300 1.32E+09 
Osaka 1,908 1,000 5.14E+07 

 

Table 4 lists the attributes whose weight is top or bottom three rankings among all the attributes for the 
feature function of each similar districts for which a solution was found. For example, for similar 
districts #2, the total number of business establishments and the commercial zone have positive weights, 
and the characteristics of this district include many offices and commercial stores, which is reflected in 
the feature function. 

4.3 EXTRACTING SIMILAR DISTRICTS IN OSAKA USING FEATURE FUNCTIONS 

We applied the created feature functions to Osaka and extracted each district with the maximum feature 
function value. As described previously, due to the definition of the feature function, the smaller the 
number of small areas comprising the district, the higher the feature function value tends to be. For 
example, Fig. 6 shows the maximum values of the feature functions of the star-shaped districts 
comprising 1 to 20 small areas when the feature function of similar districts #2 was applied to Osaka. 
Algorithm 2 finds the district where the maximum feature function value for each small area size using 
the weight maximization calculation over a ZDD. From each extracted district, we subjectively 

Tokyo Kyoto 

 

Osaka 

Step 1. Optimize weights of  
the feature function 

Step 2. Extract similar districts by feature 
functions optimized in Step 1. 

Similar districts # 

9



 Proceedings of the 12th Space Syntax Symposium 

determined the range considered to have cohesion as a district. As described in Section 4.4, depending 
on the location, we have adopted one or two districts as similar districts this time, but overall, regardless 
of the number of small areas, there is a tendency that similar or near places have the maximum value of 
the sum of weights.  

Table 4. Attributes whose weight is top or bottom three rankings for four similar districts. 

Similar 
districts # 

Uppermost or 
lowermost  

Attributes Value 

2 

Uppermost  
Num. of total establishments 0.177  
Use district is commercial zone 0.124  
Use district is Category 1 residential zone 0.101 

Lowermost 
Num. of populations of 70 years or over −0.061  
Num. of establishments whose employees is 4 or less −0.070  
Num. of establishments whose employees is 30 or over −0.174  

13 

Uppermost 
Num. of total establishments  0.213 
Num. of populations from 60 to 69 years old 0.138 
Num. of populations of 70 years old or over 0.132 

Lowermost 
Num. of populations from 5 to 9 years old -0.162 
Use district is residential type -0.211 
Use district is neighborhood commercial zone -0.278 

18 

Uppermost 
Use district is commercial zone 0.569 
Use district is neighborhood commercial zone 0.280 
Num. of populations of men 0.243 

Lowermost 

Num. of populations from 35 to 39 years old -0.115 
Use district is Category 1 exclusively low-rise 
residential zone 

-0.121 

Use district is commercial type -0.356 

19 

Uppermost 
Use district is commercial zone 0.626 
Use district is residential type 0.386 
Use district is neighborhood commercial zone 0.260 

Lowermost 
Num. of populations from 20 to 24 years old -0.025 
Num. of populations from 45 to 49 years old -0.037 
Use district is commercial type -0.257 

 

 
Figure 6. Maximum values of the feature function for districts comprising 1 to 20 small areas when the 
similar district #2 feature function was applied to Osaka 

Table 5 lists the similar districts extracted in Osaka, Fig. 7 maps each similar districts, and Figs. 8–11 
show street images of each similar districts. We summarize each district as follows. First, districts 
around Yodoyabashi and Temmabashi were extracted as similar districts #2, which include banks and 
government buildings. Similar districts #13 in Osaka were Ryuzoji, Uemachi and Tanimachi 4chome - 
Sakaisuji Honmachi. These districts include a mix of offices and condominiums. In similar districts #18, 
Namba was extracted. Namba is a downtown area representative of Osaka, where young people and 
tourists visit. There are also many entertainment and commercial facilities in this area. Finally, the 
district from Matsuyamachi to Tanimachi 6chome was extracted as similar districts #19. This district 
has multiple shopping streets and features a large number of bakeries.  
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Table 5. Similar districts extracted in Osaka 

# Tokyo Kyoto Osaka 

2 Marunouchi Karasuma 
Yodoyabashi - Kitahama, 
Temmabashi - Tanimachi 4chome  

13 Kuramae 
Kawaramachi Shijo - 
Kawaramachi Gojo  

Ryuzoji, Uemachi, Tanimachi 
4chome - Sakaisuji Honmachi 

18 Takeshita Street Shinkyogoku Street Namba - Nihonbashi  
19 Shibuya - Ura Shibuya Kawaramachi - Karasuma Matsuyamachi - Tanimachi 6chome 

 

 
Figure 7. Location and shape of each similar district in Osaka 

5. CONCLUSION 

In this paper, we have proposed a method to extract features of similar districts subjectively set in two 
cities using an enumeration algorithm and mathematical programming. We enumerated star-shaped 
districts within the computable range for Tokyo, Kyoto, and Osaka. We then optimized the feature 
function for 19 similar districts in Tokyo and Kyoto. For the four districts where solutions were obtained, 
feature extraction was performed using Osaka City data, and the characteristics and validity of the 
extracted districts were confirmed. 

The verification results are convincing, and we conclude that the proposed method can provide a new 
perspective not found in conventional spatial analysis methods. However, it was impossible to obtain 
the feature functions of all 19 similar districts using the attributes employs in this study. In future, it 
will be necessary to perform conduct verifications using additional attributes. 
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(a) Marunouchi              (b) Karasuma          (c) Yodoyabashi 
Figure 8. Street images of similar districts #2 in (a) Tokyo, (b) Kyoto, and (c) Osaka 

     
(a) Kuramae        (b) Kawaramachi Shijo      (c) Tanimachi 4chome 

Figure 9. Street images of similar districts #13 

     
(a) Takeshita Street        (b) Shinkyogoku Street              (c) Namba 

Figure 10. Street images of similar districts #18 

     
(a) Shibuya   (b) Kawaramachi - Karasuma       (c) Matsuyamachi 

Figure 11. Street images of similar districts #19 
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