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Abstract. The type of urban land use is a very important factor in urban
planning. Therefore, to quantitatively calculate the land use mixing degree,
this study applied information entropy to point of interest data to perform
the time-series analysis of the land use status. The visual comparison of the
cell divided according to the land use mixing degree obtained using the
proposed method with the current data provided by the map service portal
confirmed the significance of the proposed method.
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1. Introduction

The population decline is emphasizing the need for compact cities as a
new strategy in urban planning to ensure the current level of sustainability
and efficiency in land use. In large cities with such high density and com-
plex land use, various activities can be concentrated and active interactions
can occur. This degree of land use mix could influence transport mode
choice and shape commuting behaviors. As a variety of land uses for differ-
ent functions occur within close proximity, non-auto commuting is more
encouraged by the mixed land-use (Christian et al. 2011). The ability to pre-
cisely map urban land use types can significantly aid urban planning and
urban system understanding. To measure the urban function mixing degree,
scholars mainly calculate and analyze it from two aspects. The first is in
terms of data, and it involves the use of multiple heterogeneous sources to
identify and evaluate the construction of urban functional areas (Long et al.
2013, Wu et al., 2018, Kang et al., 2018, Gao et al. 2019). The second is in
terms of the research methods, and it involves the use of different meas-
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urement methods to measure the urban function mixing degree, and these
methods are mostly objective weighting methods, such as the entropy
method, spatial entropy, mean square deviation, or land use mixing index
method. These objective evaluation methods avoid the subjective judg-
ments of researchers (Xia et al. 2020).

Previous studies apply one-size units, which are set for the whole study
area, and are often inaccurate owing to spatial heterogeneity (Jing et al.
2022). The rapid evolution of cities has created new challenges in urban
planning and management. Accordingly, the accurate evaluation of the
mixed use of urban areas is critical, particularly at a fine scale (Cui et al.
2020). To achieve this, among various measurement methods for measur-
ing the land use mixing degree, this study applied the information entropy
(IE) method to analyze the mixing degree of each cell, and the cell was hier-
archically divided according to the land use mixing degree to enable its
analysis on a fine scale.

Next, the functional change of the city was examined by analyzing the
land use mixing degree in a fine-scale time series. In this process, it is nec-
essary to structure the time-series land use mixing degree generated in hi-
erarchical cells. Therefore, in this study, a data cube recently used in the
Earth observation (EO) domain was applied to refer to the time series mul-
ti-dimensional (n-D) array. The EO data, a prime source of big data, com-
prise large-scale and multi-source geospatial data that are acquired from
orbital sensors, in-situ measurements, and simulation models (Baumann et
al. 2018, Wagemann et al. 2018). An EO data cube can be defined as a time-
series multi-dimensional (space, time, and data type) stack of spatially
aligned analysis-ready pixels (Nativi et al. 2017). Most EO data cubes are
focused on images, and discussions have emerged recently on vector data
cubes or geo data cubes that can accommodate geospatial data (Gao et al.
2022, Open Geospatial Consortium 2022).

Therefore, in this study, we proposed a method for analyzing the change
in land use in a city by structuring the hierarchically-analyzed land use mix-
ing degree, that is, data cubes with different cell sizes in a time series (Fig-
ure 1).
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Figure 1. Workflow of this study.

2. Method

2.1. Hierarchical cells partitioning based on IE
2.1.1. IE calculation

IE is a physical concept, introduced by Shannon, to measure the disorder
of a system, and to measure the complexity and balance between systems
(Guo et al. 2015, Jia et al. 2016, Wei et al. 2018). In the process of analyzing
the land use mixing degree, the point of interest (POI) is one of the core
elements of the urban structure and form. Therefore, in this study, to calcu-
late the IE, we combined the basic principles of IE with the obtained Seoul
POI data. The specific measurement steps are as follows:

[Step 1] Identify the type of POI and count the total number of different
POI types. POIs are divided into 10 categories. The total number of POIs of
type kin a city is Ax (k = 1, 2, L. 10), and the total number of POIs in the city
. A4 = lecgl Ay
isA( ).

[Step 2] Calculate the IE in the city. This consists of two parts: measur-
ing the IE of each latitude/longitude cell and measuring the IE of each cell.
In this study, the dimension of the latitude/longitude cells was 1000 m x
1000 m, and there was no change in the total number of POI types in each
cell. Let be the total number of POIs of type k in cell m, where M is the total
number of cells in Seoul, ROK. Accordingly, the proportion of POI type k in
the cell can be calculated as expressed in Equation (1):
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Pyt = AR i, AR
(1)

Based on P&, the IE #" of grid cell m can be calculated as expressed in
Equation (2):

H™ = =2, P xIn(P™)
(2)
The complexity of the land use of the cell increases with an increase in the
IE.

2.1.2. Hierarchical cells partitioning

The design was based on the hypothesis that smaller cells can more accu-
rately represent the land use mixing degree. Therefore, an appropriate cell
size should consider the mix of several functional types. The core concep-
tion of the partitioning algorithm is iteration partitioning based on the land
use mixing degree measurements. According to a previous study on land
use and urban planning (Wang et al. 2018), the typical spatial unit that
matches most cities is 1000 m. Therefore, 1000 m was set as the initial cell
size value. The partition granularity of spatial cells is determined by num-
ber of iterations. After the iteration of the model three times, the granulari-
ty size was 125 m. As a small size may result in fragments, which lead to
lower identification accuracy, the number of iterations was set to 2. There-
fore, the size of the smallest unit was 250 m.

The main steps of the partitioning process are as follows:

[Step 1] The first iteration was performed to create primary cells as
Level 1. The study area was divided into primary cells with a dimension of
W x W m, and was combined with POI data. The function-mixed degree in
the primary cells was calculated using the IE. Here, W is the primary granu-
larity.

[Step 2] Another iteration process was performed to sub-divide the up-
per level. If the mixed degree of the units is greater than the threshold (Th1),
the primary units were divided into W/2n x W/2n m, where n is the num-
ber of iterations.

[Step 3] The new-level cells are aggregated by aggregating the un-
partitioned primary cells in the last level and newly partitioned cells in Step
2. Therefore, they were composed of the new level cells.

[Step 4] Determining the following loop to partition. This validates the
iteration criteria by calculating the mixed degree used to determine if the
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next loop should be performed. Iterating Steps 2 and 3 generates the new
level cells.

2.2. Generation of the vector data cube using the hierarchical cells

Here, raster data cubes refer to data cubes with raster (x and y, or longi-
tude and latitude) dimensions, and vector data cubes are n-D arrays that
have (at least) a single spatial dimension that can be mapped to a set of vec-
tor geometries. To save a hierarchical cell as a data cube, it cannot be made
into one data cube because of the difference in the size of the cell. There-
fore, in this study, a data cube was created for each cell size (1000, 500, and
250 m), and a feature array was added to classify the hierarchical cells into
levels. Therefore, we modeled the vector data cube with 4-D arrays consist-
ing of an X center, Y center of cell, Time, and Feature (Figure 2(a)). Fea-
tures include cell Id, IE value, level value, and cell size. In addition, to visu-
alize the land use mixing degree analyzed in time series in the hierarchical
cells, a vector data cube with cell geometry as an attribute was created (Fig-
ure 2(b)).

« Dimensions: [X_center, Y_centrer, Time, Feature]

X_center Ycenter + Coordinates
»X_center: [ X1, X2, ... ]
Time »Y_center: [ Y1, Y2, ... ]
»>Time: [ T1, T2, ...]
Feature » Feature: [ id, entropy, v_level, cell size]
datacube fixed grid level 1 (1000m datacube fixed grid level 2 (500m) datacube fixed grid level 3 (250m
/ 4 7

/ /

ex) (Time = “T1” & Feature = “entropy”) ex) (Time = “T1” & Feature = “entropy”) ex) (Time = “T1” & Feature = “entropy”)

(a)

datacube mixed grid

* Dimensions: [Geometry, Feature]

* Coordinates
> Geometry: [ Polygoni, Polygonz2, ... ]
» Feature: [ id, entropy, v_level ]

Geometry

Feature ex) (Feature = “entropy”)

(b)

Figure 2. Vector data cube model.
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3. Test and Results

3.1. Study area and dataset

The target area of this study was Seoul, the capital of the Republic of Korea
(ROK) with an urbanization area ratio of 61.39%
(https://data.seoul.go.kr/dataList/569/S/2/datasetView.do) (Figure 3).

Figure 3. Study area (Seoul, ROK).

The POI data (navigation DB) and the national grid (1000 m) of Seoul pro-
vided by the Address information website
(https://business.juso.go.kr/addrlink/main.do) were used (Table 1). The
navigation DB includes street name address, coordinate values (X, Y) where
the address is geocoded to the center of the building, and building (POI)
types. Based on this, the POIs to be used for the land use mixing were re-
classified into 10 categories (Table 2).

National grid (1000 m) POI (Navigation DB)

Date 2022.05 2021.07 2023.05

Number of features 701 608,325 597,599

Table 1. Data sets (Source).
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No. | Category Details of the POI types

1 Business Amusement facilities, livestock and fisheries facilities
2 Education Educational and welfare facilities

3 Health Hospital

4 Commercial Catering, large shopping plaza, shopping

5 House Residential region

6 Industrial Factories or warehouse facilities

7 Public Service Government, public library, senior citizen center

8 Religion Religion

9 Tourism & Culture | Accommodation, Scenic spot, Cultural, tourism and leisure
10 Transportation flargll':tslggrtation facilities

Table 2. Categories of POI data.

3.2. Results and verification

The IE of the POIs crossing each cell was calculated using the primary
grid (1000 m), and if the value is greater than Th1 (mean), the cells are di-
vided, and this process is repeated twice (that is, until the cell size is 250 m).
The distribution of the IE after the iteration process is repeated twice is
shown in Figure 4, which indicates that the distribution is similar. Accord-
ing to the mean IE values, the POI data for July 2021 were 0.384, 0.394,
and 0.390, and the POI data for May 2023 were similar to that of July

(0.382, 0.392, and 0.380).

2021.07

Number of cells

nformation Entropy

2023.05

Number of cells

nformation Entropy

Figure 4. Distribution of the mixed degree.

However, the generated vector data cube was visualized as an array com-
posed of geometry and features (Figure 2(b)), and time series analysis was
performed (Figure 5). An increase (red) and a decrease (yellow) in the hier-
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archical level were observed. With a change in time, a higher level of the
grid indicates an increase in the land use mixing degree of the cell, and a
lower level indicates a decrease in the land use mixing degree.
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Vector data cube model for the time-series land-use mixing degree.
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Therefore, a visual comparison was performed on the Kakao Map
(https://map.kakao.com/), where a map updated in June 2023 was ser-
viced for one of the regions corresponding to each case (Figure 6). Figure
6(a) shows an image of a cell with a higher level, which suggests that the
land use mixing degree is high, as a large-scale housing complex (HS) was
demolished for redevelopment (purple circle) and the POI type correspond-
ing to the dwelling decreased. Figure 6 (b) shows am image of a cell with a
lower level, and it suggests a decrease in the land use mixing degree, as an
industry (ID) disappeared in 2021 (purple circle). This visual evaluation of
some areas confirmed the significance of the proposed method.

Figure 6. Visible evaluation.

4. Conclusion

In this study, the time-series analysis of the land use mixing degree was
performed, and the primary grid (1000 m) was divided using the IE of the
POI for each cell to analyze the land use mixing degree. Furthermore, to
manage the large amount of land use mixing, it was structured as a data
cube discussed in EO. To this end, a vector data cube model that considers a
hierarchical cell was proposed. Thereafter, a visual evaluation was per-
formed after applying the proposed method to the POI data of Seoul, ROK,
in 2021 and 2023, and the visual evaluation confirmed the significance of
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the proposed method. Similar to previous studies, future studies should
analyze the land use mixing degree using multi-source data, and technolo-
gies for storing and managing vector data cubes should be developed.
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