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Grouping of Land Use Data based on Mapping
Clusters’ Techniques in The Case of Muang

Nakhonratchasima District, Thailand
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Abstract

Purpose of the study: The objective of this study is to group statistical significantly the land
using grouping technique for mapping cluster technique in Muang Nakhonratchasima District.
Methodology: The investigation focuses on the land use grouping using two techniques for
cluster mapping in ArcMap program: 1) Cluster and Outlier Analysis (Anselin Local Moran’s)

and 2) hot spot analysis (Getis-Ord-Gi)
Main Findings: The findings reveal that the cluster analysis is appropriate for grouping urban
and housing areas while the outlier analysis is good for agricultural and dwelling ground. Only
contiguity edges and corners with Euclidian distance are recommended for clustering since it
can group as many large areas as possible. Furthermore, hot spot analysis is suitable at various
confidence levels for examining urban and dwelling areas and agricultural lands. Inverse

distance (square)-based Euclidian and Manhattan distance is suggested for hot spot clustering
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at high confidence level because it can group as many areas as possible at the greatest
confidence level too.

Applications of this study: Findings of this study can be utilized for the spatio-temporal
analysis and land use planning of the city of Nakhornratchasima to enable the land use

operation more systematically and at the maximum benefit to the public.

Keyword: Land use, Spatial clustering analysis, Technique of cluster and outlier analysis,

Technique of hot spot analysis
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Introduction

From the report of land use in Thailand year 2017-2018 (Land Development Department,
2019), there are the first highest percent of an agricultural area (55.73%) and other land use
areas such as forest area (32.63%), followed by urban and built-up area (5.85%), water bodies
(2.92%) and miscellaneous area (2.86). Especially, forest area is still not meeting the goal set
in the 20-year national strategy (2018-2037) (Office of the National Economic and Social
Development Council, 2020) that has determined preserving and increasing green areas that
are environmentally friendly to cover at least 55% with creating and developing green spaces
for recreation and nature, restoring river and canal, participating and promoting community
forests and mapping and database of green areas. The study of land use and land cover helps
to develop land system science (Verburg et al. 2015) that constitutes the terrestrial
component of the Earth system and encompass all processes and activities related to the
human use of land, including socioeconomic, technological and organizational investments
and arrangements, as well as the benefits gained from land and the unintended social and
ecological outcomes of societal activities (Verburg et al., 2013). In addition, land is an essential
natural resource, both for the survival and prosperity of humanity, and for the maintenance
of all terrestrial ecosystems (Food and Agriculture Organization of the United Nations, 1992).
In the present time, Geospatial technology (GT) has been widely used in the study of land
resources. GT plays a key role in realizing the sustainable management of land resources
through their core potential, which includes mapping through the collection of thematic and
quantitative baseline resources data, measuring through more rigorous mapping process by
quantifying and documenting the historical in a geographic format, and monitoring through
regular assessment of the conditions by recording the changes in natural phenomena and
human-induced activities (Obi Reddy, 2018). There are various related papers that have done
research on the application of geospatial technology for studying land resources and planning
land use such as a landscape classification map and land use monitoring (Carlier et al., 2021)
and spatial cluster analysis of agricultural land conversion (Susilo, 2016) etc. Land use
clustering refers to land use patterns in which related activities are located close together,
usually within convenient walking distance (Victoria Transport Policy Institute, 2011). Land use
was analyzed by techniques of spatial clustering and distance measures that help planning
land use development (Smith, 2011). There are various related papers that show spatial

clustering analysis, e.g., using hot spot analysis and cluster and outlier analysis for defining the
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groupings of rural accommodation (Sanchez-Martin et al., 2019) using Moran’s | and hot spot
analysis for identifying clusters of clear-cuts and partial harvests (Oregon State University,
2016), etc.

This paper aims to propose grouping of land use data-based mapping clusters’
techniques in the case of Muang Nakhonratchasima (MN) district, Thailand. This study focuses
on land use clustering with two techniques of mapping clusters in ArcMap: (1) cluster and
outlier analysis (Anselin Local Moran’s ) and (2) hot spot analysis (Getis-Ord Gi¥). Such two
techniques were analyzed together with conceptualization of spatial relationships and
distance methods. Moreover, this study attempted to use the land use data of the Department
of Land Development (LDD) which is a national agency in Thailand to take and produce useful
spatial information in terms of use as a basis for planning and development of local land use
further, especially rehabilitation and increasing of green areas or forest land. These green areas
would be able to reduce stress on society due to the COVID-19 pandemic because the reports
of WHO (2016; 2017) have confirmed that living near the green or natural areas such as parks

or playgrounds can significantly reduce the incidence of mental health problems.

Literature review

Spatial cluster analysis played an important role in quantifying geographic variation
patterns that were commonly used in disease surveillance, spatial epidemiology, population
genetics, landscape ecology, crime analysis, and many other fields, but the underlying
principles were the same (Jacquez, 2008). However, these literature reviews were focused on
the related papers that used a Geographical Information System (GIS) and spatial statistics as
Table 1. Two specific mapping clusters’ techniques were used: outlier analysis (Anselin Local
Moran’sl) and hot spot analysis (Getis-Ord Gi*). These two-GIS techniques are selected because
there are technique of spatial relationships (inverse distance, inverse distance squared, fixed
distance band, zone of indifference, contiguity edges only and contiguity edges corners) and
two distance methods (Euclidean and Manhattan) as same in Arc Toolbox of ArcGIS program.

Importantly, such techniques and methods can give answers to the objectives of this work.
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Table 1 The related researches for this paper (Continued)

No. Titles Important details Authors (years)

1. | A quantitative framework | - This study aimed to show Local the utility of | Kowe et al.
for analyzing long term Indicators of Spatial Autocorrelation (LISA) | (2020)
spatial clustering and indices-based multi-temporal landsat data
vegetation fragmentation and in identifying key hot spot and cold spots
i an urban landscape for urban landscape. The obtained results
using multi-temporal were used for study urban vegetation
landsat data

patterns.

- Getis-Ord Gi* statistic in hot spot analysis was
for identifying key hot spot and cold spots for
urban landscape.

2. | Hot Spot Analysis versus - The purpose of this paper was to define the | Sanchez-Martin
Cluster and Outlier grouping of rural accommodation-based GIS | et al. (2019)
Analysis: An Enquiry into and spatial statistics in Extremadura, Spain,
the Grouping of Rural especially if these were conceptualized by
Accommodation in dint of their lodging capacity. The obtained
Extremadura (Spain) results were used for devising tourist policies

and strategic plans in order to improve the
management and efficiency of each business.

- Two specific techniques were used: hotspot
analysis and outlier analysis, which vyield
results that proved the existence of
homogeneous and heterogeneous groups of
accommodation businesses, based not only
on their spatial proximity but also on their
lodging capacity.

3. | Spatiotemporal change - This study aimed to spatial-temporal | Jantakat (2019)
for agricultural clustering analysis (2007-2015) of agricultural
distribution from local areas and types in 37 locally administrative
administrative to and province scales. The obtained results
provincial scales-based were used for planning connection between
spatial clustering analysis produced urban and provincial food-based

agriculture types.
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Table 1 The related researches for this paper (Continued)

No. Titles Important details Authors (years)

- Two mapping clusters techniques (cluster and
outlier analysis (Anselin Local Moran’sl) and
hot spot analysis (Getis-Ord Gi*)) were used
based on fixed distance band for analyzing
spatial relationships and Euclidean distance

for analyzing distance relationships

4. | Map analysis and spatio - The aim of this study was assessment of the | Susilo (2016)
statistic: assessment of spatial  variability —of agricultural  land
spatial variability of conversion at urban fringe area of Yogyakarta.

agriculture land The obtained results were used for planning

conversion at urban fringe agricultural land and its related factors.

area of Yogyakarta ) ) . N
- Using Getis-Ord Gi* statistic in hot spot
analysis was for identifying area of agricultural
land conversion in a village and its

surrounding.

5. | Cuts and Partial Harvests | - The aim of this study was grouping of clear- | Oregon State
using Moran’s | and Hot cuts and partial harvests using spatial | University
Spot Analysis. clustering analysis in 4 cities (Detroit, Sweet (2016).

home, McKenzie River and Middle Fork). The
obtained results were used for managing 4
land use types (non-forest land, matrix land,
adaptive management area, and
congressionally  withdrawn  and  late
successional reserve).

- Moran]s | and hos spot analysis in ArcGIS
were used for distribution of high and low
magnitude disturbances is interesting,
especially when overlaid on the land use

designations.
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Study area and method

Study area and land use

We have selected Muang Nakhonrtchasima (MN) district as the study area which is one
of 32 districts in Nakhon Ratchasima province of Thailand. For reasons, MN district is the center
point or link of districts in the economy, transportation, important government offices,
education, tourism, public health, etc. Thus, this study requires understanding land use data
that is spatially learnt by GIS-based spatial clustering analysis. In addition, MN is the location
of the city hall and various government agencies and is the center of prosperity of the
province. MN is in northern east of Thailand, named “Isan region.” Geographically, MN has an
area of 765.49 sqg.km. and locates from 14° - 17°N to 101° - 103°E as shown in Figure 1 and
land use data of year 2019 from LDD is shown in Table 2. Agricultural land covered by the
highest proportion (54.99%) while the other lands were urban and built-up land (3.60%),

miscellaneous land (8.30%), water body (2.06%), and forest land (1.05%) respectively.
102°(.J'0"E 102°1‘0'0"E

1500'0"N 1T 15°0IOIVN
[C] Agricultural land
I Forest land
[] Miscellaneous land
Il Urban and built-up land
Il Water body
14050|0"N | 14050|0I'N
0 2 4 8 12 16
-:-:F—Kib$meters
102°0'0"E 102°100"E
Figure 1 Study area and land use
Table 2 Land use year 2019 for MN district
No. LU types Area (sq.km.) Percent
1. Urban and built-up land (U) 257.21 33.60
2. Agricultural land (A) 420.93 54.99
3. Forest land (F) 8.05 1.05

JsasasauINGchaas Uit 39 atiufl 4 (manau - Surew 2564)
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Table 2 Land use year 2019 for MN district (Continued)

No. LU types Area (sg.km.) Percent
4. Miscellaneous land (M) 63.50 8.30
5. Water body (W) 15.80 2.06

Total 765.49 100.00

Materials and methods

This study included three steps (as Figure 2) and more details as follows:

Step 1: Land use data of MN district year 2019 which was in the form of shapefile and
was downloaded from web of LDD (http://dinonline.ldd.go.th/). This shapefile of land use was
checked by using Editor Toolbar in ArcMap. On the other word, polygons in land use layer
were checked errors before it was input in mapping clusters tool based on ArcMap or using in

step 2.

The Editor Toolbar

Step 1

v v
Stcp 2 Cluster and Outlier Analysis Hot Spot Analysis

Figure 2 Steps for grouping of land use data based on mapping clusters’ techniques in ArcMap
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Step 2: This study focuses on land use clustering with two techniques of mapping
clusters in ArcMap: (1) cluster and outlier analysis (Anselin Local Moran’s 1) and (2) hot spot
analysis (Getis-Ord Gi*) as follows:

1. Cluster and outlier analysis shows Local Moran's | index, z-score, p-value, and
cluster/outlier type (COType) that indicate the apparent similarity (a spatial clustering of either
high or low values) or dissimilarity (a spatial outlier) is more pronounced than one would
expect in a random distribution (ESRI, 2018). These outputs of cluster and outlier analysis have
benefits such as (1) the index of local Moran’s | is a useful tool for identifying and classifying
spatial clusters and outliers (Zhang et al.,, 2008); (2) the distributional characteristics of the
Morn’s | are more desirable and the indicator has greater general stability and flexibility (Zhang
and Lin, 2016; Mitra, 2019); (3) Morn’s | can qualitatively detect whether the spatial distribution
is dispersed, random, or clustered in the entire space with respect to their attribute values
(Zhang et al,, 2019).

2. Hot spot analysis identifies statistically significant spatial clusters of high
values (hot spots) and low values (cold spots) with a z-score, p-value, and confidence level
bin (Gi_Bin) for each feature (ESRI, 2018). The benefits of hotspots analysis include the
following factors (Barthel et al., 2015): the rapid assimilation and analysis of multiple evidence
threads leading to accessible outputs and a clearer understanding of the actions required to
eliminate, reduce or mitigate identified hotspots. For example, the hot spot analysis tool
assesses whether high or low values (the number of crimes, accident severity, or dollars spent
on sporting goods (ESRI, 2020).

In mapping clusters tool-based ArcMap, cluster and outlier analysis and hot
spot analysis were set to be used six techniques of spatial relationships (inverse distance,
inverse distance squared, fixed distance band, zone of indifference, contiguity edges only and
contiguity edges corners) and two distance methods (Euclidean and Manhattan). Each
technique of spatial relationship was analyzed together with such two distance methods. In
addition, this study used guidelines of ESRI (ESRI, 2018a; ESRI, 2018b) for studying mapping
clusters tool in ArcMap and using result interpretation and explanation in step 3.

Step 3: the results of spatial relationships and distance methods-based cluster and
outlier analysis, and hot spot analysis are reported by interpreting their outputs feature class

(such as shapefiles and attribute data) as follows:
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1. Cluster and outlier analysis was reported from a new output feature class
with the following attributes for each feature in the input feature class: Local Moran's |
index, z-score, p-value, and cluster/outlier type (COType).

2. Hot spot analysis was reported with a z-score, p-value, and confidence

level bin (Gi_Bin) for each feature in the input feature class.

Results and discussions

Area of MN district in year 2019 as reported by LDD-based Geographical Information
System (GIS) data shows the highest percentage of agricultural land (54.99%), the second-
highest of urban and built-up land (33.60%), and other areas (11.14%) e.g., forest land, water
body etc. This GIS-land use data was analyzed by conceptualization of spatial relationships
and distance methods-based cluster and outlier analysis and hot spot analysis in ArcMap.
There are results as follows:

Land use clustering-based cluster and outlier analysis

Land use of NM district was grouped by cluster and outlier analysis that can present
four clusters: High-High (HH as the light red), High-Low (HL as the dark red), Low-High (LH as
the dark blue) and Low-Low (LL as the light blue) as shown in Figure 3 and Table 3. The
statistically significant clusters correspond to the clusters and outliers with 95% confidence
level and p-value smaller than 0.05. This study set cluster as HH and LL and outlier as HL and
LH. We found that most groups of urban and built-up land that occupies 515.75 sg.km
(67.58%) represented statistically significant HH cluster of high values using contiguity edges
only and corners-based Euclidean distance. The distribution of HH clusters on city, town and
commercial area were interesting, especially when overlaid on the land use designations. As
shown in the study area (Figure 3) on the middle location (lightly red color), HH cluster was
associated with a section of adjacent private lands. For outlier, it was mostly represented by
statistically significant HL cluster (high values surrounded by low values) using fixed distance
band and zone of indifference-based Euclidean distance. This HL cluster showed high value
agricultural land occupied 177.23 sqg.km (23.22%) which was surrounded by low value of
village area. The distribution of the HL cluster on agricultural land and village area is interesting,
when overlaid on the land use designations. As shown in the study area (Figure 3) on the
northern location (red color), HL cluster was associated with a section of adjacent private

lands as same as HH cluster. In addition, urban and built-up land was not significantly srouped
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and covered, which was found to be varied from 419.71 sg.km (55.00%) to 704.16 sqg.km
(92.27%) in the study area.
When we required statistically significant clusters of high values or HH cluster, we

should select technique of spatial relations such as contiguity edges only-based Euclidean

distance and contiguity edges corners-based Euclidean distance.

(1) Inverse distance

High-High Cluster (9.70 sq.km., 1.27%)
M High-Low Outlier (48.85 sq.km., 6.34%)
M Low-High Outlier (3.07 sq.km., 0.40%)

Low-Low Cluster (8.82 sq.km., 1.16%)

High-High Cluster(7.99 sq.km., 1.05%)
M High-Low Outlier (54.25 sq.km., 7.11%)
M Low-High Outlier (3.01 sq.km., 0.39%)

Low-Low Cluster (8.84 sq.km., 1.16%)

(a) Euclidean distance (b) Manhattan distance
. (3) Fixed distance band %
;“"'" ; M&v 6 '&, Uv' :
& ¥ . 0 j
PTNNT | ¥
€ 3 ! 3
bR Ll
Not Significant  (650.97 sq.km., 85.30%) Not Significant  (703.70 sq.km., 92.21%)

High-High Cluster (13.90 sq.km., 1.82%)
M High-Low Outlier (88.64 sq.km., 11.61%)
M Low-High Outlier (2.82 sq.km., 0.37%)

Low-Low Cluster (6.84 sq.km., 0.90%)

High-High Cluster (13.54 sq.km., 1.77%)
I High-Low Outlier (36.22 sq.km., 4.75%)
I Low-High Outlier (2.79 sq.km., 0.37%)

Low-Low Cluster (6.91 sq.km., 0.91%)

(a) Euclidean distance (b) Manhattan distance

(5) Contiguity edges only-based
Euclidean distance

Not Significant  (418.22 sq.km., 54.80%)
High-High Cluster (258.39 sq.km., 33.86%)
M High-Low Outlier (0.00 sq.km., 0.00%)
M Low-High Outlier (86.40 sq.km., 11.32%)
Low-Low Cluster (0.15 sq.km., 0.02%)
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Not Significant  (668.74 sq.km., 87.63%)

High-High Cluster(10.79 sq.km., 1.41%)
M High-Low Outlier (66.73 sq.km., 8.74%)
M Low-High Outlier (4.09 sq.km., 0.54%)

Low-Low Cluster (12.80 sq.km., 1.68%)

(a) Euclidean distance
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Not Significant  (650.60 sq.km., 85.25%)

High-High Cluster (14.25 sq.km., 1.87%)
M High-Low Outlier (88.59 sq.km., 11.61%)
M Low-High Outlier (2.88 sq.km., 0.38%)

Low-Low Cluster (6.38 sq.km., 0.89%)

(a) Euclidean distance

(6) Contiguity edges corners-based
Euclidean distance

. (2) Inverse distance
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Not Significant  (645.80 sq.km., 84.62%)

High-High Cluster (25.32 sq.km., 3.32%)
W High-Low Outlier (75.06 sq.km., 9.84%)
M Low-High Outlier (4.17 sq.km., 0.55%)

Low-Low Cluster (12.81 sq.km., 1.68%)

(b) Manhattan distance
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Not Significant  (704.16 sq.km., 92.27%)

High-High Cluster(13.09 sq.km., 1.72%)
M High-Low Outlier (36.00 sq.km., 4.72%)
M Low-High Outlier (2.73 sq.km., 0.36%)

Low-Low Cluster (7.17 sq.km., 0.94%)

(b) Manhattan distance

Not Significant  (419.71 sq.km., 55.00%)
High-High Cluster(257.36 sq.km., 33.72%)
M High-Low Outlier (0.00 sq.km., 0.00%)
M Low-High Outlier (85.96 sq.km., 11.26%)
Low-Low Cluster (0.12 sq.km., 0.02%)

Figure 3 Results for analyzing spatial relationships and distance methods with cluster and outlier analysis
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Land use clustering-based hot spot analysis

Land use of the NM district was grouped by hot spot analysis that shows similar
patterns of significant clustering by year 2019. The output was found in the highest (i.e. hot
spot or HS) and the lowest (i.e. cold spot or CS) specific locations. These HS and CS clusters
corresponded to p-value smaller than 0.10 (90% confidence as the lightest red), 0.05 (95%
confidence as the middle red), and 0.01 (99% confidence as the darkest red), which are
considered statistically significant (Figure 4). We found that land use data of NM district can
be classed in the direction of HS cluster as CS cluster has not appeared. In HS classes, they
were separated by three clusters: HS-90% confidence, HS-95% confidence, and HS-99%
confidence as shown in Figure 4 and Table 4. The areas of land use 2019 in the NM district
were mostly seen at HS-99% confidence that covered and varied from 122.48 sg.km. (16.65%)
to 318.59 sg.km. (41.75%) using inverse distance-based Euclidean and Manhattan distance or
inverse distance square-based Euclidean and Manhattan distance. In this land use grouping at
99% confidence, it was an expected increase in clustering of urban and built-up land and
agricultural land on the study area. At the same time, the grouping of land use at HS 90%
confidence was the expected decrease in clustering of water bodies and forest areas on the
study area, covered, and varied from 0.77 sg.km (0.10%) to 24.92 sg.km (3.27%). In addition,
the most agricultural land in the study area, which varied from 352.47 sq. km (46.19%) to
634.50 sg. km (83.14%), was not significantly grouped, and covered,

Therefore, if we required various land use types, we should select technique of spatial
relations such as inverse distance, inverse distance squared, contiguity edges only-based

Euclidean distance and contiguity edges corners-based Euclidean distance.
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Figure 4 Results for analyzing spatial relationships and distance methods with hot spot analysis
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Conclusions

This paper proposed land use clustering of the MN district with a tool of mapping
clusters in ArcMap. Land use data in 2019 from LDD was used for cluster and outlier and hot
spot analysis. In cluster and outlier analysis, the output of cluster analysis indicates to study
urban and built-up land, especially city, town, and commercial areas while outlier analysis
indicates to study agriculture land and village area. This study suggests that, if we require
studying urban area on land use in the year 2019, we should select the technique of contiguity
edges only and corners with Euclidean distance because such two techniques have grouped
as many areas as highly possible.

For hot spot analysis, the output of the expected increase (at 99% confidence)
indicates clustering of urban and built-up land, and agricultural land while the expected
decrease (at 90% confidence) indicates clustering of a water body and forest land. This study
suggests that, if we require studying of urban and built-up land, and agricultural land at high
confidence on land use in the year 2019, we should select the technique of inverse distance-
based Euclidean and Manhattan distance or inverse distance square-based Euclidean and
Manhattan distance as such technique have grouped as many areas as highly possible and at
a significant confident level.

This land use clustering on land use data 2019 of MN district provides useful
information on the spatial distribution of land use characteristics and patterns (homogenous
and heterogeneous data) for planning land use or using analysis of spatio-temporal change.
This study presents more rational understanding of choosing various techniques of spatial
relation and distance methods. For example, the technique of contiguity edges only and
corners with Euclidean distance is mostly suitable for HH clusters because they have the
related concept of algorithm. Polygons are analyzed by contiguity edges only, and corners
that share an edge and corner (that have coincident boundaries). For Euclidean distance, the
shortest distance to a sourced polygon is determined, and if it is less than the specified
maximum distance, the value is assigned or classed to the same group or location on the

output vector.
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