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Abstract

In this study, we explore the use of echelon analysis and its software named

EcheScan for spatial lattice data. EcheScan is developed as a web application

via an internet browser in R language and Shiny server for echelon analysis.

The technique of echelon is proposed to analyze the topological structure for

spatial lattice data. The echelon tree provides a dendrogram representation.

Regional features, such as hierarchical spatial data structure and hotspots clus-

ters, are shown in an echelon dendrogram. In addition, we introduce the con-

ception of echelon with the values and neighbors for lattice data. We also

explain the use of EcheScan for one- and two-dimensional regular lattice data.

Furthermore, coronavirus disease 2019 death data corresponding to 50 US

states are illustrated using EcheScan as an example of geospatial lattice data.
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1 | INTRODUCTION

It is essential to visualize data and analyze uncertainties and variations in data objectively and scientifically for various
information obtained in each field. Recently, such data are often obtained as spatial data with spatial position informa-
tion, and it is challenging to use specialized knowledge to build a model since the model must accurately represent the
mechanism inherent in the data and possess its theoretical properties (Cressie, 1993, Chap. 1; Cressie & Chan, 1989).
The spatial statistical analysis assumes the relevance of the position or spatial arrangement of an object to be analyzed
and is interested in the independence of the observed values.

Lattice data are observations from random processes observed over a collection of spatial regions. The main task for
lattice data is to build a spatial model based on spatial autocorrelation, spatial regression, and so on. Before modeling
the spatial components of grid data, it is crucial to investigate the spatial structure of the region of interest. There are
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several approaches to detect the spatial clusters and topological hierarchal structure for lattice data. For example, spa-
tial scan statistics (Kulldorff, 1997) based on likelihood ratio (LR) are typically used to detect spatial clusters (hotspots).
Some approaches have been proposed to detect hotspots with higher LR (Ishioka et al., 2019; Kurihara, 2003; Myers
et al., 2006; Patil & Taillie, 2004; Tango & Takahashi, 2005, 2012).

Echelon analysis method was proposed as a technique for finding the topological structure of two-dimensional
spatial data (Myers et al., 1997). In synoptic regional monitoring of a surface variable, echelons provide an objective
approach to prospecting for areas of potential concern. Numerous studies have been conducted on the basis of eche-
lon analysis. Myers et al. (1999) and Kurihara et al. (2000) conducted studies on image and remote sensing data.
Kurihara (2004) proposed procedures to divide lattice data in view of the classification of echelons. To perform eche-
lon analysis, Kurihara et al. (2020) developed algorithms and EcheScan software for echelon analysis and its applica-
tions. Kajinishi et al. (2019) explained the usage of EcheScan software. Hotspot studies of spatial data using spatial
scan statistics and echelon analysis employ the following kinds of data: multivariate spatial data (Kurihara
et al., 2006), three-dimensional spatiotemporal data (Ishioka et al., 2007; Ishioka & Kurihara, 2012), DNA data
(Tomita et al., 2008), suicide data (Tomita et al., 2015), and radiation monitoring post data (Ishioka &
Kurihara, 2021).

In this study, we present a procedure to obtain the elements for the echelon of peaks and foundations given the
values of lattice and its neighbors. Since space is limited, we will not handle hotspot detection issues (Kurihara
et al., 2020). In addition, we also explore EcheScan to help researchers use these technologies easily. The rest of this
paper is organized as follows. Section 2 discusses the procedure of the echelon technique for spatial lattice data based
on spatial values and neighbors, consisting of peaks and foundations with a hierarchical structure. Section 3 explains
EcheScan software for the echelon technique in detail. Section 3.2 explores the usages of two types of lattice data and
the coronavirus disease 2019 (COVID-19) death data corresponding to 50 states in the United States using EcheScan
software. Finally, Section 4 presents the summary and discussion of our findings.

2 | ECHELONS FOR SPATIAL LATTICE DATA

Spatial data can be classified into three types according to its structure: geostatistical, spatial point pattern,
and lattice data (Cressie, 1993, Chap. 1). We focus on lattice data over a fixed subset D of the d-dimensional
Euclidean space ℝd. The subset D is a collection of spatial sites at which data are obtained using neighborhood
information. Using a graphical illustration, the vertices are connected by edges. The neighborhood information is
usually based on sharing a common boundary between lattices. Some neighborhood systems are based on the
distance between two lattices. In areal data analysis, measurements are aggregated over the spatial area and points
s are the geographical regions represented as a network in an adjacency graph. Two types of lattice data are available:
regular and irregular lattice data. A regular lattice has a geometric structure whose locations are regularly spaced,
whereas an irregular lattice has a structure whose locations are not obvious from their geometry and do not have a
predictable pattern.

Let H(s) be a random quantity at spatial location s�ℝd and a realization is denoted {h(s): s � D}. In a
one-dimensional case, lattice data are expressed as x �ℝ1 on a one-dimensional line and the value h(x). For
example, we have NL regularly divided lattice (interval) data xi over si = l1(i) = [i� 0.5, i+ 0.5], i = 1, 2, …, NL. The set
D1 = {xi j i = 1, 2, …, NL} is also identified using the index for a real seat xi = i.

The neighbor of one-dimensional lattice data D1 is given by

NB ið Þ¼
iþ1f g, i¼ 1

i�1, iþ1f g, 1 < i<NL

i�1f g, i¼NL

8><
>:

ð1Þ

for i = 1, 2, …, NL. Table 1 shows an example for NL = 23 intervals in the order of A to W, their values h(i) and their
neighbors NB(i).

Figure 1 shows nine structured subsets based on the same topological area of cross sectional lattice data. These same
topological parts with numbers are called echelons (Myers et al., 1997). Echelons 1–6 are the peaks of cross-sectional
data, Echelon 7 is the foundation of peaks (1, 2), Echelon 8 is the foundation of peaks (3, 4) and foundation 7, and
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Echelon 9 is the foundation of peaks (5, 6) and foundation 8. The Echelon 9 is also called the root. Table 1 data are clas-
sified by six peaks, EN (1) = {P, O, Q}, EN (2) = {M}, EN (3) = {G, F, H}, EN (4) = {J}, EN (5) = {V}, EN (6) = {B}, two
foundations, EN (7) = {L, N, R}, EN (8) = {E, I, K, S, D, T}, and root in the sense of an echelon: EN (9) = {A, C, U, W}.
The relationship among the echelons is expressed as 9(8(7(1 2) 3 4) 5 6) using the numbers of the echelon. Figure 2
shows the topological structure of Table 1 given by the echelon dendrogram.

TABLE 1 The index (ID) named A to W, its value h(i) and its neighbors NB(i) for intervals (i = 1, 2, …, NL), NL = 23

i 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23

ID A B C D E F G H I J K L M N O P Q R S T U V W

h(i) 1 2 1 2 3 4 5 4 3 4 3 4 6 4 5 7 5 4 3 2 1 3 1

NB(i) B A B C D E F G H I J K L M N O P Q R S T U V

C D E F G H I J K L M N O P Q R S T U V W

A - B - C - D - E - F - G - H - I - J - K - L -M - N - O - P - Q - R - S - T - U - V -W

1
2

3
4

5
6

7

8

9

FIGURE 1 Nine structured subsets based on the same topological area for Table 1

FIGURE 2 Hierarchical relation of echelons for Table 1
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3 | A WEB APPLICATION FOR ECHELON ANALYSIS

3.1 | Overview

This section introduces EcheScan, an application that can execute the echelon analysis on the web (https://fishi.ems.
okayama-u.ac.jp/echescan). EcheScan (version 0.2.1 at the time of writing this article) makes it possible to perform ech-
elon analysis on arbitrary data prepared by a user and output its result as a dendrogram. Since this application is

TABLE 2 Required files for echelon analysis using EcheScan

File type Purpose

Neighborhood information Provide the labels and neighbors of each lattice.

Univariate file Provide the values (h) of each lattice.

FIGURE 3 The neighbor information file (Table1nb.txt; left) and the univariate file (Table1h.txt; right) for the one-dimensional

case introduced in Table 1

FIGURE 4 Start screen of the EcheScan
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FIGURE 5 Execution result of echelon analysis for the one-dimensional case introduced in Table 1

KURIHARA AND ISHIOKA 5 of 12

 19390068, 2023, 1, D
ow

nloaded from
 https://w

ires.onlinelibrary.w
iley.com

/doi/10.1002/w
ics.1579 by O

kayam
a U

niversity, W
iley O

nline L
ibrary on [19/09/2023]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



developed in R language and Shiny server, users need only a web browser and do not need any other special environ-
ment. It works with any general web browser. The results presented in this paper use Google Chrome browser. The files
required to perform echelon analysis on this application are shown in Table 2. For details on the format of each file,
refer to the “User guide” on the application site. Each input file is allowed up to 5 MB.

3.2 | Execution examples of EcheScan

3.2.1 | One-dimensional lattice

First, we show an example using EcheScan for the one-dimensional case introduced in Table 1. To run the application,
we prepare the two types of files shown in Table 2. Figure 3 (Table1nb.txt; left) shows the neighborhood informa-
tion file for the data in Table 1, with the ID of each lattice in the first column, and the next columns specify the lattices
that are neighbor to the first column by using the numbers of corresponding line. Here the line numbers are assigned
by A = 1, B = 2, …, W = 23. In the Table1nb.txt, for example, the lattice ID “B” (the second line) is a neighbor to
the first line (A) and the third line (C). Figure 3 (Table1h.txt; right) shows the data (h) in Table 1 describe data by
one vertical column.

TABLE 3 Digital values for a 5-by-5 lattice

A B C D E

1 24 12 8 15 3

2 10 1 14 22 5

3 21 13 19 23 25

4 16 4 2 11 17

5 6 20 9 18 7

FIGURE 6 Neighborhood information file (Table3nb.txt; left) and univariate file (Table3h.txt; right) for the 5-by-5 lattice data

in Table 3
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FIGURE 7 Execution result of echelon analysis for the 5-by-5 lattice data in Table 3
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TABLE 4 The names of states in USA, their neighbors, COVID-19 deaths per 100k and echelon number

State name Code Neighbors of the states Deaths EN(i)

Alabama AL FL GA MS TN 259 2

Alaska AK (WA) 63 1

Arizona AZ CA CO NM NV UT 264 3

Arkansas AR LA MS MO OK TN TX 241 9

California CA AZ NV OR (HI) 169 9

Colorado CO AZ KS NE NM OK UT WY 132 9

Connecticut CT MA NY RI 236 1

Delaware DE MD NJ PA 195 1

Florida FL AL GA 231 2

Georgia GA AL FL NC SC TN 224 2

Hawaii HI (CA) 47 9

Idaho ID MT NV OR UT WA WY 138 9

Illinois IL IA IN KY MO WI 212 5

Indiana IN IL KY MI OH 220 5

Iowa IA IL MN MO NE SD WI 201 7

Kansas KS CO MO NE OK 198 6

Kentucky KY IL IN MO OH TN VA WV 179 9

Louisiana LA AR MS TX 281 2

Maine ME NH 72 9

Maryland MD DE PA VA WV 168 9

Massachusetts MA CT NH NY RI VT 266 1

Michigan MI IN OH WI 219 5

Minnesota MN IA ND SD WI 140 9

Mississippi MS AL AR LA TN 299 2

Missouri MO AR IA IL KS KY NE OK TN 184 8

Montana MT ID ND SD WY 172 9

Nebraska NE CO IA KS MO SD WY 122 9

Nevada NV AZ CA ID OR UT 218 3

New Hampshire NH MA ME VT 106 9

New Jersey NJ DE NY PA 305 1

New Mexico NM AZ CO OK TX UT 220 3

New York NY CT MA NJ PA VT 288 1

North Carolina NC GA SC TN VA 144 9

North Dakota ND MN MT SD 210 4

Ohio OH IN KY MI PA WV 181 9

Oklahoma OK AR CO KS MO NM TX 207 6

Oregon OR CA ID NV WA 81 9

Pennsylvania PA DE MD NJ NY OH WV 223 1

Rhode Island RI CT MA 94 9

South Carolina SC GA NC 217 2

South Dakota SD IA MN MT ND NE WY 236 4

Tennessee TN AL AR GA KY MO MS NC VA 203 6

Texas TX AR LA NM OK 208 6
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Figure 4 shows the start screen of the EcheScan. First, we click the [Browse …] of “Neighborhood informa-
tion” on the left side of the screen and select Table1nb.txt. If there is no error in the loaded file, the “Univar-
iate” panel appears; then, we select Table1h.txt from [Browse …]. Next, when we click on [Run], and echelon
analysis is executed, and the result is displayed on the [Echelon dendrogram] tab (Figure 5). The table shown at
the top of Figure 5 displays a summary of each echelon proposed by Myers et al. (1997) and Kurihara
et al. (2000).

3.2.2 | 5-by-5 lattice

Two-dimensional lattice data such as remote sensing data are pixels of digital values over the m-by-n regularly spaced
lattice area for i = 1, 2, …, m, j = 1, 2, …, n.

l2 i, jð Þ¼ xi,yj
� ����i�0:5≤ xi ≤ iþ0:5, j�0:5≤ yj ≤ jþ0:5

n o
: ð2Þ

This lattice also specifies an identifying features using areal seat (xi, yj) = (i, j).

D22 ¼ i, jð Þji¼ 1,2,…,m, j¼ 1,2,…,nf g: ð3Þ

The neighbors of cell l2(i, j) are represented as follows for X ¼ 1,2,…,mf g and Y ¼ 1,2,…,nf g.

NB l2 i, jð Þð Þ¼ k, lð Þjk� i�1, iþ1f g\Xð Þ, l� j�1, jþ1f g\Yð Þf g: ð4Þ

Algorithms 1 and 2 are available for two-dimensional regular lattice data by applying l2(i, j) to l1(( j � 1) * m + i) for an
m-by-n regularly spaced lattice, i = 1, 2, …, m, j = 1, 2, …, n.

We apply the EcheScan to the 5-by-5 lattice data in Table 3. The neighborhood information file (Table3nb.
txt) and univariate file (Table3h.txt) we prepared are shown in Figure 6. As in the case of one-dimensional
lattice data, we move Table3nb.txt to “Neighborhood information” and Table3h.txt to “Univariate.” By
clicking on [Run], the result of echelon table and dendrogram display on the [Echelon dendrogram] tab
(Figure 7).

3.2.3 | Geospatial lattice

Finally, we introduce an example of applying EcheScan to geospatial data where data (h(Di)) are given for each region
Di, i = 1, 2, …, n. Regional features are mainly investigated over lattice regions, such as the counties in a state, ZIP code
zone, and the states in the United States. Echelons can be made for geospatial data as well using the neighbors NB(Di)
for each spatial region. Table 4 shows the number of COVID-19 deaths per 100,000 as of September 12, 2021
corresponding to 50 states in the United States. The COVID-19 deaths we used were published on the website “Tracking

TABLE 4 (Continued)

State name Code Neighbors of the states Deaths EN(i)

Utah UT AZ CO ID NM NV WY 85 9

Vermont VT MA NH NY 46 9

Virginia VA KY MD NC TN WV 141 9

Washington WA ID OR (AK) 91 9

West Virginia WV KY MD OH PA VA 179 9

Wisconsin WI IA IL MI MN 148 9

Wyoming WY CO ID MT NE SD UT 152 9

KURIHARA AND ISHIOKA 9 of 12
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FIGURE 8 Dendrogram of COVID-19 deaths per 100,000 as of September 12, 2021
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coronavirus vaccinations and outbreaks in the U.S.” (https://graphics.reuters.com/HEALTH-CORONAVIRUS/USA-
TRENDS/dgkvlgkrkpb/), and the sources of these data were state and local governments, health authorities and Reuters
reporting. These data were taken within lattice areas of states with irregular spaces. The neighborhood information is
also shown in this table. Here states that share boundaries are defined as neighbors. Although Alaska and Hawaii are
isolated states, we assume that they are connected to Washington and California, respectively.

Figure 8 shows the dendrogram for the data given in Table 4. There were three broad peaks of the COVID-19 deaths in
the United States. The first peak primarily comprised mid-Atlantic states: New Jersey, New York, Massachusetts, Connecti-
cut, Pennsylvania, and Delaware. The second peak primarily comprised southeastern states: Mississippi, Louisiana, Ala-
bama, Arkansas, Florida, Georgia, and South Carolina. The third peak primarily comprised southwestern states: Arizona,
New Mexico, and Nevada. This graphical representation is useful for a surface understanding of specific regions.

4 | DISCUSSION AND CONCLUDING REMARKS

The echelon analysis was developed to systematically and objectively visualize the topological hierarchical structure of
spatial data by dividing the spatial position based on the value of the data on the surface. An echelon aggregates the
values on the surface of an entire region with the same topological structure based on the regions having high and low
values of observation data with position information and expresses the regions hierarchically. The most relevant advan-
tage of echelon analysis is that the structure can be hierarchically expressed for spatial data given neighborhood infor-
mation, regardless of dimension. Echelon analysis can visually describe spatial structures, similar to using histograms,
box plots, stem-and-leaf plots, scatter plots, and scatter plot matrices to examine the distribution and structure of data.
In addition, there are many possibilities for more advanced spatiotemporal data analysis, such as detecting very high
values (hotspots) and extending to multidimensional and multivariate spatiotemporal data. In this study, we explore
the core of echelon analysis and its software named EcheScan. This study will help in performing echelon analysis and
forming echelon project teams and users.
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