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Abstract: Remote sensing can provide spatio-temporal continuous Earth observation data and is
becoming the main data source for spatial and temporal analysis. Remote sensing data have been
widely used in applications such as meteorological monitoring, forest investigation, environmental
health, urban planning, and water conservancy. While long-time-series remote sensing data are used
for spatio-temporal analysis, this analysis is usually limited because of the large data volumes and
complex models used. This study intends to develop an innovative and simple approach to reveal the
spatio-temporal characteristics of geographic features from the perspective of remote sensing data
themselves. We defined an efficient remote sensing data structure, namely time ring (TR) data, to
depict the spatio-temporal dynamics of two common geographic features. One is spatially expansive
features. Taking nighttime light (NTL) as an example, we generated a NTL TR map to exhibit urban
expansion with spatial and temporal information. The speed and acceleration maps of NTL TR data
indicated extraordinary expansion in the last 10 years, especially in coastal cities and provincial
capitals. Beijing, Tianjin, Hebei Province, Shandong Province, and Jiangsu Province exhibited fast
acceleration of urbanization. The other is spatially contractive features. We took forest loss in the
Amazon basin as an example and produced a forest cover TR map. The speed and acceleration
were mapped in two 10-year periods (2000-2010 and 2010-2020) in order to observe the changes
in Amazon forest cover. Then, combining cropland TR data, we determined the consistency of the
spatio-temporal variations and used a linear regression model to detect the association between the
acceleration of cropland and forest. The forest TR map showed that, spatially, there was an apparent
phenomenon of forest loss occurring in the southern and eastern Amazon basin. Temporally, the
speed of forest loss was more drastic between 2000 and 2010 than that in 2010-2020. In addition, the
acceleration of forest loss showed a dispersed distribution, except for in Bolivia, which demonstrated
a concentrated regional acceleration. The R-squared value of the linear regression between forest and
cropland acceleration reached 0.75, indicating that forest loss was closely linked to the expansion of
cropland. The TR data defined in this study not only optimized the use of remote sensing data, but
also facilitated their application in spatio-temporal integrative analysis. More importantly, multi-field
TR data could be jointly applied to explore the driving force at spatial and temporal scales.

Keywords: time ring data; long time series; spatio-temporal characteristics; Amazon forest cover;
urban expansion; nighttime light

1. Introduction

Spatial and temporal variation analysis of geographic features is an important part
of geographic research that helps us to understand the characteristics of geographic fea-
tures [1]. Furthermore, we can predict the potential variations in such characteristics so as
to assess the rationality of the variations and the possible risks, and put forward correspond-
ing countermeasures. At present, the data sources for spatio-temporal variation analysis
are usually divided into ground observation data and remote sensing (RS) data [2]. With
the development of RS techniques, satellite RS images have gradually become the main
data source because they can provide spatio-temporal continuous Earth observations [3].
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RS data, to date, have been widely used in applications such as meteorological monitoring,
forest investigation, environmental health, urban planning, water conservancy, and global
climate change [4-9].

However, remote sensing data may be a burden when performing long-time-series
and large-geographical-scale research [10,11]. These studies involve massive amounts
of data, forcing researchers to perform additional data organization work to conduct
spatio-temporal change detection analysis [12]. For specific geographic features with the
characteristics of a large covered range and long time series, such as flood expansion [13],
urban expansion [14], and forest cover change monitoring [15], remote sensing data need to
be pre-processed to fit the model inputs, which is time-consuming and labor-intensive work.
A large body of work has been conducted due to the proliferation of RS data. For example,
Ma built a data-intensive index to decrease the computing complexity for long-time-span
and large-range RS applications [16]. Xu put forward a spatial featured data cube analysis
tool conducting time-series RS data processing and analysis based on multidimensional
spatio-temporal data models, took Poyang Lake data cube datasets for 20 years as an
example, and successfully mapped the percentage change in the water area of Poyang
Lake over a 20-year time series [10]. Such methods solved the problem of tedious data
processing, but research about RS data processing for spatio-temporal distribution analysis
of features is still insufficient.

It Is also essential to take into account appropriate approaches in the spatio-temporal
analysis of geographic features [17]. Most studies conducting spatiotemporal analysis of
RS data simply involved the cognition of the spatial distribution of features at different
times [18-21]. These studies inherently spatially and temporally separated out difficult-to-
mine spatio-temporal integrative information. Furthermore, when involving long-time-
series or large-scale analysis, these approaches are unwieldy for understanding spatio-
temporal characteristics. At present, there are no studies on how to present spatio-temporal
integrative characteristics in practical applications based on long-time-series RS data.

Several studies have utilized an effective data form to store long-term changing
features and present the spatial variation with time on one map [22-24]. For example,
Gong produced one global artificial impervious area (GAIA) map from 1985 to 2018, and
this data storage was convenient and the spatial variation in GAIA with time could be
clearly understood. However, the GAIA data were used only for mapping, lacking further
spatio-temporal dynamic analysis based on the data structure. In addition, similar studies
failed to explore the general specification and potential practical value of the data form.
Therefore, this study proposed time ring (TR) data from the perspective of remote sensing
data organization on the basis of previous studies. The TR data are intended to exhibit the
spatial variation in geographic features over time, which can intuitively show the spatio-
temporal characteristics of geographic features. The TR data structure that we defined
is efficient for two types of features. One is space-expansive features over time, such as
urban buildings [14] and nighttime light [25]. The other is space-contractive features over
time, such as forest cover [26] and glacier cover [27]. Different processing methods will be
performed when producing TR data according to the different types of features.

This study provides a detailed definition of TR data and illustrates the steps involved in
transforming multi-temporal RS data into TR data. Then, we introduce related calculations
and applications of TR data. Two examples of nighttime light TR data and forest cover TR
data are provided to explain the spatio-temporal characteristics. Additionally, we perform
an ordinary linear regression analysis combining forest and cropland TR data to reveal the
driving mechanism spatially and temporally. Finally, this study discusses the strengths and
weaknesses of TR data and states the possible application prospects in the future.

2. Details of Time Ring (TR) Data
2.1. Definition of TR Data

Time ring (TR) data are a new form based on RS data in which geographic features
are exhibited like tree rings, which can clearly present the spatial variation characteristics
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over time (Figure 1). These data rely on long-time-series remote sensing images because a
long time series can better show the spatio-temporal variation characteristics of geographic
features. Too few time slices may be detrimental to their subsequent exploitation in space
and time. The primary trait of TR data for geographic features is either expansive or
contractive (Figure 1). For expansive features, the spatial distribution area of these features
will gradually increase with temporal change, while for contractive features, the spatial
distribution area of these features will gradually decrease with temporal change. The
determination of expansion and contraction can be found in Section 2.2. Each grid unit in
the TR data is marked by a time label in order to represent integrative temporal and spatial
information. The time label denotes when the feature appears or disappears in this grid.
For example, for expansive features, such as urban areas, there are different urban areas in
t1, t2, and t3. Then, when forming TR data, t2 in each grid indicates that the urban area
was emerging in time t2. This expression of data assures that information can be obtained
regarding the time at which the spatial changes happened. Furthermore, researchers can
perform analysis using a regression model combining multiple TR variables in various
fields of application.

Expansion gradually

Contraction gradually

Time ring data

Figure 1. The general form of time ring (TR) data: (1) for spatially expansive feature; and (2) for
spatially contractive feature.

2.2. Generation of TR Data

The generation of TR data involves four steps (Figure 2). The first step is to obtain a
relevant remote sensing dataset with notable geographic features. Some datasets can be
downloaded based on open-source satellite sensor data, such as normalized differential
vegetation index (NDVI) data released by the Moderate-Resolution Imaging Spectrora-
diometer (MODIS) and nighttime light data produced by the Visible Infrared Imaging
Radiometer Suite (VIIRS). Others are subject to further interpretation according to the
original image, such as land cover data and urban built-up area data. The second step
is to reclassify all images by assigning each pixel of the feature a time label and setting
the other pixels to null. The third step is to determine whether the geographic feature is
spatially expansive or contractive. We sum up the number of time labels on each image
and establish whether the total increased or decreased over time. If the count is increasing,
we consider it an expanding feature; otherwise, it is a contracting feature. The last step is to
fuse all images in chronological order and produce the TR data. If a feature is expanding
outward, the central region represents an older time and the peripheral regions’ time is
newer. If a feature is contracting inward, then the central region represents a newer time
and the peripheral region time is older.
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Figure 2. The generation steps of time ring (TR) data.

2.3. Calculation of TR Data

Producing TR data is a key step, and the subsequent related analysis will be performed
with TR data. In this study, we take into account speed and acceleration as a method of
calculating TR data. Speed is used to describe the state of change in features in different
periods regarding, specifically, a changing extent of expansion or contraction. Addition-
ally, acceleration is a further calculation based on speed denoting the magnitude of the
impact of the driving force [14]. The calculated expression was improved on the basis of
our previously published article regarding the analysis of built-up area expansion [14].
Concretely, we first set the pixel with time labels to 1 using produced TR data (Figure 3).
Then, we define a fishing net with a coarser resolution (5 x 5 km) than the pixel. The 5 km
grid is suitable for larger-scale studies. In practice, we can flexibly set the grid size in terms
of spatial scale in the study. The sum of all pixel values in each grid of the fishing net is
counted as the grid value (Figure 3). In the end, the grid value is used to compute the speed
and acceleration.

a. Using produced TR data.

b. Setting the pixel with time label to 1.

c. Computing the sum of pixels in coarser grid.

Figure 3. The data preparation for computing speed and acceleration. The data take the TR data with
expansive features as an example. One grid can contain four pixels in this figure.

In this calculation, speed is defined as the difference in grid value between two time
points multiplied by the pixel size and divided by the time interval. Acceleration is defined
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as the difference in speed between two periods divided by the time interval. The formulae
for speed and acceleration are as follows:

Speed; 1 = (area;n — area; )/ (t1 — t0) @
Speed; 12 = (area;p — area; )/ (12 — 1) 2)
Acceleration; T = (Speed; 1o — Speed; jo—sn1)/ T 3)

where areay, areay, and area;, represent the object areas at time t1, tp, and t3, respectively. i
represents each grid defined during data preparation (Figure 3). t0—t1 and t1—t2 represent
two periods for calculating their speed. T represents the interval between the two periods
for calculating their acceleration. The speed and acceleration are just one form of the
calculation of TR data. Subsequent studies will further explore the analysis of TR data
based on other methods, such as Moran’s I.

3. Application to Urban Expansion
3.1. Nighttime Light Data

The TR data, on one hand, can be clearly used to recognize the time label when there
is a spatial variation. On the other hand, they are able to characterize the driving force by
combining other TR data. It is appropriate for use in the analysis of urban expansion under
the context of global urbanization. Many studies have discussed the temporal variation
and driving force of urban expansion by extracting the build-up area from remote sensing
images, such as Landsat and Sentinel images [14,22]. In this study, we attempt to map the
nighttime light (NTL) data to exhibit the urban expansion in China in 2000-2020. NTL data
with a long time series can be obtained from the website https:/ /dataverse.harvard.edu,
accessed on 1 September 2022 [28]. Urban expansion represents a type of geographic feature
with spatial expansion. As many studies on the spatial and temporal characteristics of
urban expansion have been conducted, further influential mechanisms will not be discussed
in this study. However, we produced the speed and acceleration map of NTL TR data to
analyze the potential spatio-temporal characteristics.

3.2. Results of Urban Expansion
3.2.1. Spatio-Temporal Characteristics of NTL TR Data

According to the generated NTL TR map (Figure 4), comparing the three cities of
Chengdu, Wuhan, and Beijing, the result shows that the largest NTL area was in Beijing
in 2000, indicating the rapid development of urbanization in this period [29,30], while
Chengdu and Wuhan were still in the early stages of development during this period. The
NTL TR map also shows that the eastern part of Chengdu has maintained a state of rapid
development in recent years. The application of urban expansion may be used to explain
some phenomena caused by urban development, such as ecological environmental change.

3.2.2. Analysis of Speed and Acceleration of NTL in China

The increase in the NTL area can reflect the urban expansion, while the changing speed
and acceleration of the NTL can also indirectly show the expansion rate and acceleration
of urban areas. During the two periods (2000-2010 and 2010-2020), from the distribution
map of speed and acceleration of NTL in China (Figure 5), we can establish that the overall
speed in eastern China has been relatively high since 2000, indicating that these cities have
experienced a rapid expansion. In addition, some provincial capitals in the central and
western regions, such as Chengdu, Xi’an, and Wuhan, have also experienced significant
expansion. In contrast, some cities developed more rapidly in period 2. The acceleration
map shows that Beijing, Tianjin, Hebei Province, Shandong Province, and Jiangsu Province
exhibited a high acceleration in urbanization. However, there are negative variations in
acceleration in the central area of some provincial capitals, indicating that the NTL in the
center of these cities is decreasing, which is especially significant around Shanghai.
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NTL TR Map
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Figure 4. The urban NTL time ring (TR) map from 2000 to 2020 in China.

Speed Map
Periodl (2000 -2010) . Period2 (2010 — 2020)

Acceleration Map

Period2 — Periodl
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Figure 5. The speed and acceleration maps of NTL in China. The negative value in the speed
legend represents the speed of NTL reduction, and the negative value of acceleration represents the
acceleration of NTL reduction.
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4. Application to Forest Cover Change
4.1. Study Area and Data

This study takes forest cover data in the Amazon basin as an example to check the
utility of the TR data. The Amazon basin covers 7.05 million square kilometers, accounting
for 40% of the total area of the South American continent. The region consists of parts
of Brazil, Bolivia, Peru, Ecuador, Colombia, Venezuela, Guyana, Suriname, and French
Guiana (Figure 6). The region has the largest tropical rainforest in the world, benefitting
humankind by purifying the atmosphere and adjusting the climate. However, due to the
impact of human activities, such as agricultural expansion, logging, and urban expansion,
the land cover in the Amazon basin has undergone dramatic changes, especially with the
massive loss of forest [31].

Colombia

Bolivia

Figure 6. The study area of the Amazon basin in South America.

In this case, we screened out the forest and cropland datasets in the Amazon basin
from 2000 to 2020 based on global land cover (LC) classification data. The global LC
classification data can be obtained from the website https://cds.climate.copernicus.eu
(accessed on 7 February 2023), which includes two sources. One is the global annual LC
maps from 1992 to 2015 produced by the European Space Agency (ESA) Climate Change
Initiative (CCI) LC project [32,33]. The other is the Copernicus Climate Change Service
(C3S), which generated global LC maps from 2016 to 2020 that are consistent with the
ESA-CCI LC maps. The LC classification data were defined using the United Nations Food
and Agriculture Organization’s (UN FAO) Land Cover Classification System (LCCS). The
long-time-series LC classification data with a spatial resolution of 300 m are well suited to
fine spatio-temporal analysis.

We produced the forest cover TR data in the Amazon basin based on the proposed
generation method. Then, we extracted forest cover data from the TR data in 2000, 2010,
and 2020 in order to create speed and acceleration maps. Furthermore, we also created
a cropland TR map and an acceleration map in the Amazon basin to analyze the driving
force of forest cover change, and observed their spatio-temporal variation characteristics
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based on these two TR maps. At the same time, ordinary linear regression was also utilized
to establish the relationship between acceleration changes in forest and cropland.

4.2. Results of Forest Cover Change
4.2.1. Spatio-Temporal Characteristics of Forest TR Data

We produced TR data based on forest cover from 2000 to 2020 in the Amazon basin
(Figure 7). Despite the high level of forest cover in the Amazon basin, there has been
significant loss since the beginning of the 21st century. Forest loss is usually a process
occurring from the edge to the center at the local scale, so the display of TR data was obvious.
Overall, forest loss mostly occurred at the edge of the Amazon basin and near the main
river and its tributaries (Figure 7). From a regional perspective, an apparent phenomenon
of forest loss occurring in the southern and eastern Amazon basin was observed. According
to the mapping result, forest loss in the Amazon basin was most significant between 2000
and 2010.

Forest TR Map
7

0 300 600 Miles
A

Time label

[12000 [_]2010
[J2001 [J2011
[2002 [J2012
[J2003 []2013
[12004 []2014
[ 12005 []2016
12006 []2017
[ 12007 [ ]2018
[J2008 []2019
[12009 [ 2020

Figure 7. The forest time ring (TR) map from 2000 to 2020 in the Amazon basin.

4.2.2. Analysis of Speed and Acceleration

We mapped the speed and acceleration of forest loss for two periods (2000-2010 and
2010-2020) in the Amazon basin (Figure 8). By comparing the variation in speed between
these two periods, we found that the speed of forest loss was more drastic in the first
period. Spatially, the speed of forest loss was higher in the southeastern Amazon basin,
mainly in Brazil, than in other regions. There was also a high speed of forest loss in some
local areas, such as Caquetd Province in Colombia and central Bolivia. In the period of
2010-2020, the speed of forest loss slowed down overall, with higher speed only in the
southern Amazon basin. From the acceleration map, the regional characteristics of forest
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loss were not obvious. Only in Bolivia was there a concentrated area of acceleration of
forest loss. However, there was an acceleration of forest loss occurring in the whole region
of the Amazon basin.

Speed Map

: 2(%_“2020-)'“?‘\: 2

P fod! (. 00-2010)

0

oy 1 ¢ 1 ombla

Brazij

¢ : | Speed (km?*/year)
Colombia | : a0 NN 250 -—0.50
G A - [ 050025 A
% | mEm-025--0.10
[J-0.10- 0.10
Bl o10- 250

Acceleration (km?*year?)
Il -0.250--0.100

0 195 390 780
I -0.099 — —0.050 Miles
B -0.049 — —0.025
B -0.024—-0.010
[1-0.009— 0.250

Figure 8. The speed and acceleration maps of forest loss in the Amazon basin. The negative value in
the speed legend represents the speed of forest loss, and the negative value of acceleration represents
the acceleration of forest loss.

4.2.3. Driving Force of Forest Cover Change

We compared forest and cropland variation characteristics from three perspectives.
Firstly, the annual temporal variation in forest and cropland in the Amazon basin showed
a symmetric change (Figure 9). The forest area in the Amazon basin demonstrated a
downward trend from 2000 to 2008, while the cropland area, on the contrary, displayed
an upward trend. The overall forest area in the Amazon basin displayed a slight decrease
between 2010 and 2020, while the cropland area displayed a slight increase during the same
period. Further, we produced a cropland TR map to compare the spatio-temporal change
with that of the forest TR map (Figure 10). The cropland and forest TR maps showed a high
similarity of spatial variation characteristics over time. That is, areas of forest loss were
usually converted into cropland in the same period. Further, the acceleration of cropland
was mapped and linear regression analysis was conducted (Figure 11). The result showed
that there was a negative relationship between the acceleration of cropland and forest. The
R-squared value reached 0.7484, indicating a strong correlation between them.
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Figure 9. The temporal variation of forest and cropland in the period of 2000-2020 in the Ama-
zon basin.
Cropland TR Map
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Figure 10. The cropland time ring (TR) map from 2000 to 2020 in the Amazon basin.
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Figure 11. The linear regression result between the acceleration of cropland and forest.

5. Discussion

In this study, TR data were proposed to optimize the organizational approach of
long-time-series remote sensing data, which was convenient for spatio-temporal analysis
and modeling, as well as compensating for the defects of the separate analyses of time and
space. Specifically, we used two applications to demonstrate the advantages of TR data.
One is NTL in China, representing expansive geographic features. We created the NTL TR
map to show the change in urban expansion. Previous studies have shown that Chinese
cities and islands have undergone rapid urban expansion [34-36], which is consistent with
our study mapping NTL TR data. However, we further found that this characteristic
was particularly pronounced in coastal cities and some provincial capitals, based on the
speed and acceleration maps. In addition, superior to other spatio-temporal analysis
methods on urban expansion, such as the expansion contribution rate and expansion
intensity index [24,37,38], we found that there was a high speed of expansion on the edge
of developed cities in China, while there was a negative acceleration at the center of these
cities. This may be due to the limiting of city light by the government and a shift in health
awareness in these large urban centers, leading to a reduction in the use of NTL [39,40].

In addition, taking Amazon forest cover as another example, this study identified
the spatio-temporal characteristics after mapping the forest TR data, providing explicit
information about when and where the forest changed. We observed significant losses
in forest cover occurring in the southern and eastern Amazon basin in the period of
2000-2010. The annual rates of deforestation in the Amazon maintained a high level in
this decade [41]. Some behaviors, including the development of agriculture and mining,
and constructing infrastructure, especially in Brazil, caused large-area deforestation until
the related government’s deforestation-control program was enacted [42,43]. The massive
forest loss had a great impact on climate change, such as reducing dry season rainfall, which
may have directly caused the local temperature to rise [44], even leading to destructive
effects on regional forest resilience because of changing climatic conditions [45].

Through the speed and acceleration maps of forest cover and cropland, we found that
forest loss was linked to the expansion of cropland in the Amazon basin. Nearly 75% of the
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forest loss could be attributed to cropland expansion between 2000 and 2020. In addition,
according to a survey of soybean expansion in South America, the Brazilian Amazon
also experienced the most rapid expansion, where the land that was originally natural
vegetation was converted into soybean plantations [46]. Land speculators deforested these
areas and usually sold off the timber and converted the land into pasture to further sell it to
a soy producer [47]. These deleterious land use changes could contribute to environmental
degradation by modifying seasonal water balance and increasing the risk of flooding [48].

Urban expansion and forest loss are both the results of land use change. This trans-
formation is linked to the economic benefits behind it. People, in terms of their own
development, tend to seek out land with the greatest economic value. However, this may
be wrong when looking at the long term. For example, although the deforestation for
cropland in the Amazon basin may promote the economic development of the countries
in the region in the short term, the loss may be enormous due to the ecological imbalance
caused by forest loss. Therefore, the short-term and long-term benefits should be considered
together when planning land use.

As TR data mainly rely on long-time-series data, the temporal integrity and noise
of RS data may affect the quality of the production of TR data. Many remote sensing
reconstruction methods have been developed [49-51], while TR data may help to construct
missing and low-quality data from the perspective of spatial-temporal consistency. If
geographic features demonstrate evident contraction and expansion, we think that this is
predictable for adjacent missing time labels. However, research needs to further explore
the prediction technique for TR data.

The TR data have a concise data organization form and, through mapping, these
data allow researchers to intuitively understand the spatio-temporal variation character-
istics of features. The generation of TR data comprises a simple data-production process,
including data preparation, reclassification, feature identification, and data fusion. Sim-
ilar maps for the urban expansion process have been drawn based on remote sensing
technology [35,36,52], but our study systematically puts forward the concept of TR data
to visualize the spatiotemporal process. Furthermore, we present the calculation methods
of speed and acceleration for TR data analysis. Speed calculation provides a basis for
researchers to understand the changing state of features in space and time. Additionally, ac-
celeration helps us to explore the driving mechanism of features. In addition, it is possible to
develop other approaches that address TR data to mine more spatial-temporal information.

Time intervals are important in the analysis of time ring data. When we produced
TR data using long-time-series RS data, we used the acquisition time of RS data as the
time label of TR data, but we also needed to determine the time span of speed and accel-
eration analysis. Different time spans may affect the mapping result. For that, we, taking
NTL TR data in China as an example, reproduced five-year speed and acceleration maps
(Supplement Figures S1 and S2). Comparing the 10-year and 5-year maps, we concluded
that the longer the time span, the more obvious the characteristics in space and time. How-
ever, a shorter time span can provide finer temporal information. Therefore, we advise
researchers to balance the temporal resolution and observability of results when choosing
the time span to map speed and acceleration.

From our perspective, time ring (TR) data have great application prospects because
they can be used to obtain information relating to spatial expansion or contraction over
time and can be suitably linked to other data to analyze the change mechanism, which has
practical significance in many applications. For instance, lumpy skin disease (LSD), an
infectious disease of cattle transmitted by arthropods, has undergone a rapid expansion
in its geographic distribution since 2012 [53]. The spatial expansion of LSD has caused
substantial economic losses [54] and is closely linked to environmental factors, so we
could easily identify the spatio-temporal influencing pattern by mapping the TR data of
related factors. Many vector-borne diseases, such as malaria [55,56] and dengue [57,58],
as a result of climate change, may spatially expand or contract over time. Additionally,
the variational speed regarding space could be different when affected by environmental
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conditions at different times, meaning that it is usually difficult to determine the influencing
relationship [59]. However, the analysis based on TR data may help us to clearly recognize
the spatial and temporal characteristics of environmental risk factors associated with
vector-borne diseases.

In our study, we emphasized the advantages of using RS data as the data source of TR
data, but TR data are also inclusive of other data sources, such as vector features, including
point features, line features, or polygon features, in geographic information science (GIS).
For instance, we can use yearly OpenStreetMap road data to produce road TR data. Roads
can be seen as an expansive feature, usually extending on the basis of the previous roads.
This expansion is related to human activity and may cause a series of social environmental
problems, so road TR data potentially have great analytic value.

There are some limitations of TR data. Firstly, TR data cannot be applied to all
geographic features, as they can only be used for features that undergo spatial expansion
or contraction over time. Of course, many geographic features are both expansive and
contractive. One TR map struggles to display both of these states simultaneously. However,
it is possible to separately exhibit the expansion and contraction of one feature based on TR
data. For example, we tend to produce contractive TR maps of forests in the Amazon basin
because forest loss is more dominant than forest growth in the region. However, we can
also generate a TR map for forest expansion in order to find out if there are areas with a
growing forest over time. The difficulty may lie in how to combine forest increases and
decreases for interactive analysis, which is expected to be solved in the following study.
Secondly, the produced TR data were used to reveal the distribution change in geographic
features in space and time, but changes in other feature attributes have been not considered,
such as the NDVI value or the strength of nighttime light. Thirdly, TR data are used to
display the spatial change in features with time, inevitably leaving out information due to
data fusion, but this can be ignored in the analysis of spatio-temporal distribution variation,
unless researchers focus on the other attributes of geographic features.

6. Conclusions

This study defined an efficient data structure, namely time ring (TR) data, to reveal the
spatio-temporal changes in geographic features based on long-time-series remote sensing
data. Common geographic features are either spatially expanding or spatially contracting,
so we list two applications to illustrate the practicality of TR data. Firstly, we used NTL
remote sensing data as an example to exhibit urban expansion over time by producing
a NTL TR map. Cities in eastern China have experienced a rapid expansion since 2000.
Beijing, Tianjin, Hebei Province, Shandong Province, and Jiangsu Province exhibited a high
acceleration of urbanization. However, in the center of many developed cities, the NTL
decreased, revealing laws related to urban development. In addition to revealing the spatio-
temporal characteristics of NTL data, a significant aspect is that we can use NTL TR data to
perform an exploration of spatio-temporal dynamics, such as the relationships between
NTL expansion and population distribution. In addition, taking Amazon forest cover as
another example, we illustrated its spatio-temporal variation by mapping forest TR data
and demonstrated an applied method of TR data by conducting the calculation of speed
and acceleration and using ordinary regression modeling. The results indicate that forest
loss in the Amazon basin was more significant between 2000 and 2010 in the southern and
eastern regions. Forest loss is closely linked to the expansion of cropland in the Amazon
basin, so it is essential to pay more attention to the causes of cropland expansion in order
to take measures to avoid continuous forest loss. TR data have the advantages of small
data volumes and the easy analysis of spatially and temporally changing characteristics,
providing this process with great application prospects. As far as we are concerned, TR
data can be applied to environmental health investigation, land use/cover change, disaster
monitoring, urban development, and so on, where more analytical methods related to TR
data are expected to be discussed.
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