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Abstract: Rapid urbanization has resulted in great changes in rural landscapes globally. Using
remote sensing data to quantify the distribution of rural settlements and their changes has received
increasing attention in the past three decades, but remains a challenge. Previous studies mostly
focused on the residential changes within a grid or administrative boundary, but not at the individual
village level. This paper presents a new change detection approach for rural residential settlements,
which can identify different types of rural settlement changes at the individual village level by
integrating remote sensing and Geographic Information System (GIS) analyses. Using multi-temporal

v

Landsat TM image data, this approach classifies villages into five types: “no change”, “totally lost”,
“shrinking”, “expanding”, and “merged”, in contrast to the commonly used “increase” and “decrease”.
This approach was tested in the Beijing metropolitan area from 1984 to 2010. Additionally, the drivers
of such changes were investigated using multinomial logistic regression models. The results revealed
that: (1) 36% of the villages were lost, but the total area of developed lands in existing villages
increased by 34%; (2) Changes were dominated by the type of ‘expansion’ in 1984-1990 (accounted
for 43.42%) and 1990-2000 (56.21%). However, from 2000 to 2010, 49.73% of the villages remained
unchanged; (3) Both topographical factors and distance factors had significant effects on whether the
villages changed or not, but their impacts changed through time. The topographical driving factors
showed decreasing effects on the loss of rural settlements, while distance factors had increasing
impacts on settlement expansion and merging. This approach provides a useful tool for better

understanding the changes in rural residential settlements and their associations with urbanization.

Keywords: villages; rural settlement; spatial patterns; changes; driving factors; remote sensing; GIS;
Beijing metropolitan region

1. Introduction

Rapid urbanization has led to great changes in rural landscapes [1-3]. During the process
of urbanization, many villages grow into towns and cities, or become part of a city due to urban
expansion [4,5]. In addition, rural households far from the city are increasingly moving into cities
and finding seasonal or permanent employment, and sending remittances back to the villages [6].
This increased connectivity between urban and rural areas may also lead to great changes in rural
villages [6,7]. These changes have marked ecological and environmental impacts, such as the loss of
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habitat and increased habitat fragmentation, loss of biodiversity, farmland loss and fragmentation, and
urban heat islands [8-13]. Understanding how rural villages have changed over time and the drivers
of change is crucially important for quantification of ecological and environmental impacts.

Remote sensing has been widely used for change analysis on rural landscapes, or more specifically,
rural residential settlements (i.e., the artificial lands in rural areas), with the advantages of explicitly
and periodically providing their spatial pattern over a large geographic area [14-17]. These studies may
be loosely classified into two categories based on their analytical unit: grid-based and administrative
boundary-based. The former uses a grid with a certain size as the unit of analysis to quantify
the proportional cover of rural residential settlements and their changes [18-21]. For example,
Tian et al. [19] used a grid of one kilometer and land use/land cover (LULC) maps derived from
30 m Landsat TM imagery to quantify changes in rural residential settlements and differences among
33 rural landscapes in China during the 1990s. A vegetation index, such as the Enhanced Vegetation
Index (EVI) from the MOD13Q1 product, was also used to estimate impervious surfaces and their
change in rural areas [17]. Another frequently used approach in previous studies was to quantify
the proportional cover of rural residential settlements and their changes within the administrative
units, ranging from county to prefecture city, and even to the national scale [22-24]. For example,
Long et al. [21] investigated five regions of the Yangtze River watershed from the lower to the upper
reaches using an administrative unit approach and found different phases of transitions in rural
settlement land.

Previous studies only identified the increase or decrease of rural settlements at the administrative
or grid level [4,17,25]. However, few studies have examined the changes at the village scale; that is,
using the individual rural settlements as the unit of analysis. In fact, such information is crucially
important for understanding the fate of each individual rural settlement, but is not available from
the abovementioned analyses or methods. For example, how many villages (or what proportion of
villages) were totally lost, expanded, or shrunken during the process of urbanization? Or, are villages
close to the city (i.e., in the peri-urban areas) more likely to become part of the city or expand to become
another town or city?

Here, we present a new approach to identify different types of changes at the individual rural
settlement level by integrating remote sensing and GIS analyses. We further applied this approach to
quantify the spatiotemporal patterns of rural residential settlements in the Beijing metropolitan area
from 1984 to 2010. Additionally, we investigated the drivers of such changes. Specifically, we addressed
two research questions: (1) What are the spatiotemporal patterns of rural residential settlement change
in the Beijing metropolitan area? (2) what are the driving forces of rural residential settlement change,
their relative importance, and their temporal dynamics? We used Landsat TM data collected in 1984,
1990, 2000, and 2010, in combination with other GIS layers for the analysis of settlement dynamics.
We used multinomial logistic regression models to examine the effects of the driving forces on changes.

2. Materials and Methods

2.1. Study Area

Beijing is the capital of China, located in the North China Plain, between 39°28'-41°25'N and
115°25'-117°30'E (Figure 1). It has a total area of approximately 16,410 km?. The western and
northern parts of Beijing are mountainous and the other parts are plains with very high density of
rural residential lands [19]. Since the implementation of the Reform and Opening policy, Beijing has
been experiencing rapid urbanization, associated with unprecedented land use/land cover changes:
the proportion of urban population in Beijing increased from 54.96 to 86.42% during 1978-2014, and
the developed land area increased from 1536 km? to 3075 km?. By 2014, Beijing contained 3937 villages,
with a total rural permanent resident population of 2.93 million [26].
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Figure 1. The study area—Beijing metropolitan area—includes four different types of functional zones.
The City Built-up Area (CiBA) and County Built-up Area (CoBA) in Beijing in 2010 are shown in this
map from Baidu Map™, a popular map service in China similar to Google Maps™.

With rapid urbanization, rural residential settlements in Beijing have also experienced dramatic
changes since the 1980s. In Fengtai district, for example, the total area of rural residential settlements
increased by 949.8 hm? during 1984-1999, from 2059.7 hm? to 3009.5 hm?, and its proportion increased
from 6.87% to 10.03% [27]. In Beijing, there are four types of functional zones with different functional
orientation and policy. The Capital Function Area (CFA) includes Dongcheng and Xicheng districts;
the Urban Function Expansion Area (UFEA) includes the districts of Chaoyang, Haidian, Fengtai
and Shijingshan; the Urban Development Area (UDA) includes the districts of Changping, Shunyi,
Tongzhou, Daxing, and Fangshan; and the Ecological Conservation Zones (ECZ) includes the districts
of Huairou and Pinggu, and counties of Yanqing and Miyun. At present, the administrative hierarchy
of a city in China has three main administrative levels: City-County (district)-Township. Accordingly,
the built-up area is usually classified into City Built-up Area (CiBA) and County Built-up Area (CoBA),
which are the political-economic centers in the city and county, respectively.

2.2. Data Sources

Data used in this study included Landsat TM imagery, digital elevation models (DEM) and
transportation maps. Landsat TM imagery of 1984, 1990, 2000, and 2010 was acquired from the
United States Geological Survey (USGS), which has been widely used to investigate spatial changes
of human settlements [19,28]. We acquired the SRTMDEMUTM 90-m resolution DEM products from
the Computer Network Information Center, Chinese Academy of Sciences (http://www.gscloud.cn),
which were used to measure the elevation and slope of rural settlements. The transportation maps
were from Baidu Map™, which included a point layer that had the center positions of cities, counties,
towns and villages (i.e., rural settlements), and a layer of linear features of roads. A vector layer of
different levels of administrative boundaries was also used in this study.
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2.3. Land Use/Land Cover Classification

An object-based backdating approach that integrates the backdating approach with an
object-based method was used for Land Use/Land Cover (LULC) classifications, which included
six classes; namely forest, grassland, farmland, water, artificial area (i.e., developed land), and bare
land [16]. With this approach, the LULC maps from 1984 to 2010 were generated by the following
three steps:

(1)  Creating the reference map: We first derived the 2010 LULC map from 2010 Landsat TM imagery
by an object-based classification approach. The multi-resolution segmentation algorithm using
a bottom-up region merging technique was used for the segmentation [29]. We created three
levels of objects by setting different scale parameters; that is, 10 (level 1) for extracting water,
grass and bare land; 30 (level 2) for extracting farmland and artificial land; and 50 (level 3) for
identifying forest. A decision tree approach was used and the rulesets were created based on the
spectral information, spatial relations and geometric characteristics. Extensive manual editing
was conducted to further refine the classifications in order to obtain a highly accurate reference
LULC map. We conducted accuracy assessment by selecting 300 random points using a stratified
sampling method, with at least 30 samples for each category. We used 2.4 m QuickBird images
and 2.5 m SPOT 5 images as reference data for accuracy assessment. The overall accuracy of the
2010 LULC map was 96% [16].

(2) Creating LULC maps for other years: Using this 2010 LULC map as the reference map, the LULC
classification maps in 2000, 1990, and 1984 were derived separately by an object-based backdating
approach [16]. Taking the 2000 LULC map for example, we first used change vector analysis
to identify the areas with changes from 2000 to 2010, which were then classified using the
object-based classification method. For the areas with no change, the LULC type in 2010 was
backdated to the map of 2000. More details about the classification approach can be found in
Yu et al. [16]. Similarly, for the 1990 and 1984 LULC maps, we also used the 2010 LULC map as
a reference map to reduce the error propagation.

(3)  Accuracy assessment: Accuracy assessment was also conducted for the LULC classification maps
in 2000, 1990 and 1984, using the same procedure as that for the 2010 LULC. We used high spatial
resolution satellite images and historical aerial photos as reference data for the years 2000 and
1990. The 1984 LULC classification was mostly evaluated based on visual interpretation of the
Landsat TM data, because of the lack of historical aerial photos. The overall accuracies of these
3 classification maps were 86.11% in 1984, 85.87% in 1990, and 88.03% in 2000.

2.4. Change Analysis on Rural Residential Settlements

To detect the change of rural residential settlements, we first randomly selected a subset of rural
residential settlements from the 1984 LULC map, based on the center points of village government
offices in the database of Baidu Map. We then developed a new approach to detect the area changes
of these settlements in 1984-1990, 1990-2000, and 2000-2010, respectively. This approach classified
the changes of the residential settlements into 5 types: “no change”, “totally lost”, “shrinking”,
“expanding”, and “merged”. Additionally, “merged” was further divided into 3 sub-classes: “merged

by CiBA”, “merged by CoBA”, and “merged with other villages” (Figure 2).
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Figure 2. Flow chart of change detection and driving analysis of rural settlements.

2.4.1. Select Rural Residential Settlement Patches

Random sampling of the center points of villages: There were 4326 villages in Beijing in 1984,
with much higher density in the plain region, but sparse in the mountain area. To reduce the effects
of spatial autocorrelation of different explanatory variables and to maximize the number of samples,
we selected a subset of the villages using a random sampling approach with a minimum threshold of
400 m for distance [30-32]. Consequently, we randomly selected 1276 center points of villages in 1984,
based on the database of Baidu Map, historical Landsat images collected in 1984 and some ancillary
historical maps, 30% of the total, and the average of the distances between neighboring villages was
1585 m.

Extracting the rural residential settlements: We focused on the changes in the rural residential
settlement of the villages, which were defined in this research as spatially continuous artificial areas
in the village, and where the local government office of a village was typically located in Beijing.
Specifically, the rural residential settlements were identified and selected in three steps: (1) We selected
the class objects “artificial area” from the LULC maps as potential rural residential settlements; (2) The
rural residential settlements in each year (1984, 1990, 2000, and 2010) were separated from cities and
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towns using the vector layer of points of cities, towns, and villages; (3) A subset of the rural residential
settlements in 1984 were identified and selected by the 1276 center points mentioned above, which
were used in the further change analysis from 1984-1990, 1990-2000, and 20002010, respectively.

2.4.2. Classifying Change Types

Defining the change types of rural settlements: Rural residential settlements were classified into 2
classes—“change” or “no-change” (Example a in Table 1). Residential settlements with changes were
further classified into 4 types: “totally lost”, “shrinking”, “expanding”, and “merged”. The class
“totally lost” refers to the settlements that were totally transformed into the other LULC types (Example
b). The class “shrinking” refers to the settlements that were partly removed and where the size of
the patch became smaller (Example c). The class “expanding” refers to the settlements whose size
became larger (Example d). The class “merged” means a settlement merged with other settlements,
including 3 sub-types: “merged by CiBA”, “merged by CoBA”, and “merged with a town center or
other village(s)” (Example e, f, and g in Table 1).

Table 1. The change types of rural residential settlement.

Ch Ch Sub-Ch Examples

ange ange ub-Change L.

Classis Types Types Description Time I (Grey  Time II (Red
Polygon) Polygon )

The patch rural settlement
is totally lost.

b &
Change Part of the patch is
Shrinking removed, and the size of
the patch becomes smaller. c
E di The patch of rural
xpanding settlement becomes larger.
d

No No chan The change in size is less
change o change than 3600 m?2.
a

Totally lost

The patch of rural

Merged by settlement is merged with
M. CiBA the city built-up area of L4
erged e
Beijing.
The patch of rural
Merged by settlement is merged with ]
CoBA .
the county built-up area. f
The patch of rural

Merged with a

settlement is merged with <
town or
. a town center or other * 4
villages g

rural settlement.

Detecting the change types of rural settlements: The first four change types were identified by
examining the area changes of each rural residential settlement (i.e., patch or polygons) between
two time slices. We set 3600 m? (the size of 4 pixels of Landsat TM data) as the threshold for
change, because typically only a land cover object larger than 4 pixels can be readily recognized
from the remote sensing image [33,34]. By contrast, the “merged” type—the last but special type of
“change”—was examined using both the spatial position and attribution information of each rural
residential settlement. Taking the settlement change in 1984-1990 as an example, detecting the type of
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“merged” was carried out by following 4 steps: (1) We first assigned each rural residential settlement
a unique identification (ID) number. We did this separately for the years 1984 and 1990; (2) We created
a new point layer using the geographic center point of each settlement in 1984, and the same ID
number of the settlement (polygon) was used for each point; (3) Each center point in 1984 was then
appended to the polygon layer of the 1990 settlements based on spatial location. The case that more
than two center points with different IDs in 1984 were located in one polygon (i.e., settlement) in 1990
indicated that these two initially separated rural settlements in 1984 were merged into one in 1990;
(4) Finally, the class “merged” was further separated into 3 sub-types, based on the information of the
merged settlement in 1990 (e.g., the name and administrative level), as described above.

2.5. Potential Driving Factors for Rural Settlement Change

We selected both topographical and distance variables as potential predictors (Table 2). These
variables were selected based on previous studies [25,35]. Specifically, we chose two topographical
variables, elevation and slope, which have been considered as the foundation for people to settle down
since ancient agricultural times [1]. These two variables were calculated from the DEM products.

Table 2. List of the selected drivers of rural residential settlement change.

Category Variables Description
. Dem (m) Elevation
Topographical factors Slope Slope

D2CiC (m) Distance to city center
D2CoC (m) Distance to county center (satellite city)

Dist fact D2RaS (m) Distance to rail station

1stance ractors D2RaW (m) Distance to railway

D2NaR (m) Distance to national road
D2PrR (m) Distance to provincial road

In addition, we selected six distance (or proximity) variables: (1) Distance to city center (D2CiC);
(2) Distance to county center (D2CoC); (3) Distance to rail station (D2RaS); (4) Distance to railway
(D2RaW); (5) Distance to national road (D2NaR); and (6) Distance to provincial road (D2PrR) (Table 2,
Figure 3). Compared to the relatively constant topographical conditions, distance variables may have
more important effects on landscape changes, especially in residential areas with intensive human
activities [36,37]. These distance factors have been widely used in previous studies and significantly
affect land use change [2,25,38-41]. These variables were calculated based on land cover/land use
maps and road layers in 1984, 1990, 2000, and 2010, using Spatial Analyst in ArcGIS™ 10.2. We did not
consider the population, income, investment, and policy in this study, because the resolution of these
data was too coarse for our village-scale research [37,42,43].

2.6. Statistical Analysis

Logistic regression has been widely used in quantifying the effects of the driving factors on LULC
change [30,39,44,45]. In order to deal with the multiple change types of rural residential settlement
(i.e., the four types of change and no change) (Table 2), we selected multinomial logistic regression
(MLR) to investigate the effects of several selected variables on the probability of different possible
outcomes of changes for each time period. MLR generalizes logistic regression to multiclass problems,
i.e., with more than two possible discrete outcomes [46].
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Figure 3. The spatial distribution of the selected driving factors for 1984-1990.

Assume that we have g possible outcomes with multinomial probabilities Ply =k|] =
Py, k=1,2,...,g The probabilities are parameterized as

1
Pp=Ply=1]= 1)
1+ Y5, exp(a +xBy)
and
Po=Ply=k = — POt pp o g )
14 Y, exp(ay + xBy)
The log-odds interpretation of the logistic regression model takes the following form:

Pk
log i =ap+xBi, fork=2,...,g 3)

1

where group 1 in this study is the type of settlement of “no change” that was used as the
standard/reference category; P; is the probability of settlement with “no change”, and py is that
of type K; ay is the intercept, fy is the partial regression coefficient. After variable standardization,
a larger absolute value of B indicated greater influence on log(g—’f>. x are driving factors, and g is the
total number of possible outcomes.
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Percent Correct Predictions (PCP) and Nagelkerke’s R? were used to evaluate the performance
of the logistic regression models. These both indicate the performance of the model, with maximum
values of 1, meaning perfect fit. It should be noted that PCP is more frequently used to evaluate the
performance of the model, and that the R? in multinomial logistic regression is usually much lower
than that in linear regression [47]. The case of R? > 0.2 indicates a relatively good fit [48].

3. Results

3.1. Spatiotemporal Patterns of Rural Residential Settlements

While the number of rural residential settlements decreased sharply, the total area greatly
increased. The randomly selected 1276 rural settlements in 1984 decreased rapidly to 812 in 2010, a loss
of 36% of the villages over thirty years (Table 3). A total of 221 villages were lost during 1984-1990,
129 in 2000-2010, and 114 in 1990-2000. In contrast, the total area of artificial land for existing rural
residential settlements increased by 128 km? during 1984-2010, an increase of 34% of artificial land.
The largest increase of 85 km? occurred during 20002010 (Table 3).

Table 3. The numbers of villages and total areas of developed land in different time slices and
their changes.

Total 2 . Changesin  Changes in Total
Year Number Total Area (km®) Period Number Area (km?)
1984 1276 379
1990 1055 385 1984-1990 —221 6
2000 941 422 1990-2000 —114 37
2010 812 507 2000-2010 —129 85

The number of rural residential settlements in different change types varied with time, and the
main change type shifted from ‘expansion’ to ‘no change’ (Table 4). During 1984-1990 and 1990-2000,
only 132 (or 10.3%) and 94 (or 8.91%) of the rural settlements remained unchanged. From 2000 to
2010, however, 468 of the sampled villages (or 49.7%) remained unchanged. In contrast, the number
of settlements that were totally lost or shrunken continually decreased. In all the three time periods,
great proportions of villages were expanding and fewer villages merged with other villages or cities.

Table 4. The numbers of villages in different types of change.

Change Types 1984-1990 1990-2000 2000-2010
No Change 132 94 468
Totally lost 125 30 2
Chanee Shrinking 359 253 5
& Expanding 554 593 325
Merged 106 85 141

Spatially, most of the rural residential settlements with changes were located in the plain, especially
in the Urban Development Areas (UDA) (Figure 4). The total number of settlements in UDA were 859
in 1984-1990, 741 in 1990-2000, and 658 in 20002010, consisting of 67.32%, 70.24%, and 69.93% of all the
sampled settlements in Beijing, respectively (Table 5). Additionally, settlements that expanded or were
merged in UDA both increased with time. For example, the total numbers of expanding settlements in
UDA were 358, 409, and 239 in each time period, accounting for 64.62%, 68.97%, and 73.54% of all the
sample villages that experienced expansion in Beijing, respectively. Similarly, the total expanded areas
of rural residential settlements in UDA were 82.72 km?2, 82.83 km?2, and 190.99 km? in each time period,
accounting for 53.79%, 58.51%, and 86.98% of the total area of expanded rural settlements, respectively
(Table 6). In contrast, the number of total settlements in the Urban Function Expansion Area (UFEA)
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decreased continuously from 90 (or 7.05%) to 40 (or 4.25%). There was no settlement in the Capital
Function Area (CFA) during the study period.

1984-1990 1990-2000 & 2000-2010 A

o Legend

L s
R Legend 3 Legend T
'.'g%' , Change types i fﬁ’\, Change types % o) Change types
aaty « lTotally lost 3 . Totally lost b3 ] S . Totally lost
* Shrinking * Shrinking i\/\ Y ,ees%  ° Shrinking
No change No change o Fess G el No change
o 25 s  fookm ~Ixpanding o 25 5 100km ~ Lxpanding 0o 25 s 1o0km ~ Lxpanding
* Merged * Merged * Merged

Figure 4. The spatial distribution of sampled settlements with different types of changes in Beijing.

Table 5. The number of settlements in different change types in different areas.

Period 1984-1990 1990-2000 2000-2010
Functional zones UFEA UDA ECZ UFEA UDA ECZ UFEA UDA ECZ
No change 1 93 38 2 61 31 6 305 157
Totally lost 7 65 53 2 24 4 1 1
Shrinking 18 278 63 4 179 70 3 2
Change .
Expanding 33 358 163 37 409 147 13 239 73
Merged 31 65 10 8 68 9 18 111 12

Total villages in each zone 90 859 327 53 741 261 40 658 243

Proportion (%) 705 6732 2563 502 7024 2474 425 6993 2582

Table 6. The area changes of settlements in urban development areas.

1984-1990 1990-2000 2000-2010
Types
Change . Change . Change .
Area (km?) Proportion Area (km?) Proportion Area (km?) Proportion
Totally lost —16.32 75.18% —13.46 75.51% —0.55 48.84%
Shrinking —16.46 71.95% —15.46 85.38% -0.17 46.35%
Expanding 82.72 53.79% 82.83 58.51% 190.99 86.98%

3.2. The Relative Importance of the Driving Forces in Different Time Periods

The multinomial logistic regression models explained the variance in changes of rural settlements
well (Table 7). All these models were significant at the 0.01 level (p < 0.001). The values of percentage
correctly predicted (PCP) were 61.2%, 68.5%, and 66.4% for the models in 1984-1990, 1990-2000,
and 2000-2010, respectively. The explained variances of the probability (Nagelkerke’s R%) were 0.31,
0.33, and 0.32. The MLR for 2000-2010 included only 3 change types, because the number of villages
with “totally lost” and “shrinking” was too small. In general, all these change types in rural settlements
were significantly affected by both the topographical and distance factors, as detailed below.
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Table 7. The effects of driving factors on the changes of rural settlements.

Period Variables Totally Lost Shrinking Expanding Merged

B OR B OR B OR B OR

Dem 0.987 2684 0412 0662  —0051 0951 0.098 1.102

Slope 4026% 56010 0.161 1175 = —4642* 0010 —5313 0.005

D2GiC 0.260 1297  —1591 0204 0.533 1704  —4660* 0009

D2CoC  —0312 0732 0.181 1199 —1119 0327  —4332* 0013

1984-1990  pRas  —5768* 0003  —3525% 0029  —4157* 0016 ~1.206 0.299
D2RaW  4497*  89.719 1.921 6.828 2397 10.994 —3282 0.038

D2NaR 0.143 1154 1205 3338 0865 2375 0077 1.080

D2PrR 0641 0527 1.674 5332 —0850 0427  —5701*  0.003

Dem 0599 1.820 1754 5780  —0.024 0976 —4251 0.014

Slope —0183 0833  —9391*  0.000 0.200 1221 ~3.143 0.043

D2GIC —1.138 0320  —0667 0513  —0872 0418 —2.129 0.119

D2CoC  —0297 0743  —0114 0892  —1128 0324 —2142 0.117
1990-2000 ppRas  —7.340% 0001  —4403* 0012  —5567* 0004  —8677*  0.000
D2RaW 1.816 6.150 2,076 7970  4535* 93190 3.167 23.746

D2NaR 1.428 4169 0.540 1715 1414* 4114 —0.123 0.884

D2PrR 0.962 2617  —1063 0345  —0597 0550 —4567* 0010

Dem 0414 0.661 ~23% 0.091

Slope 0477 0621 ~3.206 0.041

D2GiC —2345% 0096  —10.319*  0.000

D2CoC ~3105*  0.045  —12153*  0.000
200-2010  poRas —0798 0450 5854 348475
D2RaW 0.622 1.862 —2.828 0.059

D2NaR 0455 0634  —1364* 0256

D2PrR —2783% 0062  —4413* 0012

Reference category is “no change”, OR is the relative odd’s ratio, * p < 0.05, ** p < 0.01. Red means significant
positive effect, while green means significant negative effect.

For the type of settlements of “totally lost”, slope and distance to railway (D2RaW) had
a significantly positive effect during the time period of 1984-1990, suggesting that villages at that time
period were more likely to be lost if they had greater slope and were further away from railways. In
1984-2000, the distance to railway station (D2RaS) had a significant negative relationship with “totally
lost” and the absolute value of the standardized coefficient increased from 5.768 to 7.340. This indicated
that the effect of D2RaS on the loss of village was increased. However, the variable slope was no longer
significantly related in 1990-2000, indicating that the importance of topographical factors on the total
loss of rural settlements decreased through time.

The type of settlements of “shrinking” was mostly affected by distance factors. The distance
to railway station (D2RaS) had significantly negative effects on “shrinking” consistently throughout
1984-2000, suggesting that settlements close to railway stations had a greater probability of shrinking
over all time periods. In addition, the distance to national road (D2NaR) in 1984-1990 showed
a significantly positive influence, indicating the settlements far from the national roads were more
likely to shrink. However, slope became the most important factor during 1990-2000 (8 = —9.391) and
showed negative impacts on settlement shrinking, implying that villages with low slope at that time
had a higher possibility to shrink.

Similarly, the “expanding” type villages were more affected by distance variables than
topographical factors. In 1984-1990, settlement expansion was significantly and negatively affected
by slope and distance to rail station (D2RaS), suggesting that villages were more likely to expand if
they had low slope and were close to railway stations. In addition, most of the distance variables
showed significantly negative impacts on village expansion during 1990-2010, such as the distances
to railway stations (D2RaS) in 1990-2000, and the distances to city centers (D2CiC), the distances to
county centers (D2CoC) and to provincial roads (D2PrR) in 2000-2010, indicating that settlements near
economic and transportation centers had greater possibility to expand.

As for settlements that “merged”, distance variables were the dominant factors, with negative
influences during the entire study period. The results indicated that villages were more likely to merge
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if they were close to Beijing satellite cities and national and provincial roads. The influences of these
two variables increased from 1984 to 2010, indicated by the increase of the coefficients of D2CiC and
D2CoC by 5.259 and 7.812, respectively. In addition, there were an increased number of distance
factors that significantly affected whether villages merged or not.

4. Discussion

4.1. A New Approach for Better Understanding Changes in Rural Settlements

In this study, we developed a new approach to detect the changes of rural residential settlement
at the village scale. In addition to the information about the changes of areas in rural settlements that
most of the previous studies revealed [22-24], our approach allowed us to quantify the changes in
the numbers of the rural settlements, and further classified the rural settlement changes into 5 types
based on changes, including “no-change”, “totally lost”, “shrinking”, “expanding” and “merged”.
Information provided by this approach enhanced our understanding of the changes of rural settlements
during the process of rapid urbanization. For example, we found that from 1984 to 1990, merged
villages were mostly merged into the city built-up area of Beijing, but the number of settlements that
merged into county built-up areas (i.e., satellite cities) increased continuously since 1990 (Figure 5).
These results reflected the changes of the urban development policy in Beijing, and more broadly, in
China. Before 1990, the policy of developing big cities was implemented in China, but the policy was
changed to coordinated development of small towns and cities, with medium-sized and large cities
starting in 1990 [49-51].

Another example is classification of different types of villages based on their changes, which was
not considered in the previous studies [4,52]. With this approach, we revealed that the total number
of settlements that were totally lost or shrunken decreased sharply during the past 30 years, while
that of settlements with no change and merged types both presented “U-shaped” increasing curves.
In addition, most of the rural residential settlements with changes were spatially located in urban
development areas, consisting of 67.32%, 70.24%, and 69.93% of all sampled settlements in Beijing in
different time periods. While we only tested this approach in the Beijing metropolitan area, we would
expect that this approach could be applied in other metropolitan areas for better understanding of
changes in rural residential settlements and their associations with urbanization.

[a—
(\*]
S

®m Merged by CiBA
Merged by CoBA
Merged with a town or villages

[a—
0 O
S O
T

AN
S
T

the number of patches
) o
S <)

LS = B

1984-1990 1990-2000 2000-2010

o

Figure 5. The variation of settlement in different merge types.

4.2. The Effects of Driving Forces on Changes Varied by Time

The observed changes in rural residential settlements in Beijing were affected by both
topographical and distance factors, but their impacts changed through time and varied by types
of change. For example, the settlements that were totally lost were affected by both topographical
and distance factors, but settlements that were expanded or merged were mostly affected by distance
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factors. These results were consistent with previous findings that the topographical conditions such
as elevation and slope increasingly played a less important role affecting where impervious surface
expansion occurs, because the advancement of technology has greatly reduced the construction costs
in areas with high elevation and steep slope [30,53]. Meanwhile, villages that were closer to cities or
transportation typically experienced more development. This result is consistent with findings from
many previous studies [2,54].

Additionally, distance to county (or satellite city) center and to provincial road showed increasing
influence on settlement expansion through time compared to distance to railways or rail stations. This
shift is due to the great changes in means of transportation. For instance, the railway passenger volume
in Beijing has increased 3-fold from 38.77 million in 1984 to 126.09 million in 2014. In contrast, the
highway passenger volume grew 16-fold from 32.87 million to 523.54 million in the same period [26].

4.3. Limitations and Future Research

The accurate mapping and identification of rural settlements is the basis for settlement change
analysis. In order to better understand the change of rural settlement in Beijing over a long time
series, we used Landsat TM images from 1984 to 2010 to obtain the rural residential settlements in this
study. Although we employed the object-based classification approach to improve the classification
accuracy [16], the use of the relatively coarse spatial resolution of 30 m is likely to miss some detailed
information of fine-scale changes in rural settlements [43,55]. The availability of very high spatial
resolution images with sub-meter spatial resolution, such as QuickBird, and Worldview image data,
can provide data to detect fine-scale changes in rural settlements [4,52,56]. Analysis based on such
data is highly desirable in future studies.

In addition, while the PCP of the multinomial logistic regressions (MLR) indicated acceptable
performance of the models [47,48,57,58], the R? values of these models were relatively low, which
suggested that there are other factors affecting the change of village settlements that were not
included. Including more socioeconomic driving factors—such as population, household income and
education—could potentially improve the performance of these regression models.

5. Conclusions

Globally, urban expansion has resulted in dramatic changes in rural landscapes, which have
marked social and eco-environmental consequences. Understanding how rural villages have changed
over time and the drivers of change is crucially important to assess such consequences. Using remote
sensing data to quantify the distribution of rural settlements and their changes has received increasing
attention in the past three decades, but remains a challenge. This study presents a new approach
that can identify five different types of changes at the individual village level by integrating remote
sensing and GIS analyses, using multi-temporal Landsat TM image data. We applied this approach
to quantify the spatiotemporal patterns of rural residential settlements in the Beijing metropolitan
area from 1984 to 2010. We found: (1) 36% of the villages were lost, but the total area of developed
lands in existing villages increased by 34%; (2) Changes were dominated by the type of ‘expansion” in
1984-1990 (accounting for 43.42%) and 1990-2000 (56.21%). However, from 2000 to 2010, 49.73% of
the villages remained unchanged; (3) both topographical factors and distance factors had significant
effects on whether the villages changed or not, and the types of changes they had; but their impacts
changed through time. The topographical driving factors showed decreasing effects on the loss of
rural settlements, while distance factors had increasing impacts on settlement expansion and merging.
Results from this study can enhance our understanding of the changes in rural residential settlements
and their associations with urbanization in the Beijing metropolitan area. While only tested in Beijing,
this approach can be applied in other metropolitan areas as well.
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