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Abstract: The detection of temporary color steel buildings and the analysis of their spatiotemporal
patterns and characteristics are of great importance in many developing cities, because areas
densely distributed with color steel buildings are usually problematic regions with high population
density, sustainable development and risk level, which are challenging for local governments.
Using the high-resolution satellite images of the Anning District, Lanzhou City, China as the case
study, this paper first extracts the information of the color steel buildings for two different periods.
Then the spatiotemporal distributional characteristics of the color steel buildings are analyzed,
both at small scale (temporary buildings) and large scale (planthouses, warehouses, etc.). Finally,
this paper utilizes kernel density estimation, Delaunay triangulation and Voronoi diagrams to
examine the spatial distribution, aggregation and proximity characteristics of the color steel
buildings. Our experiments show that the temporal and spatial differences of urban development,
the phased characteristics and urban space are represented by various types of color steel buildings.
Thus, there are some robust coupling relationship between color steel buildings, urban spatial form
and urban development.
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1. Introduction
Buildings are strongly related to the urban space form [1-3] and urban functional zones [4].
The issues of urban planning, governmental policies, population changes, urban environmental
issues, socio-economic development, and other cultural values are directly or indirectly reflected
by the changes of urban space form and urban landscape [5-7]. Moreover, the internal imbalance
of urban areas, the spatial distinctions of urban development, the extent of development as well as
other issues are also reflected by buildings [8-9].
Color steel buildings (CSBs), including factories and kiosks, warehouses, temporal sheds,
and temporary residential houses, are very common in the suburban areas of many developing
cities of China [10]. In recent years, CSBs have also been temporarily constructed in new
economic development zones, urban fringes and urban villages. The areas with large number of
CSBs have received much concerns from governments and NGOs due to the high fire and crime
risks, serious pollution and weak livable environment in these areas. Besides, the number of CSBs,
spatial distribution and aggregation characteristics of CBSs have close relationship with the
internal imbalance of urban function, the differences of population structure, and the level of urban
economic development.
Since CSBs are relatively small in more developed cities and have attracted less attention
from scholars’ part. By now the changing relationships between urban space form and CSBs have
not been found in recent literatures. However, some studies utilize roads, green areas and
nighttime lighting to study urban problems [11-13]. For example, spatial structure and landscape
of a city can be effectively represented by the density of residential areas and commercial
development [14-15]. Based on DMSP/OLS, NPP-VIIRS and SPOT-VGT image data, the
characteristics and dynamics of urban expansion are extracted and analyzed [16-17]. Other studies
utilized high-speed railways to analyze the evolution and impact of urban aggregations and urban
space form [18-20].
In some related studies, kernel density estimation has been widely used for spatial density
evaluation which considers the decay impact of services based on Tobler’s First Law of
Geography. For example, some work uses kernel density estimation to analyze central business
districts [21], spatial distribution characteristics of healthcare facilities [22-23], and crime
prediction [24-26]. In some work the Delaunay and Voronoi methods have been adopted for
exploring spatial distribution, influence scope, and proximity of geographic entities [6, 27-28].
Some studies have analyzed urban land spatial pattern based on an extended Voronoi diagram [29].
Other study investigated spatial aggregation and generalization of massive movement data [30].
Like road network [31-32], green space [33], commercial area, urban functional zones [34] ,
scenic spots, etc., CSBs are a part of urban landscape, and their spatial distribution and
aggregation characteristics can effectively express the characteristics of urban spatial structure.
However, there is still a lack of such work. To resolve this issue, in this study, information on
CSBs is extracted from GF-2 high-resolution images and Quickbird-2 images, and the spatial and
temporal distribution and spatial aggregation characteristics of CSBs in the Anning District,
Lanzhou City are analyzed with the kernel density estimation and Delaunay-Voronoi methods.
Results of this study can help to reveal how CSBs affect urban spatial structure and sustainable
urban development from a new perspective.

2. Study area and data
2.1 Study area
The study area is one part of the Anning District of Lanzhou City, which is the capital city of
Gansu Province and located in a typical valley in western China. As shown in Figure 1, the area is
located on the north of the Yellow River, and also is distributed in strips.
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Fig. 1. Location of the study area

The district has been recently built, but its development speed is very rapid in recent years.
The large enterprises in the district are clustered and form a unique economic and technological
development zone, which is ranked national-level in China. The district is full of educational
institutions (such as school, college and university), and many large-scale parks. Therefore, the
greenery proportion is relatively high.
At present, urban transformation and upgrading is undergoing in the Anning district.
Temporary CSBs are widely spread in the new technology development areas, urban fringes,
urban-rural junctions and urban villages. The densely distributed CSBs are mainly temporary
residential building tops and new technology development zones including small and
medium-sized warehouses and carports (Figure 2). Therefore, this area is chosen as the study area.

(a) Houses

(b) Temporary construction sheds

(c) Warehouse

Fig. 2. Photos of color steel buildings

2.2 Data
To analyze the characteristics of the spatial-temporal changes of CSBs in the study area, this
study selects Chinese GF-2 satellite and US Quickbird-2(QB-2) images for CSBs extraction. The
GF-2 imagery was 4m in multi-spectrum bands and 1m in panchromatic band, and acquired on
2017-08-04. The QB-2 imagery was 2.44m in multi-spectrum bands and 0.61m in panchromatic
band and acquired on 2005-10-25. Of them, the multi-spectral images of GF-2 and QB-2 are the
original images, which include four bands, blue-light band, green-light band, red-light band and
near infrared band.

3. Methods
Through preliminary analysis of the CSBs and remote sensing interpretation, it is found that
spatial aggregation characteristics of the CSBs are relatively obvious. For further analysis, we
used geographical statistics analysis, kernel density estimation (KDE) and Delaunay-Voronoi
method to analyze the aggregation characteristics, spatial distribution and proximity of the CSBs.
Figure 3 shows the technical route of CSBs’ extraction and analysis and includes three steps:
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CSBs extraction from VHR images, and analyses of spatiotemporal change and aggregation
characteristics.
Quickbird2 fusion images

GF-2 fusion images
Color steel buildings
extracting

color steel buildings (2005)

color steel buildings (2017)

Temporal and spatial
changes analyzing

Spatial aggregation
characteristics analyzing

KDE analysis

Spatial proximity
analysis

Analysis and discussion

Fig. 3. The technology route of color steel buildings’ extraction and analysis

3.1 CSB extraction
The CSBs are distributed dispersedly, and their sizes, heights and types differ greatly.
Abundant spatial information is contained in high-resolution satellite remote sensing imagery.
Therefore, these images can be effectively utilized to extract the CSBs.
Since the individual area of the CSBs is relatively small, therefore the GF-2 and QB-2 images
were first matched and fused to improve the resolution and interpretation accuracy. The spatial
resolution of the GF-2 fused images is 1 meter, and QB-2 fused images is 0.61 meter. Second, the
manual interpretation method was utilized to extract CSBs. Finally, the corresponding area for
further analysis and processing was utilized to classify and code the extracted information on
CSBs.
In summary, the specific algorithm flow of CSBs’ extraction is shown in Figure 4.
GF-2 images
QB-2 images

Original images
Geometric Correction

Panchromatic band

(1) GF-2 & QB-2
(2) Pan & Mul

Multispectral band

Image fusion

GF-2 fusion images
QB-2 fusion images

Image cropping

Color steel buildings extracting

Manual interpretation

Fig. 4. The technology route of color steel buildings extraction

GF-2 images used in this study are shown in Fig. 5 and Fig.6. The different types of CSBs are
represented by blue, white and green map spots. Figure 5(a) is an image of Lanzhou city
university (LCU), the experimental secondary school (ESS), Liujiapu primary school and the
surrounding area. The CSBs in this area are mainly located in urban villages which are distributed
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around the universities and secondary schools according to the field surveys. Most of them are
small CSBs which are utilized for temporal residence and commercial purposes. Figure 5 (b)
shows the extracted outlines of the CSBs. An image of Gansu Snow Brewery near the site is
shown in Figure 6(a). Large-scale CSBs such as warehouses, companies’ plants and factories,
occupy most of the area which is located within the New Technology Development Zone in
Anning District of Lanzhou City. The extracted color steel building information is shown in Figure
6 (b).

(a) Around LCC/ESS

(b) CSBs extraction results

Fig. 5. Small CSBs extraction based on GF-2 images

(a) Near Gansu Snow Brewery

(b) CSBs extraction results

Fig. 6. Large CSBs extraction based on the GF-2 images

3.2 Kernel density estimation
In point pattern analysis [35-36], KDE is an effective method and the situation, in which the
center radiation value is positively proportional to the closeness to the core, can be effectively
described by the results of KDE calculation [37-38]. It calculates and exports point density of each
grid cell by using a moving window. The KDE method was used in this study to analyze the
aggregation and spatial distribution characteristics of CSBs.
To perform KDE, the optimal calculation approach is defined as:
(1)
where f(s) is the kernel density calculation function at spatial position s. h is a bandwidth,
which measures the distance attenuation threshold. The number of element points is n, whose
distance from position s is equal to or less than h. The weight function is defined as k function, in
which 4 space weight equations are most commonly used (Eq. 2).
(2)
According to relevant studies [39-40], the density analysis results are only slightly affected
by the weight function. Moreover, the analysis scale and specific issues that directly affect the
results of the density analysis are used to determine the bandwidth (h) value.
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3.3 Delaunay-Voronoi Diagram analysis
The first law of geography states [41] that the information in one spatial unit is related with
the information in the surrounding units, and the units with small distance have large relatedness.
A geographic aggregation is a collection of multiple single objects due to high local spatial
association. A boundary of an aggregation may describe the shape and spatial distribution of the
group.
Related studies show that the uniqueness and empty circle characteristics of the Delaunay
triangulation can correctly represent the spatial proximity between geographical entities. The
Voronoi diagram, also known as the Tyson polygon, is a dual graph of the Delaunay triangulation
[42]. It consists of a set of consecutive polygons, which consist of perpendicular bisectors
connecting two adjacent points. The plane is divided according to the nearest neighbor principle.
The distance from the point in each polygon of the Voronoi diagram to the corresponding scatter
point is closer than the distance from other scatter points [43]. Therefore, the Delaunay-Voronoi
analysis method can effectively study the spatial distribution, influence scope, and proximity of
geographic entities [27]. According to the study, the area size of the Voronoi diagram and the
triangular side length of the Delaunay triangulation represent the spatial distribution characteristics
and density, distance, and other neighboring features of the color steel buildings.
The Delaunay triangulation has several generation methods, such as point-by-point
interpolation, triangulation, and score algorithms. Due to the strong aggregation characteristics of
small CSBs, we adopted the constraint Delaunay triangulation algorithm [44]. According to the
field investigation and analysis, the threshold of the geometrical center distance of the color plate
(Delaunay triangulation side length) is constrained. Therefore, this approach minimizes the size of
the TIN (Triangulated Irregular Network) to guarantee that every vertex and edge of the Delaunay
triangulation contains the properties and spatial relationships of the color buildings.

4. Results and analyses
4.1 Analysis of temporal and spatial changes
Based on Quickbird2 images of 2005-10-25 and GF-2 images of 2017-08-04, a manual
interpretation method was used to extract CSBs in Anning District, Lanzhou City. The
experimental results are depicted in Figure 7.

Fig. 7. Results of CSBs extraction in the main urban area of Anning District, Lanzhou City

As shown in Figure 7, there were only few CSBs in 2005 (red map spots, QB-2 imagery)
compared with that in 2017 (blue map spots, GF-2 imagery).
Taking Wangjiazhuang Village as an example (Figure 8), only 2 CSBs were distributed in this
area in 2005, but more than 130 CSBs were built in 2017. It is clear that there was an extremely
significant increase of CSBs from 2005 to 2015. Areas with increased number of CSBs are
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generally located in the urban villages and new technology development zones.

(a) Quickbird2 imagery (2005)

(b) GF-2 imagery (2017)

Fig. 8. Increase of CSBs number from 2005 to 2017

According to further statistics (Fig. 9), only 265 CSBs were extracted in the study area in
2005, and 6,559 CSBs were obtained in 2017. Based on the field research, image interpretation
and analysis in 2017, the following conclusions may be made. First, most CSBs larger than 200m2
are densely distributed in the new technological development zones. Totally, 2,257 CSBs are
warehouses for factories and enterprises. Second, the CSBs smaller than 200m2 are sparsely
distributed in the urban villages, construction sites and the urban-rural junctions. Third, 4,002
temporary buildings are mainly built on residential buildings. As shown in Figure 9, number of
small-sized buildings constitutes 61% (Fig. 9(a)) of all CSBs, while the area of large-size
buildings constitutes 81% of the total floor area of all CSBs (Fig. 9(b)).

(a) Number differences of CSBs

(b) Area differences of CSBs

Fig. 9. Statistical analysis of the CSBs in 2005 and 2017

Since the number of CSBs in 2005 was too small, the data of 2017 was used for further
analysis. According to field surveys, the area and the corresponding quantities of CSBs were
provided in Fig. 10. Among the buildings in 2017, a large amount of CSBs is smaller than 200 m2,
and their spatial distribution is very concentrated. These buildings, mainly temporary buildings,
carports, are built on the top of residential buildings in city villages. The CSBs with areas of
200-500 m2 take 27% and are mainly scattered in the villages and their surroundings, including
carports, small warehouses and small workshops. The number of CSBs larger than 500m2 is
relatively small, they are mainly located in the high-tech development zone and involve large
warehouses and factories.
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Fig. 10. Number of different types of CSBs in different areas in 2017

4.2 Spatial aggregation characteristics of CSBs
According to the previous study, only a small amount of CSBs was constructed in 2005, and
the number of samples required for analyzing of spatial aggregation characteristics was not
available. Therefore, we used 6,559 CSBs in 2017 as a sample in order to analyze the kernel
density and spatial proximity characteristics.
4.2.1 KDE analysis
According to the extracted data, an empirical calculation method is adopted by the kernel
density bandwidth (h) based on the aggregation characteristics and spatial distribution of CSBs
[45].
(3)
where n is the amount of CSBs, Dm is the median distance from the average center of each
CSB to each CSB, and SD is the standard distance.
First, the kernel density adopts the bandwidth of 200m to estimate the CSB data. The results
are depicted in Figure 11. In the study area, the spatial distribution and aggregation characteristics
of the CSBs are effectively displayed in the kernel density map. It can be observed from Figure 11
that the densely distributed areas of the CSBs were mainly found in two types of areas: the area
surrounding universities, colleges and schools, and the area around some large factories,
enterprises and companies. Because of the concentration of people and logistics in the schools and
surrounding areas, fixed-construction buildings’ rent is relatively high. Therefore, in the
surrounding areas most of which are urban villages, the temporary CSBs are more concentrated in
order to increase rent income because of high population density. Many factories and warehouses
are located in factory-intensive and enterprise-intensive areas. These buildings are mostly
large-area fixed CSBs.

Fig. 11. Distribution of kernel density at the geometric center of CSBs

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 1 April 2019

Second, the CSBs’ areas were utilized by the kernel density as the weight according to above
calculations, and the bandwidth was 200m. The results are depicted in Figure 12. We considered
spatial distribution and aggregation characteristics of CSBs and spatial distribution characteristics
of different types of CSBs. From the figure, large factories, enterprises and companies have the
highest kernel density; among them, areas with the most obvious aggregation features are located
in the streets of Mogao Avenue, Zhongbang Avenue, Lanke Road in the Anning New Technology
Development Zone of Lanzhou City.

Fig. 12. Distribution of kernel density in the CSBs’ area

4.2.2 Spatial proximity analysis
The previous sections of this paper show that CSBs have relatively high aggregation
characteristics, especially obvious for the temporary small CSBs. For further study the aggregation
and proximity characteristics of the temporary CSBs, a Delaunay-Voronoi method was used. In the
experiment, we first calculated the geometric centers of all CSBs (Figure 13(a)). Second, based on
the constrained Delaunay triangulation algorithm, we utilized the geometric centers of CSBs as the
vertices (Figure 13(b)) to generate Delaunay triangulations. The spatial distribution and
aggregation characteristics of the CSBs in Figure 13(a) can be effectively described by these
Delaunay triangulations. Finally, Voronoi diagrams are generated based on a Delaunay
triangulation (Figure 13(c)). The smaller areas of polygons in the Voronoi diagram indicate that
the density of CSBs is higher, and the aggregation characteristics thereof are stronger.
In order to further quantify the proximity characteristics of CSBs, the Delaunay's side lengths
(the distance between the geometric centers of CSBs) and the corresponding amounts in Figure
13(b) were analyzed (Figure 13(d)). The results show that the distance between the centers of the
CSBs is generally about 20 meters, indicating that the CSBs have a very high adjacency
characteristic.
Through the analysis of spatial proximity characteristics of the CSBs, combined with field
surveys, we found that many of the CSBs located in urban villages around some schools
(university, higher vocational school, high school, and elementary school) are very dense, which
reflects the most obvious aggregation characteristics. Moreover, the boundary of the Voronoi
diagram is identical to the boundary of a city village.
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(a)CSBs and its geometric centers

(c) Voronoi

(b) Delaunay

(d) Relationship between center point distance and number
Fig. 13. Analysis of spatial proximity of CSBs

5. Conclusions
In a case study site of Western China, we extracted and analyzed CSBs according to
remotely-sensed data. In this paper, the spatial distribution and aggregation characteristics of the
CSBs can be analyzed by KDE, and the aggregation of various kinds of CSBs can be disclosed by
using KDE through area classification. Based on the Delaunay-Voronoi method, we analyzed the
spatial aggregation characteristics and the proximity of temporary CSBs. It was found that these
buildings are mainly concentrated in shanty towns, urban fringes and urban villages. This shows
that the transitional stage of urbanization is still undergoing. Therefore, some characteristics of the
villages and towns still match those of the community.
In the study area, fixed CSBs with a large area are mainly located in the new technological
development zone. Therefore, they are relatively concentrated, and a temporary CSB is smaller
than the overall, indicating that the study area is undergoing the industrialization and the
commercialization at a certain scale.
In the follow-up research, two areas of improvement are suggested below: (1) The streets
with grid features divide the CSBs. Hence, network kernel density and other estimation methods
can be utilized by the subsequent research work to more effectively analyze the aggregation
characteristics and spatial distribution of CSBs. (2) As the risk of fire and public security often
occur in temporary CSBs zone, we plan to research and analyze possible correlations between
CSBs aggregation characteristics and fire. Typical study examples include population structure,
population proportion, fire passages of areas where the temporary CSBs are densely distributed.
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