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Abstract: Monitoring urban compositions spatially and temporally is a crucial issue for urban plan-
ning and management. Nowadays, remote sensing techniques have been widely applied for urban
compositions extraction. Compared with other remote sensing techniques, spectral indices have
significant advantages due to their parameter-free and easy implementation. However, existing
indices cannot extract different urban compositions well, and some of them can only extract one
composition with less attention to other urban compositions. In this study, based on the water- imper-
vious surface-pervious surface (W-I-P) model, a novel urban composition index (UCI) was developed
by analyzing the robust features from the global spectral samples. Additionally, a semi-empirical
threshold of UCI was proposed to extract different urban compositions (water, impervious surface
area and pervious surface area). Four cities of China were selected as study areas, Landsat-8 images
and Google Earth images were used for quantitative analysis. Correlation analysis, separability
analysis, and accuracy assessment were conducted among UCI and five other existed indices (single
and multiple composition indices) at the urban and global scales. Results indicated that UCI had a
stronger correlation with the ISA proportion and a higher separability between each urban composi-
tion. UCT also achieved the highest overall accuracy and Kappa coefficient in urban compositions
extraction. The suggested semi-empirical threshold was also testified to be reliable and can be
a reference for practical application. There is convincing evidence that UCI is a simple, efficient,

and reliable index for urban compositions extraction.
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1. Introduction

Urbanization is a complex process, with the drastically changing urban areas. Since
the end of the 19th century, urbanization has taken place at an unprecedented rate and
will continue in the future decades [1]. The rapid urbanization brings social and economic
benefits as well as the severe deterioration of the environment and social issues, such as
air and water pollution, loss of biodiversity, urban heat island effect, runoff problems, eco-
nomic and social inequality [2-4]. Therefore, it is essential to monitor urban compositions
timely and accurately for environmental management and local planning [5].

With the relatively low cost and repeat coverage of a large geographic area, remote
sensing techniques have been widely applied to analyze urban compositions [6]. Further-
more, the increasing availability of remote sensing data, especially the Landsat imagery,
has extended the possibilities for both the periodic and high-resolution analysis [7-10].
In the last several years, various approaches have been developed to extract urban com-
positions. These methods can be grouped into three major categories: machine learning
methods, spectral mixture analysis (SMA), and spectral indices [3].

The first category, machine learning methods, includes regression/decision tree
method [11,12], artificial neural network [13], regression modeling [14], object-oriented
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and knowledge-based classification methods [15-17]. Through analyzing and learning
from the collected samples with different spectral and spatial characteristics, the empirical
relationship was obtained and then applied to extract urban compositions from remote
sensing imagery. However, the accuracy of these methods is always reliant on the quality
of the training samples, and it is hard to be applied to a large geographic area [9]. Moreover,
these methods are sometimes subjective [18,19].

The second category, SMA, assumes that the spectrum of one pixel is a linear or non-
linear combination of the spectra of several typical homogeneous compositions, named
endmembers [20-22]. Based on the vegetation-impervious surface-soil (V-I-S5) model pro-
posed by Ridd [23] for parameterizing the composition of urban environments, urban land
covers (except water) can be regarded as the combination of the vegetation, impervious
surface area, and soil. Although the SMA algorithms can acquire sub-pixel endmember
fractions effectively, there are difficulties and challenges in endmember selection, inter-class
variability quantification, and complicated implementation process when applied to map
large areas [20-22].

The third category, spectral indices, has the advantages of effective implementation,
and are considered promising methods due to their parameter-free and convenience in
the applications of land surface information extractions [24]. At present, a number of
indices have been proposed to quantify biophysical compositions of urban areas, as listed
in Table 1.

Table 1. Some typical spectral indices used in urban compositions extraction.

Index Description Urban Compositions Reference
NDWI Normalized difference water index Water [25]
MNDWI Modification norrr.lahzed difference Water [26]
water index
NDVI Normalized difference vegetation index Vegetation [27]
NDBI Normalized difference built-up index ISA [28]

Normalized difference impervious

NDISI . ISA [5]
surface index
BCI Biophysical composition index Soil, ISA and vegetation [29]
MNDISI MOFhfled n.ormahzed d}fference ISA [30]
impervious surface index
PISI Perpendicular impervious surface index ISA [31]
CBCI Combmatlor.u.al blpphy51cal Water, soil, I.SA and [32]
composition index vegetation
ENDISI Enhanced normalized difference ISA [33]

impervious surfaces index

Although spectral indices have been widely applied in mapping different land covers
in urban areas, there still exist some challenges and limitations. First, most of the indices fo-
cus disproportionately on extracting one land cover type with less attention to other urban
compositions. Although the combination of multiple indices can achieve the extraction of
different urban compositions, it would introduce a decision problem in the overlapping
areas of the results due to the limitations of different indices, which is not conducive to
the long-term dynamic monitoring of the urban compositions. Furthermore, the indices
mentioned above cannot separate impervious surface area (ISA) from the soil well, which
would lead to low accuracy in the urban composition extraction. Second, though multi-
composition indices have gradually been proposed (e.g., BCI, CBCI), new problems have
emerged. BClI requires a tasselled cap (TC) transformation [34] first and needs to calculate
the maximum and minimum values of the study areas for normalization, which makes the
BCI cumbersome and not stable enough for dynamic monitoring of urban environments.
BCl is based on the V-I-S model which can extract vegetation, soil, and ISA simultaneously,
but the surface water is ignored. As a fundamental component of the urban environment,
the surface water represents the interactions between urban form and issues (such as cli-
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mate change, flood vulnerability), and should not be ignored. As for CBC], it divides urban
environments into four compositions (vegetation, soil, ISA, and water) while the separa-
tions between these four compositions and the extraction accuracy are not satisfactory. It is
worth noting the lack of uniformity in the division of urban compositions. It seems like that
either a simple urban to nonurban classification or a highly detailed representation of land
cover limits the ability to analyze within-urban dynamics and to produce generalizable
results [35]. Most studies routinely analyze the vegetation and soil separately, neglecting
the increasing importance to represent the soil and vegetation continuum from urban
environments [36]. The soil and vegetation continuum plays a critical role in shaping the
ecological and social context of urban form, highlighting the ecosystem functions they
can support, such as the potential to mitigate the urban heat island effect [37]. Recently,
a new three-dimensional conceptualization model (water, human-constructed elements,
and soil-plant continuum) was proposed [35], which is more suitable for mapping urban
form in the future.

Therefore, in this study, we introduced a water-impervious surface-pervious surface
(W-I-P) conception model based on Wentz’s works [35], which combines the soil and
vegetation as the pervious surface area (PSA) and divides the urban environments into
three fundamental compositions, namely the surface water (Water), ISA, and PSA. Based
on the W-I-P model, we developed a novel and simple urban composition index (UCI)
for urban composition mapping and explored the semi-empirical threshold of UCI. The
remainder of this article is organized as follows: Section 2 introduces the study areas and
data, then presents the methodology of UCI development, including spectral analysis,
formula derivation, threshold selection, and comparative analysis. Results of comparative
analysis with other indices, and applying UCI to Landsat-8 images are detailed in Section 3.
Further, the discussion and conclusions are in Sections 4 and 5.

2. Materials and Methods
2.1. Datasets

To develop a robust and universally applicable urban composition index, we applied
a global land cover validation dataset (data.ess.tsinghua.edu.cn.) for spectral analysis.
The dataset was collected by interpreting Landsat Thematic Mapper (TM) and Enhanced
TM Plus (ETM+) images with the baseline period of 2009-2011, and it was designed for
validating 30 m resolution global land-cover maps [38]. Based on the position information
(latitude and longitude) provided by the dataset, we collected the spectral information of
each land cover samples by looking up the Landsat-5 and Landsat-7 surface reflectance
images (from 2009 to 2011) on the Google Earth Engine [39]. To ensure accuracy and purity,
the samples were first clustered by using Model-based Clustering (MCLUST) software [40].
Then, only 50 percent of the samples that close to the cluster center were retained for
each cluster. Furthermore, the average spectral of each cluster was compared with the
United States Geological Survey (USGS) spectral library [41] and the Santa Barbara Urban
Spectral Library [42,43], and those erroneous samples points whose spectral curves dif-
fered significantly from the spectral library were eliminated. The entire process is shown
in Figure 1.

Considering the number of ISA samples from validation dataset is much less than
others, we added some pure ISA samples from Landsat-8 images to the global spectral
samples dataset by manually interpreting corresponding Google Earth images. Finally,
we obtained 657 ISA (e.g., dark ISA, bright ISA, and others), 1491 soil (e.g., sandy areas,
bare croplands, and other barren lands), 1106 water (e.g., snow, river, ocean, lake, and
others), and 12261 vegetation samples (e.g., broadleaf forests, coniferous forests, crop-
lands, grasslands, and others). The distribution of these global spectral samples is shown
in Figure 2.
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Figure 1. The process of generating the global spectral samples.
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Figure 2. The number and distribution of the global spectral samples.

For comparative analysis, four cities (Harbin, Beijing, Wuhan, and Guangzhou) of
China with different geographical environments are selected as study areas (Figure 3).
Harbin (45°43'N, 126°38'E) is located in southern Heilongjiang, China, and there is an
amount of farmland and bare soil around this city. Beijing (39°55'N, 116°22'E), the capital
of China, is a highly developed city with very high impervious surface coverage. Wuhan
(30° 33'N, 114°17E), the center city of China, most of the area is plain and decorated with
hills and a large number of lakes and ponds. Guangzhou (23° 06’N, 113°15'E), the center
city in southern China with a high degree of urbanization, has a subtropical monsoon
climate. Large areas of soil, water, and the urban regions are helpful for urban composition
extraction analysis. Moreover, these four cities are located in different latitudes with vari-
eties of land covers and different climates, making them suitable study sites for evaluating
urban composition extraction methods. The Landsat-8 OLI images (earthexplorer.usgs.gov)
that free of clouds were used in these four study areas at the spatial resolution of 30 m.
All Landsat-8 images were calibrated to surface reflectance values by using the ENVI
FLAASH module. Another four sub-scenes of the study areas (red rectangle in Figure 3)
were selected for quantitative analysis. The high spatial resolution images (0.54 m) from
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Google Earth were used as the reference data. The acquisition dates of the reference data
are close to that of Landsat-8 images, as shown in Table 2.
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Figure 3. Four study areas: Harbin (a), Beijing (b), Wuhan (c), and Guangzhou (d). The red rectangle
in each image was selected for the sub-scene analysis.

Table 2. Information of the Landsat-8 images and reference data.

Study Date of Landsat-8 Path/Row Date of Google Wavelength (um) of
Areas Images Landsat-8 Earth Images Landsat-8

Band1 (Coastal):
Harbin 7 May 2018 118/28 14 May 2018 0.435-0.451
Band?2 (Blue):
0.452-0.512
Band3 (Green):
Beijing 13 May 2019 123/32 24 March 2019 0.533-0.590
Band4 (Red):
0.636-0.673
Band5 (NIR):
Wuhan 15 September 2018 123/39 16 September 2018 0.851-0.879
Band6 (SWIR1):
1.566-1.651
Band7 (SWIR2):
2.107-2.294

Guangzhou 23 October 2017 122/44 17 September 2017

2.2. Urban Composition Index (UCI)
2.2.1. Principle and Development of UCI

The spectral curves of several typical urban composition samples are shown in Figure 4.
From the blue to NIR bands, the reflectance of the ISA changes gently (slowly rising).
In contrast, the changes in reflectance of soil and vegetation are relatively significant (con-
tinuously or sharply rising). Therefore, Tian et al. [31] select the blue and NIR as the
feature bands to develop an index (PISI) for ISA mapping. Although PISI can extract ISA
successfully with high accuracy, the water has a significant impact on the ISA extraction
(red circle in Figure 5a), because some ISA and water have similar spectral characteristics
in the visible and near-infrared region [44]. However, due to the strong absorption in the
SWIR1 and SWIR?2 bands, the reflectance of water decreases drastically. So the SWIR1 and
SWIR2 bands can be selected to enhance water features and reduce interference with the
ISA [26]. In fact, from NIR to the SWIR1 band, the reflectance of ISA still changes flat
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(slowly increase) while the change about the soil is more pronounced (sharply increase).
However, from SWIRI1 to the SWIR2 band, the reflectance of both ISA and soil starts to
decrease, which is different from the previous pattern (from NIR to the SWIR1 band) and
would reduce the differences between the ISA and soil. So, the blue and SWIR1 bands can
be used to enhance the difference between the ISA and soil, as well as water (Figure 5b).
However, the vegetation would be confused with dark ISA with only the blue and SWIR1
bands used (red circle in Figure 5b). Therefore, the NIR band is also selected as a feature
band to enhance the vegetation characters.

ISA Soil
08 T T T T ] 08 T T T T T
Hokok Gray ISA %% Dry salt flats
[+++ S:uekl?sAA ] [ +++Sandy areas ]
|-~ pac _ [_- - - Bare exposed rock . -
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&= &=
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Vegetation Water and Snow
0.8 — T T T T ] 08 — |
% Broadleaf forests Fkox Lake
[ +++ Needleleaf forests 7 [ +++ Reservoir
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Figure 4. Spectral curves of typical urban compositions. Different curves in each plot represent the
different spectral of each urban composition in the global spectral samples. The true color images are
the Google Earth images of the typical urban compositions in each plot.
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Figure 5. The spectral samples in three feature spaces: blue-NIR (a), blue-SWIR1 (b), and blue —
F(nir,swir1) (¢)- The red dash lines are the diagonal of each plane.

Based on the spectral analysis above, we first define a virtual band (Fng swiri))
which is a weighted sum of the NIR and SWIR1 bands, to enhance the features of the water
and vegetation. Considering that the NIR band would attenuate the difference between the
water and ISA, it is better to take the weight of the SWIR1 band higher than that of the NIR
band for water. Since the high reflectance of vegetation in the NIR band, the characters
of vegetation are still well enhanced with a lower weight of the NIR band. Therefore, we
defined the weighted sum of the NIR and SWIR1 bands as follows:

OSWIR1 ONIR _ 2.0pNIRPSWIRT 1)

E = ONIR + Pswir1 -
(NIRSWIRL) = P ONIR + PSWIR1 P PNIR + PSWIRT  PNIR + PSWIR1

where pyjr is the reflectance of the NIR band and pswr; is the reflectance of the SWIR1
band. The weights of the NIR and SWIR1 bands are dynamically changed that avoids the
setting of a fixed empirical parameter. Furthermore, the band with low reflectance has a
larger weight than the higher one, which is very suitable for this study. Then, according
to the distribution of different urban compositions in blue — Fy;r swir1) feature space
(Figure 5c), we used the normalized difference form of the blue and virtual bands to
construct the urban composition index:

PBive — F(NIR sWiR1)

UcCI = )

PBlue + E(NIR sWIR1)

where ppjy, is the reflectance of blue band, F(yg swir1) is defined in Equation (1).
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2.2.2. Threshold Analysis of UCI

In contrast to other single composition indices (e.g., NDVI, MNDWI, and NDBI), UCI
is a multi-composition index that can separate the ISA, PSA, and water well (Figure 5c).
So, once the extraction thresholds of each urban composition are determined, UCI can
extract the three urban compositions (ISA, PSA, and water) simultaneously. Although some
thresholding algorithms can be applied, such as OTSU [45], max entropy [46], minimum
error [47], these algorithms are time-consuming, and the results are strongly related to the
histogram distribution of samples. In this section, we tried to explore a semi-empirical
threshold of UCI for urban compositions extraction. First, Equation (2) can be transformed
as follows:

P/ Fnir swirt) — 1.0

 PBiue/ Finir swirt) + 1.0
where Fnig swiri) is the function of the NIR and SWIR1 bands, defined in Equation (1).

PBlue i the reflectance of the blue band. In the blue —F(yg swir1) feature space, when
PBiue/ FNIR swir1) = tan 6, the Equation (3) can be simplified as follows:

UCI 3)

UcClI = % = tan(0 — 1t/4) 4)

From the Figure 5c, we can approximately determine the distribution of PSA (vegeta-

tion and soil), ISA, and water in blue — Fyg swir1) space (Figure 6). So, any given point

P in blue — F(yir swir1) feature space corresponds to a unique isoline, PO. If ZPOA =6,

UCIpp = tan(0 — t/4). As shown in Figure 6, the PSA is close to the line OA, ISA is

close to the line OB, the water is close to the line OC. Therefore, 8 = 71/4 can be used to

extract water in advance. Then, we use the bisector of ZBOA to separate the ISA and PSA
approximately, namely the line OD. Therefore, the upper threshold of UCI is:

tan(t/4 — t/4) = 0.0 5)
C B
7/
/
/ 7
/ | e
7
/ ' /-
© / | A
= | ! . - :
5|iwater 77 7P lp
i NGy
N 7 ; PR
[ EARV e 4 -
\ / / /”” ........ )
- /).-4”'"’ - -
//r;’/ 7 w _,,'/-
19 L. =T
(o] A
F NIR swIR1)

Figure 6. The conceptual graph about the distribution of PSA, ISA, and water in ppg;,,, — F(NIR,SWIRY)
feature space. The quadrilateral OABC is square. The red dash line OB is the diagonal of the plane,
and the red dash line OD is the angle bisector of ZBOA. P is an any given point in the space, and
ZPOA =6.

The lower threshold of UCI is:

tan(rt/8 — m/4) = —0.414 (6)
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Thus, samples falling in the interval (0.0, 1.0] can be discriminated as water, samples
falling in the interval [—0.414, 0.0] can be discriminated as ISA, and samples falling in the
interval [—1.0, —0.414) can be considered as PSA.

2.3. Comparative Analysis with Other Indices

To assess the performance of UCI in urban composition extraction, five indices,
MNDWI, CBCI, PISI, BCI, and NDBI were selected for comparative analysis. It is worth
noting that MNDWI, PISI, and NDBI are single composition indices that can only extract
one urban composition (e.g., water or ISA), while BCI and CBCI are multi-composition
indices that can extract multiple compositions of the urban. This comparative analysis was
carried out at both the global scale and the urban scale. On the global scale, the selected
global spectral samples (see Section 2.1) were used as the validation sets. On the urban scale,
the validation sets were obtained by randomly selecting pure samples in the four experi-
mental areas. Finally, we collected 1274 samples (ISA:436, PSA:406, Water:432) in Harbin,
1208 samples (ISA:436, PSA:535, Water:237) in Beijing, 1077 samples (ISA:433, PSA:492,
Water:152) in Wuhan, and 1193 samples (ISA:478, PSA:501, Water:214) in Guangzhou.

By comparing to the single and multiple composition indices at different scales, it can
provide a comprehensive analysis to UCI performance. The formulas of these indices are
as follows:

MNDWI — OGreen — PSWIR1 (7)
OGreen + PSWIR1

NDBI — PSWIR1 — PNIR ®)

PSWIR1 + PNIR

(H+L)/2-V
BCl= ——— 9
(HiL)/2+V ©)
PISI = 0.81920p), — 0.57350N1r + 0.0750 (10)
CBCI = (A+1)(MBSI) — (OSAVI) + A (11)
MBSI = Z'O(pRed — PGreen) (12)

PRed =+ PGreen — 2.0

_ PNIR — PRed
OSAVI iR+ P 4 016 (13)
where PB1ye, PGreen, PReds PNIR, and pswir1 represent the reflectance of the blue, green, red,
NIR, and SWIR1 bands, respectively. The H is the normalized TC1; L is the normalized
TC3; V is the normalized TC2, where TC1, TC2, and TCS3 are the first three Tasselled Cap
transformation components. A is the correction factor, and 0.51 is selected as the optimal
value for A [32].

2.3.1. Separability Analysis

To quantifying the separability between each urban composition among the different
indices, the Jeffries—Matusita distance (J-M distance) [48] was used. The ]-M distance with
a greater value indicates higher separability between the two classes. Specifically, the ][-M
distance with a value less than 1.00 indicates poorly separable, and if the value is larger
than 1.38, it indicates a high degree of separability [49]. The equations are as follows:

M = 2(1 - e—B) (14)
1 (Ci+Cj). * 1 L?’
B L) LD )+ b | L (15)
gl =t o (o) zn[ |CiHCJ’|]

where p; and y; are the mean vectors of two classes, C; and C; are the covariance matrix.

(1i — uj) T represents the transpose of the vector (#i — pj), Ci ! represents the inverse of
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the covariance matrix C;, |C;| represents the determination of the covariance matrix C;.
In this study, the input data was single-band data, the covariance was replaced by variance.

For a comprehensive comparison, the JM values between the PSA and ISA (JMpj),
ISA and water (] M w), PSA and water (] Mpyy) in each index (UCI, PISI, CBCI, BCI, NDB]I,
and MNDWI) were calculated. On the global scale, since the number of the vegetation, soil,
ISA and water samples are unbalanced, we randomly selected 250 samples from each of
the four categories. So, there were 1000 samples in totals. Then, we repeated it 1000 times
to calculate the mean JM values. On the urban scale, we adopted the pure samples selected
from the study areas for analysis (see in Section 2.3).

2.3.2. Correlation Analysis with ISA Proportion

On the one hand, in the real urban environment, the mixing of ISA and PSA is
predominantly the case and the mixing of water and other urban compositions only occurs
at the boundary of surface water. On the other hand, one index cannot be linearly correlated
with multiple (three or more) compositions at the same time. So, in this research, we
restricted the application scene to a mixture of ISA and PSA and focused on the correlation
analysis with ISA proportion.

In this part, four sub-scenes of the study areas were selected to analyze the correlation
between UCI and ISA abundance of the mixed pixels (red rectangle in Figure 3). Each
sub-scene has different roofs (new, old, red, black, white, grey, etc.), which makes the
correlation analysis more reliable (Figure 7). To analyze the correlation between UCI and
ISA proportion, the corresponding Google Earth images with high resolution were used to
determine the proportion of ISA in each pixel of Landsat-8 images in sub-scenes. By visual
interpretation, the high-resolution images were classified into the water, PSA, and ISA, then
the proportion of each land covers in the corresponding pixel of Landsat-8 images were
calculated. To ensure the same number and uniform distribution of scatter points in each
correlation plot, the continuous interval of ISA proportion (from 0 to 1.0) was divided into
200 units, then the mean index value in each unit was calculated. So, there are 200 points
in each correlation plot.
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Figure 7. High-resolution images of the sub-scenes. (a—d) are the sub-scenes selected from Harbin,
Beijing, Wuhan, and Guangzhou, respectively (red rectangle in Figure 3).
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2.3.3. Accuracy Assessment

Further comparisons were conducted by assessing the accuracy of urban compositions
extraction. Considering that PISI and NDBI are proposed for ISA extraction while MNDWI
is for water, we combined these single composition indices for urban compositions extrac-
tion. BCI can extract three urban compositions (vegetation, soil, and ISA), but the water is
ignored. So, when applying the BCI for urban compositions extraction, the MNDWI was
used to extract the water first. In this experiment, the proposed threshold [0.0126, 0.1462]
of PISI was used for ISA extraction [31], and the value of MNDWI greater than 0 was
considered to be water. Since NDBI, BCI, and CBCI do not have the suggested extraction
threshold, the extraction thresholds of these indices were determined by iteration. For each
threshold, the corresponding total errors were calculated. In detail, the total errors contain
the errors that the target class is misclassified into other classes, and the other classes are
misclassified into the target class. When the sum of the total errors was minimal, the opti-
mal threshold was determined. To analyze the performance of the proposed semi-empirical
thresholds for UCI, the overall accuracy (OA) and Kappa coefficient of the semi-empirical
thresholds and iteration thresholds were all calculated.

Similarly, on the global scale, considering the unbalanced number of the vegetation,
soil, ISA, and water samples, we randomly selected 250 samples from each of the four
categories. So, there were 1000 samples in totals. Then, we repeated it 1000 times to calculate
the mean values of the overall accuracy and Kappa coefficient. On the urban scale, we also
adopted the pure samples selected from the study areas for analysis (see in Section 2.3).

3. Results

In order to analyze the performance of UCI in urban compositions extraction, we first
mapped the Landsat-8 images with UCI (Figure 8). Then the comparative experiments
were carried out on the global and urban scales, and the analyses of results were conducted
from two aspects: comparison with multiple composition indices and comparison with
single composition indices. To analyze the ability of each index in separating the urban
compositions, the histograms of each urban composition in different indices were plotted
in Figure 9, and the separation level was quantified by using JM distance (see Tables 3-5).
In detail, the results of the separability between PSA and ISA were listed in Table 3,
the results of the separability between ISA and water were listed in Table 4, and the results
of the separability between PSA and water were listed in Table 5. The correlation with each
index value and ISA proportion was shown in Figure 10. And the results of the accuracy
assessment were listed in Table 6.

Table 3. The JMpj values of six indices in four cities (Harbin, Beijing, Wuhan, and Guangzhou) and
Global samples. JMp; denotes the separability between PSA and ISA. The results are reserved for
two decimal places. The max value of each column is in bold.

Index Harbin Beijing Wuhan Guangzhou Global
ucl 1.60 1.37 1.39 1.38 1.20
PISI 0.91 1.05 1.32 1.33 0.85

CBCI 0.82 0.82 1.04 1.31 0.91
BCI 1.03 0.81 1.15 0.50 0.40

NDBI 0.95 0.44 0.48 0.86 0.51

MNDWI 1.34 0.63 0.32 0.71 0.98
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Figure 8. Applying urban composition index (UCI) to Landsat-8 images of four cities: Harbin (a), Bei-
jing (b), Wuhan (c), and Guangzhou (d). The true-color images are Landsat-8 images corresponding
to the red rectangle areas in UCI images of four cities.

Table 4. The JMjy values of six indices in four cities (Harbin, Beijing, Wuhan, and Guangzhou) and
Global samples. J M| denotes the separability between ISA and water. The results are reserved for
two decimal places. The max value of each column is in bold.

Index Harbin Beijing Wuhan Guangzhou Global
ucI 2.00 1.80 1.99 2.00 191
PISI 1.06 1.18 0.38 0.90 0.63

CBCI 1.87 151 1.35 1.82 0.73
BCI 1.04 0.58 1.20 0.25 0.61

NDBI 1.63 0.90 1.43 1.87 1.28

MNDWI 2.00 1.89 2.00 2.00 1.93

Table 5. The JMpyy values of six indices in four cities (Harbin, Beijing, Wuhan, and Guangzhou) and
Global samples. JMpyy denotes the separability between PSA and water. The results are reserved for
two decimal places. The max value of each column is in bold.

Index Harbin Beijing Wuhan Guangzhou Global
ucI 2.00 1.98 2.00 2.00 2.00
PISI 2.00 1.83 1.88 1.91 1.26

CBCI 2.00 1.77 1.91 1.97 1.27
BCI 2.00 0.85 1.17 1.13 0.92

NDBI 1.94 0.22 0.85 0.48 0.52

MNDWI 2.00 1.99 2.00 2.00 2.00
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Figure 9. The distribution of different land covers in UCI, PISI, CBCI, BCI, NDBI, and MNDWI:
Harbin (a) Beijing (b), Wuhan (c), and Guangzhou (d).

Table 6. Overall accuracy (%) and Kappa coefficient of different methods for urban compositions

extraction in four cities (Harbin, Beijing, Wuhan, and Guangzhou) and Global samples. The results

are reserved for two decimal places. The max values of results for different cases (using the iteration
threshold or not) are in bold.

Index Harbin Beijing Wuhan Guangzhou Global
OA Kappa OA Kappa OA Kappa OA Kappa OA  Kappa

ucCI 97.17 0.96 93.13 0.89 91.09 0.85 93.13 0.89 94.60 0.91
PISI + 6711 050 9222 0.88 8672 0.79 90.61 0.85 91.58 0.85
ucr* 98.19 097 97.68 0.96 9452 0.91 95.39 0.93 9544  0.93
CBCI* 8744 081 8353 074 8997 084 9246  0.88 8747 077
BCI *+ 9262 089 9023 0.85 9211 0.87 8541 0.77  84.78 0.76
NDBI *+ 51.18 026 7384 0.60 76.51 0.62 8424  0.75 73.40 0.53

*: Using the iteration threshold. +: Applying MNDWI for water extraction.
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Figure 10. The correlation analysis of UCI, PISI, CBCI, BCI, and NDBI in four sub-scenes: Harbin (a),
Beijing (b), Wuhan (c), and Guangzhou (d). There are 200 points in each plot, and the correlation
coefficients (R?) are calculated, respectively.

3.1. Applying UCI to Landsat-8 Images

UCI was applied to the Landsat-8 images of Harbin, Beijing, Wuhan, and Guangzhou
cities of China by using Equation (2), and the results of the four cities are shown in Figure 8.
For a better display, the results were rendered in different colors. The vegetation and soil
areas are green (or light green) with a negative value, the water areas are blue (or light
blue) with a positive value, and the ISA are orange with a negative value. For a simple
verification, the true-color Landsat-8 images of the city center were displayed in Figure 8.
Obviously, UCI can separate each urban composition well, and the UCI values of PSA, ISA,
and water correspond to what has been analyzed in the threshold analysis (in Section 2.2.2).

3.2. Comparisons with Multiple Composition Indices

BCI and CBCI are recognized as multiple composition indices, which can extract
multiple urban compositions simultaneously. However, the drawbacks of BCI and CBCI
are also evident in the poor separability between each urban composition. As listed in
Tables 3-5, the [Mp;, [Mjw, and [Mpy values of BCI and CBCI are all less than UCI.
In addition, BCI is based on the V-I-S model, so it cannot separate the water from other
urban compositions which can be observed in Tables 4 and 5, and Figure 9. Another
worthy observation is that the distribution of each urban composition in BCI varies with
the experimental areas (see the plots of BCI in Figure 9). It is because BCI needs to calculate
the maximum and minimum values of the study areas for normalization, which makes
the BCI less stable. Although CBCI can separate the water from other urban compositions,
its overall accuracy and Kappa coefficient of urban compositions extraction on the urban
and global scales are all lower than UCI (see Table 6). Compared to BCI and CBCI, UCI
can extract multiple compositions with a higher degree of separation and has a higher
correlation to ISA proportion (Figure 10). It is noteworthy that none of the BCI and CBCI
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are given thresholds for the urban composition extraction, which must be obtained in
other ways. Though the optimal thresholds are obtained by iteration in this study, the
overall accuracy and Kappa coefficients of BCI and CBCI on the urban and global scales
are all lower than UCI, whether the semi-empirical threshold (except Wuhan) or iterative
threshold is used for UCI. And from Table 6, it can be seen that the overall accuracies and
Kappa coefficients of UCI by using the semi-empirical threshold are only slightly lower
than using the iterative threshold. However, the iterative threshold is time-consuming
and reliant on the quality of the training samples in practice. In addition, the iterative
threshold is not feasible when there is no training sample. In this case, the semi-empirical
threshold is more advantageous for practical applications. In a word, UCI is much better
than BCI and CBCI no matter in urban compositions extraction or in the correlation with
ISA proportion. And the semi-empirical threshold is reliable, which can be used as a
reference in the real application.

3.3. Comparisons with Single Composition Indices

In this study, the NDBI, PISI, and MNDWI are recognized as single composition
indices. NDBI is a classical ISA index, while PISI is an excellent ISA index proposed
recently. However, NDBI cannot separate ISA and PSA well with significant overlap in
the histograms of ISA and PSA in Figure 9. This observation is also supported by the
lowest correlation coefficients in four cities (Figure 10) and the lower values of [Mp; in
Table 3 (all less than 1.0). So, even if an iterative threshold is used and using the MNDWI
to extract the water first, the overall accuracy and Kappa coefficients of NDBI are low at
both global and urban scales (Table 6). PISI has a higher correlation with ISA proportion
than NDBI, but is a little lower than UCI, as shown in Figure 10. PISI can separate the
ISA and PSA well in Beijing, Wuhan and Guangzhou with the [Mp; values are greater
than 1.0, but not well in Harbin and global spectral samples with the [ Mp; values are less
than 1.0 (Table 3). Since PISI cannot separate the ISA and water well (see Figure 9), it must
combine the MNDWI for urban compositions extraction. Furthermore, we find that the
combination of PISI and MNDWTI obtain a bad performance (OA: 67.11%, Kappa: 0.50) in
Harbin (Table 6), which indicates that PISI is not applicable to the areas like Harbin, where
there is much farmland. MNDWTI is a famous water index, which can separate the water
and other urban compositions well with the JMjy and JMpy values that are all closing
to 2.0 (see Tables 4 and 5). Because MNDWI focuses only on water extraction, it cannot
separate ISA and PSA well with the [ Mp; values in Beijing, Wuhan, Guangzhou, and global
spectral samples are all less than 1.0 (Table 3). UCl is better than PISI in separating ISA and
PSA, with the highest JMp; values (Harbin: 1.60, Beijing: 1.37, Wuhan: 1.39, Guangzhou:
1.38, Global samples: 1.20) and highest correlation coefficients (Harbin: 0.907, Beijing: 0.835,
Wuhan: 0.876, Guangzhou: 0.900). UCI is as good as MNDWTI in water extraction, with
the [Mpw and JMpw values of UCI are all closing to 2.0 and just a little less than MNDWI
(the differences are less than 0.1, see Tables 4 and 5).

Though the combination of different indices may make up the defect that only one
composition can be extracted from a single index, other problems are occurring. In this
study, we carefully analyzed the extraction of urban compositions with the combination of
PISI and MNDWI due to their good performance in ISA and water extraction. As shown in
the second column of Figure 11, there are some overlapping regions in the extraction results
of PISI and MNDWI, which makes it impossible to determine the category of these regions
specifically (see the black regions). For further comparison analysis, the MNDWI extraction
results were considered more credible than PISI in this study. Therefore, we extracted
water with MNDWI firstly, then applied PISI to extract ISA, and the remaining region was
considered as PSA. However, as shown in the third column of Figure 11 (red circle regions),
MNDWI has limitations that some white roofs can be misclassified. As for PISI, it also
has limitations in ISA extraction (red rectangle regions of Figure 11a—c). It indicates that
the combination of the two indices does not guarantee the combination of their strengths,
but weaknesses sometimes. For UCI, it has the advantages of these single composition
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indices and achieves better results in all four experimental areas shown in Figure 11.
Although there are also cases of misclassification for UCI (some white roofs in Figure 11c
and red circle and rectangle regions in Figure 11d), its total errors are much smaller than
the combination of PISI and MNDWI. As listed in Table 6, even if the single composition
indices are combined, they are still worse than UCI in urban compositions extraction.

T ISA B Water Bl Uncertain

Figure 11. The visual comparison of UCI and the combination of PISI and MNDWI about urban
compositions extraction in four cities: Harbin (a), Beijing (b), Wuhan (c), and Guangzhou (d). The
first column is the true-color images of Landsat-8 images (size: 126 x 126 pixels). The second column

is the result of the combination of PISI and MNDWTI with the overlapping areas are identified as
uncertain areas. The third column is the results of the combination of PISI and MNDWI, and the
uncertain areas are identified as water by MNDWI. The last column is the results of UCI by using the
semi-empirical threshold.

4. Discussion

For better representation and monitoring of the urban environment, UCI was proposed
based on the W-I-P model. The formulation of UCI was derived by analyzing the spectra
of typical urban compositions and the distribution of ISA, soil, vegetation, and water in
blue-NIR-SWIR1 feature space. Then, UCI was evaluated quantitatively compared with
multiple and single composition index (PISI, NDBI, MNDWI, BCI, and CBCI) on the urban
and global scales, respectively. The results indicated that UCI can extract three urban
compositions (water, ISA, and PSA) with a higher degree of separability, overall accuracy,
and Kappa coefficient. Additionally, UCI also had a higher correlation with ISA proportion,
compared to PISI, NDBI, BCI, and CBCI. Obviously, UCI is an excellent index that has the
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advantages of those single and multiple composition indices, and provides a simple and
efficient method for monitoring the dynamic change of land cover in urban environments.
Furthermore, UCI was developed by analyzing the global spectral samples, which makes
the UCI more robust. So, UCI can be used in various urban environments, not only in
the four cities of China in our study. As shown in Figure 12, we also applied UCI to
map four cities of America (New York, Saint Louis, Oklahoma, and Phoenix) and used
the semi-empirical threshold to extract ISA. Besides, UCI can also serve as a convenient
spectral enhancement method for urban land covers, which is helpful to other methods in
land cover classification, endmember extraction, etc.

0 510 20 30 40 v .
- — e Kilometers H Non-ISA [ JiIsA

Figure 12. Applying UCI to Landsat-8 images of four cities in America: New York (a), Saint Louis
(b), Oklahoma (c), and Phoenix (d). The first column is the true-color images of Landsat-8 images,
the second column is the UCI images rendered in different colors, and the last column is the ISA
extraction results by using the semi-empirical threshold.

However, some aspects need to be clarified. First, the construction of the W-I-P model
needs the support of Wentz’s work [35], we acknowledge the important insights from his
work such as the deeper meaning of the W-I-P model which are illustrated in more details in
his article. So, in this study, we focus our research and discussion on the index construction
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based on the W-I-P model. Second, due to the consideration of some experimental purposes
and the consistency of acquisition date between Landsat-8 images and high-resolution
images from Google Earth, the date of the Landsat-8 images in the four study areas are
quite different. Therefore, the seasonal effect was not considered in our study, we just
focused on the impact of different urban environments on urban compositions extraction.
Third, the semi-empirical threshold proposed here should be used as the reference and need
minor adjustments if you want to acquire the optimal precision in different urban scenes.
Finally, UCI may not handle the mixed pixels with multiple compositions well, and it is
more suitable in urban environments where the mixing of PSA and ISA is predominantly
the case.

In this study, UCI was developed by analyzing the global spectral samples selected
from Landsat imagery, and the experiments and threshold selection were all based on
Landsat imagery. So, in future work, we will explore the application of UCI in other remote
sensing imagery (e.g., Sentinel 2A /B imagery). In addition, UCI is based on the W-I-P
model and divides the urban environments into three compositions (PSA, ISA, and water)
which is closely related to the urban hydrological model and the urban water cycle [50-53].
So, we will not only explore the potential application of UCI in monitoring the dynamic
change of urban composition but also in urban hydrological modeling and urban water
cycle analysis.

5. Conclusions

With the increasing concern about urbanization issues, it is critical to develop a simple
and excellent spectral index to extract urban compositions. In this study, based on the
W-I-P model, we selected the blue, NIR, and SWIR1 bands as feature bands after analyzing
the global spectral samples, and then we proposed an urban composition index (UCI)
and suggested the semi-empirical threshold of UCIL The experimental results showed that
UCI had the highest correlation with ISA proportion, and was of the optimal separability
between each urban composition (ISA, PSA, and water), and could achieve the highest
overall accuracy and Kappa coefficient in urban compositions extraction on the urban
and global scale compared with either the single composition indices (PISI, NDBI, and
MNDWI) or the multiple composition indices (BCI and CBCI). Furthermore, the proposed
semi-empirical threshold was proved to be reliable and can be a reference for practical
applications. In addition, UCI did not need other pre-treatments except atmospheric
correction. So, we believed that UCI would have great potential for urban compositions
mapping dynamically, or other applications like urban hydrological modeling, and urban
water cycle analysis.
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