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Abstract

Urban spectral indices have made promising improvements
in the last two decades in urban land use land cover studies
through mapping, estimation, change detection, time-series
analyzing, urban dynamics, monitoring, modeling, and

so on. Remote sensing spectral indices are unsupervised,
unbiased, rapid, scalable, and quantitative in information
extraction. Hence, we aimed to summarize the most rel-
evant urban spectral indices by focusing on multispectral,
thermal, and nighttime lights indices. We use the search

P

terms “urban index”, “built-up index”, “normalized differ-
ence built-up area (NDBI)”, “impervious surface index”, and
“spectral urban index” to collect relevant literature from
the “Web of Science Core Collection” database. We found
that all urban spectral indices developed since 2003, except
NDBI. This review will help understand the applications of
urban spectral indices, the selection of indices based on

available spectral bands, and their merits and demerits.

Introduction

Background

In urban remote sensing (Rs), the last two decades produced
numerous promising urban spectral indices for urban land use
land cover (LULC) studies. RS applications are now fundamen-
tal, from urban planning to urban governance. Old maps and
field surveys are outdated and rapidly replaced by RS images
for urban studies (Li et al. 2018). From the mapping of a single
city (Shao et al. 2019, Zhang et al. 2021), regional (Lyimo et
al. 2020) to global land use mapping (Duan et al. 2015; Liu

et al. 2018; Zhang and Seto 2011) are now possible with RS
technology.

Earlier Remote Sensing Urban Studies
Earlier, RS or urban studies were focused on urban area map-
ping, urban land use classification, urban-rural fringe study,
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and urban heat islands (UHI) (Li et al. 2021, Shao et al. 2021). In
the earliest quantitative techniques in urban change detection
studies using RS images, urban and nonurban areas were de-
lineated using the boundaries of vegetated and non-vegetated
areas. This study also introduced the false-color composite by
replacing earlier grayscale images (Howarth and Boasson 1983).

In digital image classification techniques, the importance
of spectral characteristics (Digirolamo and Davies 1994;
Vachon and West 1992) and spectral signature (Dekker et al.
1992; Surin and Ladner 1995) were also increased among
other RS researchers since then.

In the beginning, band ratios were popular first, followed
by normalized urban indices like normalized difference
vegetation index (NDVI). Colwell (1974) first used a band ratio
of near-infrared (NIR) and red bands for vegetation study from
the Landsat multispectral scanner (MSs) sensor. Later, this
ratio was popularized as a simple ratio (SR) (Baret et al. 1989;
Sellers 1987). Afterward, the SR was normalized as vegetation
index (vI) (Rouse Jr et al. 1974) and popularized later on as
NDVI (Huete 1988). Unlike vegetation, urban indices primar-
ily focused on short wave infrared (SWIR) and NIR spectral
regions, where built-up areas reflect more in SWIR electromag-
netic spectrum regions than the NIR region. Using this spectral
information, urban index (UI) is one of the earlier examples of
an urban index in urban RS studies (Kawamura et al. 1997).

Urban Indexing with Multispectral RS

Multispectral RS data sets have popularity among urban re-
searchers because it has a medium spatial resolution, shorter
temporal resolution, spectral resolution with visible NIR, SWIR,
and thermal bands, available global coverage, easy accessi-
bility, and so on. Among the major RS data sources, Landsat
missions have the most extended stable historical archive of
freely available remote sensing instruments (rRsI) with global
coverage among all the multispectral sensors, attracting
researchers for time series analyses. Sentinel-2A/B also has a
better spatial resolution than Landsat, with some visible bands
up to 10 meters. On the other hand, moderate resolution
imaging spectroradiometer (MODIS) has extensive coverage for
regional studies but a very short temporal gap, attracting many
regional studies with low spatial resolution requirements. A
visible/infrared intelligent spectrometer (VIRIS) has better spec-
tral resolution but is limited spatiotemporally. In this way,
each Rs sensor has its merits and demerits. Researchers have
to design their research according to their data availability.

Urban Indexing with Cloud Computing

Computing platforms further widens the possibilities of
many RS studies, including urban studies. Primarily, Google
Earth Engine (GEE), enabling users to study large numbers of
RSI (Gorelick et al. 2017; Shelestov et al. 2017) very quickly.
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Furthermore, it increased computational capacity and sharing
capability in many folds among researchers. These events
triggered an RS big data study in spatial mapping, change
detection, and time series analysis.

Indexing Urban Areas

Spectral Indexing for Urban Studies

Spectral indexing allows quantitative enhancement of RS in-
formation. Indexing facilitates urban RS studies by fusing mul-
tiple data sets, extracting objective information, automating
image processing, avoiding researcher bias, easing scaling-up
operation, bring robustness in RSI data analysis, and overall
speeding-up of urban study.

Prior, unlike vegetation and water indexing, urban spectral
indexing was uncommon. Almost all the indices were devel-
oped after 2000. Initially, urban indexing focused on broad
urban characteristics where the concept of urban was consid-
ered a densely populated place. Subsequent, indices focused
only on the infrastructural characteristics of an urban area.

Finally, the built-up area’s impervious characteristics
were emphasized in indexing as an urban indicator. Both the
built-up area and impervious surface area (ISA) have spectral
similarity with bare soil. Therefore, most of the indices with
built-up areas consider it as a limitation. On the contrary, a
bare soil area is pervious and, by definition, opposite of ISA.
Therefore, researchers emphasized much in solving classifica-
tion problems between bare soil area and ISA.

Index-Based Urban Classification
There are many urban area extraction methods in the RS
domain. Spectral indices are one of them in pixel-level clas-
sifications. It is easy to apply in broad arrays of RS application
than a traditional classification algorithm (Pan et al. 2010).
Spectral indices provide a probability output with continu-
ous value, where classifiers provide discrete values (Xie et
al. 2008) in image classification. Therefore, in quantitative
manipulations, indices are popular among researchers. Even
in subpixel level classifications, indices are popular with
spectral mixing analysis to derive endmembers (Li 2020).
Supervised image classification required sampling as train-
ing data and could not replicate across geographical varia-
tions accurately. In contrast, indexing-based classification is
an unsupervised method, easy to replicate globally, can deal
with big data sources, and has robust characteristics (Datta et
al. 2008; Olaode et al. 2014). Therefore, spectral indices-based
image classifications are becoming popular with various
spatiotemporal studies due to their nonreliability on training
data (Phalke and Ozdogan 2018).

Classification Problems in Urban Indexing
Spectral indices are useful for studying RSI, measuring LULC
classes, and detecting changes of LULC over time. Urban land use
classes are different from the rest of the land cover types where
it is human-made land use, unlike other natural land covers
(Meyer and Turner 1994). Secondly, urban areas are highly het-
erogeneous, fragmented, and mixed with other LULGs. Thirdly,
its spectral signature is confusing where bright pixels have
similarity with dry bare soil and dark pixels have high similar-
ity with shadow, wet bare land, and shallow waterbodies.
Often urban 1SA extraction requires removing nonurban
classes (Khan et al. 2017). Furthermore, other land cover
classes’ spectral indexing can also refine urban classifica-
tion accuracy by removing cloud coverage (Gomez-Chova et
al. 2017), waterbodies (Deng and Wu 2012), and bare soil.
Besides, urban built-up areas and bare soil areas have difficult
classification problems in RS studies with existing multi-
spectral data sets. We present an overview of spectral indices
where few indices dealt with this problem. In addition to
LULC studies, numerous environmental studies used urban
spectral indices.
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Spatial Resolution in Urban Studies
Urban land use is a mixed area with ISA, vegetation, water-
bodies, and bare soil. Coarse spatial resolution RS data such as
Mobis will have very skewed results. Higher spatial resolu-
tion, such as medium resolution RS, can effectively classify RS
images into limited numbers of classes (Ridd 2007). Medium
RS images with 10-30 meters spatial resolution are sufficient
for mapping urban features, but not enough to map urban
heterogeneity. Hence, Landsat missions or Sentinel’s 2A/B
missions are sufficient for urban study with limited accuracy.
Along with land cover mapping (Hester et al. 2010; Jawak
and Luis 2013; Parent et al. 2015), high-resolution RS data
have also been used for specific urban features studies, such
as urban vegetation (Chikr El-Mezouar 2011; Nichol and Lee
2006), urban water stress (Wu et al. 2018), urban landscape
evapotranspiration (Nouri et al. 2014), the building detection
method (Qin and Fang 2014), the earthquake affected build-
ing collapse (Liu and Li 2019), and so on. Although, in this
spatial resolution, there are several accuracy issues because of
mixed pixel problems. RS methods, such as spectral unmix-
ing, can further enhance accuracy at the subpixel level.

Simple to Complex Urban Indexing

Generally, complexity in index formulation is positively re-
lated to accuracy and negatively related to robustness. Simple
indices are robust to use but lack accuracy, whereas complex
indices are more accurate but require more RS information.
Often, this lack of RS information (i.e., spectral bands) makes
complex indices unusable.

For example, vegetation temperature light index (VTLI)
(Hao et al. 2015) and modified normalized difference imper-
vious surface index (MNDISI; ) (Liu et al. 2013) both provide
higher accuracy in comparison with simple normalized differ-
ence built-up index (NDBI) (Zha et al. 2003) but require multi-
spectral, thermal, and nighttime lights (NTL) RS information to
be formulated. While studying time series analysis, research-
ers were trying to use simpler indices so that these indices are
calculatable with available RS data (Capolupo et al. 2020).

Significance of the Study

Among major LULC classes, vegetation has a couple of reviews
articles with spectral indices (Kobayashi et al. 2019; Xue and
Su 2017). On the contrary, there is a shortage of review works
on urban spectral indexing. Besides, there are many urban
indices developed and published in the last two decades.
This review will try to compile most of the important spectral
indices used in urban studies and categorize them. We used
the “Web of Science” database and searched for terms “urban
index”, “urban spectral index”, “normalized difference built-
up index”, “impervious surface area”, and a combination of
these terms, which found a total of 1447 articles within the
English language (Figure 1).
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Figure 1. Bar graph shows yearly publications count and the
line graph shows citation count for urban-related spectral
indices. The search was conducted on 9 January 2021. Only
article literature are included.

PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING



This review summarizes the most used, popular, and
important urban spectral indices from multispectral, thermal,
and nighttime lights RSI. We also classify them according to
their band usage.

In those segments, we discuss their applicability, merits and
demerits, and their band equations. This study will support
researchers studying urban indexing, spectral indexing, and ur-
ban spectral indices. It will assist in understanding the overall
picture of the topic and development phases of urban indices.

Spectral Urban Indexing

Urban indexing began with infrared spectral bands. These
earlier indices were inefficient and built-up areas were mixed
with bare soil. Therefore, new indices were developed us-

ing different bands, such as panchromatic (PAN), coastal,
thermal bands, etc. Later on, complex transformations such
as tasselled cap transformation (TCT), principal component
analysis (PCA), and NTL were introduced to enhance accuracy.
However, the focus shifted from built-up areas to the impervi-
ous surface area. Moreover, complex and multi-source indices
were developed to increase accuracy. Most of the recent
indices focus on enhancing the 1SA and reducing bare soil and
pervious surface areas.

There are numerous active RS sensors available and more
currently under development. We divided these sections
based on the spectral range of the bands. To simplify the dis-
cussion, we used the Landsat mission naming style instead of
wavelength values.

Indices with Visible and Near-Infrared Bands
This section includes a few important urban spectral indi-

ces that used spectral bands ranging from 400-900 nm (see
Table 1). Sensors with 400 to 900 nanometers (nm) of wave-
length are the most common among earth imaging RS sensors.
Satellite, airborne, and even unmanned aerial vehicles, almost
all RS imaging sensors have this range of wavelength.

Usually, urban spectral indexing is popular with SWIR
bands and early urban indices used at least one SWIR band. Es-
toque and Murayama (2015) argued that, besides urban built-
up areas, dried vegetation also showed higher reflectance in
the swirR1 band region. Therefore, they proposed two built-up
indices using visible bands only. They are visible red near-
infrared built-up index (ViNIR-BI) and visible
green near-infrared built-up index (VgNIR-BI).
Among these two, ViNIR-BI works better than

to enhance MBsI over 0SAVI. The strength of CBcI is that it can
distinguish 1SA when mixed with vegetation areas but is not
quite good with soil areas.

Bai et al. (2020) also argued that removing waterbodies can
significantly increase the ISA extraction accuracy. Like bio-
physical component index (BCI) and automated built-up ex-
traction index, they proposed water extracted NDBI (WE-NDBI),
which was formulated using multispectral GF-1 wide-field
view (WFV) sensor data sets. It required some logical functions
to apply on NDBI,,, to keep those values only where water
values are less than WE-NDVI. The study claimed that WE-NDBI
significantly increases the accuracy in comparison to other
NDBI indices. However, it does not separate bare soil from ISA.

Feature space is also popular with bare soil sensitive
1SA indexing with visible bands and perpendicular indices.
Tian et al. (2018) used feature spaces of blue and NIR bands
to propose a reference line equation named perpendicular
impervious surface index (P1s1), which separates 1SA from bare
soil. Though using only two bands, it has higher accuracy in
separating the impervious area from the bare soil area up to
this point in time. PISI performed significantly better than the
BCI and NDBI indices. It applies to most optical sensors due to
the usage of blue and NIR bands only. The example of PISI can
be replicated in numerous other RS applications. Similar to
BBI, PISI increases the separability between 1SA and bare soil
and between ISA and vegetation areas.

Indices with Visible, NIR, and SWIR Bands

This section includes all the urban spectral indices that used
visible, NIR, and SWIR bands. We exclude indices with PAN
bands and include them in the following section (see Table
2). The first urban spectral index is named U1, proposed by
Kawamura et al. (1997). A similar built-up index, which was
the most used urban index, is the NDBI developed by Zha et
al. (2003). Here, the authors attempted to develop a binary
index using NDBI, where RSI will be classified as an urban and
nonurban area. All positive NDBI values were considered as
urban areas.

Despite the importance of distinguishing 1SA from bare
soil, innovative indices were developed slowly. For example,
Jieli et al. (2010) worked on a new built-up index (NBI), which
amplified built-up and bare land compared to NDBI. NBI is

Table 1. List of urban indices with spectral wavelength range 400-900 nm.

the VgNIR-BI index, and these are best in clas- SL Equation

EQN Reference

sifying ISA and dry vegetated areas, but not
good at classifying I1SA from bare soil. 1

VINIR - BI = (Red - NIR)/(Red + NIR)

(1)

Estoque and

Different versions of NDBI have been used
to generate a newer binary built-up index (BBI) 2
proposed using visible bands (Bai et al. 2020).

VgNIR - BI = (Green — NIR)/(Green + NIR)

Murayama
2015

Firstly, two binary NDBI indices NDBIg ., Green BBI = NDBI +NDBI
. 1 Blue—Green,b Red-Green,b
and NDBly,q.ceen Calculated using the equation
in Table 1. Secondly, BBI was calculated by 3 where, NDBIL, . croon = (Blue — Green)/(Blue + Green), (3) Bai et al. 2020

adding all the positive binary values of those
indices. Binary indices were indicated using

NDBIgy_green = (Red — Green)/(Red + Green)

the “b” at the subscript of the respective
indices. Like NDBI (Zha et al. 2003), BBI does
not distinguish between 1SA and bare soil.
Another multi-indexed combinational
biophysical composition index (CBCI) (Zhang
et al. 2018) used two indices named modi-

4 where, MBSI = ((Red +Green) * 2)/((Red +Green) — 2) ,

CBCI = (A +1) * MBSI-OSAVI + A

Zhang et al.
2018

OSAVI = (NIR - RED)/(NIR + RED +0.16) and A = 0.51

fied bare soil index (MBSI) (Zhang et al. 2018)
and optimized soil-adjusted vegetation index
(0sAvl) (Moosavi et al. 2016; Rondeaux et 5
al. 1996). MBSI is a soil index, and OSAVI is a
vegetation index formulated as follows. Un-

WE - NDBI = {

NDBI;, (NDBI, < W)

0(NDBI;, > W) Bai et al. 2020

where, NDBI;, = (Red — Green)/(Red + Green)

like BBI, CBCI has good separability between
ISA and bare soil. In CBcCI, “A” is a correc- 6

PISI=0.8192*Blue—-0.5735* NIR +0.0750

Tian et al. 2018

tional factor that depends on soil character-
istics, and its value is 0.51. “A” introduced

SL = ; EQN = equation number.
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producing an all positive urban index, but not as a normalized
form. In NBI, the ordering of values is like bare land > built-up
> other land classes from high to low. Using Landsat thematic
mapper (TM) sensor data, a threshold value of 45—-110 was
used to extract the study’s built-up area with 90% accuracy.

In pursuit of further development of NDBI, Waqar et al.
(2012) proposed two new urban indices. They are normalized
built-up area index (NBAI) and band ratio for the built-up area
(BRBA). Here, NBAI used both of the SWIR regions where BRBA
used only one SWIR band. The study claimed to increase built-
up extraction accuracy by 10-13% compared to NDBI and NBL
All these indices could not separate the built-up areas from
bare land areas.

Bouzekri et al. (2015) proposed a new built-up area extrac-
tion index based on Landsat 8 and adding arithmetic constant
in the nominator, where L = 0.3, is an arithmetic constant. To

further enhance the urban land use classification accuracy,
Kaimaris and Patias (2016) proposed a novel built-up index
(Bun). Though innovative, Bul suffered from omission error.
In BUI accuracy assessment, many built-up areas consider the
non-built-up area. BUI also classified built-up and bare soil
as one single class. Moreover, earlier urban researchers did
not intend to differ between built-up and bare soil. NDBI never
claimed to be an index of only urban rather than an indicator
of the urban area showing built-up areas and bare lands.

Capolupo et al. (2020) used SWIR1 and red bands to intro-
duce the SwiRed index. SWIR bands were the most used band
regions in urban indexing practices. It is used to extract the
built-up area in an automated land cover information extract-
ing algorithm. Here, a threshold of 0 < value < 0.22 is used to
classify built-up areas. SwiRed applies to temporal applica-
tion with all the Landsat missions with SWIR bands.

Table 2. List of urban indices with spectral wavelength range 400-2500 nm excluding panchromatic (PAN) bands.

SL Equation

EQN Reference

1 Ul=((SWIR2-NIR)/(SWIR2+NIR) +1) x 100

Kawamura et al.
1997

2 NDBI = (SWIR1 - NIR)/(SWIR1+ NIR)

(8) Zha et al. 2003

3 NBI = (Red x SWIR1)/NIR

(9) Jieli et al. 2010

4 NBAI = (SWIR2-SWIR1/Green)/(SWIR2 + SWIR1/ Green)

(10)

5 BRBA =Red/SWIR1

Wagqar et al. 2012
(11)

6 BAEI=(Red+L)/(Green+SWIR1)

(12) Bouzekri et al. 2015

(Red * SWIR2) — (SWIR1 * SWIR2)

7 BUI=2*
(Red + SWIR1) * (SWIR1 + SWIR2)

Kaimaris and Patias

(3 5016

8 SwiRed = (SWIR1-Red)/(SWIR1+ Red)

(14) Capolupo et al. 2020

2*Bluey,.n

— 2\ where,a =
o papis < P o(SWIR1/SWIRZ + MNDWI*) SWIRL ppe— (1) Chen et al. 2019
Blue + o (SWIR1/SWIR2 + MNDWI’) SWIRZ ),,... Mean

10 BU, = NDBI, - NDVI, (16)  Zha et al. 2003
11 INDBI = NDBI-NDVI, INDBI, also known as BUc (17) He et al. 2010

[ NDBI - (SAVI+ MNDWI) /2]
12 IBI= (18)  Xu 2008

[ NDBI +(SAVI+ MNDWI)/2 |
13 VIBI = NDVI/(NDVI - NDBI) (19)  Stathakis et al. 2012

(H+L)/2-V ,

12 BCI= m where, H, V, and L are a normalized form of TC1, TC2, and TC3 bands (20) Deng and Wu 2012

15 RNDSI=NNDSI/ NTCl, where, NNDSI is the normalized NDSI, and NTC1 is the normalized TC1 (21)

Deng et al. 2015

PC1+NDWI)/2-SAVI
16 CBI= EPClINDWI; 727 SAVI where, PC1 is the first band of PCA (22)  Sun et al. 2016
> BLFEI = ((Green +Red + SWIR2) / 3) - SWIR1 sy Bouhennache et .

((Green +Red + SWIR2) / 3) + SWIR1

2018

SL =; EQN = equation number.
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Chen et al. (2019) developed enhanced normalized differ-
ence impervious surface index (ENDISI) where preprocessing
such as removing waterbodies is not required. Besides, it is
efficient in separating bare soil from 1SA. It used a generalized
Gaussian model, and an automated threshold selection model
for rapid IS extraction. ENDISI has one of the highest classifica-
tion accuracies and can minimize background information,
such as, bare soil, bare rock, and arid land significantly.

The urban area is inversely related to the vegetated area.
Therefore, removing vegetated areas may enhance urban
indexing accuracy. Following the principle, Zha et al. (2003)
proposed a binary urban index (BU,) where both NDBI and
NDVI were transformed into a binary image based on whether
they have positive value or not. Following that, He et al.
(2010) modified it to another binary urban (BU ) index where
NDVI is subtracted from NDBI in its raw form. Later on, from
the subtraction result, all positive value was transformed into
one and negative values into zero. This BU_ is calculated from
continuous value. Therefore, subscript ¢ is used. BU_is also
named as an improved normalized difference built-up index
(InDBI). INDBI performs 20% better than NDBIL.

Similarly, another three indices-based index has been
formulated and named as the index-based built-up index
(1B1) (Xu 2008). Unlike NDBI, 1BI tried to distinguish bare land
from 1SA. IBI used the green, red, NIR, and SWIR1 band region
of Landsat T™M/enhanced thematic mapper plus (ETM+). It
used the combination of NDBI (Zha et al. 2003), soil adjusted
vegetation index (SAvI) (Huete 1988), and the modified normal-
ized difference water index (MNDWI) (Xu 2007) indices and
output value ranging from —1 to +1. It slightly enhanced the
1SA while suppressing other LULC classes (Langner ef al. 2018).
In the 1BI-based LULC classification process, enhanced 1A has
positive values and all other classes have a negative value. A
similar zero threshold index was developed by Stathakis et al.
(2012). However, the vegetation index built-up index (vIBI) has
similarities with 1BI and replicate the naming style of NDVI of
Crippen (1990). This index used NDVI and NDBI as an element.
It has a threshold of zero or very close to zero. It also made
some improvement in separating ISA from bare soil. Authors
claimed that viBI has higher accuracy than other unsupervised
classification though it suffers from the false-negative problem.

The spectral similarity of 1SA and soil is a crucial problem
that Deng and Wu (2012) first successfully addressed. The BCI
is essential because of its ability to separate bare soil class
from 1SA. The authors proposed BCI based on the vegetation-
impervious surface-soil (V-I-s) model (Ridd 2007) and using
tasselled cap (TC) transformation (Kauth and Thomas 1976).
BCI used the first three TC transformation to calculate the
index. All the TC bands used in the equation were normalized
beforehand. The benefit of using TC bands is that already vari-
ous RS sensors have their TC coefficient developed. Therefore,
BCI can be calculated from all these sensors besides Landsat.
The removal of water bodies at the preprocessing stage allows
the index to become more sensitive to bare soil and 1SA differ-
ence. It can minimize bare soil because of its dry state.

Ratio normalized difference soil index (RNDSI) (Deng et
al. 2015) suppressed every other feature class but bare soil.

It used the first component of TC transformation (TC1) and
normalized difference soil index (NDSI) (Rogers and Kearney
2010) to formulate RNDSI. RNDSI performed better than BCr and
had high accuracy in separating ISA from bare soil. Similar
indexing techniques were used by Sun et al. (2016) using
PCA instead of TC to propose a combinational built-up index
(cB1). It did not require the removal of water bodies. Instead
of TC2 and TC3, it used vegetation index SAVI and NDWI. It is an
improvement over BCI regarding dealing with water bodies.
In BCI, waterbodies were required to remove prior calculation
where CBI did not require the preprocessing steps.

PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING

On the contrary, Bouhennache ef al. (2018) argued that
the separability of built-up from bare soil could be achieved
using SWIR1 and SWIR2 band spectral regions. They developed
a built-up land features extraction index (BLFEI) using green,
red, SWIR1, and SWIR2 operational land imager (OLI) bands. In
BLFEL water had the highest value and vegetation had the low-
est. The values of impervious surface areas were lower than
water and higher than bare soil areas. This index also had a
higher spectral discrimination index than other similar urban
indices.

Indices with PAN Band

All the urban indices with PAN bands are sensitive to the soil.
Especially, 1A related indices are needed more to purify from
pervious bare soil area. PAN band has a wide spectral range
and usually is captured in higher spatial resolution.

Piyoosh and Ghosh (2017) modified the NDSI using a PAN
band and named it “modified NDSI” (MNDSI). Where PAN is for
panchromatic, MNDSI works better with bare bright soil. MNDSI
also increases the spectral resolution slightly and provides
better results than other soil indices. Piyoosh and Ghosh
(2017) used BcI and MNDSI further and proposed a ratio of the
urban index (RuI) (see Table 3). RUI increased the separability
of bare soil and 1SA.

Table 3. List of urban indices with panchromatic (PAN) bands.
EQN Reference

SL Equation

1 MNDSI = (SWIR2 - PAN)/(SWIR2 + PAN) (24)
Piyoosh

and
Ghosh
2017

2 RUI=BCI/MNDSI (25)

3 NRUI = (RUI- MNDSI)/(RUI+ MNDSI) (26)

SL = ; EQN = equation number.

On the other hand, the normalized ratio of the urban index
(NRuI) enhanced the separability even further. NRUI can dis-
tinguish soil and urban area better than RUI and BCI. Here, the
author’s method’s novelty is to use the PAN band to calculate
MNDSI, which increased the separability of 1SA and bare soil
area. Another advantage of the PAN band is pan-sharpening,
which also increases LULC classification accuracy.

Indices with Thermal Bands

Urban artificial landscape often stores and emits more heat
than surrounding nonurban areas, called the UHI phenom-
enon. Therefore, there is a spatial difference in temperature
between urban and nonurban areas. Therefore, thermal RS
data were used to developed newer spectral indices and in-
crease classification accuracy. Normalized difference impervi-
ous surface index (NDISI), developed by Xu (2010), was the
first automated index to deal with 1SA which did not require
removing water bodies and soil areas as preprocessing. It is
also applicable to moderate resolution RS without the help of
higher resolution images for manual assistance, where VIS,
can be one of the visible bands. However, this index has some
problems with water noise and is often mixed with 1SA. To
solve this problem, the authors suggested using a water index
instead of visible bands.

Addressing that, various combinations of bands had been
used in urban indexing. For example, As-syakur ef al. (2012)
included thermal, NIR, and SWIR1 bands for the new urban
index development. Enhanced built-up and bareness index
increase the separability among built-up and bare land and
increase classification accuracy claimed in the study.

Furthermore, bare land areas also vary and not all of them
are detectable using thermal band induced index, because in
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urban areas, small-sized bare lands do not show any signifi-
cant thermal variation (see Table 4).

A normalized difference water index (NDWI) or MNDWI can
also be used as a water index in this equation. NDISI signifi-
cantly increases the 1SA signature, with a similar intention
to enhance the 1SA feature class and minimize the previous
surface. Sun et al. (2017) proposed a modified NDISI (MNDIS-

I, ) differently. Instead of the thermal infrared (TIR) band, the
authors used the land surface temperature (LST) value. In this
modification LST, or T, needs to be resampled to 30 m from TIR
bands.

MNDISI, ~can be used for Landsat mission T™, ETM+, and
oLl thermal infrared sensors (TIRS), but images from summer-
time will provide better results. With overall accuracy, 87%
and an overall Kappa coefficient of 74%, MNDISI is suit-
able for time series analysis with multiple Landsat missions.
Another thermal data-based urban index, NDBI of Bhatti and
Tripathi (2014), which is developed from the Landsat OLI data
set and therefore renamed as NDBI ,, used PCA for formula-
tion. In that study, the threshold value was selected through a
double-window flexible pace search, increasing accuracy rath-
er than traditional NDBI. NDBI | later helped develop another
urban index named built-up area extraction method (BAEM) by
Bhatti and Tripathi (2014).

Another example of multiple
index-based urban indexes is

value of 0.72. Applicable in a dry climate, DBI has an over-
all classification accuracy of 93%. An urban area with high
vegetation is not suitable to use DBL. Thermal data has some
limitations to be considered before use. The spectral differ-
ence of thermal bands is mild and often shows phenological
and daytime variation between urban and nonurban areas.

Indices with NTL RS

NTL RS is a night light sensor representing the human activity
at night from space. The urban landscape is different in using
light in contrast to nonurban areas. Therefore, using NTL spec-
tral RS data with daytime, multispectral sensors have newer
insights into urban studies (see Table 5).

In 2008, a multi-sourced human settlement index (HIS)
fused Terra MODIS NDVI with an NTL data set, Defense Meteo-
rological Satellite Program—Operational Linescan System
(DMPS-0LS) (Lu et al. 2008). Both data sources have a coarse
spatial resolution, but it serves well for large scale settlement
mapping. NDVI_ is the maximum NDVI derived from Terra
MODIS, and NTL, has a normalized DMSP-OLS data set into 0
to 1. Landsat ETM+ data set is used only as a reference in this
index. With a larger pixel size, human settlement index (HSI)
is a rapid and cost-effective indexing method, but it has a
saturation problem.

Table 4. List of urban indices with thermal bands.

BAEM. It is developed by Bhatti and

Tripathi (2014) in an attempt to SL _ Equation EQN  Reference
increase urban mapping accuracy. It
is important to notice NDBI_  (Bhatti 4 NDISI = TIR - (Vlsl +NIR + SWIRl) /3 (27)
and Tripathi 2014) is modified and TIR + (VIS1 +NIR + SWIRl) /3
calculated differently than what Xu 2010
Zha et al. (2003) proposed. BAEM TIR — (WI+NIR + SWIR1) /3
significantly improves the classifica- 2 NDISI = TIR + (WI+ NIR + SWIR1)/3 (28)
tion accuracy by reducing omission
and commission errors.
The first NDBI-like 1SA index was 4 EBp = _SWIRT+NIR (29) Assyakuret
a normalized difference impervi- 10vSWIR1+ TIR al. 2012
ous index (NDII) developed using
Landsat ™ visual and thermal MNDISI T; —(MNDWI + NIR + SWIR1) / 3
bands (Wang et al. 2015). In NDII, Sun
Vis stands fgr visible bands, and TIR Ts+ (MNDWI +NIR+ SWIRl) /3
stands for thermal bands. A combi- where.T. = TIR
nation of red band with a thermal S 21 *TIR ’
band has found higher accuracy 1+ (] Ing
when tested with high-resolution , P
images. NDII is a simple index and p=1.438 x 10 Sun et al.
can be used for rapid 1SA extraction 0.979—0.035Red NDVI < NDVI B0 5017
using any multispectral data sets ' ' min
with thermal and visible bands. £=10.986+0.004F, NDVI ;, <NDVI<NDVI_,,
Urban 1A features have high cor- 0.99 NDVI>NDVI
relations with thermal data and,
conversely, vegetation has inverse NDVI-NDVI_._ :
correlations with urban 1SA. In the v = NDVI__ — NDVI
next section, we discuss those urban max min
indices those are using vegetation
indiceﬁ to folrr(rllulat& b 4 - NDBL. . — (PCA of SWIR1,SWIR2 + PCA of TIR1, TIR2) - NIR (31 Bhatti and
" enﬁafggi1asast§ﬁ22ii%§1naci3rs§cy. o1 = (PCA of SWIR1, SWIRZ + PCA of TIR1,TIR2) - NIR Tripathi 2014
For example, Rasul et al. (2018) Bhatti and
proposed a dry built-up index 6 BAEM = NDBI,,, - NDVI-MNDWI (32)  qinathi 2014
(DBI) using blue and thermal bands P
from Landsat OLIL DBI assumes that 7 NDII = (Vis — TIR) /(Vis — TIR) (33) Wang et al.
built-up areas have less vegetation 2015
and, therefore, low in NDvI values. Blue — TIR1
Thus, subtracting NDVI can further 8 DBl = — - NDVI (34) Rasul et al.
Blue + TIR1 2018

enhance the built-up features. The

study suggested using a threshold

SL = ; EQN = equation number.
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Zhang et al. (2013) proposed the vegetation adjusted NTL
urban index (VANUI) to solve the saturation problem. VANUI
increases the NTL signal’s contrast and better represents urban
characteristics than previous NTL derived urban indices. It
is useful for advanced urban studies, such as energy usage,
carbon emissions, urban structures, etc. A similar approach
with MODIS NDVI and the day/night band of visible infrared
imaging radiometer suite’s (VIIRS-DNB) adopts fractional ISA
mapping. Guo et al. (2015) proposed a large-scale impervious
surface index (LIsI) that performs better than VANUL. Whereas
NDVI__ is the maximum annual MODIS NDVI and NTL__ is the
normalized NTL data of VIIRS-DNB. LISI has an overall accuracy
of 0.13 and suitable for urban and rural area ISA mapping of
a large area. At the same time, Zhang et al. (2015) similarly
proposed a normalized difference urban index (NDUI). NDUI
used Defense Meteorological Program Operational Line-Scan
System (DMSP-OLS) and Landsat RSL. In this equation, NTL is
the normalized DMSP-OLS image. Here, it is assumed that water
has an NDVI value of less than 0 and the goal of the NDVI > 0
part is dedicated to removing water pixels. With output value
between 0 to 1, NDUI can separate mixed urban areas from
bare lands and farmlands.

Another multi-sensor urban index used MODIS enhanced
vegetation index (EvI), Landsat ETM+, and DMSP-OLS NTL data
named normalized urban areas composite index (NUACI) con-
tributed by increasing classification accuracy (Liu et al. 2015).
It is calculated using three independent data sets: MODIS
derived EVI, Landsat derived NDWI, and normalized DMSP-OLS
image. This index also has a positive output
value from 0 to 1. It eliminates the blooming

Complex Indices with Optical, NTL and Thermal Indices
Recently, few complex indices combined day and night RS
data by using optical, thermal, and NTL data sets (see Table
6). Thermal Rs data has been widely used in the UHI study. It
has applications within urban spectral indexing too. In the
previous section, optical and NTL data fusion has been shown
at the pixel level. The added thermal data to formulate urban
indices with higher accuracy were listed and discussed here.
Liu et al. (2013) modified NDISI (Xu 2010) and developed
MNDISL, which address issues of spectral difference within IS
and spectral similarity with other land cover classes, espe-
cially with bare soil. Here, T, , is the daytime LST, L, . is the
luminosity derived from nighttime light imagery, SAvI is the
vegetation index, and SWIR1 is the band 5 in Landsat TM/ETM+
(Liu et al. 2013). MNDISL, is a multi-sourced index that used
the three Rs data sets; 1SS nighttime photograph, LST, and mul-
tispectral bands. Instead of 1SS nighttime photograph, it can be
calculated using the DMSP-OLS or VIIRS data set too. MNDISI , is
useful for various scaled urban dynamics study with robust
ISA extraction capacity. Another index named MNDISI, devel-
oped by Sun et al. (2017) is discussed in the previous section.
Similarly, Hao et al. (2015) also developed an index by
combining optical, NTL, and thermal data. They used the NTL
data set from DMSP-OLS, MODIS-based NDVI, and MODIS-based
LST data while proposing VTLL Here, NDVI__represents maxi-
mum annual NDVI, Tem__ represents the maximum annual
night temperature, and NTL .. Tepresents normalized DMSP-
oLs light data. All the data sets are normalized within 0 to 1.

Table 5. List of urban indices with nighttime lights (NTL) remote sensing (RS).

effect and reduces saturation problems of SL Equation

EQN Reference

coarse NTL data sets. Instead of coarse MODIS-
based EvI (Huete et al. 1997), medium resolu-

(1-NDVI, ) - NTL,

tion Landsat-based sav1 (Qi et al. 1994) has 1 HSI= ~ " (35) Luetal 2008
been used in the formation of nighttime light (1~ NTLy)+ NDVI,, +(NDVL, *NTL)
adjusted impervious surface index (NAISI).
Developed by Chen, Jia, and Pickering (2019) 2~ VANUI= (1-NDVL,, ) *NTL,, (36) Zhang et al. 2013
and followed by the baseline subtraction ap-
proach, NAISI used NTL, the first component 3 LISI=(1-NDVI, )* \/W (37) Guo et al. 2015
of the principal component analysis (PC1), e "
the third component of tasseled cap transfor- NTL — NDVI
mation (TC3), and SAVI. Here all the primary 4 NDUI = 7,(NDVI > 0) (38) Zhang et al. 2015
RS information is normalized before use. NTL +NDVI
With the finer spatial resolution of NTL, this
. . . . >
;Illgd]i)i(:l ((:::Eti;lprove ISA extraction accuracy 0d>rd= \/(NDWI —a)’ +(EVI,,, - b)
In summary, the HSI used the MODIS NDVI NUACL= d .
Vs 5 1-— |*NTLy,,,d < (39) Liu et al. 2015
and DMPS-OLS NTL data set (Lu et al. 2008). r
Later, u51.ng Lan(.is.at a'nd NTL data, NDISI where, d, r, and NTL,,, stands for the mean of NDWI,
(MnDISILiu) modification was developed, . .
which used thermal, NTL, and Landsat data mean of EVI  , and normalized form of DMSP-OLS image
sets (Liu et al. 2013). Afterward, MODIS EVI, NTL-PC1_ +TC3
Landsat ETM+, and DMSP-OLS were used to 6 NAISI= ( nor e )— SAVI (40) Chen et al. 2019
develop normalized urban areas composite 2
index (NUACI) (Liu et al. 2015) with higher . _ .
accuracy. On the other hand, vaNUI CO%— SL = ; EQN = equation number.
rglates urban characteristics with vegeta- Table 6. List of complex urban indices.
tion absence and NTL presence (Zhang et
al. 2013). A similar approach, normalized SL  Equation EQN Reference
urban indexing, was later developed with
NDUI (Zhang et al. 2015). All these indices 1 MNDISL. = _ Tigr + L —(SAVI+ SWIRl) (a1) Liu et al.
discussed above use both NTL and daytime M T + Loy + (SAVI+ SWIR1) 2013
RSL This combination can study many other
global phenomena, especially with cloud ) VTLI = (1-NDVI,, ) * Tem,, *NTL (42) Hao et al.
computing platforms, such as GEE (Patel et e e et 2015
al. 2015, Zhang et al. 2015). In the next sec-
tion, we discuss urban indices with optical, 4 TVANUI = arctan (LST/NDVI) , NTL (43) Zhang et al.
NTL, and thermal data sets. /2 2018

SL =

; EQN = equation number.
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VTLI successfully enhanced DMSP-OLS data set by minimizing
blooming and saturation effects. The study found that urban
centers concentrated on 30% to 100% of high vTLI values. It
is worth mentioning that VTLI uses a monthly composition
data set from MODIS instead of daily data. It has both better
accuracy and robustness than VANUL

Furthermore, though it used a coarse MODIS data set,
it achieved accuracy close to Landsat derived classifica-
tion. Zhang and Li (2018) proposed temperature vegetation
adjusted NTL urban index (TVANUI) using VI, NTL, and LST,
which reduced the blooming and saturation effects of NTL. It
was applied in both China and the U.S. and performed better
than all earlier urban spectral indices. Inside TVANUL, all used
indices are normalized. Negative values of NDVI consider 0
because, in negative NDVI, there is no ISA.

Discussion

In remote sensing, spectral indices are used for mapping,
feature extraction, LULC, and similar studies. Multi-temporal
scene-based studies can also deal with additional change
detection studies (Chen et al. 2003; Gholinejad and Fatemi
2019). Furthermore, trend analysis and time series analysis is
also popular with spectral indexing. All of the above mention
studies have been applied in urban studies. Urban mapping
(Thomas et al. 2003), urban change detection (Gupta and
Munshi 2007), and urban time series analysis (Fu and Weng
2016) are more frequent.

Indexing Urban to ISA

In the beginning, urban researchers tried to index urbanism
as a whole. Later urban characteristics, such as built-up areas,
were emphasized in indices; for example, NDBI, NBAI, NBI, BUI
are developed around the built-up nature of urban. Built-up
areas are followed by imperviousness to being used in urban
indexing. NDISI, NDII, ENDISI, MNDISI, LISI are all urban indices
which index imperviousness in various ways.

Unlike the built-up area, 1SA is a better indicator for the
urban area. ISA used in urban characteristics, environmental
issues, UHI, economic development, urban hydrology, urban
flooding, etc. as an indicator. The problem with 1sA is, by
definition, it is the opposite of pervious bare soil. However,
separating bare soil and 1SA through spectral signature is very
difficult. Therefore, separating these two classes are very cru-
cial for recent urban indexing attempts.

Resolution Dependent Application

This section will discuss spatial, spectral, and temporal
resolutions with their relation to indexing. We are omitting
discussion of radiometric resolution because 8 bit resolution
is enough for urban study and recent 14 bit sensors have no
significant impact on urban studies.

Spatial Resolution

Urban areas tend to acquire smaller land use than other pri-
mary land covers. Midrange spatial resolutions, 10-30 meters,
are enough to study urban mapping. A higher spatial resolu-
tion will provide better classification accuracy in solving the
urban heterogeneity problem. On the contrary, airborne RS
sensors have very high ground resolution and are applicable
for detailed and more accurate LULC classification. The air-
borne platform can provide submeter spatial resolution along
with detailing urban mapping capability.

Spectral Resolution

Multispectral RS has visible, NIR, SWIR, and TIR bands. All

these bands are used in urban indexing. Among them, SWIR is

most used and followed by NIR for urban indexing.
Multispectral RS has spectral limitations and many of them

can be solved by adopting hyperspectral RSI. NTL has a coarser
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spectral range, ranging from 400-1000 nm in DMSP-OLS and
500—-900 nm in Suomi-NPP. Hyperspectral RS is unique for its
equal spaced spectral ranges. Spectral ranges and the number of
bands vary per sensor. The study of spectral signature is a by-
product of hyperspectral RS and help detail LULC classification.

Temporal Resolution

Single cloud-free RsI is enough for urban mapping, but cloud
coverage is a common problem in optical RS and often re-
quires extracting cloud-free pixels from multiple RsI. In this
case, higher temporal resolution plays a good role. Change de-
tection studies required fair temporal resolution based on the
duration of the study. Time series analysis, on the contrary,
needs flexible temporal data availability to conduct. Recently,
monthly image-based time-series studies are getting popular,
which requires very high temporal resolution. Furthermore,
RSI composites are getting trendy in mapping to time series
analysis.

Sensor Dependent Application

Sensor types also have an impact on urban indexing. Optical,
thermal, and NTL sensors all have pixel format in data storage,
therefore useable together. Furthermore, most of the urban
spectral indices are developed from optical multispectral RS
have NIR and SWIR bands, which are the primary bands used
for urban spectral indexing. Urban 1A has high reflectance

in the SWIR spectral region and medium reflectance in the NIR
spectral region. Earlier urban indices were developed using
these two spectral regions.

Urban 1SA is hotter than the surrounding environment due
to UHI phenomena. Many urban studies also used thermal
characteristics to develop better urban spectral indices. Based
on that, NDBI,, (Bhatti and Tripathi 2014), NDII (Wang et al.
2015), NDIST (Xu 2010), MNDISIg,, (Sun et al. 2017), DBI (Rasul
et al. 2018), and TVANUI (Zhang and Li 2018) are some of the
examples of the thermal band used in urban spectral index-
ing. Thermal bands are usually coarser than optical bands and
it is a limitation of NTL sensors. Furthermore, seasonality and
time of the day affect the thermal bands’ separability.

NTL is very popular among RS researchers and unbiasedly
presents human activity from space through light. Every type
of NTL data does not represent urban lights; only temporally
stable NTL’s do. Therefore, normalized stable NTL data is
often used for urban indexing purposes. Regional mapping
is preferable with NTL because of its coarse spatial resolution
where either it overlooks or overestimates smaller settlements
in single city studies with NTL. Last of all, data limitations,
saturation, and blooming effects are some of the limitations
which are minimized in newer NTL’s.

Spectral Confusion Between ISA and Bare Soil

Urban 1SA and bare soil are the two most confusing LULC
classes in the optical RS domain. Spectral similarity, chemi-
cal composition, and even visible color are so similar that
the earliest urban indices consider them as one class. To this
end, the problem of spectral similarity can be solved using
hyperspectral RS, tasseled cap transformation, panchromatic
band, and so on. Deng and Wu (2012) used tasseled cap trans-
formations to develop BCI, which has good separability of 1SA
and bare soil with mild contrast. Piyoosh and Ghosh (2017)
developed MNDSI using PAN bands.

Nevertheless, not all sensors have PAN bands. Therefore,
Bouhennache et al. (2018) developed BLFEI without using PAN
bands. All these indices are capable of distinguishing 1SA and
bare soil. Another approach to estimating ISA is to subtract
bare soil from it. For instance, Rasul et al. (2018) developed
the dry bare-soil index and the urban index DBI.

Moreover, thermal bands and NTL information is also use-
ful to separate urban 1SA from bare soil. Finally, thermal data’s
potential limitation is the difference between these two data,

PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING



which is mild and varies seasonally. In the case of NTL, it has
a very coarse spatial resolution.

Threshold

Image segmentation with indexing requires thresholds.
Usually, researchers use their experience and trial and error
techniques to define a more accurate threshold for a particular
study, which works fine with their selected study time, place,
and data sets. However, the threshold often varies spatiotem-
porally. Following that, automatic thresholding can speed

up the segmentation process. With urban 1SA extraction, the
accurate threshold is crucial (Firozjaei et al. 2019), such as
the OTSU method, but it works better on well distinguishable
two classes. Hence, it is not recommended with multiclass
classification.

Limitations

Our work has several limitations. Firstly, we list urban indi-
ces and discuss their merits and demerits, but did not perform
any comparative analysis. However, we cite some previous
comparative work. Secondly, we enlisted urban spectral in-
dices but did not suggest any ranking for them. However, we
discussed the performance between the two indices in some
instances. Thirdly, we have not discussed the development
process of those indices. Besides, choosing one or more urban
indices depends on the study’s circumstances.

Fourthly, we did not include any index with hyperspectral,
LiDAR, and synthetic aperture radar (SAR) RS data. Hyperspec-
tral RS data has enormous potentials in urban studies with
indices, especially in classifying ISA from bare soil class and
addressing urban heterogeneity (Zhu et al. 2019). Besides
hyperspectral, SAR and LiDAR data sets are also helpful in
the vertical study of urban spaces. Detecting urban vertical
expansion is difficult to measure with optical Rs but LiDAR
and SAR can be useful for these purposes and can be fused at
the decision level to get better classification results.

Finally, we mention only the OTSU method in the threshold
subsection, but many other thresholding techniques are not
discussed here. Moreover, the selection of thresholding tech-
niques might also vary per index. Further studies may work
on thresholding and spectral indices in the future.

Knowledge Gaps

In the last two decades, spectral urban studies experienced
many developments, but many questions remain unanswered.
We are yet to know the common spectral urban characteristics
that function globally. Although NTL data has some potential
in this case further study is required. We do not know yet
how to define an urban area from RS, irrespective of geo-
graphical difference. Besides, there is an absence of common
global characteristics of the urban area since urban areas are
highly heterogeneous. Not only spatially but also temporally,
phenology affects LULC classification (Wang and Li 2019).

For the time being, the most common problem is the spectral
similarity of bare soil and I1SA. Above all, these are the few
questions that need to be answered to advance the future
urban RS domain.

The term urban is vague and differs administratively in
parallel with infrastructural importance, population size, eco-
nomic value, and political status. All these factors influence
defining the term urban. However, in RS studies, there is no
perfect spectral index to define urban areas. Thereupon, it can
function only as an indicator.

Future Direction

The fusion of multiple RS source types is trending now. Sooner
or later, more multi-source spectral indices will be developed.
Spectrally, hyperspectral RS data have substantial potential
solving LULC classification problems. Besides, NTL is also a
very popular nighttime RS that can easily depict night scenes
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from space, even though coarse spatial resolution is limiting
its application in urban studies. Newer and improved NTL sen-
sors also have high potentials in advanced urban indexing.

Active RS sensors, such as SAR and LiDAR have advantages
in urban studies. These sensors can function both day and
night, penetrate clouds, and fog and mist are measured by
vertical changes. Though these sensors are different from spec-
tral sensors, innovative fusing techniques can still be used in
urban studies. Already, fusing Landsat and SAR data sets were
used to estimate ISA and separate ISA from bare soil (Yang et al.
2009). Besides, LiDAR has the potential for measuring vertical
urban changes.

Zhu et al. (2019) reviewed four strategic directions for
urban RS studies. These directions are based on higher tem-
poral resolution, hyperspectral remote imagery (HRI), fusing
multiple RS data sets, and combining RS data with structural
and nonstructural data. Among these four directions, HRI and
multiple RS source fusion are directly linked with spectral
indexing.

The first urban index was related to population density.
Besides population density, GIs data such as population,
temperature, rainfall, gross domestic product, traffic, trans-
port details, energy usage, etc., also have potentials in newer
urban indexing.

The use of cloud platforms like GEE and free RS data
sources will increase indices’ use. Apart from that, GEE has
global mapping and time-series visualization features. It also
has data available from the mid-"90s or even before. Hence-
forth, future developments may adopt spectral index-based
LULC measurements along with it.

In addition, along with the study of urban physical char-
acteristics, soon many abstract issues will be studied assisted
with Rs spectral indices. Abstract urban concepts, such as
seasonality, sustainability, biodiversity, livability, green city,
walkability, happiness, richness, urbanism, and so on can be
studied using RS spectral indices.

Conclusions

Here, we summarize all the important spectral urban indices
with their equations, advantages, and disadvantages and clas-
sify them based on their band requirements.

We found that instead of inefficiency, the earlier devel-
oped urban spectral indices were simple, single-sourced, and
robust to use. Conversely, recent indices are complex, multi-
sourced, sophisticated, use rare spectral bands, and are more
accurate. Actually, urban indexing began with mapping urban
area as a whole and later became more specific in mapping
urban characteristics. However, newer RS data sources are be-
coming available every year with improved capacity and fea-
tures. The demand for better measurement is now forcing RS
researchers to search for improved indices. Cloud computing
platforms like GEE and enhanced computing capacity allowed
researchers to build complex indices. In addition, overcom-
ing spatiotemporal barriers requires more robust indices. To
conclude, the future of urban indexing will determine how
efficiently we can answer those questions.
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