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Abstract

Expanding urban impervious surface area (ISA) mapping is crucial
to sustainable development, urban planning, and environmental
studies. Multispectral ISA mapping is challenging because of the
mixed-pixel problems with bare soil. This study presents a novel
approach using spectral and temporal information to develop a
Soil-Suppressed Impervious Surface Area Index (SISAI) using the
Landsat Operational Land Imager (OLI) data set, which reduces
the soil but enhances the 1SA signature. This study mapped the

top 12 populated megacities using SISAI and achieved an over-
all accuracy of 0.87 with an F1-score of 0.85. It also achieved a
higher Spatial Dissimilarity Index between the ISA and bare 50il.
However, it is limited by bare gray soil and shadows of clouds and
hills. SISAI encourages urban dynamics and inter-urban compari-
son studies owing to its automatic and unsupervised methodology.

Introduction

Impervious surface area (ISA) mapping is crucial for urban and related
studies (Lu et al. 2011; Van de Voorde et al. 2011; Weng 2012), such
as urban flood (Sohn et al. 2020), groundwater recharge (Ghimire et al.
2021), urban heat island (Yuan and Bauer 2007), environmental studies
(Arnold Jr and Gibbons 1996; Chithra et al. 2015), climate studies
(Bierwagen et al. 2010), hydrological studies (Brabec et al. 2002; Shao
et al. 2020; Shuster et al. 2005), and land use land cover classification
(Lu and Weng 2006). ISA can be natural or manmade. Slonecker et al.
(2001) defined impervious surfaces as materials that prevent water in-
filtration into soil. This definition encompasses all types of impervious
surface. Jennings et al. (2004), on the other hand, defined anthropo-
genic or artificial impervious surfaces as roads, rooftops, parking lots,
driveways, sidewalks, etc.

Spectral index-based urban mapping approaches can include the
use of index-based built-up index (IBI) (Xu 2008), the improved nor-
malized difference of built-up index (He et al. 2010), vegetation index
built-up index (Stathakis ez al. 2012), built-up area extraction method
(BAEM) (Bhatti and Tripathi 2014), ratio normalized difference soil
index (RNDSI) (Deng et al. 2015), normalized urban areas composite
index (NUACI) (Liu et al. 2015), combinational built-up index (CBI)
(Sun et al. 2016), combinational biophysical composition index (Zhang
et al. 2018), enhanced normalized difference impervious surface index
(ENDISI) (Chen et al. 2019a), nighttime lights adjusted impervious
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surface index (NAISI) (Chen et al. 2019b), and binary built-up index
(BBI) (Zhou et al. 2014).

Earlier indices worked well for comparing urban areas with
similar geography but were not tested for ISA with diverse geography.
Nighttime lights can overcome this limitation, but they are not accurate
for predicting ISA and lack spatial resolution (Ch et al. 2021; Duque et
al. 2019). These are still useful in ISA studies.

One of the common problems with mapping ISA is mixed pixel
problems, especially with bare soil, owing to their spectral similarity
(Deng et al. 2019; Lu and Weng 2004). Compared to the ISA, the spec-
tral signatures of bare soil fluctuate phenologically more in infrared
regions (near infrared, shortwave infrared (SWIR)1, and SWIR2), par-
ticularly in summer (Wang and Li 2019). Some bare soil studies have
also used temporal information to minimize bare soil signatures (Chen
et al. 2004; Mzid et al. 2021).

Earlier urban indices were used to map built-up and bare soil areas
together. Such indices are the enhanced built-up and bareness index
(EBBI) and BBI. Previous spectral indices extracted urban ISA and
bare soil area together, such as the EBBI (As-syakur ez al. 2012) and
BBI (Zhou et al. 2014). The biophysical composition index (BCI) is
a significant attempt to address this problem and uses a tasseled cap
transformation to minimize the bare soil signature from the ISA (Deng
and Wu 2012). Other indices have been developed to address the
mixed pixel problem, such as the RNDSI (Deng et al. 2015), modified
normalized difference soil index, and normalized ratio urban index
(Piyoosh and Ghosh 2017).

Some urban indices are sensitive to waterbodies. The Water Eraser-
Normalized Difference Built-Up Index (WE-NDBI) was developed
to exclude water areas (Bai et al. 2020). Many urban indexing studies
have removed water bodies during preprocessing (Deng and Wu
2012). Except for water, the three main Land Use/Land Cover (LULC)
elements are vegetation, impervious surfaces, and soil, which were
popularized as the vegetation-impervious surface-soil (V-I-S) model
by Ridd (1995). Using the V-I-S model, vegetation and bare soil areas
were removed to extract impervious surfaces. These include the BCI
(Deng and Wu 2012).

However, water indices are sometimes used to enhance the urban in-
dices. For example, NDWI (McFeeters 2007) adds urban features to CBI
(Sun et al. 2016). In addition, IBI, ENDISI, modified normalized dif-
ference impervious surface index (Sun et al. 2017), and BAEM are ex-
amples of the Modified Normalized Difference Water Index (MNDWTI).
The MNDWI is also sensitive to ISA after the water area (Xu 2010).

Bai et al. (2020) developed a different approach. This study
proposed a WE-NDBI by excluding water areas (Bai et al. 2020). WE-
NDBI significantly increased the urban mapping accuracy to a greater
extent than BBI. Many urban indexing studies have removed water
bodies during preprocessing (Deng and Wu 2012). Except for water,
the three main LULC elements are vegetation, impervious surfaces,
and soil, which were popularized as the V-I-S model by Ridd (1995).
Zhang et al. (2021) proposed the Water-Impervious-Pervious (W-1-P)
model, where feature spaces are used to develop an urban composition
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index (UCI). In the W-I-P model, water, impervious surfaces, and per-
vious surfaces can be derived from a single composition index named
UCL

Traditionally, LULC classification studies have used a single
remote sensing (RS) scene manually selected by the researcher to
minimize cloud coverage. Cloud-free RS scene selection, sample selec-
tion, and land use verification processes are time-consuming and can
introduce researcher bias when manually performed. Defining urban
boundaries through image classification is challenging (MacGregor-
Fors 2011; Xu et al. 2021). The delineation of urban ISA from different
geographical backgrounds requires common parameters.

Spectral-index-based unsupervised methods are quicker than super-
vised methods for ISA mapping. This minimizes researcher bias in multi-
urban studies. In addition to ISA, urban dynamic measurement requires
spatial and temporal dimensions. Spatial and temporal data compatibility
is crucial for creating a geographically robust ISA mapping method.

This study proposes a soil-suppressed impervious surface area
index (SISAI) using common Landsat bands for composite index
mapping, based on annual image stacks and temporal statistics. The
aim is to enhance ISA mapping while minimizing bare soil signatures
using temporal spectral data. A layer of annual image stacks is used for
each city. Atmospheric correction and water removal were performed
automatically. Bare soils are addressed in two ways: removing very
bright areas across the year and minimizing fluctuating areas by taking
the minimum composite of a purpose-built index. This was combined
with a soil-free water index to use its ISA sensitivity. SISAI offers a
spatially versatile approach to mapping urban ISA across diverse geog-
raphies using Landsat's temporal capabilities and spectral statistics.

Materials and Methods

In this study, Landsat was selected as the data set for analysis because
of its global coverage and long history. The proposed index uses the
most common spectral bands found in Landsat imagery and data from
other multispectral sensors. However, the newly developed index
SISAIT uses only five primary visible and infrared bands: green, red,
near-infrared, short-wave infrared 1, and short-wave infrared 2.

Study Area

For this study, the top 12 megacities, globally ranked by population
size, were selected to demonstrate and validate the proposed index.
A map of the study area was created to show the locations of these
megacities in Figure 1.

The megacities in this study had diverse geographical backgrounds.
Half of the cities have more water areas, while others, such as Cairo
and Karachi, are surrounded by bare soil areas. Two-thirds of the study
areas are hilly, showing that the proposed index works across different
terrains, with some limitations in hilly regions. To manage the large
data sets for all study areas, this study leveraged the Google Earth
Engine (GEE) cloud computing platform.

Google Earth Engine

GEE is a popular cloud platform (Gorelick et al. 2017) that provides
the computational power and large-scale data management required for
this temporal study by using historical Landsat data. The full meth-
odology was scripted within GEE for reproducibility, with the code
provided in Appendix A.

Study Design

Data Sets and Cloud Removals

Landsat was used for its long archive enabling urban dynamics
analysis. Annual Landsat 8 Level 2 surface reflectance images from 1
January to 31 December of 2021 were used rather than a single image.
Landsat quality bands and bit-masks enabled atmospheric correc-

tion and reflectance normalization. Clouds, shadows, and snow were
removed via bit-masks. 10-100 annual Landsat § images per city
generated composites using various index statistics.

Water Masking

The urban ISA indices were adjusted to exclude water signatures by
removing water-covered areas (Deng and Wu 2012). A composite
water-free index was developed using the median of MNDWI (Xu
2007) and deeply clear waterbody delineation index (DCWDI) (Yue
and Liu 2019) to accurately mask water bodies. The median composi-
tion mitigated seasonal water variations. Thresholds of 0 and 0.05 were
applied to the median MNDWI and DCWDI, respectively, to extract

Kilometers

Study-Area Map

Figure 1. These megacities include Tokyo and Osaka in Japan, Delhi and Mumbai in India, Shanghai and Beijing in China, Sao Paolo in Brazil,
Mexico City in Mexico, Dhaka in Bangladesh, Cairo in Egypt, New York in the USA, and Karachi in Pakistan.
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water. The resulting composite water-free area (CWFA) is a binary im-
age with 0 for water and 1 for non-water areas.

Green — SWIR1

MNDWI = (1)
Green + SWIR1
DCWDI = 4/(Red? + NIR?) )
CWFA = (medianMNDWI, + medianDCWDI,)<1 3)

Here, subset “T” refers to the threshold images. CWFA is a binary
image of 1 and 0, where “0” is for water, and “1” is for non-water
areas.

Development of Composite ISA Index

The study starts with the basic urban indices NDBI (Zha et al. 2003),
urban index (UI) (Kawamura et al. 1997), and a modified version of
normalized difference tillage index (NDTI) (Eskandari et al. 2016;
Van Deventer et al. 1997). It is named the Modified Bare and Built-
up Index (MBBI). All three indices are based on infrared bands. This
study used a simpler version of the UI, the Normalized Difference
Urban Index (NDUI). The minimum composition of all the three
indices from the annual image composition was adopted to reduce the
bare soil signature. A composite ISA index (CISAI) was developed by
adding one to each of the three minimum composite urban indices and
multiplying them with the CWFA.

SWIR1- NIR

NDBl = ——— 4)
SWIR1+ NIR

NDUI = SWIR2 - NIR 5)
SWIR2 + NIR

MBBI = SWIR2 - SWIR1 6)

SWIR2 +SWIRI

CISAI = (minNDBI + 1) * (minNDUI + 1) * (minMBBI + 1) * CWFA (7)

Here, minNDBI, minNDUI, and minMBBI refer to the minimum
annual composite of each index. CISAI is a water-free composite of all
the spectral differences of the ISA from the pervious surface areas. The
CISAI uses a combination of traditional urban indices such as NDBI,
UI, and MBBI. It works well for delineating some cities, but fails to
map them, especially those surrounded by low vegetation and high
bare soil areas.

Development of terraMNDWI|

MNDWI enhances the ISA after water bodies as a second-sensitive
LULC class. The study added a minimum composition of MNDWI
(minMNDWI) to determine the bare soil areas as a positive value and
multiplied it with CWFA to obtain terraMNDWI. The function of ter-
raMNDWTI is to increase the separability of the bare soil and ISA.

terraMNDWI = (minMNDWI + 1)*CWFA 8)

Development of Short-Wave Infrared Soil Index

A simple yet effective soil index, Short-Wave Infrared Soil Index
(swirSoil), was proposed to map bright sandy areas, such as deserts
and beaches. The swirSoil index is a quadruple product of two Landsat
SWIR bands. The purpose of swirSoil is to remove bright soil areas
from remote sensing images (RSI), such as desert and beach areas.

swirSoil = SWIRI * SWIR2 * 4 ©)

Development of the Soil-Suppressed ISA Index

SISAI takes advantage of CISAI, terraMNDWI, and swirSoil indices
to suppress the similarity between ISA and bare soil. The SISAI was
calculated by subtracting the swirSoil from the product of the CISAI
and terraMNDWI.

SISAI = (CISAI * terraMNDWI) — swirSoil (10)
The entire method is shown in Figure 2.
The complete methodology is shown in Figure 2. In the next
section, the spectral difference index (SDI) was designed to test the
performance of the indices.

@ minNDBI ﬁ
minUl P> add 1
Landsat Surface
Reflectance (4,5,7,8,9) minMBBI J
Image Collection

I

Apply scale factor

medianMNDWI

l medianDCWDI

Cloud removal algorithm

'>< SISAI (

Y
( CISAI x
terraMNDWI ) -
swirSoil
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W terraMNDWI
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Gcaled cloud-free | [
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"

> maxSWIR1
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Figure 2. Complete methodology of SISAIL Here, CWFA means composite water-free area; CISAI means composite ISA index; SISAI
means soil-suppressed ISA index. DCWDI = deeply clear waterbody delineation index; MBBI = Modified Bare and Built-up Index; NDBI =
normalized difference built-up index; Ul = urban index; MNDWI = Modified Normalized Difference Water Index; SWIR = shortwave infrared.
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Calculation of Spectral Difference Index

The SDI was used to evaluate the strength of each index in classifying
urban ISA and other major LULC classes (Bouhennache et al. 2019;
Kaufman and Remer 1994). SDI uses the mean and standard deviation

indices of each class to determine the distinguishability of the two LULC

image classes. The LULC patches for each class were digitized using
Google Earth images as reference maps. The SDI formula is as follows:

SDI =

0'1+O'2

where u and o represent the mean value and standard deviation of the
LULC image classes, respectively, and subscripts “1” and “2” repre-

sent the first and second LULC image classes, respectively. This study
compared the UCI, CISAI, and SISAI using the SDI. Sample areas for

ISA, water, vegetation, and bare soil were taken separately for each
city using Google Earth images with Landsat § red/green/blue (RGB)
true color composition for sampling.

Optimal Threshold Value

The study tested a range of thresholds from 0.02 to 0.18 to determine
the optimal threshold value for spatial comparison studies among
urban areas. The initial search found that overall accuracy peaked
between 0.1 to 0.12 with an interval of 0.01. A refined search with

an interval of 0.001 revealed that a threshold of 0.103 achieved the
highest accuracy assessment results for the four selected city areas.
This optimal threshold value provided the lowest combined omission
and commission errors as well as the highest F1 score. Therefore, this
study determined that 0.103 is the optimal threshold value for spatial
comparison studies among urban areas.

Quality Assessment

Random Sampling Points

The sampling area was manually chosen from the study areas, includ-
ing urban, peri-urban, and non-urban areas (Figure 3). For validation,
7200 stratified random sampling points were selected across the study

Ground Truth of Reference Points

The reference points were checked using the latest Google Earth Pro
images at a higher spatial resolution. Reference data were collected in
the last week of May 2022. For all 12 cities, Google Earth images were
updated in 2021 and had a ground spatial resolution of 1 — 10 m.

Classified Urban ISA

The study exported SISAI images using GEE. The newly classified ur-
ban ISA areas created for each study were from SISAI images, and the
optimal threshold value was 0.103, resulting in binary images with “1”
being ISA and “0” being water or the pervious area. This classification
can be done using the “reclassify” tool from ArcToolbox (ArcToolbox\
spatial analyst tools\reclass\reclassify) or using the “export.image.
toDrive” function from GEE.

MM (11)

Extraction of Classified Points Value

The classified urban ISA binary images and random sampling points
were used to extract the respective SISAI values for the validation
study. The “Extract Values to Points” tool from ArcToolbox of ArcGIS
(ArcToolbox\Spatial Analyst Tools\Extraction\Extract by Points) was
used to extract classified points.

Accuracy Assessment Metrics

This study used only two classes: ISA and other areas. Therefore, a
confusion matrix was used to determine whether the classified points
were ISA. The binary confusion matrix, shown in Table 1, is useful for
studies with only two classes. The binary confusion matrix shows the
accuracy assessment equations (Table 1).

Table 1. Binary confusion matrix.

area, with 600 sampling points taken per city. The sampling points
were derived using ArcToolbox from ArcGIS (ArcToolbox\Data
Management Tools\Sampling\Create Random Points).

Classified: No Classified: Yes
True Negative (TN) False Positive (FP)
False Negative (FN) True Positive (TP)

Mex

Kilometers

Random aolo
Sampling Points

Figure 3. Random sampling points for all 12 megacities.
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The accuracy assessment metrics used in this study were producer
accuracy, user accuracy, overall accuracy (Story and Congalton 1986),
and the F1 score (Chicco and Jurman 2020). Accuracy assessment
equations (Equations12—17) were formulated to deal with only two
classes (Chicco et al. 2021). All the equations are described below
(Equations12-17).

Overal Accuracy (OA) = (TP + TN)/(TN + FP + FN + TP) (12)

Sensitivity = TP/(TP + FN) (13)
Omission error = FN/(FN + TP) (14)
Comission error = FP/(FP + TP) (15)

F1 score = 2+ 1P (16)

2+TP +FP +FN

where OA = Overall Accuracy, TP = True Positive, TN = True
Negative, FP = False Positive, and FN = False Negative. The accuracy
assessment comparison table shows the combined results and city-wise
standard deviation (SD) for all study areas. To calculate the SD from
the samples, the following formula was used:

(17)

where the denominator N — 1 is used because the calculation is based
on sample data rather than population data.

Results

This section presents the results of several evaluations and assessments
related to the effectiveness of the various indices and methods. First, it
reports on the evaluation of the UCI, CISAI, and SISAI using an SDI-
based index. Second, it discusses the enhancement of ISA with SISAI.
Third, it describes a threshold-based approach for ISA extraction using
SISAL Finally, it provides an accuracy assessment for the SISAI across
12 different cities. Through these evaluations and assessments, this
section aims to gain insights into the effectiveness and applicability of
these methods in different contexts.

Spectral Difference Index for UCI, CISAI, and SISAI

SISAI showed better separability between the LULC classes of ISA and
bare soil. This improved SDI performance was observed in every study
city. CISAI showed higher SDI values for the ISA and water classes.
There were no fixed patterns in ISA or vegetation classes. Below are
the SDI values of UCI, CISAIL and SISAI for the study areas.

Table 2 shows that for all megacities, except for Shanghai, SISAI had
the highest SDI values compared to UCI and CISAIL Higher SDI values
represent better separability between ISA and bare soil. SISAI performs
better than the other indices in separating the ISA from bare soil.

Enhancement of ISA with SISAI

The CISAI improves traditional single-index mapping by signifi-
cantly reducing soil signatures (Figure 4b, Cairo and Karachi). Desert
cities such as Cairo are delineated, while urban fringes in cities such
as Beijing are less distinct. Hilly urban areas are differentiated from
bare hills, as is the case in Karachi. Compared to SISAI, CISAI better
separates ISA from bare soils, including bare hills, mountains, river is-
lands, sand-filled wetlands, and deserts. (Figure 4a and 4b). Traditional
indices cannot sufficiently distinguish ISA from bare soil.

Extract ISA with SISAI

This study uses a common threshold value of 0.103 for all 12 cities
(Figure 4a and 4b), showing that SISAI can map megacities globally
using 30m Landsat 8 and performs well. A threshold of 0.1 worked
generally based on trial and error, then refined to 0.103 using Tokyo,
Beijing, Cairo, and Mexico City. Thus SISAI is an urban index like
NUACI (Liu et al. 2015; Liu et al. 2018) and UCI (Zhang et al. 2021),
using only Landsat 8 unlike additional data sets. The multispectral
bands were from the previous Landsat, enabling historical analysis.
Using additional data sets, such as NTL data sets, can significantly
improve the accuracy of results in regional-scale applications.

The spectral confusion between the ISA and bare soil was ad-
dressed in two ways. Primarily, the minimum composite of annual
urban indices reduced bare soil signatures, particularly in fluctuating or
vegetated areas. Second, the water-free minimum MNDWI composite
was multiplied by the ISA composite, leveraging the ISA sensitivity
and soil differentiation of MNDW!I. For water masking, median com-
posites of MNDWI and DCWDI were used for stable water mapping.
These indices minimize phenological effects. Landsat quality bands
reduce cloud shadows, although building shadows may be included
from minimum compositing. Importantly, this unsupervised method
uses GEE cloud and public Landsat data for robust and rapid repro-
ducibility. The results are shown with true color, CISAI, SISAI, and
extracted urban ISA.

Table 2. SDI values of UCI, CISAI, and SISAI for ISA with bare soil, water, and vegetation LULC classes. The cells highlighted in green showed

the highest performance compared to the other two indices.

ISA & Bare Soil ISA & Water ISA & Vegetation
Megacities ucCI CISAI SISAI UcCI CISAI SISAI UcCI CISAI SISAI
Tokyo 0.88 0.15 2.76 2.80
Delhi 1.24 0.94
Shanghai 0.75
Sao Paolo 0.09
Mexico 2.00
Dhaka 0.17
Cairo 0.74
Beijing 1.38
Mumbai 0.91
Osaka 1.09
New York 0.72
Karachi 1.10

CISAI = composite ISA index; ISA = impervious surface area; LULC = Land Use/Land Cover; SISAI = Soil-Suppressed Impervious Surface Area Index; UCI =

urban composition index.

PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING

January 2024 37



Quantitative Accuracy Assessment overall accuracy and the F1 score, the better. The lower the value for

The accuracy assessment in Table 3 shows the overall accuracy, omis- the omission and commission errors, the better.
sion error, commission error, and F1 score of the SISAI for all megaci- Table 3 shows that Osaka, Japan had the highest overall accuracy.
ties. It is important to understand Table 3 that the higher the value for Osaka also showed good performance in other accuracy metrics, such

as commission errors and F1 scores. This is mainly because, on a

| Tokyd

Delhi

Shanghai

Sao Paolo

Y

ﬁ‘.ﬁ% 4 i
[ IKilometers

)
L
| %
()
=
©
X
©
| =
o
¥ : ] : «w;
CISAI GISAI Urban ISA

Figure 4. (a) (from left to right) Red/green/blue (RGB) true color composition, composite ISA index (CISAI), Soil-Suppressed Impervious
Surface Area Index (SISAI), and SISAI-based urban impervious surface area (ISA) mapping using a threshold of 0.103. The first six megacities
(from top to bottom) are: 1. Tokyo, 2. Delhi, 3. Shanghai, 4. Sao Paolo, 5. Mexico City, 6. Dhaka (continued).
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percentage-wise basis, Osaka has a very low proportion of bare soil. The result section shows the SDI performance table comparing

By contrast, Dhaka had the lowest overall accuracy and commission the ISA class with bare soil, water bodies, and vegetation for UCI,
errors. However, Dhaka also had the least omission errors. New York CISAL and SISAI Table 3 shows the higher performance of SISAI in
had the poorest omission errors and F1 scores. separating ISA from bare soil. Later, it described how SISAI enhances

ISA signatures and how a single threshold extracts ISA areas from the

Cairo

—

Mumbai

Osaka

New York

Karachi

Figure 4. (b) (continued from Figure 4a) The last six megacities are (from top to bottom): 7. Cairo, 8. Beijing, 9. Mumbai, 10. Osaka, 11. New
York, and 12. Karachi. CISAI = composite ISA index; ISA = impervious surface area; RGB = red/green/blue; Soil-Suppressed Impervious
Surface Area Index (SISAI).
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Table 3. Quantitative accuracy assessment of the Soil-Suppressed
Impervious Surface Area Index (SISAI) for the top 12 megacities. The
Green highlighted color indicates the highest accuracy, and the red
highlighted color indicates the lowest accuracy.

Overall Omission Commission F1
Megacity Accuracy Error Error Score
Tokyo 0.898 0.060 0.164 0.885
Delhi 0.862 0.139 0.204 0.827
Shanghai 0.848 0.146 0.348 0.739
Sao Paolo 0.912 0.099 0.134 0.883
Mexico City 0.895 0.089 0.122 0.894
Cairo 0.877 0.105 0.140 0.877
Beijing 0.885 0.130 0.098 0.886
Mumbai 0.868 0.137 0.256 0.799
New York 0.870
Karachi 0.867 0.134 0.214 0.824

background. This demonstrates the indexing capability of CISAI and
SISAI with Landsat RSI. This showed how the threshold extracted
the SISAI-based urban ISA capable of urban area mapping with RGB
maps per city. The section ends with an accuracy assessment table for
the SISAI per city. section, the significance of the methodology and
findings are discussed.

Discussion

The SISAI methodology and its findings are important for several
reasons. The SDI values were higher for the ISA and bare soil classes.
Second, the SISAI can compare multiple cities from diverse geographi-
cal backgrounds. Third, the variability of thresholds can affect the
accuracy of the ISA classification and has the potential to be a global
urban mapping index.

Significance of the Study

SISALI is a new urban mapping index developed to effectively distin-
guish between bare soil and ISA in cities surrounded by bare soil land
cover. It combines three existing indices and several composite indices,
including the CWFA, water-free MNDWI (terraMNDWI), and a novel
composite soil index (swirSoil). These composites help remove water
pixels, enhance separability between bare soil and urban ISA, and sup-
press the bare soil signature.

SISAT has been performed in cities such as Cairo and Delhi, dem-
onstrating its effectiveness in mapping urban areas even in challenging
environments. SISAI's limited band requirements of SISAI make it
suitable for long-term Landsat analyses, and its unsupervised nature
ensures fast application and unbiased results. However, it struggles
with bare grey soil areas that do not change the reflectance seasonally.
This limitation can potentially be addressed using nighttime light data
sets, such as NUACI (Liu ef al. 2015) and NAISI (Chen ef al. 2019b).
Opverall, SISAI is a promising index for urban mapping and compara-
tive studies across various geographical backgrounds.

SDI Comparison of UCI, CISAI, and SISAI

CISALI distinguishes ISA from water and vegetation, but not from bare
soil. Thus, CISAI can map water-free ISA where bare soil is negligible,
while SISALI is better with significant bare soil. For inter-urban studies,
even one urban area with bare soil makes the SISAI more suitable.

The SISAI values indicate a higher ISA proportion, while the
CISAI values show a higher ISA or bare soil. The UCI uses two thresh-
olds for ISA versus other land classes, so higher UCI values do not
necessarily mean more ISA. The median annual images used here dif-
fer from the single image for UCI, potentially affecting the poorer UCI
performance in SDI, particularly for ISA and bare soil.
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For stratified sampling, the physical characteristics of the study area
are critical. The ISA, bare soil, water, and vegetation spectral charac-
teristics vary across cities, possibly explaining the SDI underperfor-
mance in some cities, such as Beijing and Mumbai, with low vegeta-
tion. Attempts were made for representative vegetation sampling, but a
lower vegetation SDI was observed in these cities. However, water and
vegetation indices can minimize these weaknesses. The key contribu-
tion of SISAI is improved ISA and bare soil SDI over UCI and CISAI,
although SISAI performed poorly in Shanghai.

Comparison with Similar Studies

The NUACI2015 mainly depends on the annual maximum vegetation
composite index (Liu et al. 2015). Urban areas typically cover small
portions of land, which act as anomalies and are surrounded by vegeta-
tion. Thus, vegetation composites alone can be used to map urban
areas within dominant vegetation. However, NUACI failed without
dominant background vegetation. The SISAI works in both humid and
arid areas. The 2018 NUACI variant (NUACI2018) (Liu et al. 2018)
uses three normalized indices: NDWI, NDVI (Chen and Cihlar 1996),
and NDBI. NUACI2018-based urban classification requires sampling
diverse urban areas for calibration, unlike the sampling-independent
SISAI method, which uses only accuracy measurements. This acceler-
ates the SISAI urban ISA measurements. Both NUACI versions used
nighttime light data, easily incorporated in SISAI as additional layers,
potentially enabling global SISAI urban mapping. The SISAI is well
suited for urban and peri-urban areas. Importantly, the SISAI relies
solely on Landsat multispectral data for more authentic ISA mapping,
which is applicable across ISA studies and enable temporal studies
with future prediction (Ahmad et al. 2023).

Figure 5 compares the RGB, Global Human Settlement Layer
(GHSL) (2014), World Settlement Footprint (WSF) (2015), GAIA
(2018), UCI (2021), and SISATI (2021). SISAI is similar to the su-
pervised GHSL, WSF, and GAIA maps. The UCI differs, with fewer
ISA pixels in each city except Karachi, where oceans appear urban
owing to clouds. The UCI also has low accuracy in Mexico City, with
a sparse ISA. UCI uses single cloud-free images (Zhang et al. 2021),
while this study took annual medians of image collections. However,
medians may retain clouds, potentially affecting the UCI performance.
The RGB composites showed minimal clouds and the UCI had poor
accuracy (Table 4).

Table 4. Quantitative accuracy assessment of the urban composition
index (UCI) and Soil-Suppressed Impervious Surface Area Index
(SISAI) for the top 12 megacities. The bold formatted values indicate
that SISAT performs lower than UCIL.

Overall Omission Commission
Accuracy Error Error F1 Score
Megacity UCI SISAI UCI SISAI UCI SISAI UCI SISAI
Tokyo 0.835 0.898 0.330 0.060 0.031 0.164 0.792 0.885
Delhi 0.808 0.862 0.410 0.139 0.075 0.204 0.720 0.827
Shanghai 0.778 0.848 0.463 0.146 0.264 0.348 0.621 0.739
Pi?)(l)o 0.702 0912 0.750 0.099 0.079 0.134 0.393 0.883
Mg‘go 0.825 0895 0286 0.089 0.072 0.122 0807 0.894
Dhaka  0.727 0.773 0.326 0.041 0.192 0.378 0.735 0.755
Cairo  0.687 0.877 0.515 0.105 0.162 0.140 0.615 0.877
Beijing  0.830 0.885 0.254 0.130 0.104 0.098 0.814 0.886
Mumbai  0.765 0.868 0.531 0.137 0.219 0.256 0.587 0.799
Osaka 0.905 0.938 0.170 0.081 0.042 0.051 0.890 0.934
New
York 0.868 0.870 0.451 0323 0.151 0.201 0.667 0.733
Karachi 0.803 0.867 0.274 0.134 0229 0.214 0.748 0.824
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Figure 5. Urban area extraction result comparison between urban composition index (UCI) and Soil-Suppressed Impervious Surface Area Index
(SISAI) for Tokyo, Delhi, Shanghai, Sao Paolo, Mexico, Dhaka, Cairo, Beijing, Mumbai, Osaka, New York, and Karachi. GHSL = Global
Human Settlement Layer; RGB = red/green/blue; WSF = World Settlement Footprint.
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In summary, SISAI performs comparably to recent global supervised
ISA products using the same annual median Landsat § composites as the
simple unsupervised UCI method but with higher accuracy. The annual
median composites minimized the noise while retaining the ISA signals.

Table 4 shows that SISAI has higher accuracy than UCI overall,
except for lower commission errors in nine of the 12 cities. However,
Zhang et al. (2021) reported 0.931 UCI accuracy in Beijing, versus
0.830 here for UCI and 0.885 for SISAI. This study used annual me-
dian image composites rather than manual single-image selection, pos-
sibly affecting the UCI performance. Random sampling may also affect
the accuracy of UCI. Overall, UCI is a good urban index but is limited
for bare soil areas, while SISAI performs well across all metrics. The
annual medians minimized noise while retaining ISA signals to boost
SISAI accuracy over the UCIL.

Here, “SD” refers to the standard deviation (SD), which shows consis-
tency across 12 cities. SISAI showed the lowest accuracy in Dhaka and
UCI in Cairo, both of which had extensive bare soil. However, the SISAI
minimizes the variability in accuracy metrics across cities (Table 4).

Table 5 shows that the SISAI exceeds the UCI accuracy overall, ex-
cept for commission errors. City-specific threshold optimization could
improve single-city studies, but a universal threshold enables easier
inter-urban comparisons. Nevertheless, SISAI minimizes intra-urban
variability versus UCI and exceeds UCI in combined results across all
metrics except commission errors. In conclusion, the SISAT is better
suited than the UCI as an urban index for ISA mapping, providing
more consistent accuracy across diverse cities.

Table 5. Comparative accuracy assessment of Soil-Suppressed
Impervious Surface Area Index (SISAI) and urban composition index
(UCI). The green-highlighted color indicates higher accuracy.

Accuracy Combined SD
Assessment SISAI UCI SISAI UCI
Overall Accuracy

Omission Error

Commission Error

F1 Score

Variable Thresholds and Accuracy

It is important to know that omission and commission errors are inter-
linked, and reducing one error with thresholds increases the other. This
study aimed to maximize overall accuracy across all cities using a sin-
gle global threshold of 0.103. Studies on a single city or region can opti-
mize thresholds for higher accuracy. Lowering the threshold reduces the
omission error, while increasing it reduces the commission error for the
ISA. This study aims to minimize bare soil signatures. Therefore, the
threshold continues to increase until the commission error is minimal
and by accepting a high ISA omission error. To extract the maximum
ISA, the threshold was lowered until the ISA omission error is minimal,
accepting a high commission error. To achieve the best classification ac-
curacy, researchers should optimize thresholds to balance omission and
commission errors, based on their particular objectives.

Conclusion
The SISAI has been developed to enhance ISA extraction and aid
urban studies. It presents improved separability of ISA from bare soil,
is applicable across diverse geographic areas, and facilitates longer
temporal analysis via historical remote sensing imagery. SISAI uses
infrared band indices, excludes water areas, and applies MNDWI and
SWIR-based indices to improve ISA extraction. Two novel indices
were formulated for SISAI using Landsat SWIR bands: the MBBI and
the SWIR weighted soil index (swirSoil). A threshold value of 0.103
was used to identify urban areas in the 12 megacities.

The accuracy assessment revealed higher commission errors than
omission errors, suggesting that lowering the threshold value can
improve the results. SISAI demonstrated higher spatial accuracy and
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better overall accuracy, omission errors, and F1 scores than the similar
urban index UCI. Furthermore, SISAI provides a more precise annual
estimation of the ISA for urban areas, including arid cities such as Cairo
and Karachi, as well as coastal and humid cities. However, SISAI's
performance of SISAI depends on effective image preprocessing to
remove shadows and struggles with permanent bare gray soil. The latter
issue can be addressed via the use of nighttime light data. Despite these
limitations, SISAI's broad applicability and accuracy of SISAI mark a
significant advancement in ISA extraction and urban studies.
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Appendix A: GEE Script Repository

The following link is used to access the script used in the study. The

user requires a Google Earth Engine account to access it.
https://code.earthengine.google.com/6593{f6eff917975658c0f26f0febd 1 ¢
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