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INDUSTRYNEWSTo have your press release published in 
PE&RS, contact Rae Kelley, rkelley@asprs.org.

ANNOUNCEMENTS
CATALYST, a PCI Geomatics brand, has delivered an auto-
mated workflow for the South African National Space Agency’s 
(SANSA) Earth Observation Department to convert decades 
of SPOT satellite imagery to CARD4L Analysis Ready Data 
(ARD). The scalable workflow enables SANSA to prepare its 
entire SPOT archive for immediate analysis using the Open 
Data Cube, machine learning, and AI models.

CATALYST’s ARD workflow automatically converts optical 
satellite imagery into ARD measurements by performing a se-
ries of image preprocessing operations. The output product is a 
geometrically precise image with nbar surface reflectance mea-
surements based on the rigor and specifications of CARD4L. 

SANSA is the government agency responsible for South Af-
rica’s space programs and research. The SANSA Earth Obser-
vation department collects, processes, archives, and dissemi-
nates satellite imagery to support policy and decision making, 
economic growth, and sustainable development. Imagery in 
the enormous SANSA SPOT archive is used by multiple gov-
ernment departments for programs related to agriculture, wa-
ter resource management, and responsible development.

SANSA plans to make their ARD SPOT imagery, which they 
have been collecting since the early 90s, available to all South 
African government agencies using the Open Data Cube geo-
spatial data management and analysis platform. 

Scientists from various government departments and indus-
tries will find that ARD eliminates the significant time and 
complexities of preparing satellite imagery for analysis, mak-
ing it more accessible and easier to use. Furthermore, analyt-
ical outputs will be more accurate because the ARD process 
produces geometrically and radiometrically consistent data 
sets – even if they were collected with different sensors at 
varying spatial resolutions.

The ARD workflow developed by CATALYST helps to fu-
ture-proof the investment SANSA has made in acquiring and 
storing SPOT imagery over the last 30 years. By converting their 
SPOT archive into CARD4L compliant ARD imagery, SANSA is 
producing a new commodity that meets the quality and data 
packaging standards set by the international Committee on 
Earth Observation Satellites (CEOS). This ensures interoper-
ability among CARD4L image products and a long useful life. 

CATALYST is now offering the ARD Workflow within CATA-
LYST Enterprise and CATALYST Microservices for public and 
commercial satellite optical sensors. The CATALYST Enterprise 
solution enables users to build scalable production systems for 
repeatable Earth observation image processing workflows of any 
size. CATALYST Microservices leverage the infrastructures and 
business models of public cloud providers to cost effectively pro-
cess Earth imagery in the cloud at unprecedented scales.  

UP42 is proud to announce the UP42 Airbus Challenge in the 
2021 Copernicus Masters Competition. With EUR 100,000 in 
awards at stake, including commercial satellite data from the 

Airbus OneAtlas Living Library, UP42 seeks researchers, com-
panies, and students to submit algorithm development ideas to 
provide new ways of performing EO analytics.

Copernicus Masters is an international competition held an-
nually to foster innovative applications of EO data that address 
the world’s most compelling environmental, social, and business 
problems. In 2021, UP42 joins other leading geospatial organi-
zations such as the European Space Agency (ESA), European 
Commission, and German Aerospace Center (DLR) in devising 
10 Challenges spanning the full spectrum of EO applications.

“We are excited to be part of a global innovation competition 
in Earth observation along with other key industry players,” 
said Sean Wiid, CEO at UP42. “This is a unique opportunity 
for ground-breaking ideas to be brought to life and have a tan-
gible impact on our planet — a goal that perfectly aligns with 
UP42’s core mission.”

The UP42 Challenge calls on participants to propose algo-
rithms that advance EO analytics by using Generative Adver-
sarial Networks (GANs) to augment satellite imagery. GANs 
are an advancement in deep learning technology to generate 
realistic synthetic data to supplement existing data sets.

The Challenge seeks GAN solutions addressing common EO 
problems, including:

• Unregistered objects in unsupervised change detection – 
Use GANs to generate better co-registered images that 
enable better change detection between images.

• Cloud cover and shadow filling – Leverage GANs to create 
new pixels that fill in areas of images hidden by clouds or 
shadows.

• Improved super-resolution – Apply GANs to increase the 
resolution of Sentinel-2 optical images for enhanced object 
detection.

The deadline for idea submissions is July 19, 2021. UP42 
and Airbus experts will select five finalists to move on to the 
evaluation and live pitch phase based on scientific merit, busi-
ness value, quality of implementation, and ecological impact. 
One Challenge winner will be chosen from the five finalists.

UP42 will announce the winner in October 2021. The winner 
will receive the following prizes:

• EUR 20,000 voucher to access all geospatial data and algo-
rithms on the UP42 developer platform and marketplace,

• EUR 80,000 voucher for commercial satellite data from 
the Airbus OneAtlas Living Library,

• Eligibility to win the EUR 10,000 Copernicus Masters 
Grand Prize.

To learn more about the UP42 Airbus Challenge and to sub-
mit your idea, visit https://copernicus-masters.com/challenges/
up42-challenge/.

VeriDaaS today announced that it has completed test flights 
necessary to begin its statewide California mapping project by 
acquiring high-density lidar elevation data on multiple areas 
of interest (AOIs). This data will be used for evaluation pur-
poses by various state, federal and commercial stakeholders. 

mailto:rkelley@asprs.org
https://copernicus-masters.com/challenges/up42-challenge/
https://copernicus-masters.com/challenges/up42-challenge/
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INDUSTRYNEWS
In April 2021, VeriDaaS collected data at a minimum of 

30 points per meter on a number of AOIs each with different 
terrain, vegetation and feature densities. These test flights 
will also be used to baseline sensor collection parameters to 
ensure the resulting data satisfies a wide range of use cases.  

“We are confident that our data will meet and exceed the 
quality standards required by our targeted stakeholders,” said 
Christopher Payne, VeriDaaS CEO. “Our recent large area 
project work in Arizona demonstrated that our Geiger-mode 
lidar offering exceeds established accuracy specifications at 
unsurpassed speed and cost-efficiencies,” Payne added. “We 
look forward to collecting the remainder of California as part 
of our National Mapping Initiative VeriMAP™.” 

The statewide California mapping project will support a wide 
range of use cases for both government and private enterprises. 
VeriDaaS continues to build out a coalition of private and pub-
lic stakeholders to support funding of the project. This coalition 
will significantly lower the cost for all stakeholders while maxi-
mizing the return-on-investment and value of the data.

VeriDaaS is using its Geiger-mode lidar sensor systems and 
multiple fixed-wing aircraft for this project. The Geiger-mode 
sensors are optimized for efficient collection of high-density 
data from higher altitudes while maintaining precision and 
accuracy over wide geographic areas. The elevation data col-
lected will then be processed and classified to generate derived 
products and analytical information to support decision-mak-
ers across multiple vertical markets. VeriDaaS and its part-
ner network will generate the derived products to meet the 
specific needs of users in each targeted vertical market.

For more information, visit www.veridaas.com.

TECHNOLOGY
Golden Software, a developer of affordable 2D and 3D scientif-
ic modeling packages, has added new and enhanced 3D capa-
bilities to the latest version of its Surfer gridding, contouring, 
and surface mapping software. New functionality available 
now, as well as capabilities in Beta development, are focused 
on making it easier for Surfer users to visualize, display, and 
analyze complex 3D data.

Surfer enables users to model data sets, apply an array of 
advanced analytics tools, and graphically communicate the 
results in ways anyone can understand. The software has 
been applied for more than 30 years by users in numerous 
disciplines to easily visualize and interpret complex data sets.

As is the tradition, Golden Software has released a Beta 
version of Surfer simultaneously with the new version to give 
customers a chance to try out new features while they are still 
in development. Users may find the Beta version by clicking 
File | Online from within Surfer.

For additional information, visit www.GoldenSoftware.com.

Calculating and reporting stockpile inventories are now easier 
and faster in the latest version of the Virtual Surveyor drone 
surveying software. Virtual Surveyor Version 8.2 allows us-
ers to accurately calculate stockpile volumes in drone imagery 

with just a few mouse clicks and then generate a professional 
PDF report detailing material tonnage and value.

Virtual Surveyor is a powerful surveying software that bridg-
es the gap between drone photogrammetric processing applica-
tions and engineering design packages, enabling surveyors to 
derive topographic information from drone data needed by en-
gineers for construction, mining, and excavation projects. The 
software presents an interactive onscreen environment with 
drone orthophotos, digital surface models (DSMs), and/or lidar 
point clouds where users generate CAD models, create cut-and-
fill maps, and calculate volume reports.

Efficient volume calculation has been a Virtual Surveyor 
feature for several years. To do this, the site operator collects 
drone imagery and then converts the data into a 3D surface 
model in the software. The user then simply delineates a pile 
of sand, gravel, lumber, or other material onscreen with the 
mouse. The software even allows the user to eliminate equip-
ment from the scene – such as conveyors – to get a precise 
stockpile calculation.

The user can also set up a Project Template with a Materials 
Library and layer structure for repeated use. For the Library, 
the user enters the name of each material – such as Sand, Fine 
Gravel, Coarse Gravel, etc. – and a density for each. For in-
stance, the typical weight of dry sand is 1.6 tons per cubic me-
ter. Next, the user adds current pricing in euros or dollars for 
each ton of that material. This value can easily be changed in 
the Library as commodity prices vary.

As Virtual Surveyor performs stockpile volume calculations, 
the user simply specifies the material in each pile, and the soft-
ware determines the weight and value based on the data in the 
Materials Library.

The new Stockpile Inventory functionality is included in the 
Virtual Surveyor Ridge and Peak editions. The Peak package 
gives users the added ability to update inventories for period-
ic reporting. Current subscribers to Virtual Surveyor will see 
their software being updated to Version 8.2 automatically. To 
start a free 14-day trial of Virtual Surveyor and to view details 
of the three pricing plans, visit www.virtual-surveyor.com. 

CALENDAR

• 16-20 August, URISA GIS Leadership Academy. For 
more information, visit www.urisa.org/education-events/
urisa-gis-leadership-academy/.

• 3-6 October, GIS-Pro 2021, Baltimore, Maryland. For 
more information, visit www.urisa.org/gis-pro.

• 8-12 November, URISA GIS Leadership Academy, 
St. Petersburg, Florida. For more information, visit 
www.urisa.org/education-events/urisa-gis-leadership-
academy/.

• 14-18 December, 30th International Cartographic 
Conference & International Cartographic Exhibi-
tion, Florence, Italy. For more information, visit https://
icaci.org/icc2021.

http://www.veridaas.com
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479 Three-Dimensional Reconstruction of Single Input Image 
Based on Point Cloud
Yu Hou, Ruifeng Zhai, Xueyan Li, Junfeng Song, Xuehan Ma, Shuzhao Hou, and Shuxu Guo

Three-dimensional reconstruction from a single image has excellent future prospects. 
The use of neural networks for three-dimensional reconstruction has achieved 
remarkable results. Most of the current point-cloud-based three-dimensional 
reconstruction networks are trained using nonreal data sets and do not have good 
generalizability. This article proposes a method for processing real data sets. The data 
set produced in this work can better train our network model and realize point cloud 
reconstruction based on a single picture of the real world.

485 A Unified Framework of Bundle Adjustment and Feature 
Matching for High-Resolution Satellite Images
Xiao Ling, Xu Huang, and Rongjun Qin

Bundle adjustment (BA) is a technique for refining sensor orientations of satellite 
images, while adjustment accuracy is correlated with feature matching results. Feature 
matching often contains high uncertainties in weak/repeat textures, while BA results 
are helpful in reducing these uncertainties. To compute more accurate orientations, this 
article incorporates BA and feature matching in a unified framework and formulates the 
union as the optimization of a global energy function so that the solutions of the BA and 
feature matching are constrained with each other.

491 The Spatiotemporal Evolution of Urban Impervious Surface 
for Chengdu, China
Mujie Li, Zezhong Zheng, Mingcang Zhu, Yue He, Jun Xia, Xueye Chen, Qingjun Peng, Yong 
He, Xiang Zhang, and Pengshan Li

The spatiotemporal evolution of an impervious surface (IS) is significant for urban 
planning. In this article, the IS was extracted and its spatiotemporal evolution for the 
Chengdu urban area was analyzed based on Landsat imagery.

503 Optimizing the Segmentation of a High-Resolution Image 
by Using a Local Scale Parameter
Lei Zhang, Hongchao Liu, Xiaosong Li, and Xinyu Qian

Image segmentation is a critical procedure in object-based identification and 
classification of remote sensing data. However, optimal scale-parameter selection 
presents a challenge, given the presence of complex landscapes and uncertain feature 
changes. This article proposes a local optimal segmentation approach that considers 
both inter-segment heterogeneity and intrasegment homogeneity, uses the standard 
deviation and local Moran’s index to explore each optimal segment across different 
scale parameters, and combines the optimal segments into a single layer. 

513 Review of Spectral Indices for Urban Remote Sensing
Akib Javed, Qimin Cheng, Hao Peng, Orhan Altan, Yan Li, Iffat Ara, Enamul Huq, Yeamin Ali, 
and Nayyer Saleem

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 relevant urban spectral 
indices by focusing on multispectral, thermal, and nighttime lights indices.
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Hyperspectral narrowband (HNB) data or hyperspectral imaging spectroscopy data will 
play a pivotal role in twenty-first century remote sensing. HNBs provide data as “spec-
tral signatures” in stark contrast to “a few data points along the spectrum” provided by 
multispectral broadbands (MBBs) as depicted for three leading agricultural crops (corn, 
soybeans, and winter wheat) of the United Sates (US). Distribution of agricultural crops 
in conterminous US (CONUS) is shown in green in the US map as derived from the global 
croplands work (www.croplands.org; Thenkabail et al., 2021 reference in Highlight 
article of this issue). HNB “spectral signatures” of the 3 crops are shown using three 
hyperspectral systems: 

• NASA’s Earth Observing (EO-1) Hyperion hyperspectral sensor gathering data from 
400 to 2500 nm in 242 bands each 10 nm wide, 

• German Deutsches Zentrum für Luft- und Raumfahrt e.V.’s (DLR’s) or The German 
Aerospace Center’s DESIS (DLR Earth Sensing Imaging Spectrometer) gathering 
data from 400 to1000 nm in 235 bands each 2.55 nm wide, and 

• Field spectroradiometer gathering data from 400 to 2500 nm in about 1500 bands 
each 1.43 nm wide. 

MBB data are shown using 7 non-thermal bands of Landsat Operational Land Imager (OLI).

The stark contrast of hyperspectral data relative to multispectral data is illustrated 
below through time-series spectral profiles of three agricultural crops (corn, soybeans, 
and winter wheat) for the Agroecological Zone 9 for the year 2014. The spectral 
signatures are for three distinct Julian Days (JD) of JD 176, JD 184, and JD 251 using 
EO-1 Hyperion data (top images in the Figure below) and for the same or very close 
corresponding Julian Days of JD 173, JD 189, and JD 237 using multispectral Landstat-8 
OLI data (bottom row images in the Figure below). Many subtleties of crop characteris-
tics are averaged in MBB data whereas HNB data capture these variations throughout 
the electromagnetic spectrum. 

There are many major differences in HNB versus MBB data. For example water absorp-
tion in 960 or 970 nm is absent in MBBs whereas it is prominent in HNBs. Also, MBBs 
average spectral data along the spectrum (e.g., 636-673 nm for the red band) whereas 
HNBs  reveal narrow spectral features (e.g. absorption maxima with a  10 nm wide band 
centered at 680 nm). Numerous absorption features in the 1100 to 2500 nm range are 
absent in MBBs whereas they are clearly depicted in HNBs. These features help define 
specific plant characteristics such as:

1. Biophysical quantities (e.g., biomass, leaf area index, plant height);
2. Biochemical quantities (e.g., chlorophyll, nitrogen, pigments: anthocyanin, carot-

enoids);
3. Plant health quantities (e.g., stress, water deficiency)
4. Plant structural quantities (e.g., erectophile, planophile)

In a new era of remote sensing HNBs allow for gathering spectral libraries of crops 
that in turn have “signatures” on crop types, their growth stages, and their various 
quantitative characteristics mentioned above. The spectral libraries can then be fed into 
machine learning and artificial intelligence models to differentiate, map, and monitor 
crops, vegetation, and their quantities.

Credits for cover page
Dr. Prasad S. Thenkabail and Dr. Itiya Aneece, Western Geographic Science Center of the 
United States Geological Survey

http://www.croplands.org
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Hyperspectral narrowbands (HNBs) capture 
data as nearly continuous “spectral signatures” 
rather than a “few spectral data points” along 
the electromagnetic spectrum as with multispec-
tral broadbands (MBBs). Almost all of satellite 
remote sensing of the Earth in the twentieth 

century was conducted using MBB data from sensors such as 
the Landsat-series, Advanced Very High-Resolution Radi-
ometer (AVHRR), SPOT (Système Pour l’Observation de la 
Terre), and the Indian Remote Sensing (IRS) satellites. These 
systems typically provide 4 to 9 broad spectral wavebands 
spread from 400 to 2500 nm, often with one or two additional 
bands in the thermal range. Significant advances in the study 
of the Earth have been made based on these data [Thenkabail 
et al., 2018a,b,c,d; Thenkabail et al., 2015a,b,c]. Possibilities of 
great advances that can be made using HNB data over MBB 
data are well established based on studies conducted using hy-
perspectral sensors such as the hand-held spectroradiometers, 
the Airborne Visible/Infrared Imaging Spectrometer (AVIRIS), 
and spaceborne Earth Observing -1 (EO-1) Hyperion [Thenk-
abail 2018a,b,c,d]. The twenty-first century is already seeing 

the dawn of hyperspectral imaging data from sensors such 
as the German Aerospace Center’s (DLR’s) DESIS (DLR 
Earth Sensing Imaging Spectrometer) onboard the MUSES 
(Multi-User System for Earth Sensing) platform on the Inter-
national Space Station (ISS), the polar-orbiting Italian Space 
Agency’s (ASI) PRISMA (PRecursore IperSpettrale della Mis-
sione Applicativa), and many other upcoming sensors such as 
the NASA Surface Biology and Geology (SBG) [Thenkabail et 
al., 2018a,b,c,d].  These satellites acquire data in hundreds of 
narrow spectral bands of 1 to 10 nm width, typically between 
400 to 2500 nm; also future planned missions will be extend-
ing HNBs to the thermal (9,000 to 14,000 nm) electromagnetic 
spectrum. This expansion creates a quantum leap in new 
data, new information, and myriad possible new applications 
in the study of the Earth in addition to great advances in 
existing applications. 

Given the above, the objective of this article is to provide 
insights on the gigantic leap in our understanding, model-
ing, mapping, and monitoring of the Earth that can be made 
using HNB relative to MBB by focusing on agricultural and 
vegetation applications. We will address this in four aspects: 

Figure 1. Hyperspectral narrowband (HNB) data advances. This figure shows many advances of hyperspectral data. Hyperspectral data come in 
100s of narrowbands as seen in the data cube (Fig. 1a). It is possible to extract, for example, agricultural crops’ spectral signatures using HNBs (Fig. 
1b) as opposed to a few data points along the spectrum as in multispectral broadbands (MBBs; Fig. 1c). A multitude of applications are possible 
using HNBs as illustrated in Fig. 1d.  HNBs are used to compute thousands of two-band hyperspectral vegetation indices (HVIs) (Fig. 1e).  The Fig. 1e 
top diagonal provides soybean biomass models and bottom diagonal provides cotton biomass models. Accuracies in crop type classification can 
be improved by as much as 30% compared to MBBs (Fig. 1f). HNBs offer greater possibilities of separating crop types by selecting unique wavebands 
along the spectrum (Fig. 1g). [Figure revised and adopted from several research papers of Thenkabail et al. [Thenkabail et al., 2018a,b,c,d].
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1. Comparison between HNB and MBB data; 
2. Spectral libraries of agricultural crops; 
3. HNB data analysis in general; and 
4. HNB analysis using machine learning (ML) and 

cloud computing.  

Hyperspectral Narrowband (HNB) versus 
Multispectral Broadband (MBB) Data 
Over the last 50 years, great advances in Earth observa-
tion (EO) and Earth studies were achieved, primarily using 
MBBs, as documented in the three volume Remote Sensing 
Handbook [Thenkabail et al., 2015a,b,c]. Nevertheless, 
HNBs allow for a gigantic leap in information-gathering of 
the planet Earth [Thenkabail et al., 2018a,b,c,d; Aneece and 
Thenkabail, 2018; Marshall and Thenkabail, 2015; Mariotto 
et al., 2013; Middleton et al., 2009; Aneece and Thenkabail, 
2019].  Hyperspectral data come in hundreds or thousands of 
narrowbands (Figure 1a, 1b), each with 1-10 nm bandwidth, 
continuously along the spectrum (e.g., 400 to 2500 nm; 8000 
to 14500 nm). They offer numerous possibilities for targeted 
applications such as species composition, vegetation or crop 
type separation, light-use efficiency estimation, and net pri-
mary productivity assessment. The quantum leap with HNB 
data compared to MBB can be visualized by comparing Fig-
ure 1b with 1c. HNBs (Figure 1d) along with HNB-derived 
two-band and multi-band HVIs (Figure 1e) are used to mod-
el, map, and monitor plant biophysical properties (e.g., LAI, 
biomass, yield, density), biochemical properties (e.g, anthocy-
anins, carotenoids, chlorophyll), plant health properties (e.g., 
disease and stress assessments, insect infestation, drought), 
structural properties (e.g., planophile versus erectophile), 
nutrient content (e.g., nitrogen), and moisture content (e.g., 
leaf moisture) studies and so on [Aneece and Thenkabail, 
2018; Marshall and Thenkabail, 2015; Mariotto et al., 2013; 
Middleton et al., 2009; Aneece and Thenkabail, 2019]. 

The possibilities and advances are innumerable [Thenkabail 
et al., 2018a,b,c,d], (Figure 1). For example, using about 20 
to 30 HNBs the classification accuracies of many agricultural 
crops or land cover/land use (LCLU) classes can be increased 
by about 30% relative to 6 to 11 MBBs of sensors such as 
Landsat Enhanced Thematic Mapper (ETM+) and Advanced 
Land Imager (ALI) (Figure 1f). HNBs also offer many dis-
tinct possibilities of separating crop types by choosing unique 
wavebands found in distinct portions of the spectrum (Figure 
1g). They help derive thousands of hyperspectral vegetation 
indices (HVIs) to model vegetation quantities such as its 
biophysical and biochemical quantities (Figure 1e).

Spectral Libraries: Global Hyperspectral Imaging 
Spectral-Libraries of Agricultural Crops (GHISA)
Hyperspectral data can advance myriad applications for the 
Earth if there are adequate high-quality reference training 
and validation data [Aneece and Thenkabail, 2019]. Ideally, 

well-organized spectral libraries of features, such as miner-
als, soils, and vegetation are web-enabled and made avail-
able for rapid modeling, mapping, and monitoring a wide 
array of characteristics. A good example is a test of concept 
Global Hyperspectral Imaging Spectral-Libraries of Agricul-
tural Crops (GHISA) [Aneece and Thenkabail, 2019] devel-
oped for each agroecological zones (e.g., AEZs; Fig. 2a; see 
Thenkabail et al., 2021 for different AEZs) or even sub-AEZs 
when crop characteristics vary widely even within AEZs. A 
comprehensive GHISA needs to take into consideration a 
wide array of crop characteristics such as crop types, crop 
growth stages, cultivars, biophysical, biochemical, and plant 
structure and health parameters, management practices 
(e.g., tillage, drainage), inputs (e.g., nitrogen, fertilizers), and 
drought conditions. The spectral libraries can be developed 
using data from any type of satellite sensors such as a hyper-
spectral sensor (Fig. 2b, top row) or Landsat multispectral 
ones (Fig. 2b, bottom row). These spectral libraries are then 
deciphered using qualitative or quantitative spectral match-
ing techniques (SMTs) (Fig. 2c) [Thenkabail et al., 2007].  
These libraries [Aneece and Thenkabail, 2019] are further 

Figure 2. Global hyperspectral Imaging Spectral-libraries of Agricul-
tural Crops (GHISA). The reference training and validation spectral 
libraries of agricultural crops are developed for each agroecological 
zone (AEZ) (Fig. 2a; different AEZs are described in [Thenkabail et al., 
2014]) based on precise knowledge of the ground data from which 
spectral libraries are derived using any satellite sensor data. These 
spectral libraries are illustrated for three crops (corn, soybeans, and 
winter wheat) for one AEZ in USA using Hyperion hyperspectral data 
(Fig. 2b top row) and Landsat multispectral data (Fig. 2b bottom row)  
which can then  be used in a wide array of analyses (e.g., spectral 
matching, Figure 2c).
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fed into training and validation machine learning algorithms 
(MLAs) to model, map, and monitor agricultural features 
such as cropland extent in global, regional, national, and 
farm scales [Thenkabail et al., 2021]. Once these libraries 
are in place, the products can be repeatedly and accurately 
produced year after year to develop a multitude of agricul-
tural cropland products.

Broad Philosophies of Hyperspectral Data Analysis
Hyperspectral data bring their own challenges, such as 
massive data volumes, data redundancy, Hughes phenom-
enon or curse of data dimensionality, complexities of data 
analysis, and need for highly trained experts [Thenkabail 
et al., 2018a,b,c,d]. Further, unlike the MBB data HNB 
data from different sources still need a mature Application 
Programming Interface (API). These challenges were largely 
addressed over the last two decades by an international com-
munity of experts and recent advances in machine learning, 
artificial intelligence, and cloud computing. Overall, there 
are three broad philosophies regarding hyperspectral data 
analysis [Thenkabail et al., 2018a,b,c,d] (Figure 3):

A. Full spectral Analysis (FSA);
B. Optimal hyperspectral narrowband analysis 

(OHNBs); and
C. Transformations and normalizations such as Hyper-

spectral vegetation indices (HVIs) 

There are many other approaches of hyperspectral data 
analysis [Thenkabail et al., 2018a,b,c,d; Thenkabail et al., 
2015a,b,c], which fall into one or more of the three philoso-
phies listed above.

In the FSA all HNBs, as continuous-spectrum spectral sig-
natures, are used in the analysis (Fig. 3a, 2c). FSA includes 
methods such as partial least squares regression (PLSR), 
wavelet analysis, continuum removal, spectral angle mapper 
(SAM), area under the spectra (integral), artificial neural 
networks (ANN’s), and SMTs (Fig. 3a, 2d) [Thenkabail et al., 
2018a,b,c,d; Thenkabail et al., 2015a,b,c; Aneece and Thenk-
abail, 2018; Marshall and Thenkabail, 2015; Mariotto et al., 
2013; Middleton et al., 2009; Aneece and Thenkabail, 2019; 
Thenkabail et al., 2007]. 

FSA, for example, would involve creating an ideal spectral 
databank/libraries [Aneece and Thenkabail, 2019; Then-
kabail et al., 2007; Thenkabail et al., 2021] of individual 
agricultural crops in each AEZ or sub-AEZ throughout the 
growing season with clear understanding and characteriza-
tion of crop variables such as crop types, cultivar types, crop 
growth stages, crop growing conditions (e.g., irrigated or 
rainfed), and their biophysical, biochemical, structural, and 
plant health characteristics. A robust databank will involve 
crops grown during drought, normal, and wet years. Then 
the HNB data acquired over every growing season and every 
year will be matched with the ideal spectral databank using 
various SMT methods to develop models and maps of various 

Figure 3. Two of the three broad philosophies in hyperspectral data analysis: Full spectral analysis (FSA) (Figure 3a) through 
methods like spectral matching techniques (SMTs) (Fig. 3a, also see Fig. 2c); Optimal hyperspectral narrowbands (OHNBs) 
(Fig. 3b, 3c). 

A. Blue bands (Three columns below: band number, waveband 
center in nanometer or nm, and application type)
1. 375 fPAR, leaf water
2. 466 Chlorophyll
3. 490 Senescing browning, ripening

B. Green bands
4. 515 Nitrogen
5. 520 Pigment, biomass changes
6. 525 Vegetation vigor, pigment, nitrogen
7. 550 Chlorophyll
8. 575 Vegetation vigor, pigment, and nitrogen

C. Red bands
9. 675 Chlorophyll absorption maxima

10. 682 Biophysical quantities and yield
D. Red-edge bands

11. 700 Stress and chlorophyll
12. 720 Stress and chlorophyll
13. 740 Nitrogen accumulation

E. Near-infrared (NIR) bands
14. 845 Biophysical quantities and yield
15. 915 Moisture, biomass, and protein
16. 975 Moisture and biomass

F. Far NIR (FNIR) bands
17. 845 Biophysical quantities 
18. 1215 Moisture and biomass
19. 1245 Water sensitivity

G. Short-wave infrared (SWIR) band
20. 1316 Nitrogen
21. 1445 Vegetation classification and discrimination
22. 1518 Moisture and biomass
23. 1725 Lignin, biomass, starch, moisture
24. 2035 Moisture and biomass
25. 2173 Protein, nitrogen
26. 2260 Moisture and biomass
27. 2295 Stress
28. 2359 Cellulose, protein, nitrogen
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features of interest. Rational selection of optimal hyper-
spectral narrowbands (OHNBs) is an alternative approach 
to FSA required at times to [Thenkabail et al., 2018a,b,c,d; 
Thenkabail et al., 2015a,b,c]: A. avoid very large data vol-
umes, B. overcome redundant data, and C. avoid issues of 
Hughes phenomenon. A third and very common approach 
that targets the complexity in FSA is the utilization of 
HVIs. The HVIs target wavelengths/bands which correspond 
with specific crop variables, referred to as OHNBs, to best 
quantify, model and map specific species of crops and natural 
vegetation. Table 1 shows a few selected two-band HVIs. For 
detailed descriptions of HVIs, one may refer to [Thenkabail 
et al., 2018a,b,c,d]. While there are some leading OHNBs, 
HVIs overcome the complexity of hyperplane data to study 
plant biophysical and biochemical quantities [Cohen and Al-
chanatis in Thenkabail et al., 2018c]. These approaches pose 
a different kind of challenge, 
i.e. investing time and effort 
in identifying the specific 
optimal set of bands or VIs 
for the specific property in 
a specific zone. Instead, it 
might be more useful to 
share the ground truth data 
collected through global 
spectral libraries like GHI-
SA [Aneece and Thenkabail, 
2019] and to use the FSA 
approach.   

Machine Learning for 
Petabyte Scale Big Data 
on the Cloud
The massive volumes of hy-
perspectral data call for new 
methods and approaches in 
analyzing them to gather 
information. This challenge 

requires a gigantic leap or paradigm shift in how hyperspec-
tral data are analyzed involving four steps (Figure 4): 

Analysis ready data cubes—The first step is acquiring data 
from multiple satellites (Fig. 4.1) and creating analysis ready 
data cubes (Fig. 4.2) that are in at least surface reflectance 
products that are harmonized and normalized seamlessly 
over any area of the Earth and stacked as data cubes [Then-
kabail et al., 2021]. Already large volumes of Hyperion data 
are ingested into Google Earth Engine (GEE)* cloud. 

Reference data hubs—Reference training and validation data 
for machine learning [Thenkabail et al., 2021] are acquired ei-
ther from ground-based surveys or from sub-meter to 5 meters 
very high-resolution imagery (VHRI), or through national and 
other reliable sources. These data are properly catalogued and 
made accessible on the Web for easy access to anyone.

Table 1. Some key two-band hyperspectral vegetation indices (HVIs). The HNB bands in the indices show band centers. The bandwidth is typically 
5 nm (optimal) to 10 nm (maximum) for each band except the 531 nm, which has 1 nm bandwidth [Thenkabail 2018a,b,c,d].

Crop Characteristics Crop Variable Two-band Hyperspectral Vegetation Index (HVI)
Biophysical quantities Biomass, LAI, Plant height, Grain yield (855 – 682) / (855 + 682)

Biochemical quantities Carotenoids, Anthocyanin, Nitrogen, Chlorophyll (550 – 515) / (550 + 515)

Plant health Stress Conditions (855 – 720) / (855 + 720)

Plant water Moisture, Water content of plants (855 – 970) / (855 + 970)

Net and gross primary productivity Light-use efficiency (570 – 531) / (570 + 531)

Biopolymer Lignin, Cellulose (2205 – 2025) / (2205 + 2025)

* Any use of trade, firm, or 
product names is for descriptive 
purposes only and does not 
imply endorsement by the U.S. 
Government.

Figure 4. A gigantic leap paradigm shift in analyzing satellite sensor big data on the cloud using machine learn-
ing, deep learning, and artificial intelligence. The process is described in detail in [Thenkabail et al., 2021].

Pixel-based supervised MLAs) along with Object-based 
hierarchical segmentation (HSEG)

A. Random forest algorithms
B. Support vector machines
C. Automated cropland classification algorithms
D. Spectral matching techniques
E. Decision Tree algorithms
F. Linear discriminant analysis
G. Principal component analysis, change detection analysis
H. kMeans, Isoclass clustering
I. Classification and Regression Tree (CART)
J. Tree-based regression algorithm
K. Phenology based methods
L. Fourier harmonic analysis
M. Hierarchical segmentation
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Machine learning, deep learning, and Artificial Intelli-
gence (AI)—Selecting machine learning and deep learning 
algorithms (Fig. 4.3) such as the supervised pixel-based and 
unsupervised clustering algorithms over multi-dimensional 
space, object-oriented classifiers, and neural networks is the 
next step [Thenkabail et al., 2021]. AI is powered by neural 
networks [Paoletti et al., 2015] such as the: 1. Convolution 
neural networks (CNNs) for image recognition, image la-
beling by utilizing features extracted from data rather than 
reference independent sources, 2. Recurrent neural networks 
(RNNs) such as signal processing allowing previous out-
puts to be used as input and thus handling temporal data 
dependencies better than CNNs, 3. Multi-layer perceptron 
involving reference sample selection, training the model and 
classification of images, and 4. Transformers building rela-
tionships between pixels and images.

Cloud computing—The above process can be automated by 
training algorithms on cloud computing platforms such as 
Google Earth Engine (GEE) [Thenkabail et al., 2021], Ama-
zon Web Services (AWS), Microsoft Azure, or other local and 
institutional clouds.

A detailed paradigm-shift approach to satellite sensor data 
based big data analytics is demonstrated by [Thenkabail et 
al., 2021] in global cropland extent mapping using Land-
sat, Sentinel, and other data. The same approach can be 
adopted here for hyperspectral data. However, the key to 
success in modeling, mapping, and monitoring with machine 
learning and artificial intelligence techniques with expert 
knowledge using hyperspectral data will be the generation 
of rich and systematic spectral libraries of agricultural crops 
as discussed in Section 2.0 above. There will be a need to 
define a standardization and to develop a simple protocol for 
end-users around the globe to share their reference training 
and validation data that will be further used by the ML/AI 
methods. 

Summary
Hyperspectral imaging spectroscopy or hyperspectral remote 
sensing will play a significant role in the twenty-first century 
remote sensing science. The new technology offers many 
advances by providing “spectral signatures” as opposed to 
a “few data points along the spectrum”. First, this paper 
highlights the major advances offered by hyperspectral nar-
rowband data. Second, the importance of building a powerful 
Global Hyperspectral Imaging Spectral-Libraries of Agri-
cultural Crops (GHISA) to enable highly accurate models, 
maps, and monitoring tools of a wide array of biophysical, 
biochemical, plant health and plant structure parameters 
was discussed. Third, the three major philosophies of hyper-
spectral data analysis were described and established as full 
spectral analysis (FSA), optimal hyperspectral narrowbands 
(OHNBs) and use of transformations or normalizations such 
as hyperspectral vegetation indices (HVIs). FSA is preferred; 
however, both OHNBs and HVIs have their own utility and 

value in a multitude of applications. For example, strengths 
of OHNBs and HVIs when avoiding data redundancy, 
storage issues, and in overcoming Hughes phenomenon (or 
“curse of high dimensionality of data”).  Fourth, the require-
ment of a machine learning, deep learning, and artificial 
intelligence (ML/DL/AI) methods on the cloud-platform to 
best utilize the full power of petabyte-scale hyperspectral big 
data to propel a quantum-leap in myriad science applications 
was proposed and discussed. In all this, easily accessible 
web-enabled analysis ready hyperspectral data through 
cloud-enabled processing and APIs is a must. 

References
Thenkabail, P.S., Lyon, G.J., and Huete, A. 2018a.  Funda-

mentals, Sensor Systems, Spectral Libraries, and Data 
Mining for Vegetation. CRC Press Boca Raton, Florida. 
449 p.

Thenkabail, P.S., Lyon, G.J., and Huete, A. 2018b. Hyper-
spectral Indices and Image Classifications for Agriculture 
and Vegetation. CRC Press Boca Raton, Florida. 296 p.  

Thenkabail, P.S., Lyon, G.J., and Huete, A. 2018c. Biophys-
ical and Biochemical Characterization and Plant Species 
Studies. CRC Press Boca Raton, Florida. 348 p.  

Thenkabail, P.S., Lyon, G.J., and Huete, A.  2018d. Ad-
vanced Applications in Remote Sensing of Agricultural 
Crops and Natural Vegetation.  CRC Press Boca Raton, 
Florida. 386 p.  

Thenkabail, P.S. 2015a. Remotely Sensed Data Character-
ization, Classification, and Accuracies. CRC Press Boca 
Raton, Florida. 678 p. 

Thenkabail, P.S. 2015b. Land Resources Monitoring, Model-
ing, and Mapping with Remote Sensing. CRC Press Boca 
Raton, Florida. 849 p. 

Thenkabail, P.S. 2015c. Remote Sensing of Water Resources, 
Disasters, and Urban Studies. CRC Press Boca Raton, 
Florida. 673 p. 

Aneece, I. and P. Thenkabail. 2018. Accuracies Achieved 
in Classifying Five Leading World Crop Types and their 
Growth Stages Using Optimal Earth Observing-1 Hyper-
ion Hyperspectral Narrowbands on Google Earth Engine. 
Remote Sensing. 2018, 10, 2027. https://doi.org/10.3390/
rs10122027 IP-097093.

Marshall M. T. and P. Thenkabail. 2015. Developing in situ 
Non-Destructive Estimates of Crop Biomass to Address 
Issues of Scale in Remote Sensing. Remote Sensing. 2015; 
7(1):808-835. doi:10.3390/rs70100808. IP-060652.

Mariotto, I., Thenkabail, P.S., Huete, H., Slonecker, T., 
Platonov, A., 2013. Hyperspectral versus Multispectral 
Crop- Biophysical Modeling and Type Discrimination for 
the HyspIRI Mission. Remote Sensing of Environment. 
139:291-305. IP-049224.

https://doi.org/10.3390/rs10122027%20IP-097093
https://doi.org/10.3390/rs10122027%20IP-097093


PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING J u l y  2021  467

Middleton, E.M., Cheng, Y.B., Hilker, T., Black, T.A., Krish-
nan, P., Coops, N.C., & Huemmrich, K.F. 2009. Linking foli-
age spectral responses to canopy-level ecosystem photosyn-
thetic light-use efficiency at a Douglas-fir forest in Canada. 
Canadian Journal of Remote Sensing, 35(2), 166-188.

Aneece, I. and P. Thenkabail. 2019.  Global Hyperspectral 
Imaging Spectral-library of Agricultural crops (GHISA) 
for the Conterminous United States (CONUS). Algorithm 
Theoretical Basis Document (ATBD). NASA Land 
Processes Distributed Active Archive Center (LP DAAC). 
IP-110217.                                                                 

https://lpdaac.usgs.gov/news/release-global-hyperspectral-
imaging-spectral-library-agricultural-crops-conterminous-
united-states/

https://lpdaac.usgs.gov/products/ghisaconusv001/

Thenkabail, P.S., GangadharaRao, P., Biggs, T., Krishna, 
M., and Turral, H., 2007. Spectral Matching Techniques 
to Determine Historical Land use/Land cover (LULC) and 
Irrigated Areas using Time-series AVHRR Pathfinder 
Datasets in the Krishna River Basin, India. Photogram-
metric Engineering and Remote Sensing. 73(9): 1029-1040. 

Thenkabail, P.S., Teluguntla, P., Xiong, J., Oliphant, A., 
Congalton, R., Ozdogan, M., Gumma, M.K., Tilton, J., Giri, 
C., Milesi, C., Phalke, A., Massey, M., Yadav, K., Mile-
si, C., Sankey, T., Zhong, Y., Aneece, Y., Foley, D. 2021. 
Global Cropland Extent Product at 30m (GCEP30) derived 
using Landsat Satellite Time-series Data for the Year 2015 
through Multiple Machine Learning Algorithms on Google 
Earth Engine (GEE) Cloud. Research Paper #, United 
States Geological Survey (USGS). In press. IP-119164. 

Paoletti, M.E., Haut, J.M., Plaza, J., and Plaza, A. 2019. 
Deep learning classifiers for hyperspectral imaging: A 
review Author links open overlay panel. ISPRS Journal of 
Photogrammetry and Remote Sensing. 158: 279-317.

Acknowledgements
Authors would like to thank Dr. Terrence Slonecker, Re-
search Geographer at United States Geological Survey 
(USGS) and Dr. Yafit Cohen, Professor at the Institute of Ag-
ricultural Engineering,  Agricultural Research Organization 
(A.R.O), Volcani Center, Israel for their insights in reviewing 
the manuscript. We also thank Prof. Jie Shan, Assistant 
Editor of PE&RS and Professor of Civil Engineering at the 
Purdue University for his valuable insights and edits. Also, 
very grateful for Dr. Lucia Lovison, Co-Editor of PE&RS for 
encouraging us to write this article after hearing Dr. Thenk-
abail give keynote talk at the spectral Sessions Conference.  
We are grateful for the funding provided by The National 
Land Imaging (NLI) Program, Land Change Science (LCS) 
program, and the Core Science Systems (CSS) of the USGS. 
The research is conducted in the science facilities of the 
Western Geographic Science Center (WGSC) of USGS.

About the Authors
Dr. Prasad S. Thenkabail is a Supervisory Research Ge-
ographer with the United States Geological Survey (USGS) 
based in Flagstaff, Arizona, USA and is among the top most 
impactful 1% of the world scientists across all fields as per a 
recent Stanford University publication.

Dr. Itiya Aneece is a Research Geographer with the United 
States Geological Survey (USGS) in Flagstaff, Arizona, USA, 
focusing on using hyperspectral data and machine learning 
on the Cloud to study agricultural crops.

Dr. Pardhasaradhi Teluguntla is a Senior Research Sci-
entist with the Bay Area Environmental Research Institute 
(BAERI), working at the USGS center in Flagstaff, Arizona, 
USA. He is a lead contributor to global cropland mapping 
and irrigation mapping using machine learning on the 
Cloud.

Mr. Adam Oliphant is a Geographer with the United 
States Geological Survey (USGS) in Flagstaff, Arizona, USA, 
focusing on using multispectral data and machine learning 
on the Cloud to study agricultural crops.

ASPRS WORKSHOP 
SERIES

It’s not too late to earn Professional 
Development Hours

Miss an ASPRS Workshop or GeoByte? Don’t 
worry! Many ASPRS events are available through 
our online learning catalog.

https://asprs.prolearn.io/catalog
Image Priscilla Du Preez on Unsplash.

https://lpdaac.usgs.gov/products/ghisaconusv001/


468 J u l y  2021  PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING

BOOKREVIEW

Focus on Geodatabases in ArcGIS Pro  
David W. Allen  
Esri Press,  Redlands, CA.  2019.  viii and 251 pp., images, 
index, data, software license key.  Paperback.  $59.99.  ISBN 
978-1-58948-445-0.

Reviewed by Matthew J. Gerike, Research Scholar 
of Interdisciplinary Studies, William & Mary, 
Williamsburg, Virginia.

The goal of Focus on Geodatabases in ArcGIS Pro is to intro-
duce the geodatabase file format and functionality in Esri’s 
ArcGIS Pro software as tools for designing and managing 
features in operational spatial data.  The book is designed as 
a manual for the higher education classroom or professional 
training, but those new to designing spatial databases or mak-
ing the transition to creating and editing features in ArcGIS 
Pro will also benefit.  Focus on Geodatabases in ArcGIS Pro 
uses realistic data and situations from local government to 
demonstrate concepts and exemplify the life course of data.      

Focus on Geodatabase’s seven chapters can be divided into 
four parts.  Chapters one through three, comprise 41% of the 
book, discuss geodatabase design concepts, creating a geoda-
tabase, and loading existing data into the new geodatabase.  
Chapter four extends the idea of geodatabases into ArcGIS 
Online and 3D maps.  Chapters five and six, making up 32% 
of the book, guide users through ArcGIS Pro tools for creating 
and editing point, line, and polygon features. Chapter seven 
discusses ArcGIS Pro map topology and geodatabase topology.   

Each chapter has a brief introduction, followed by two tuto-
rials that guide the reader through the concepts or tools with 
realistic data.  Each tutorial has a short introduction with 
learning objectives.  More than half of the tutorials include 
a “your turn” section that allows readers to check their 
progress against the narrative text.  Numerous screenshots 
help the reader follow along and ensure that those working 
through the tutorial stay on track.  Each tutorial is followed 
by an exercise that allows the reader to practice the concepts 
or tools from the tutorial on their own.  Each tutorial and 
exercise section concludes with recommendations for “what 
to turn in” if used in a classroom setting, a review of the 
section, study questions, and other topics to look up in the 
ArcGIS Pro help for further study.  

Tutorials and exercises use realistic data for the fictional town 
of Oleander, Texas.  Chapters one through three use examples 
related to property and wastewater for designing, building, 
and loading data.  Chapters four through seven add examples 
related to stormwater, structures, surface mapping, and polit-
ical and service boundaries.  Of the seven chapters, all but one 
use property mapping concepts such as parcels, lot lines, or 
easements as part of the tutorial or exercise.

By the end of the book, readers will have a firm grasp of geo-
database and ArcGIS Pro functionality, tools, and vocabulary 
related to configuring geodatabases and creating and editing 
points, lines, and polygons for data commonly used in local 
government and services.  Readers are also able to follow 
the life course of a dataset from requirements, design, and 
construction to daily use and quality control with topology.  
If users follow along and work through the tutorials and 
exercises, they will have experience in creating and editing 
realistic data configured in a geodatabase that encourages 
data quality and integrity.  Chapter four may appear as an 
outlier in this purpose, but in actuality expands on the life 

course concept by demonstrating how ArcGIS Pro easily pub-
lishes local data to ArcGIS Online feature services and maps 
to share information, increase access, and make operational 
workflows more efficient.  Chapter four may fit better as the 
concluding chapter, but it serves as a good break between 
the geodatabase design of the early chapters and the ArcGIS 
Pro editing of the later chapters.        

As a text, Focus on Geodatabases is effective in introducing 
readers to a plan, design, and build a model for creating 
spatial datasets and demonstrating real-world advantages 
that well-planned geodatabases have for enforcing data 
quality concepts and saving time with types of data com-
monly encountered in local government.  Principles such as 
data design, valid values restrictions, domain pick-lists, and 
relationships relate to other spatial databases beyond Esri’s 
geodatabase.  As a technical manual, Focus on Geodatabas-
es is effective in guiding users through specific ArcGIS Pro 
interfaces, menus, and tools related to creating and editing 
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GIS &Tips     Tricks By Dave Maune, Ph.D., CP, GS, PS, 
and Al Karlin, Ph.D, CMS-L, GISP

If you are unfamiliar with the Public Land Survey System 
(PLSS) or have never used it in your GIS, here are a few tips 
and tricks, along with a little history.

The Public Land Survey System (PLSS), sometimes re-
ferred to as the “Rectangular Survey System”, or the  BLM 
(Bureau of Land Management) System has been around 
since the post-Revolutionary War days.  Originally created 
by the Land Ordinance of 1785 to survey the land ceded to 
the newly founded United States government by the Treaty 
of Paris in 1783, the system divides land into rectangular, 

one-square mile “Sections”, and accumulates those sections 
into 36-square mile (6 mile x 6 mile) rectangular Townships 
north or south of a “Base Line”, and Ranges, east or west of 
a “Principal Meridian”.  With some exceptions, most notably, 
territory under the jurisdiction of the original 13 colonies at 
the time of independence and select others, the PLSS is the 
“law of the land” in the United States regarding survey and 
conveyance of public lands.

The system was constructed based on an “Initial Point” 
from which a parallel of latitude, a Base Line, and a Princi-
pal Meridian, a true meridian running through the Initial 
Point, were surveyed.  From these two lines, the hierarchical 
system of Townships (north or south of the Base Line) and 
Ranges (east or west of the Principal Meridian) were con-
structed.  Within each Township/Range, 36 – one square mile 
sections were surveyed in a 6 x 6 square mile rectangle as 
shown below in Figure 1.   The BLM Map (Figure 2) shows 
the Principal Meridians and Base Lines for those states sur-
veyed with the PLSS.  States not colored are the “exceptions” 
noted above.

It is important to understand that the PLSS is not a coordi-
nate system. You will not find the PLSS in the Esri Spatial 
Reference List, the European Petroleum Survey Group 
(EPSG) Codes, or the Well Known Text (WKT) files.  How-

ever, almost all historic and current topographic 
maps from the US Geological Survey (USGS) 
include PLSS tic marks or grids, and in recent 
years, surveyors have been recovering the histor-
ical PLSS marker-posts and assigning GPS-coor-
dinates, usually in State Plane systems.  As an 
example, the State of Florida maintains a set of 
PLSS Certified Corner Records (CCRs) referenced 
to Florida State Plane Coordinates. The state 
plane coordinates and survey data sheets can be 
easily retrieved from the Land Boundary Informa-
tion System at https://www.LABINS.org.  Many 
other states are likewise publishing CCRs to their 

Have you ever used the PLSS in your GIS?

By Al Karlin, Ph.D. CMS-L, GISP, and 
Brandon Gravett

Figure 1.  General layout for Sections (square miles), Townships, Rang-
es, Base Lines and Principal Meridians as described in the Public Land 
Survey System.

Figure 2.  Bureau of Land Management map showing the Principal Meridians and 
Base Lines used in the Public Land Survey System.
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websites, and entire PLSS data layers are available through 
REST services from the BLM at the following:

https://gis.blm.gov/arcgis/rest/services/Cadastral/BLM_
Natl_PLSS_CadNSDI/MapServer

The PLSS also provides a system of subdivisions and number 
systems.  Many large facilities have post office box addresses 
with no street address, but include a PLSS field for refer-
ence.  This PLSS field can provide valuable information in 
verifying that a facility was damaged from the actual path 
of a storm or other natural disaster through the use of PLSS 
locator “add-ons”.

The technique described below uses the PLSS “add-ons” or 
descriptions in order to confirm addresses for large surface 
features such as quarries or other types of facilities that 
would be readily identifiable via on-line aerial photography. 

 FACILITY PLSS DESCRIPTION CITY, STATE
 Auburndale  NWQ SEQ  Auburndale,
 WWTP SEC 23 WI US
  T25N R4E

The above is an example of a facility with only minimal in-
formation about its location available. The city (Auburndale) 
and state (Wisconsin) for the PLSS description is provided 
along with a, rather cryptic, PLSS Description.  A more in-
terpretable, natural-language, description for the highlight-
ed PLSS record is “North-West Quarter of the South East 
Quarter of Section 23, Township 25 North, Range 4 East”.  
The diagram, in Figure 2, helps clarify the PLSS description 
where Township 25N, Range 4E, Section 23 is shown high-
lighted in the center, with further quarter and 16th subdi-
visions shown. In this case, they are further subdividing the 
facility location to the northwest quarter of the southeast 
quarter.

Figure 3.  PLSS Grid showing Quarter-Quarter divisions for the Auburn-
dale facility search example. 

This PLSS description can be used as location input at 
websites like Earth Point which can then return real-world 
coordinates for the corners and centroid of the section:

http://www.earthpoint.us/TownshipsSearchByDescription.aspx

Figure 4. EarthPoint website PLSS Entry Form.

Entering the State and associated PLSS Township, Range, 
and Section data, and  pressing the “View” button to confirm 
the coordinates returns the PLSS/BLM data and geographic 
coordinates for the Township (left) and the selected section 
(right) as shown below:

Figure 5.  Geographic Coordinates for the Township and Section input.

 

Pressing the “Fly to on Google Earth” button (on Figure 
4) will generate a GoogleEarth KML file and open a file 
browser to save the KML file on your computer.  Opening 
the GoogleEarth KML you can visually confirm proximity 
to Auburndale, WI and as in many cases, the road grid also 
follows the PLSS sections and outlines section 23: 

https://gis.blm.gov/arcgis/rest/services/Cadastral/BLM_Natl_PLSS_CadNSDI/MapServer
https://gis.blm.gov/arcgis/rest/services/Cadastral/BLM_Natl_PLSS_CadNSDI/MapServer
http://www.earthpoint.us/TownshipsSearchByDescription.aspx
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In this specific example, you can zoom-in to the area of the 
plant and the sewage lagoon is visible in the Google Earth 
aerial photo, located exactly as described in the northwest 
quadrant of the southeast quarter-section.

Knowing the Public Land Survey System nomenclature and 
PLSS locators can add fast and reliable information to a GIS 
inquiry.

Send your questions, comments, and tips to GISTT@asprs.org.

Al Karlin, Ph.D., CMS-L, GISP, and Brandon Gravett 
are with Dewberry’s Geospatial and Technology Services 
group in Tampa, FL.  As a senior geospatial scientist, Al 
works with all aspects of Lidar, remote sensing, photogram-
metry, and GIS-related projects.  Brandon is a Geospatial 
Analyst who specializes in web-based GIS applications.

Figure 6.  GoogleEarth view of the Auburndale facility showing the PLSS Township (in orange) and the Section (in purple).

data and does not begin to cover everything that ArcGIS Pro 
can do.  This knowledge is particular to ArcGIS Pro, although 
other software may have similar tools and functionality.  

Despite its success in achieving its stated goals, the title 
Focus on Geodatabases in ArcGIS Pro is not very descriptive 
of the breadth or emphasis of the book.  Data Integrity with 
Geodatabases in ArcGIS Pro or Focus on Data Quality and 
Maintenance with Geodatabases in ArcGIS Pro are more 
descriptive, if wordier, alternatives as one of its potential 
strengths is helping GIS professionals’ transition from Arc-
GIS Desktop to ArcGIS Pro.  

Focus on Geodatabases also lacks a conclusion, with a review 
of the geodatabase topology section being the final text.  This 
is a missed opportunity to emphasize the attention to detail 
required over the life course of operational spatial data.  

Users achieve quality spatial data by not only having sound 
data design and implementation but also careful use of 
appropriate data creation and editing techniques verified by 
quality assurance and topology checks.     

Overall, Focus on Geodatabases achieves its goals and pro-
vides a solid introduction, textbook or GIS lab manual, or 
transition guide to both geodatabases and editing function-
ality in ArcGIS Pro.  The real-world data scenarios are an 
asset to classroom use and relate to working professionals.  
As a textbook, Focus on Geodatabases is ideal for instructors 
that wish to emphasize planning before doing, creating and 
editing realistic local government property and utilities data, 
and maintaining data quality through structural geodata-
base settings, good technique, and topology tools.

Book Review, continued from page 468
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BECOME A MENTOR TO A GEOSPATIAL STUDENT!

As we network within our ASPRS Chapter community, we are excited to highlight 
a new program that is seeking energized geospatial professionals to serve as 

mentors. Please consider volunteering a little bit of your time and expertise with 
student members! 
As a mentor, you can help a student navigate job applications, 
understand the publishing process, and grow their confidence! 
This year has been hard, and many students are experiencing 
additional stresses as they find their next step in their 
academic and professional careers. Whether you are an 
established professional in your field or just breaking into 
a new career, your experience, support, and encouragement 
could make all the difference in a student’s journey forward. 

Please consider joining our mentor program by sending 
us a short statement of interest to sac@asprs.org. 

Student Chapter Mixer Event! 
This month, several student chapters met via zoom to 
exchange tips on how to be a successful student geospatial 
organization. The chapters were represented by their 
presidents:

◊ Liz Cave, Portland 
Community College

◊ Maria Krivova, Oregon 
State University

◊ Audrey Lothspeich, 
University of Minnesota

◊ Holly Romer, Portland 
State University

◊ Krista West, San Diego 
State University

These dedicated students spent an hour discussing what has 
worked well regarding group cohesion, event planning, and 
student engagement during such a difficult year. As zoom is 
now the norm for meetings, this selection of student chapters 
was able to meet despite being (in some cases many miles 
apart) to offer support to each other. 

Ideas for student engagement
During this meeting, the student chapter shared some useful 
tips for engaging students and building community. Check 
out the list below to help engage students in your school!

Start a Slack or Discord for casual chatting and 
document sharing
As students cannot meet in person to socialize, these chat 
platforms allow for a digital social space that can be loosely 
structured.

Host small, manageable workshops and presentations 
put on by students to show off their work. 
These events do not have to be big or require a lot of 
planning. Instead, some chapters found that it was most 
effective given time and bandwidth to ask students to do 
skill shares or present their research. This kept students 
involved in their own community and with their peers and 
gave them opportunities to practice presenting in a casual 
setting. These presentations don’t need to be geospatial in 
content but can cover anything a student is interested in 
sharing!

The SAC will be hosting another Student Chapter Mixer this summer to discuss member recruitment and plans for this upcoming year! 
If you would like to attend, please email sac@asprs.org.
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by Clifford J. Mugnier, CP, CMS, FASPRS

The Grids & Datums column has completed an exploration of 
every country on the Earth. For those who did not get to enjoy this 
world tour the first time, PE&RS is reprinting prior articles from 
the column. This month’s article on the Republic of Bénin was 
originally printed in 2003 but contains updates to their coordinate 
system since then.

REPUBLIC OF 

BÉNIN

In the 15th century, the site of the most 
organized kingdom of West Africa was at 
Abomey until the Portuguese came to the 

region in 1485. The kingdom of Great Bénin 
exerted great influence in the 17th century; the 
French established a trading presence in Cotonou 
(1851) with King Gezo. Temporarily suspended, 
the French reestablished former rights at Porto-
Novo in 1863, and protection was extended to 
various other political entities along the coast and 
in the interior. Dahomey eventually was made 
an overseas territory of France in 1946, and it 
became independent in 1960. Dahomey’s name 
was changed to Bénin in 1975. Bénin is bordered 
on the west by Togo (644 km), on the south by the 
Atlantic Ocean (121 km), on the east by Nigeria 
(773 km), and on the north both by Niger (266 km) 
and by Burkina Faso (306 km). The lowest point 
is the Atlantic Ocean, the highest point is Mount 
Tanekas (641 m), and Bénin is slightly smaller 
than the state of Pennsylvania. Although the 
country is mostly flat to undulating plains, there 
are some hills and low mountains.
When the federation of the eight territories constituting for-
mer French West Africa came into being in 1904, the Annexe 
de l’Institut Géographique National á Dakar (Senegal) be-
came responsible for the official mapping. At the time, the 
IGN Annex, Dakar was known as Service Géographique de 
l’Afrique Occidentale Française – SGAOF (Geographic Ser-
vice of the French West Africa). Topographic mapping of 
Bénin by SGAOF was largely at the scales of 1:200,000 and 
1:500,000. The methods originally used were rapid ground 
mapping (using planetable and alidade with graphical trian-
gulation). The Clarke 1880 was the ellipsoid of reference for 

these series. In December 1945 the Cabinet du Directeur, 
Institut Géographique National in Paris issued an instruc-
tion concerning the systems of projection to be utilized in 
French West Africa. The instruction detailed that a Gauss 
(Gauss-Schreiber Transverse Mercator) system of projection 
was to be used for the group of regular map compilations and 
related works that included geodesy, topography, photogram-
metry, and cartography for a range of scales that included 
1:200,000. All of the map series were to be cast on the Inter-
national Map of the World sheet system based on the graticule. 
In particular, Fuseau Dahomey was defined with a central me-
ridian, lo = 0º 30´ East of Greenwich, a scale factor at origin, 
mo = 0.999, and both False Easting and False Northing equal 
to 1,000 km. The limits of the Dahomey Zone grid were defined 
between 3º West to 4º East. The ellipsoid of reference was de-
fined as the Hayford 1909 (International) where a = 6,378,388 
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m and 1/f = 297. The detailed measures that were to be taken 
by the Colonial Inspector Generals in charge included training 
their staffs to use the new tables of projection.

Within five years, French coordinate systems changed to UTM 
throughout the world with the exceptions of Madagascar 
(PE&RS, February 2000) and Reunion. In terms of far-reach-
ing developments in grid system usage, this was spectacular! 
D. R. Cockburn and W. L. Barry of Army Map Service trans-
lated the IGN Instruction dated 20 September 1950:

“1. The General Directorate has decided to abandon the 
projection systems now in use in the French Overseas 
Territories and Departments and to utilize hence-
forth, in all these territories, a new projection system 
called the Universal Transverse Mercator (Mercator 
Transverse Universelle), having a unique definition.

In-so-far as Madagascar is concerned, the use of the 
Laborde Projection will be continued without change. 
Similarly for Reunion, the Gauss system, in which the 
triangulation of the island has been computed, will be 
retained. With the exception of these two particular 
cases, the U.T.M. projection will from now on be the 
only official projection in the French Overseas Territo-
ries and Departments.

Consequently I.G.C. instruction No.1212, dated 12 
December 1945, is rescinded.

2. The new projection is a Gauss conformal projection ap-
plied to zones of 6º of longitude in width. These zones, 
identical to those of the 1:1,000,000 International Map 
of the World, are indicated on the attached index map.

3. For a long time, views have been expressed in the in-
ternational meetings of geodesists in favor of a uni-
versal projection system, which would be adopted by 
all the countries of the world. Inspector General Tar-
di proposed himself at the General Assembly of the 
International Association of Geodesy at Edinburgh 
(1936), a Gauss projection in 6º zones for the African 
continent, which is the same as the UTM projection. 
These views remained the dead issue for a long time. 
Before 1940, each country was quite satisfied with its 
own projection system and was reluctant to undertake 
the enormous task of converting coordinates into a 
universal system. They were especially reluctant to 
modify their quad printing plates. However, during 
the course of the last war, the extension of military 
operation to vast regions of the globe, the strategic de-
ployments on a great diversity of war-fronts entailed 
the creation of a great number of projection systems 
(in 1945, over 100 of these systems were in use). As 
a result, a state of utter chaos ensued and consider-
able expense was entailed for the computation of the 
transformation and the adaptation operations. Conse-
quently, the prospect of a universal projection system 
aroused much interest in the post war period.

The United States was very much in favor of the proj-
ect and to facilitate its adoption by the various coun-
tries, Gauss projection tables (called a UTM projec-
tion) were computed and published. These tables were 
computed in the sexagesimal angular division system. 
The American agencies also computed the same tables 
on a centesimal system.

The Institut Géographique National, when asked to 
adopt the new projection in December of 1949, did not 
hesitate in agreeing to its use for French Colonial re-
gions with certain exceptions which are explained be-
low. In point of fact, it was entirely possible to adopt 
this new projection for the major part of the colonial 
possessions at a very small cost. However, a problem 
arose for its use in France proper and in North Afri-
ca. For France itself, a 6º belt UTM projection leads 
to very extreme scale changes, i.e., extreme from the 
point of view of civilian use.

4. Actually, it was not merely in a spirit of international 
cooperation that the Institut Géographique National 
agreed to the new projection but also because it of-
fers incontestable practical advantages. In December 
1949, the situation was as follows:

After long conferences in which various proposals were 
suggested, we finally adopted the solution proposed by 
General Laborde for our overseas possessions at the 
end of 1945. this solution was as follows: A Gauss sys-
tem (double projection) on the international Ellipsoid 
with jo equaling 0° in French East Africa and French 
West Africa. For the smaller regions (Guadeloupe, 
Martinique, Reunion, etc.) the value of jo is equal to 
the mean latitude of the territory, jo being the lati-
tude of the central point. This procedure leads to the 
establishment of separate tables for each value jo.

Tables for the conversion of geographic coordinates 
into rectangular and vice versa (tables which would 
produce the centimetric precision necessary for geo-
detic computations) had not been set up at the end 
of the year 1949 with the exception of tables covering 
a few small regions. Although this is a very pressing 
urgency, the Institut Géographique National, due to 
limit (sic) means, has neither the facilities for com-
puting the tables rapidly nor for editing them without 
detriment to other equally urgent tasks.

Considering on one hand the small number of stations 
to be converted into the new system (for astro points 
the work involved is insignificant) and considering 
that the dimensional variations of the sheets already 
published would be less than the standard size, the 
Institut Géographique National has agreed to rapidly 
extend the UTM projection in these territories being 
aware of the following factors:

That the United States was in a position to immedi-
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ately deliver to us as many copies as was necessary of 
the tables computed on the sexagesimal system and 
contracted to compute the same tables on the grad 
system; that the United States was able to undertake 
the conversion of coordinates into the system using 
data obtained from electronic computing machines.

5. In point of fact, the UTM projection as it has been al-
ready adopted (or in the course of being adopted) by 
a number of countries is not absolutely ‘Universal.’ 
This would have been the case if a uniform ellipsoid 
had been chosen for all the countries. However, the 
difficulties entailed in changing ellipsoids is common 
knowledge and because of this, the basics of the el-
lipsoids in use for the various continents have been 
retained. Accordingly, the Clarke 1866 ellipsoid has 
been kept in use for North America; the Internation-
al Ellipsoid has been adopted for South America and 
the Pacific regions, and the Everest Ellipsoid has been 
chosen for the East Indies and the adjacent regions. 
So as to fulfill a request made by the British who have 
already computed vast geodetic nets on the Clarke 
1880 Ellipsoid, the Institut Géographique National 
has adopted this ellipsoid for the entire African con-
tinent. In addition, this ellipsoid was used for French 
geodetic work previous to 1945.

6. The UTM projection may be defined as having the fol-
lowing intrinsic properties:

It is a Gauss conformal projection, a direct projection 
of the ellipsoid on the plane. Linear values are main-
tained on the prime meridian of the projection with 
the exception of a scale-reduction which is defined by 
the following coefficient: ko = 0.9996.

The zones have an overall width of 6° in longitude (3° 
on each side of the central meridian). The zones coin-
cide with those of the 1:1,000,000 International Map. 
The Greenwich meridian is at the limit of two zones 
(zone numbers 30 and 31). These basics will suffice to 
define the projection for any given ellipsoid.

7. The new UTM projection differs from the Gauss pro-
jection adopted at the end of 1945 in the sense that 
it is a direct projection of the ellipsoid on the plane 
instead of being an indirect projection employing the 
intermediary of a sphere upon which the ellipsoid is 
first applied before projecting it on the plane.

The new projection retains the linear values on the 
central meridian of each zone to the approximate scale 
factor. The former projection did not retain linear val-
ues on this meridian.

In toto, the basics of the two projections are, at least 
within the limits of the proposed narrow zones, abso-
lutely comparable and considered from the view point 
of practical application it is impossible to give prefer-

ence to either one or the other. The only advantage of 
the former projection is that of adapting itself more 
simply to the extension of latitudinal belts and that 
this predicament will not arise for overseas geograph-
ic services.

8. Covering memo No. 1 in reference to the implementa-
tion of the new projection program is to be effective im-
mediately. Director, Institut Géographique National.”

The instruction quoted above was accompanied with some 
specific procedures for all of the French colonies, territories, 
and departments. With respect to French West Africa (and 
Bénin), IGM explained that AMS agreed to compute the UTM 
coordinates of all astro points that were observed as control 
for the 1:200,000 scale topographic maps.

In January and February of 1952, Hydrographic Engineer 
Bourgoin of the French Navy directed a port survey of Coto-
nou in support of a new wharf. The survey included depth 
soundings, current measurements, measurement of the peri-
od, direction, and amplitude of the tide, observations of the 
characteristics of the local sea, soundings in the adjacent la-
goon, and granularity determinations of the bottom. A local 
coordinate system was devised with the origin of X = 10,000 
m and Y = 1,000 m at the church steeple. The Cotonou Light-
house was calculated to have the coordinates X=10,241.75 m 
and Y=508.01 m. This local grid was oriented by tachéomètre 
(used at the time in Europe for cadastral surveying and dis-
tance measurement with subtense bar) to star observation, 
and scale was provided by a 50-meter triangulation baseline. 
No geodetic coordinates were given for the origin point.

A Franco-German protocol of 9 July 1897 delimited a bound-
ary between German Togo and the French possessions of Da-
homey and Soudan (presently Upper Volta). The affirmed con-
vention boundary utilized the lagoon eastward from Île Bayol 
to the Mono river and then follows the river northward to the 
7th North parallel, thence various jogs, thalwegs, and merid-
ians to the tripoint with Upper Volta (now Burkina Faso). 
Straight lines were defined according to French topograph-
ic mapping and are therefore cast on the Gauss-Schreiber 
Transverse Mercator projection. Note that the thalweg is the 
“thread of the stream” and is not always equidistant between 
the two river banks.

The Bénin-Burkina Faso boundary is demarcated by the 
Mékrou and Pendjari rivers for about 85 percent of the dis-
tance. Between the rivers, the boundary follows the Chaîne de 
L’Atacora for about 25 miles to the tripoint with Niger. This 
boundary (and that with Niger), was determined most recent-
ly by a French statute of 27 October 1938 and re-established 
on 4 September 1947.

The Lagos area of Nigeria was ceded to the United Kingdom 
by a local monarch in 1861. With the expansion inland of 
both Bénin and Nigeria, the Anglo-French convention of 10 
August 1889 delimited a boundary between the territories 
from the gulf of Guinea northward to the parallel of 9° N. 
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The Anglo-French agreement of 19 October 1906 
and amendments made by the demarcation pro-
tocol of 20 July 1912 determined the final bound-
ary between the two countries. Using numerous 
beacons (survey monuments), thalwegs of rivers, 
and straight lines on French 1:200,000-scale topo-
graphic maps, the boundary ends at the tripoint 
beacon with Niger.

In April 1959, the SGAOF name was changed to 
Service Géographique, Dakar –SG, Dakar (Geo-
graphic Service, Dakar) and in January 1961, to 
its present name. Topographic mapping of Bénin 
by IGN has been largely at the scale of 1:50,000. 
In the late 1940s and early 1950s, IGN compiled a 
small amount of topographic mapping at 1:20,000 
scale and in the early through mid-1950s produced 
a small amount of mapping at 1:100,000 scale. Af-
ter World War II the French adopted aerial pho-
togrammetry controlled by astronomical points as 
the means for surveying at the scales of 1:50,000 
and 1:200,000. The reader is reminded that when 
comparing mapping technology of the 1950s to 
the present, a shirt-pocket consumer grade GPS 
receiver is about five times more accurate than a 
classical “astro point.”

The closest major classical datum to the Repub-
lic of Bénin is the Minna Datum of 1927. The or-
igin is at station L40, which is the north end of 
Minna Base in the town of Minna, Nigeria where 
Φo = 09° 39´ 08.87 N, Λo = 06° 30´ 58.76˝ East 
of Greenwich, and the ellipsoid of reference is the 
Clarke 1880 where a = 6,378, 249.145 m and 1/f 
= 293.145. In 1987, NIMA published the trans-
formation parameters from the Minna Datum of 
1927 to WGS84 Datum as Δa = –112.145 m, Δf × 
104 = –0.54750714, ΔX = –92 m ±3 m, ΔY = –93 m 
±6 m, and ΔZ = +122 m ±5 m, and this was a mean 
solution of six stations. In 1990, C.U. Ezeigbo pub-
lished his solution of 11 stations for a Bursa-Wolf 
seven-parameter transformation as ΔX = –92.9 m 
±1.6 m, ΔY = –116.0 m ±2.3 m, and ΔZ = +116.4 
m ±2.4 m, Rx = –0.3˝ ±1.1˝, Ry = +3.0˝ ±1.7˝, Rz 
= +2.2˝ ±1.5˝, and scale = +1.00002 ±0.6 × 10-5. 
This solution is intriguing because one station 
appeared to be between Lagos and Cotonou, ac-
cording to the small-scale survey sketch by Prof. 
Ezeigbo.

Bénin Update
Seven CORS station were established in October 2008 through Mil-
lennium Challenge Account, Benin(MCAB) and National Geodetic 
Service, USA. Trimble NetR5 GNSS systems are being used in all 
the stations. The stations are being operated by Millennium Chal-
lenge Account, Benin (MCAB) and the 1˝ GNSS data and other sta-
tions information is available at NGS website http://www.ngs.noaa.
gov/cors. Their ITRF00 (1997.0 Epoch) positions were computed in 
August 2008 using 13-69 days of data. Source: National Geodetic 
Service USA, website., AFREF News Letter No.11, afref@rcmrd.org, 
May 2010.

Problem of the Use of Dual-Frequency Gnss Receivers in 
Benin, Degbegnon, L., Koumolou, A., Global Journal of Engineer-
ing Science and Research Management, 5(11): November, 2018, ISSN 
2349-4506. http://www.gjesrm.com/Issues%20PDF/Archive-2018/
November-2018/6.pdf 

According to Degbegnon & Aïzo, the current local datum for Bénin is 
“Datum 58” with its origin at Point 58 southeast of the town of Dosso 
in the country of Niger and near the border with Nigeria where: Φo 
= 12° 52´ 44.045˝ N, Λo = 3° 58´ 37.040˝ E of Greenwich. Thanks to 
John W. Hager, “Azimuth is 97° 30´ 04.237˝ to C. F. L. 1 from north. 
Elevation = 266.71 meters. Astro observed by IGN in 1968. This was 
used as a temporary datum pending the adjustment of the 12th Par-
allel to Adindan. It was for the section of the 12th Parallel in Niger 
and Upper Volta. Reference is Final Report of the 12th Parallel Sur-
vey in the Republic of Niger.” Surveyed in 1969 by the French IGN, 
the ellipsoid of reference is the Clarke 1880 where: a = 6,378,249.145 
m., 1/f = 293.465. This was used as the basis for computation of the 
12th Parallel traverse conducted 1966–70 from Senegal to Chad and 
connecting to the Adindan triangulation in Sudan. The country is 
now moving to the WGS84 Datum (realization undefined), and the 
paper by Degbegnon & Aïzo (below) discusses a Bursa-Wolf transfor-
mation between the WGS84 Datum and the local Datum 58.

Comparative study and determination of transformation parame-
ters between: the permanent station system, the datum (58) and the 
Bénin geodetic System, Degbegnon, L., Aïzo,P., Research Journal 
of Recent Sciences, Vol. 8(4), 1-8, October (2019) ISSN 2277=2502. 
http://www.isca.in/rjrs/archive/v8/i4/1.ISCA-RJRS-2018-067.pdf. 

The contents of this column reflect the views of the author, who is responsible for 
the facts and accuracy of the data presented herein. The contents do not necessarily 
reflect the official views or policies of the American Society for Photogrammetry and 
Remote Sensing and/or the Louisiana State University Center for GeoInformatics 
(C4G).
This column was previously published in PE&RS.
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Journal Staff AWARDS AND SCHOLARSHIPS 
COMING FALL OF 2021

ESTES MEMORIAL TEACHING AWARD

The Estes Memorial Teaching Award was inaugurated in 
2003 in honor of Professor John E. “Jack” Estes, teacher, 

mentor, scientist, and friend of the American Society for 
Photogrammetry and Remote Sensing. 

Funding for the Award, initially provided by a corporate sponsor, lapsed 
in 2016. In 2020-21, the ASPRS Foundation trustees, in recognition of the 
important niche this Award occupies in ASPRS, reallocated a portion of the 
Foundation’s general-purpose funds to fully endow the Award at a minimum 
$2,000 level. 

This Award, which includes a presentation plaque and a check, is intended 
to be presented annually. The purpose of the Award to recognize individual 
achievement in the promotion of remote sensing and geographic information 
systems (GIS) technology and applications through educational efforts. Award 
recipients are chosen based on documented excellence in education, teaching, 
mentoring, and training.

Nominations for the Award are solicited from active members of ASPRS, 
including representatives from ASPRS’s Regions, by the Estes Award 
Selection Committee and are evaluated based on the following criteria:
• Professional duties with a significant role in education, teaching, 

mentoring, and training in the areas of remote sensing and GIS 
• Documented excellence in education, teaching, mentoring, and training
• A demonstrated commitment to the advancement of student learning in 

remote sensing and GIS

Further information and application details will be available on the ASPRS 
web site in the early Fall.

ASPRS GOVERNMENT SERVICES 
SCHOLARSHIP

The Awards Committee of the American Society for 
Photogrammetry and Remote Sensing (ASPRS) and the 

ASPRS Foundation announce the new ASPRS Government 
Services Scholarship for the 2022 application cycle. The 
scholarship is fully endowed at the initial amount of $5,000, 
with potential for the award amount to grow in future years.

This scholarship, to be awarded annually, is designed to encourage upper-
division, undergraduate-level and graduate-level college students in the 
United States or Canada to pursue a course of study in photogrammetry and 
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Your Path To Success In The Geospatial Community

related topics leading to a career in the geospatial 
mapping profession in the government sector 
(federal, state or local) within the United States. The 
scholarship also encourages geospatial professionals 
already in government service to pursue advanced 
degrees and provides a preference to U.S. veterans. 
ASPRS membership (active or student) is required.

An eligible candidate who wishes to be considered for 
the scholarship must submit an on-line application that 
includes the following items:
• A listing of courses taken or planned in 

photogrammetry and related geospatial information 
technologies, recognizing that instruction in remote 
sensing is often embedded in courses taught in 
many different disciplines.

• A transcript of all college/university level courses 
completed, and grades received, to demonstrate 
scholastic ability.

• A listing of internships, special projects, or work 
experience; technical papers, research reports or 
other documents; courses taught as a lecturer or 
teaching assistant; and presentations made that 
demonstrate the applicant’s capabilities in this field.

• Two letters of recommendation from faculty 
members or professionals having knowledge of the 
applicant’s capabilities (demonstrated or potential).

• A statement, not to exceed 2 pages, detailing the 
applicant’s educational and research goals that 
relate to the advancement of photogrammetry and 
related geospatial information technologies and the 
applications of these technologies.

Further information and application details will be 
available on the ASPRS web site in the early Fall.

ASPRS PARTNERS WITH 
PROMETRIC TO PROVIDE 
ALL FUTURE ASPRS 
CERTIFICATION EXAMS 
This new partnership:
1. Removes the need for candidates to coordinate 

proctors 
2. Allows for examinations to be offered in a Covid-safe 

environment
3. Provides immediate test results to the candidate
4. Allows for “remote proctoring” for candidates who 

do not have a Prometric testing center near their 
locations, to include international candidates

For more information regarding the ASPRS 
Certification Program, please click the button below or 
send questions to applications@asprs.org.

http://www.asprs.org/Join-Now


Three-Dimensional Reconstruction of  
Single Input Image Based on Point Cloud

Yu Hou, Ruifeng Zhai, Xueyan Li, Junfeng Song, Xuehan Ma, Shuzhao Hou, and Shuxu Guo

Abstract
Three-dimensional reconstruction from a single image has 
excellent future prospects. The use of neural networks for 
three-dimensional reconstruction has achieved remarkable 
results. Most of the current point-cloud-based three-dimen-
sional reconstruction networks are trained using nonreal 
data sets and do not have good generalizability. Based on the 
Karlsruhe Institute of Technology and Toyota Technological 
Institute at Chicago ()data set of large-scale scenes, this article 
proposes a method for processing real data sets. The data set 
produced in this work can better train our network model and 
realize point cloud reconstruction based on a single picture of 
the real world. Finally, the constructed point cloud data cor-
respond well to the corresponding three-dimensional shapes, 
and to a certain extent, the disadvantage of the uneven distri-
bution of the point cloud data obtained by light detection and 
ranging scanning is overcome using the proposed method.

Introduction
Three-dimensional (3D) reconstruction, an important environ-
mental perception and computer vision technology, has good 
application prospects in fields such as autonomous driving, 
virtual reality, medical image processing, architectural design, 
and cultural relic protection. According to different recon-
struction targets, the 3D reconstruction of an image can be 
divided into large-scale scene reconstruction and single-target 
reconstruction. Scene reconstruction technology is relatively 
mature, and researchers have produced open-source and 
commercial 3D reconstruction software based on the structure 
from motion (Schönberger and Frahm 2016) and multi-view 
stereo (Jancosek and Pajdla 2011) algorithms. The present 
article is related to target reconstruction.

Existing 3D models can be divided into four main types 
based on their mode of expression: depth image, voxel grid, 
and point cloud. For the human eye, a depth image cannot 
show 3D shapes well. Further, voxel grid representations can 
be directly processed by 3D convolutional neural networks 
(CNN). However, the volume cost will be exceedingly high and 
the processing speed slow. Therefore, the resolution should 
be reduced, which in turn will result in a quantization error. 
Although point cloud is not coherent in terms of expression, 
it has the advantages of a simple structure, ease of learning, 
and convenient geometric transformation. Point cloud data, a 
collection of points containing 3D coordinate information, can 
be obtained using a light detection and ranging (lidar) scanner. 
According to whether the acquisition device actively emits 

measurement signals, traditional 3D reconstruction methods 
are divided into two categories based on active and passive 
vision theories. Active vision-based 3D reconstruction is used 
to obtain the depth information of the target by comparing the 
gap between emission and reception using energy sources, 
such as lasers. Active methods can be divided into the Moiré 
fringe, time-of-flight (ToF), structured light, and triangulation 
methods. Among them, the 64-line real-time lidar on Google’s 
driverless car uses ToF to measure the relative distance be-
tween the surfaces of objects and the device to obtain point 
cloud data. To restore 3D information, the passive vision-
based 3D reconstruction method uses a camera to estimate 
the depth of two-dimensional (2D) images obtained by the 2D 
projection of the 3D world. Multi-view stereo vision recon-
struction uses a set of images of the target object, obtained 
from different perspectives, for feature matching and then 
uses the matched feature points to complete the point cloud 
reconstruction. In fact, in many cases, we cannot obtain im-
ages of the target at multiple angles simultaneously, especially 
when real-time 3D reconstruction is required during driving. 
Therefore, it is necessary to use a single 2D picture to perform 
3D reconstruction. In traditional methods, monocular vision 
reconstruction is more difficult because a single image corre-
sponds to a variety of possible real targets, and prior knowl-
edge is required to solve the uncertainty of the prediction of 
the invisible part of the image. This is also one of the challeng-
es of the 3D reconstruction of a single image. Deep learning 
allows computers to learn the manner in which the human ret-
ina captures 3D shapes and completes the 3D reconstruction 
of a single picture. With the gradual development of neural 
networks, 3D reconstruction methods based on deep learning 
have shown remarkable performance. Fan et al. (2017) used an 
autoencoder (Shao 2019) to build a single input-image point 
cloud generation network, and they were the first to use deep 
learning to achieve point cloud generation. Since then, re-
searchers have continuously developed point cloud generation 
networks (Sun et al. 2019; Mandikal and Babu 2019; Mandikal 
et al. 2018) based on single input image.

Simultaneously, large-scale computer-aided design (CAD) 
model libraries, such as ShapeNet (Chang et al. 2015), Mod-
elNet (Vishwanath et al. 2009), and PartNet (Yu et al. 2019), 
have appeared in recent years. These 3D model libraries have 
played a very important role in 3D reconstruction tasks. In the 
past, many point cloud-based 3D reconstruction tasks were 
conducted using these modeling data, but the real situation 
is often suboptimal: (1) the target in the picture is occluded; 
(2) the point cloud data only correspond to the surface of the 
target from one perspective; and (3) the point cloud data are 
unevenly distributed (Zhai et al. 2020). This study aims to use 
neural networks to predict the structure of a 3D point cloud 
for a given image. Owing to the large difference between the 
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modeling data and the read data, a model trained using mod-
eling data is often difficult to apply in practical situations. In 
contrast to the aforenoted studies, we implement 3D recon-
struction based on a real road data set, Karlsruhe Institute of 
Technology and Toyota Technological Institute at Chicago 
(KITTI) (Geiger et al. 2013). This study uses a semiautomatic 
segmentation program to achieve single-objective data set pro-
duction. Such data help our network to better simulate real-
world situations. The up-sampling part of the point cloud can 
counteract the shortcomings of overly sparse point cloud data 
in the data set to a certain extent. We also used an encoder-
decoder network to complete the reconstruction of 3D point 
cloud data. The content of this article includes the following:
• We propose a method to create the data set required for 3D 

reconstruction based on the open-source KITTI data set;
• A new neural network model for efficiently generating dense 

point cloud shapes is proposed. Unlike previous 3D recon-
struction studies, the 3D reconstruction of the vehicle target in 
this study is based on the road data of real urban environments;

• A point cloud up-sampling module in the network is pro-
posed to make the point cloud data dense according to the 
characteristics of the multi-line lidar scanning point cloud 
data. It can improve the predictive point cloud effect of a 
single input image.

Method and Materials
Method
Based on the vehicle-mounted lidar point cloud data and the 
corresponding 2D images, we designed a real point cloud 
reconstruction network for a single input image. In this sec-
tion, we will introduce the overall content and design process 

of the network in detail. First, we will introduce the 2D image 
data used by Mask region- based convolutional neural net-
works (R-CNN) (He et al. 2017) to train the network. Second, 
we will describe the point cloud up-sampling method in de-
tail. Finally, we will describe how the reconstruction network 
converts the input 2D road vehicle target image (red-green-
blue (RGB)) into a 3D point cloud S = {(xi, yi, zi)}N

i=1. Figure 1 
shows the pipeline of our entire experiment.

Mask R-CNN was developed from R-CNN (Girshick et al. 
2014), Fast R-CNN (Girshick 2015), Faster-RCNN (Ren et al. 
2017), and fully convolutional networks (FCN) (Long et al. 
2015). R-CNN uses the selective search method to generate 
one to two thousand candidate regions on the input image. 
Subsequently, the neural network of the winding machine 
is used to extract the image features in the candidate area 
to obtain the corresponding feature map. R-CNN performs a 
substantial amount of repetitive work in the image feature 
extraction stage, whereas Fast-RCNN simplifies the feature 
extraction stage. Fast-RCNN uses a neural network to extract 
high-dimensional features of the entire image at once and 
obtains the feature map of the candidate region through the 
mapping between the image and the feature map. Faster-
RCNN uses region proposal network structures instead of the 
selective search method to generate candidate frames, and it 
uses neural networks instead of the support vector machine 
to implement tasks such as classification. Mask R-CNN adds 
FCN based on Faster-RCNN, which can complete target detec-
tion tasks and instance segmentation tasks on the Common 
Objects in Context (COCO) (Lin et al. 2014) data set.

The segmentation results of Mask R-CNN meet most of the 
requirements of image segmentation. Mask Scoring R-CNN was 
proposed in 2019 by Huang et al. (2019), who added a new 

Figure 1. Pipeline of the present study. The reconstruction network is divided into two stages: In the first stage, the trained 
Mask region-based convolutional neural networks is used to segment the input image; in the second stage, the segmented image 
is reconstructed from the point cloud. The point cloud output predicted by the network is similar to the lidar scan result.

Figure 2. Mask region-based convolutional neural networks image segmentation process.
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scoring method (mask score) based on Mask R-CNN. The Mask 
Scoring R-CNN model learns a score for each mask instead of 
using its classification score. We believe that the space and 
time complexity of Mask Scoring R-CNN are higher than those 
of Mask R-CNN. Therefore, this study chooses Mask R-CNN as 
the segmentation model.

Up-Sampling Method
Point Cloud Library (Rusu and Cousins 2011) used the mov-
ing least squares (MLS) algorithm for up-sampling. It recon-
structs surfaces through an algorithm and traverses all the 

points in the point cloud for interpolation, allowing outliers 
and surface vacancies in the point cloud to be removed. This 
is a process of performing the interpolation of existing point 
cloud data; therefore, the reconstruction result will not be 
completely accurate. This study also uses an interpolation 
method for point cloud up-sampling. Considering the char-
acteristics of the point cloud data scanned by the multi-line 
lidar, the point nearest to each point must appear on a line, 
as shown in Figure 3b. To make the points added by up-
sampling appear between the lines, we shifted our attention 
from the nearest point to the other points contained in the 

Figure 3. Schematic of up-sampling results. (a) The original point cloud data of the target vehicle; (b) the image is obtained by 
interpolation between each point of the point cloud data and its nearest neighbor; (c) the image is the result of neighborhood 
point cloud interpolation; (d) the image is the target of the original point cloud data of the vehicle; (e) the image is a partially 
completed cloud.

Figure 4. Point cloud generation network structure. (a) F is the latent features of the image in high-dimensional space; LCD 
is the loss of the network (see the section “Point Set Generation Net”); (b) this subfigure is the network structure of the 
autoencoder in (a). “B” represents batch size.
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neighborhood of each point. Note that here the point cloud 
data in KITTI can be approximated as multi-line scanning 
lines perpendicular to the z-axis. Find a point and set the 
Euclidean distance as the neighborhood radius. Subsequently, 
find a point in the neighborhood whose z value differs from 
that of this point by more than a small number. Figure 3c is 
obtained by interpolating such points.

In the actual environment, the multi-line lidar can scan only 
one side of the target object, and the point cloud data obtained 
by scanning are incomplete. The most commonly used meth-
ods are as follows: (1) Fill in the incomplete part by inputting 
geometric hints (Berger et al. 2014). (2) The symmetry axis is 
determined to complete the repetitive structure (Sipiran et al. 
2014; Sung et al. 2015). (3) Learn the geometry of the missing 
part through deep learning and restore the 3D shape of the 
target (Yuan et al. 2018). The Point Completion Network real-
izes the completion of incomplete target point clouds. Here, we 
considered a simple up-sampling method, based on the sym-
metry of the 3D object, to partially complete the point cloud of 
the target vehicle, as shown in Figure 3e. Through simple point 
statistics, we can easily find the symmetry plane separating the 
left and right sides of the vehicle. The two parts of the point 
cloud space separated by a plane can share information with 
each other to achieve partial completion of 3D point cloud data. 
To facilitate calculation using a computer, we up-sampled the 
point cloud to 1024 points, as shown in Figure 3(e).

Point Set Generation Net
A point cloud generation network is important for realizing 
single input-image point cloud reconstruction. Based on this, 
to simulate a real point cloud data set, we proposed a ground 
truth (GT) up-sampling module. The nonuniqueness of the 
GT is caused by the discontinuity of point cloud data. In the 
real data set, it can be understood that the point cloud data 
obtained by the lidar will not be exactly the same every time 
the lidar scans the same target object.

We propose a real point cloud reconstruction network for 
single-input RGB images (Figure 4). A network that simulates 
the nonuniqueness of a GT is added based on the point set 
generation network. Our network is mainly divided into three 
modules: image coding module, point cloud prediction mod-
ule, and GT up-sampling module, as shown in Figure 4. The 
image coding module is composed of encoders and is used 
to map images to high-dimensional spaces. The point cloud 
prediction module generates N × 3 point cloud data from the 
image depth learned by the network through a fully connected 
network. The process of periodic encoding and decoding can 
make better use of global and local information. We found that 
the point cloud data obtained by lidar scanning were arranged 
in line. Based on this feature, we can observe that in the point 
cloud data of the KITTI data set scanned by the 64-line lidar, 
the nearest neighbors of each point are on the same line. The 
simulation of real point cloud data sets can be performed well 
by interpolation of the points and their nearest neighbors.

Encoder-decoder network in Figure 4 shows the proposed 
basic network composition; the network is trained to under-
stand the mapping relationship between 2D images and 3D 
point clouds. In the 2D stage, the network encodes the input 
image into the latent space for feature extraction. The irregu-
larity of the point cloud causes the 3D CNN to not exhibit good 
performance on the 3D point cloud. The fully connected de-
coder performs well at reading potential vectors to complete 
the point set prediction.

Evaluation Indicators
In the point cloud reconstruction network, we use an N-layer 
convolution machine to extract and encode information from 
the input segmented target image. In the decoding process, we 
use a fully connected network to decode the extracted high-
dimensional information and set N × 3 neurons in the output 

layer to make their output results correspond to the coordi-
nates of the point cloud. Owing to the disorder of the point 
cloud, we cannot use the reconstruction loss and latent loss 
commonly used in 2D images in the point cloud reconstruc-
tion problem. We use the chamfer distance (CD) as the loss 
function of our point cloud generation network.

CD considers the average of the point-to-point closest dis-
tances between the two sets of point clouds as the evaluation 
result. In the process of finding the closest points for two sets 
of point clouds, there may be multiple points corresponding 
to one point. When this phenomenon occurs, only one set of 
point clouds is used as the search item and the other set is 
used as the GT, which cannot accurately express the result of 
matching between points. CD uses two sets of point clouds to 
find the points closest to each other, and the average value is 
used to solve this problem.
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where S1 and S2 are the generated point cloud and GT, respec-
tively. x and y are the points in the generated point cloud and 
the standard point cloud, respectively, and|||| is a two-norm 
operation, Φ: S1  S2 , and a bijection, the smaller is better.

Materials
Experimental Environment
The experiment was completed on a computer with a Core i9-
7920X processor, 11 gigabytes RAM, and GTX 1080 Ti hardware 
configuration. The program was implemented in the Python 
(version 3.6) programming language, and the deep learning 
platform is TensorFlow (version 1.12.0).

Experimental Data
The open-source database KITTI is currently one of the most 
important test sets in the field of autonomous driving. KITTI 
is mainly used for image processing technology in the field 
of autonomous driving and in autonomous driving percep-
tion and prediction. Pix3D (Sun et al. 2018) entailed 3D 
shape modeling from a single image, which is similar to our 
goal of predicting point cloud data from a single image. KITTI 
provides a large number of real scenes, which can be used to 
better measure and test the performance of algorithms. The 
experimental data in this work were obtained from the 375 × 
1242 charge coupled device (CCD) image and large-scale point 
cloud data in the object detection task data set in KITTI as well 
as the label file matching the labeled data. The label file can 
be used to easily associate the CCD image data of a particu-
lar vehicle target with 3D point cloud data. In the previous 
literature, training point cloud reconstruction networks used 
nonreal data sets, such as ShapeNet, ModelNet, and PartNet. 
Compared with the point cloud data obtained by modeling, 
the obvious disadvantage of the KITTI data set obtained using 
multi-line lidar scanning is that the point cloud data of the 
target are incomplete. We make and choose the corresponding 
CCD images and point cloud data according to the following 
principles. (1) The vehicles in the CCD image are incomplete, 
and some of them are obscured by more than ⅓. (2) The point 
cloud data of the target in the data set cannot be too sparse. 
Therefore, we choose the point cloud data with more than 
400 points. Thus, we established our experimental data set.

Figure 5 shows the visualization of the data set. The seg-
mentation result is obtained by passing the first line of the 
image through the Mask R-CNN network, which can remove 
the surrounding area that is not of interest. Simultaneously, 
to ensure the segmentation effect of Mask R-CNN, we try to 
ensure that the target vehicle in the produced image is in the 
middle of the image.
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Result and Discussion
We found that the 2D image data set in KITTI is smaller than 
most of the current 2D data sets, and there is no available GT. 
To complete the task of 2D image instance segmentation in 
the first stage more optimally, we did not use the 2D images 
in the KITTI for segmentation using the Mask R-CNN network, 
but used the prevalent COCO data set for the instance segmen-
tation training of the network. During the test, we found that 
the trained Mask-RCNN network can complete the segmenta-
tion task of the 2D images of the KITTI data set. In the seg-
mentation of the 3D point cloud, we used the position and 
bounding box provided by the data set to extract the true 3D 
information of the target from the disorderly point cloud data.

The experimental results obtained after training the net-
work are shown in Figure 6c, and the CD is 0.0273. It can be 
seen that the distribution of the predicted point cloud data is 
uneven and concentrated in a certain area, especially in the 
category of “people”, because local information has a greater 
impact on the results. In fact, by continuously integrating 
global and local information, the density of the point set can 
be redistributed (Figure 6d). It can also be seen from Figure 
6d that the reconstruction effect is significantly better than 
before, the 3D structure is more stable, and its CD is 0.0285.

Conclusion
It is difficult to train a network using real data sets because 
the data content is too complex. In the case of 2D images, 
weather and light will affect the content of the acquired im-
ages, and the target is often blocked. Regarding 3D data, point 
clouds are often sparse and uneven; particularly, in the case 
of autonomous driving, it is impossible to obtain complete 
point cloud information. Therefore, training with real data 
sets is a substantial challenge, and the 3D reconstruction 
index in such a case will inevitably be high. However, in real 
scenarios, such as autonomous driving, the reconstruction 
ability of our model is higher than that of previous models.

Figure 6. Experimental results. (a) The input image; (b) the segmented object of interest; (c) the visualization of the 
reconstructed point cloud data; (d) the visualization result of the reconstructed point cloud after improvement with 
integrating global and local information; (e) the ground truth; (f) raw data in the Karlsruhe Institute of Technology and Toyota 
Technological Institute at Chicago database, which has not been up-sampled.

Figure 5. Visualization of the data set. The first row 
shows the vehicle target selected from the convolutional 
neural networks (CCD) image in the Karlsruhe Institute of 
Technology and Toyota Technological Institute at Chicago 
database; the second row shows the segmentation result 
obtained by passing the first line of the image through the 
Mask region-based convolutional neural networks network; 
the third row is the display of the mask in the CCD image; 
the fourth row is the visualization of the point cloud data 
corresponding to the target in the CCD image.
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A Unified Framework of Bundle Adjustment  
and Feature Matching for High-Resolution 

Satellite Images
Xiao Ling, Xu Huang, and Rongjun Qin

Abstract
Bundle adjustment (BA) is a technique for refining sensor 
orientations of satellite images, while adjustment accuracy 
is correlated with feature matching results. Feature match-
ing often contains high uncertainties in weak/repeat textures, 
while BA results are helpful in reducing these uncertainties. 
To compute more accurate orientations, this article incorpo-
rates BA and feature matching in a unified framework and 
formulates the union as the optimization of a global energy 
function so that the solutions of the BA and feature matching 
are constrained with each other. To avoid a degeneracy in the 
optimization, we propose a comprised solution by breaking 
the optimization of the global energy function into two-step 
suboptimizations and compute the local minimums of each 
suboptimization in an incremental manner. Experiments on 
multi-view high-resolution satellite images show that our 
proposed method outperforms state-of-the-art orientation 
techniques with or without accurate least-squares matching.

Introduction
Georeferencing of multi-view satellite images is a necessary 
step to geometrically align these images in a common coor-
dinate system (Qin 2016) and to allow subsequent applica-
tions in, for example, digital surface model (DSM) generation 
(Di Rita et al. 2017; Qin 2016, 2017, 2019), change detection 
(Zhuang et al. 2018), data fusion (Mohammadi et al. 2019), 
and so on. Typically, the georeferencing of multi-view images 
follows two major steps: (1) feature point matching across 
different images and (2) bundle adjustment (BA), which aligns 
the positions and attitudes of the cameras so that the optical 
rays from corresponding pixels intersect at the same ground 
point in the object space. However, the accuracy of BA relies 
highly on the quality of the feature matching results (e.g., 
point localization accuracy and distributions). Many of the 
existing feature point extraction methods, such as the scale-
invariant feature transform (SIFT) (Lowe 2004) and Speeded 
Up Robust Features (Bay et al. 2006) operators, utilize the 
scale space by locating the interest point in a reduced reso-
lution, and the descriptors of these operators explore the 
gradient of local patches and do not accommodate geometric 
distortions of the local patches (affine or perspective), which 
often lead to reduced location and matching accuracy of the 

points. Since the standard BA takes the matched feature points 
as observations and optimizes only the poses, we hypothesize 
that simultaneously optimizing the pose and the location of 
the matched points may improve georeferencing accuracy.

There have been several attempts (Dos Santos et al. 2016; 
Ling et al. 2016; Noh and Howat 2018; Zhou et al. 2018) to 
combine feature matching and BA for more accurate orien-
tations. All of these works follow a coarse-to-fine strategy: 
they used either coarse BA results (from a few robust initial 
matches) or original sensor model parameters to reduce the 
searching space of each feature point with epipolar con-
straints, then found a large number of robust matches in the 
reduced searching space for the accurate BA. However, these 
methods did not fully utilize the BA results for the purpose of 
subpixel-level matching. Their epipolar constraints reduced 
the searching space only at the integer pixel level, thus result-
ing in only pixel-level matches. To achieve more accurate 
matching results, the least-squares matching (LSM) technique 
(Hu and Wu 2017) is used to find subpixel-level matches by 
estimating the best fit between matching windows of corre-
sponding pixels. However, given the nonlinear and nonquad-
ric nature of the LSM formation, the convergence of the LSM is 
often uncontrolled, especially in weak-textured or nonlinear 
radiometric distortion regions (Gruen 2012).

To further improve orientation accuracies, we combine 
feature matching and BA in a unified framework where the so-
lutions of feature matching and BA are mutually constrained. 
The rationale here is (1) to improve point localization/
matching accuracy and (2) to improve 2D and 3D consistency 
through the constraints casted by the use of an approximately 
adjusted rational function model and to reduce the chances of 
divergence in LSM. The core algorithm formulates the com-
bination into the optimization of a global energy function 
where feature matching and BA are formulated as two terms 
in the energy function. However, the solutions of feature 
matching and BA have some redundant variables that may 
bring a degeneracy in the optimization. We therefore pro-
pose a comprised solution by breaking the optimization into 
suboptimizations and, respectively, assigning the redundant 
variables into different suboptimizations so that the variables 
in the suboptimizations are independent. Finally, the lo-
cal minimums of the suboptimizations are computed in an 
incremental manner. Experiments on a multi-view satellite 
data set show that our approach is capable of computing more 
accurate orientation results with more accurate matches when 
compared with the state-of-the-art orientation techniques with 
or without LSM points.
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Methodology
Problem Formulation
Given multi-view high-resolution satellite images i, corre-
sponding generic sensor models (rational polynomial coef-
ficients [RPC] [Grodecki and Dial 2003]) R, and a series of 
multi-view matches P = {Pi

j} with Pi
j being an image match-

ing point of the object space point i on the image j, our goal 
is to estimate accurate BA results with corrected matches. In 
general, we consider the geometric constraints of the for-
ward and backward projections (also called reprojections) 
in the BA and the photo-consistency constraints in the LSM 
and formulate these two constraints as two terms in a global 
energy function, as shown in Equation 1. The first term, eproj, 
formulates the reprojection error, which is the squared sum of 
distances between the corrected feature matching points and 
the reprojection points, and the second term, eLSM, is the LSM 
objective term, which measures the similarities in intensity of 
corresponding matching windows against the linear radio-
metric distortions. These two terms are mutually constrained 
since the reprojection error eproj uses measurement from the 
LSM (Δxi

j, Δyi
j)T and the LSM error term eLSM takes the refined 

parameters from the reprojection error term (x0
j, y0

j)T:

 (Equation 1, see below)

where E is the global energy function; x0,y0 are vectors of RPC 
biases of all satellite images in column and row directions; 
Δx,Δy are vectors of image coordinate corrections of the given 
feature matching points; N, L, H are vectors of object space 
point coordinates of all matches in latitude, longitude, and 
height directions; h0,h1 are vectors of radiometric distortion 
corrections that are used to correct the linear intensity distor-
tions among multi-view matches; i is an object space point; Si 
is a set of images that contain the matches of i; j is an image in 
Si; Rj = (Rj,x,Rj,y)T is the RPC model of the image j in column and 
row directions; (Ni, Li, Hi)T is ground coordinates (latitude, lon-
gitude, and height) of the object space point i; Ss,j, Os,j, Sl,j, Ol,j 
are default RPC normalization parameters of the image j in the 
column and row directions; x0

j, y0
j are RPC biases of the image j 

in the column and the row directions; –Rj(Ni, Li, Hi) – (x0
j, y0

j)T is 
the biased reprojection points of the object space point i on the 
image j; Δxi

j, Δyi
j are image coordinate corrections of Pi

j; and b 
is a reference image so that the matches in other images in Si 
must satisfy the photo-consistency with b. Therefore, the image 
coordinate corrections Δxi

b,  Δyi
b can be set as 0. In this article, 

we compute zero-based normalized cross-correlation scores for 
any two corresponding pixels in the matches, accumulate the 
scores that are related to the same image, and find an image 
with the highest accumulation results as the reference image; 
hj

i,0, hj
i,1 are radiometric distortion corrections of Pi

j, and Ij,w is a 
matching window on the image j with the window size w.

Often, on-orbit geometric calibration has compensated for 
high-order systematic errors; thus, orientation errors can be 
corrected by constant biases in the image space as long as the 
corresponding satellite orbit is no longer than 500 km (Fraser 
and Hanley 2005). Therefore, we adopt the constant RPC biases in 
Equation 1. We also adopt the LSM model (Hu and Wu 2017) with 
eight parameters (two radiometric parameters and six geometric 
parameters) to correct image coordinates of matches. Thus, the 
global energy function in Equation 1 can be minimized through 
standard Newton-Raphson method, as shown in Equation 2. The 

first two equations are derived from the geometric term, and the 
third equation is derived from the photo-consistency term:
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where fy
i,j, fx

i,j are functions to measure the image location differ-
ences between the corrected image point of Pi

j and its corre-
sponding reprojection point; x′ij, y′ij are column and row coordi-
nates of Pi

j in the image space; Pi
j + δ is a pixel in the matching 

window of Pi
j with δ being an offset vector to Pi

j; fc,δ
i,j is a function 

to measure the photo-consistency between Pi
b + δ and Pi

j + δ; 
x′ib, y′ib are column and row coordinates of Pi

b in the reference 
image b; and a0i

j, a1i
j, a2i

j, b0i
j, b1i

j, b2i
j are affine parameters to 

correct image coordinates of Pi
j. For each matching point Pi

j, the 
number of geometric equations fx

i,j and fy
i,j is only one, while the 

number of the photo-consistency equations fc,δ
i,j are in total w2. 

Therefore, it is better to assign higher weights to fx
i,j, fy

i,j during 
the optimization so that the geometric term and the photo-con-
sistency term can make comparable contributions to the final 
solution. The detailed weight strategy is introduced next.

Solution
Equation 2 is nonlinear, so it is hard to directly compute 
the optimal solution. Therefore, we first estimate the initial 
values of all unknowns x0, y0, N, L, H, Δx, Δy, h0, h1 and then 
linearize Equation 2 by the first-order Taylor expansion. The 
initial values of x0, y0 are set as 0; the initial values of N, L, 
H are computed by triangulating the given matches using the 
original RPC parameters; and the initial values of the image 
coordinate correction parameters {a0i

j, a1i
j, a2i

j} and {b0i
j, b1i

j, 
b2i

j} are, respectively, set as {– x′ib, 1, 0} and {– y′ib, 1, 0}. We 
normalize the intensities in all matching windows so that the 
initial values of h0, h1 can be set as 0 and 1. Given these initial 
values, the linearization of Equation 2 is as follows:

 (Equation 3, see next page)

where (fy
i,j)0, (fx

i,j)0, and (fc,δ
i,j)0 are initial values of functions fy

i,j, 
fx

i,j, and fc,δ
i,j ; Vx

i,j, Vy
i,j are geometric residual errors of the image 

locations of Pi
j; Vc,δ

i,j  is the intensity residual error; and dyj
0, dxj

0, 
da0j

i, da1j
i, da2j

i, db0j
i, db1j

i, db2j
i, dh0j

i, dh1j
i, dNi, dLi, and dHi 

are corrections of all unknowns in the global energy function.
However, there exist some redundancies between the RPC 

biases x0
j, y0

j and the image coordinate corrections a0j
i, b0j

i, 
which may make the residual error equations in Equation 
3 degenerate. Moreover, the large quantities of the image 
coordinate corrections also bring great challenges in efficient 
computation. Therefore, we assign the RPC biases and the im-
age coordinate corrections in different computation tasks and 
propose a comprised solution by breaking the optimization 
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of the global energy function in Equation 1 into two kinds of 
suboptimizations in an incremental manner: (1) the subop-
timization of RPC biases and object space point coordinates 
without considering image coordinate corrections or radio-
metric distortion corrections and (2) the suboptimization of 
image coordinate corrections, radiometric distortion correc-
tions, and object space point coordinates with refined RPC 
biases from the first suboptimization.

In the first suboptimization, the image coordinate correc-
tions and radiometric distortion corrections are fixed as the 
initial values, while only the RPC biases and the object space 
point coordinates are considered. Therefore, Equation 3 can 
be simplified by removing the terms of image coordinate cor-
rections and radiometric distortion corrections in Vy

i,j, Vx
i,j and 

removing the entire function of Vc,δ
i,j  as follows:
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Equation 4 is similar to the traditional BA model. Least-
squares or gradient descent methods (Zheng and Zhang 2016) 
can be used to compute the optimal solution of Equation 4. 
The RPC biases are then used to refine the RPC parameters 
of each image, and the refined RPCs are used in the second 
suboptimizations to provide geometric guidance for more ac-
curate matching. Given the refined RPC parameters, the second 
suboptimizations of Equation 3 can be simplified as follows:

 (Equation 5, see below)

 The initial values of the ground coordinates N, L, H can be 
updated by the refined RPCs in the first suboptimization. Since 
RPC bias corrections were not considered in Equation 5, the 
second suboptimization can be formulated as the individual 
optimizations of each match. However, the solution of Equa-
tion 5 depends partly on the geometric accuracies of the re-
fined RPCs. High-accuracy RPCs can provide accurate geometric 
guidance for the feature matching and vice versa. To compute 
robust solutions of Equation 5, we formulate the geometric 
accuracies of the refined RPCs as the reprojection errors of 
the matches and define the root-mean-square error (RMSE) of 
reprojection errors of the matches as weights for the geometric 

terms Vy
i,j and Vx

i,j in Equation 5. Higher reprojection errors 
correspond to lower weights and vice versa. To ensure that 
the geometric terms Vy

i,j, Vx
i,j make comparable contribu-

tions with the photo-consistency term Vc,δ
i,j  in the solution of 

Equation 5, we consider both the reprojection errors and the 
matching window sizes in the weight strategy as follows:

Wreprj = Wmax·exp(–ε2/σ)

W P w
n

max = ⋅ ⋅
-2 1
2

ε = +( ) −( )∑
j

n

j x j yd d n, , / .2 2 1 5

(6)

where Wreprj is a weight of Vy
i,j, Vx

i,j, depending on the RMSE of 
reprojection errors and the matching window sizes; ε is the 
RMSE of reprojection errors; n is the viewing ray number of 
the matches; and dj,x, dj,y are reprojection errors between the 
matching points and the reprojection points in the column 
and row directions on the image j. Since each matching point 
gives two observations and the unknowns of the object space 
point coordinates are only three, 1.5 was subtracted from 
the viewing ray number for more robust RMSE evaluation. 
Wmax means the maximum weights of Vy

i,j, Vx
i,j in the solu-

tion. Since the number of the photo-consistency terms Vc,δ
i,j  of 

each match is w2·(n – 1)/2 times larger than the number of the 
geometric terms, Wmax is scaled by w2·(n – 1)/2 to ensure com-
parable contributions of the geometric terms and the photo-
consistency terms in the solution of Equation 5. P is a factor 
that controls the maximum weights in the solution, which 
is empirically set as 0.5 in our experiments. σ is a factor that 
controls the impact of reprojection errors on the weights of 
the geometric terms. σ is set as two pixels in our experiments 
so that large reprojection errors (larger than two pixels) will 
produce negligible weights for the geometric terms. Therefore, 
the uncertainties in the refined RPCs have only negligible im-
pacts on the matches correction process.

However, too small weights (close to zero) may make the error 
equations in Equation 5 degenerate; thus, we also add a virtual 
ground control point (VGCP) constraint by setting the refined ob-
ject space point in the first suboptimizations as VGCP as follows:

 dlati = 0 dloni = 0 dheii = 0 
(7)

 WVGCP = Wmax – Wreprj
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where WVGCP is a weight of VGCP constraints. If reprojection 
errors are small, the geometric terms Vy

i,j, Vx
i,j made more 

contributions to the solution so that the feature matching cor-
rections are geometrically constrained. Otherwise, the VGCP 
constraints made more contributions in the solution. In an 
extreme case that WVGCP ≈ 1, the solution of the second sub-
optimizations will degenerate into the traditional LSM model 
(Hu and Wu 2017).

Next, we compute the solution of the second suboptimiza-
tions of each match by combining Equations 5–7. The image 
coordinate corrections in the solution are then used to correct 
the matches. Finally, the more accurate matching results and 
the corresponding refined object space points are used in the 
first suboptimizations for more accurate BA results.

Experiments
Our proposed method was tested on six WorldView-3 pan-
chromatic images near San Fernando, Argentina, from the 
Intelligence Advanced Research Projects Activity Multi-View 
Stereo benchmark data set (Bosch et al. 2016). The rationale 
of using the single-source data sets to test the performance of 
our methods is twofold. First, our methods can be used for any 
images that use rational function models and are not sensor 
specific, and the use of single-source data helps keep the experi-
ments impacted by other factors, such as images with complex 
distortions. Second, these images can utilize observations with 
as many as six rays, which is sufficient to test a BA system while 
remaining manageable in an experimental setup. All images 
are Level 2 products, which means that high-order systematic 
errors in the ancillary data have already been compensated for 
and have been systematically mapped into a standard carto-
graphic map projection based on a prediction of where the 
satellite was when the image was acquired (NASA 2019). Their 
sizes are around 13000×12000 and have a greater than 90% 
overlap ratio. The covering landscape is a typical urban area 
containing buildings, rivers, trees, and so on. The ground sam-
pling distance of these images is about 0.5 m, and the imaging 
time of them was from April 2 to May 5, as shown in Figure 1.

To demonstrate the generality and reliability of the pro-
posed method, we utilized a mainstream SIFT feature match-
ing method to obtain initial matches. There are a total of 4210 
SIFT matches (see Figure 2), more than 90% of which have 
the multi-view connectivity (at least three). Given these SIFT 
matches, our proposed method was compared with two meth-
ods: (1) a state-of-the-art orientation method (Ozcanli et al. 
2014) that initially corrected RPC biases between stereo pairs, 
then removed mismatching image points/outliers by eliminat-
ing the points whose distances to their corresponding epipo-
lar lines are larger than two pixels, and finally computed the 
BA results in a reference coordinate system of the best stereo 
pair without any matches corrections (termed BA), and (2) an 
LSM-based method that followed the same BA technique with 
the first method. However, the initial matches were corrected 
by the LSM technique (Hu and Wu 2017) before BA (termed 

LSM + BA). For fair comparisons, the outlier elimination tech-
nique is also applied in our proposed method after the image 
coordinate corrections in the second suboptimizations.

Both the proposed method and the LSM + BA need fixed 
matching windows to correct matches; we therefore utilized a 
series of different matching windows—{5×5, 7×7, 9×9, 11×11, 
13×13, 15×15, 17×17, 19×19, 21×21, 31×31, 41×41}—in the 
proposed method and the LSM + BA for matches corrections, 
thus resulting in different BA results. We then compared the 
results of the three methods from four aspects: (1) the number 
of diverged matches in the LSM procedure (fewer diverged 
matches mean a more reliable LSM algorithm); (2) the number 
of outliers (fewer outliers mean a more robust matching result); 
(3) average RMSE of reprojection errors for the matches in BA 
and the corrected matches in LSM + BA and our proposed meth-
od (termed internal accuracy), which is used to evaluate the 
fitting between matches/corrected matches and the BA results; 
and (4) average RMSE of reprojection errors for the manually se-
lected matches (termed external accuracy), which gives a more 
comprehensive evaluation to the final orientation accuracies.

Convergence of the LSM
The LSM is able to locate subpixel-level matches, while the 
convergence of the traditional LSM is often uncontrolled due 
to weak-textured or nonlinear radiometric distortion regions. 
To overcome this weakness, the proposed method not only 
introduces the photo-consistency term, as does the traditional 

Figure 1. Testing images from the Intelligence Advanced Research Projects Activity Multi-View Stereo benchmark.

Figure 2. Distribution of scale-invariant feature transform 
(SIFT) matches on one image. All SIFT points are colored in red.
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LSM method, but also incorporates geometric terms into the 
LSM procedure to improve its convergence. A series of match-
ing windows were utilized in the traditional LSM and the pro-
posed method, then the numbers of the diverge matches were 
counted as an evaluation indicator to check the performance 
of the two methods. The output numbers of diverged matches 
are shown in Figure 3.

Figure 3 shows that both methods got fewer diverged 
matches as window size increased since larger windows re-
duce the matching uncertainties. More specifically, geometric 
constraints are powerful supplements to photo-consistency 
constraints and help our proposed method, gaining hundreds 
of converged matches more than the traditional LSM with dif-
ferent window sizes.

Outlier Comparisons
A series of matching windows were utilized in the LSM + BA 
and the proposed method for matches corrections, and then 
outliers in the corrected matches were detected via the fol-
lowing steps: (1) computing 3D coordinates of matches via 
forward intersection, (2) computing their reprojected image 
coordinates on all available images via backward projection, 
(3) computing residual errors on all available images, and (4) 
counting a view observation as one outlier when the residual 
error on this view was larger than a predefined threshold (two 
pixels in our experiments). The outlier numbers of LSM + BA 
and the proposed method are shown in Figure 4.

Figure 4 shows a fairly intuitive conclusion that the num-
ber of outliers is negatively correlated with the size of the win-
dows, as smaller windows tend to feed fewer observations to 
the LSM. In contrast, our method, due to the employment of the 
geometric 2D and 3D consistencies, is more robust and shows 
significantly fewer outliers with all window sizes. This has 
provided competing advantages over the traditional methods 
since window size is often a hyperparameter and our method, 
being less dependent on window size, will yield better robust-
ness and thus can be favorably considered in operations.

Analysis of Internal and External Accuracy
To comprehensively compare BA (with SIFT), LSM + BA, and 
our proposed method, we analyzed the internal accuracies 
of matches/corrected matches and the external accuracies of 
manually selected points. The hyperparameters of the SIFT 
algorithm remain the same throughout the experiment (the 
threshold of the ratio of the distance between the best match-
ing keypoint and the distance to the second-best one is set 
to 0.35, while other parameters are same as in Lowe [2004]). 
We selected a total of 33 points with the six-ray connectivity 
for the accuracy checking, as shown the yellow circles in the 
satellite image on April 2 in Figure 1. The accuracies of BA, 

LSM + BA, and our proposed method on the SIFT match set are 
shown in Figure 5.

We have collected 4210 SIFT matches for testing. It was 
noted that SIFT, with its nature of locating the interest point in 
the scale space, yields lower positioning accuracy than corner-
based operators (Remondino 2006). Thus, the pure BA result on 
the SIFT match set, as shown in Figure 4, had lower accuracy 
than the other two methods in terms of both internal and exter-
nal accuracies, and its RMSE was larger than one pixel.

Figure 4. Outlier comparison between the least-squares 
matching technique before bundle adjustment and our 
proposed method. The polylines are the number of outliers 
varying with window size.

(a)

(b)

Figure 5. Accuracy comparisons of the three methods on 
the scale-invariant feature transform match set. The x-axis 
represents the different matching window sizes, and the 
y-axis represents the average root-mean-square error of 
reprojection errors. The numbers around the polylines are 
the corresponding number of corrected matches.

Figure 3. Convergence comparison between traditional 
least-squares matching and our proposed method. The 
polylines are the number of diverged matches varying with 
window size.
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However, by introducing the LSM to improve the position 
accuracy for matches, both the LSM + BA method and the pro-
posed method were able to achieve higher internal accuracy, 
especially subpixel accuracy when the window size was 
larger than 11×11 pixels. In addition to the photo-consistency 
constraints, our proposed method also introduces geomet-
ric constraints to guide the matching; thus, more matching 
uncertainties were further reduced compared to the LSM + BA 
method, and the internal accuracies of our proposed method 
were always higher than those of the LSM + BA method regard-
less of matching window sizes. More specifically, our method 
outperformed the other two methods in terms of internal ac-
curacy regardless of window size.

Figure 5a shows the fittings between the matches/corrected 
matches and the orientation results, while the orientation 
results with the highest internal accuracies may not be the best 
fit for the remaining pixels. Therefore, we manually selected 
several matches to evaluate the orientation results of different 
methods, as shown in Figure 5b. The external accuracies of 
the LSM + BA method sometimes was lower than the pure BA 
method when the matching window size was small due to high 
matching uncertainties in the small window size making the 
LSM unstable. With the increasing matching window sizes, the 
external accuracies of LSM + BA method surpassed BA by involv-
ing more image information. The LSM + BA performed quite 
closely to our proposed method and was able to achieve subpix-
el external accuracy when the matching window size was larger 
than 11×11 pixels. However, our proposed method, integrated 
with geometric constraint multi-view LSM, was able to achieve 
the most accurate BA results regardless of window size.

Conclusions
In this article, we propose a unified framework of feature 
matching and BA for more accurate orientation results. In gen-
eral, we formulate the union as the optimization of a global 
energy function and propose a comprised solution by break-
ing the optimization into two-step sub-optimizations in an 
incremental manner. Tested on six full-scale high-resolution 
satellite images, our comparative study demonstrated that 
compared to SIFT + BA and LSM + BA, our proposed method 
is able to consistently achieve the best internal and external 
accuracies on multi-view satellite image data sets, is much 
less dependent on window size, and is able to improve the 
convergence in LSM. Although with a relatively marginal 
improvement, by simultaneously adjusting both the matches 
and the biases iteratively, our proposed method plays a role in 
potentially improving standard “feature + BA” solution.
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The Spatiotemporal Evolution of Urban 
Impervious Surface for Chengdu, China

Mujie Li, Zezhong Zheng, Mingcang Zhu, Yue He, Jun Xia, Xueye Chen, Qingjun Peng, Yong He, Xiang Zhang, and Pengshan Li

Abstract
The spatiotemporal evolution of an impervious surface (IS) 
is significant for urban planning. In this paper, the IS was 
extracted and its spatiotemporal evolution for the Chengdu 
urban area was analyzed based on Landsat imagery. Our 
experimental results indicated that convolutional neural 
networks achieved the better performance with an overall 
accuracy of 98.32%, Kappa coefficient of 0.98, and Macro 
F1 of 98.28%, and the farmland was replaced by IS from 
2001 to 2017, and the IS area (ISA) increased by 51.24 km2; 
that is, the growth rate was up to 13.8% in sixteen years. 
According to the landscape metrics, the IS expanded and 
agglomerated into large patches from small fragmented 
ones. In addition, the gross domestic product change of 
the secondary industry was similar to the change of ISA 
between 2001 and 2017. Thus, the spatiotemporal evolu-
tion of IS was associated with the economic development 
of the Chengdu urban area in the past sixteen years.

Introduction
Impervious surface area (ISA) is defined as an area composed 
of a constructed surface that prevents water from infiltrating to 
the soil (Shao and Liu 2014; Herwindiati et al. 2017). With the 
process of urbanization, the soil in the natural state is covered 
by impervious or semipervious materials such as concrete, 
asphalt, glass, plastic, etc., which will lead to the reduction of 
arable land or green space (Shao et al. 2020). Thus, the permea-
bility and storage function of soil for the water is changed. The 
change of impervious surfaces (IS) has brought profound chang-
es and problems for the environment and landscape structure 
(Li and Zhou 2017; Piano et al. 2017; Shao et al. 2019). For ex-
ample, the exchange of materials and energy between the land 
surface and the atmosphere is hindered. Thus, the waterlogging 
disaster happens for the imperviousness change of an urban 
surface. Many previous studies have also shown the influences 
of ISA for urban land surface temperature change (Nie et al. 
2016; Ma et al. 2019; Wu et al. 2019). These problems directly 
or indirectly affect human health and the ecological environ-
ment. Accurate information about the spatial extent and tem-
poral change of ISA is critical for urban planning.

Due to various advantages, remote sensing has attracted 
unprecedented attention for urban IS (Liu and Shao 2013; Song 
et al. 2016). Medium-resolution remote sensing data, such as 
Landsat, provide a wealth of surface observations on a global 
scale. These data sets are widely used to monitor urban land 
cover and land use change (Xian et al. 2019). Many methods 
have been proposed to extract ISA with medium-resolution 
remote sensing data. Most of the approaches belong to re-
gression (Elvidge et al. 2007; Lu et al. 2008), linear spectral 
mixture analysis (LSMA) (Sun et al. 2017; Xu et al. 2018), index 
method (Sekertekin et al. 2018; Tian et al. 2018; Wang et al. 
2015), machine learning, and deep learning (Sun et al. 2011; 
Deng and Wu 2013; Shao et al. 2016; Deng et al. 2017; Huang 
et al. 2019a, 2019b; Sun et al. 2019; Liu et al. 2020; Misra et 
al. 2020). Bauer, Loffelholz and Wilson (2007) conducted a 
regression analysis using panchromatic digital orthophoto 
quadrangles, and the Landsat tasseled cap was used to derive 
the greenness to map the IS in the state of Minnesota, U.S. Yang 
et al. (2003) extended the regression method by developing a 
classification and regression tree algorithm, which used the 
classification result of high-resolution imagery as the training 
data set to generate rule-based modeling for prediction of sub-
pixel percent imperviousness for a large area. Shao et al. (2020) 
put forward a fusion method for optical and synthetic aperture 
radar data to improve the extraction accuracy on urban imper-
vious surface. Hong et al. (2013) extracted the ISA information 
based on Landsat images by using artificial neural network and 
monitored the IS change in the Dianci Basin by analyzing the 
multitemporal ISA. Zhang et al. (2018) used a semisupervised 
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support vector machine (SVM) algorithm to classify IS and 
mapped the ISA by using time-series Landsat data.

Traditional methods mentioned above are insufficient in 
some respects. For example, the regression method has to 
consider major limitations related to model calibration, vali-
dation, and extrapolation of the models in other study areas. 
The LSMA method has a problem; that is, the ISA tends to be 
overestimated in the areas with small amounts of IS, but un-
derestimated in the areas with large amounts of IS. The index 
method extracts ISA based on the spectral value, which is dif-
ficult to solve the problems of “metameric substance of same 
spectrum” and “metameric spectrum of same substance”. 
With the development of deep learning, the convolutional 
neural network (CNN) yields an excellent performance in the 
field of computer vision and has been applied in the classifi-
cation of remotely sensed images. In the field of ISA, Zhang et 
al. (2018) compared the extracting results of ISA obtained with 
AlexNet, SVM, and GoogLeNet, based on optical image and 
synthetic-aperture radar (SAR) data. The results showed that 
AlexNet had a better performance than SVM and GoogLeNet. 
Sun et al. (2019) proposed an approach of three-dimensional 
(3D) convolutional neural networks (3D CNNs) to extract IS 
from the WorldView-2 and airborne lidar data sets, and the re-
sults indicated that deep learning had great potential and bet-
ter performance on IS extraction. Zhang et al. (2019) designed 
a spectral-spatial residual convolution neural network for im-
pervious surface classification, and demonstrated the method 
was able to handle the massive imagery with high speed and 
accuracy. Due to the powerful learning ability, deep learning 
has great advantages in IS extraction.

However, for medium-resolution images including Landsat, 
mixed pixels usually account for a large proportion of pixels. 
Extracting the accurate ISA is difficult for the mixed pixels 
that represent several land cover types. It is still a challenge to 
extract IS based on medium-resolution satellite image data.

Our research objective is to perform a spatiotemporal 
analysis of the impervious 
surface for the Chengdu 
urban area based on the 
medium-resolution re-
mote sensing data. Based 
on Landsat data sets and 
other information such 
as field survey, band cal-
culation, digital surface 
model (DSM) (Grigillo and 
Kanjir 2012), vegetation 
index, and Google Earth, 
a labeled data set was cre-
ated. Then, the CNN was 
constructed to extract the 
IS, and the performance 
was compared with that 
of back-propagation 
(BP) neural network. To 
analyze the spatiotem-
poral change of ISA for 
the Chengdu urban area, 
the standard deviational 
ellipse was calculated to 
identify the directional 
distribution of urban IS, 
and the spatiotemporal 
evolution was pinpointed.

Study Area
Chengdu city is located 
in the Chengdu plain, 

as shown in Figure 1. The total population of Chengdu city 
was up to 13.99 million in 2016. In 1990, the urban area of 
Chengdu city was 1382 km2, and the building land of the 
Chengdu urban area was 85.0 km2. In 2016, the urban area 
came up to 4241.81 km2, and the building land area was 770.78 
km2. In the past 26 years, Chengdu has shown a trend of rapid 
expansion. The main land cover types in the study area are 
vegetation, water, bare land, and impervious surface.

Data Set
In this paper, the period for our research was from 2001 
to 2017. The images were collected every four years. The 
Landsat 5 thematic mapper (TM) images were gathered on 
28 October 2001, on 14 April 2005, and on 24 March 2009, 
respectively. The Landsat 8 operational land imager (OLI) data 
were collected on 12 April 2013 and on 1 May 2017, respec-
tively (Table 1).

Table 1. Images of study area.

No. Satellite Sensor Time
Orbit 
No.

Resolution 
(m)

Cloud 
(%)

1 Landsat-5 TM
28 October 

2001
129/39 30 5.86

2 Landsat-5 TM
14 April 

2005
129/39 30 16.03

3 Landsat-5 TM
24 March 

2009
129/39 30 1.00

4 Landsat-8 OLI
12 April 

2013
129/39 30 6.52

5 Landsat-8 OLI
1 May 
2017

129/39 30 0.86

No. = number; TM = thematic mapper; OLI = operational land imager.

In this paper, the bands of TM from band 1 to band 6 and 
the bands of OLI from band 2 to band 7 were used to extract 

Figure 1. Overview of the Chengdu urban area.
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the ISA. Radiation calibration and atmospheric correction 
were conducted on the TM images. The values of images were 
normalized within a range between 0 and 1. For BP, the input 
sample data was a one-dimensional vector, and six bands 
of each sample were input into the model in the form of a 
one-dimensional vector. For CNN, the input data was an image 
block, and the size of image block was set as 7×7×6 in our 
experiments, where 7×7 is the length and width of the image, 
and 6 is the number of bands. The label of the image block 
was the type of central pixel. All data sets were labeled with 
the approach and the data sets were randomly divided into a 
training data set and testing data set at a ratio of 7:3.

Methods
Our flowchart is described in Figure 2.

First, the Landsat images are preprocessed with some 
operators such as radiation calibration and atmospheric cor-
rection. Second, combined with normalized vegetation index 
(NDVI), modified normalized difference water index (MNDWI), 
biophysical composition index (BCI), and Google Earth im-
ages, a labeled data set is then created. Third, a one-dimen-
sional BP neural network model and a two-dimensional CNN 
model are used to extract the IS with the 2017 image, and the 
accuracy is evaluated and compared. Then, CNN is selected as 
our IS extraction algorithm. Finally, to investigate the spatio-
temporal change of urban IS, the transition matrix is used to 
analyze the index of urban feature types quantitatively, the 
landscape metrics are used to examine its spatial change, and 
the standard deviational ellipse is used to identify its spatial 
direction.

Training Data Sets
The labeled data set is crucial for deep learning. In the 
Chengdu urban area, the roof of many buildings is covered 
by vegetation, leading to an underestimate of ISA if we only 
consider the spectral information when labeling the data set. 
Figure 3 is an instance mentioned above.

To solve the aforementioned problem, the DSM is intro-
duced in the establishment of the data set. DSM is different 
from the digital elevation model, and it contains the elevation 
information of buildings and vegetation.

The interpretation of mixed pixels significantly affects the 
labeling accuracy of medium-resolution images. Based on the 
index method, the features including the location and visual 
interpretation are used to extract the IS of the Chengdu urban 
area. The vegetation sample points are selected with NDVI. 
The water sample points are identified with MNDWI, while the 
bare land and IS sample points are defined with BCI (Deng and 

Figure 3. Roofs of buildings covered by vegetation.
Figure 2. Flowchart about the change of impervious surface 
in the Chengdu urban area.
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Wu 2013). NDVI, MNDWI, and BCI can be expressed as (Carlson 
and Ripley 1997; Xu 2005):
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where NIR presents the near-infrared band, R denotes the 
visible red band, Green refers to the green light band, SWIR 
indicates the short-wave infrared band, H is the normalized 
brightness component of the tasseled cap transformation 
(Crist and Cicone 1984), which represents high reflectivity 
features, V denotes the normalized greenness component of 
the tasseled cap transformation, which represents vegetation, 
and L is the normalized humidity component of tasseled cap 
transformation. A higher BCI value represents ISA, while a low-
er BCI value indicates vegetation or bare soil. The samples are 
selected from the images of 2001, 2005, 2009, 2013, and 2017, 
respectively. The selection of sample points follows the prin-
ciple that the spectrum separability is higher than 1.9, and the 
spatial distribution is uniform so as to ensure that the sample 
points cover all features as much as possible. The number of 
sample points selected in each year is depicted in Table 2.

Table 2. Number of sample pixels for the land cover types.

Types

Year

2001 2005 2009 2013 2017

Water 1953 1415 1140 1088 3130

Impervious 2573 2935 2227 2459 3987

Vegetation 3013 3007 2299 2201 4950

Bare land 509 1113 2047 1913 2337

Total 8048 8470 7713 7661 14 404

Classification
In this paper, the BP neural network and CNN are constructed 
to extract ISA, respectively. BP is a multilayer feedforward 
neural network, which is composed of an input layer, an out-
put layer, and a hidden layer. The information is propagated 
through the network from top to bottom, and the hidden layer 
derives the information from the input layer. In contrast, the 
signal in the output layer is from the adjacent hidden layer, 
realizing the forward propagation. The error between the 
nodes is transmitted from the output layer to the input layer. 
The input layer has M nodes corresponding to the number of 
inputs, and the output layer has N nodes corresponding to the 
number of outputs for the network.

In recent years, CNN has been widely used in the computer 
vision field (LeCun et al. 2010). It has the characteristics of 
local receptive fields, shared weight, and spatial subsampling 
(Fanany et al. 2017). CNN is the hierarchical network like 
many traditional neural networks, which are composed of 
four types of layers: convolutional layer, active layer, pooling 
layer, and fully connected layer. CNN can learn the underly-
ing features of images independently, without manually 
constructing features. In this paper, a multilayer CNN model is 
constructed with convolutional layers, rectified linear units 
(ReLu) layers, and pooling layers.

Accuracy Assessment
The overall accuracy (OA), user’s accuracy (UA), producer’s 
accuracy (PA), F1, Macro_F1, and the Kappa coefficient (KC) 

are used as performance metrics in our study (Sim and Wright 
2005; Tan 2005; McHugh 2012; Zheng et al. 2013):

 
OA

Number of correctly classified pixels
Number of overall pixels

= × 1100%
 

(4)

UA
Number of correctly classified pixels for a specific class

N
=

uumber of pixels classified as this class
× 100%

 
(5)

PA
Number of correctly classified pixels for a specific class

N
=

uumber of reference pixels classified for this class
× 100%

 
(6)

 
KC =

-
-

P P
P

O C

C1  
(7)

 
F1 =

× ×
+

2 UA PA
UA PA  

(8)

 
Macro F

F
_ 1

1
1

= ∑ i
i=

k

N  
(9)

where PO refers to the proportion of observed agreements, PC 
represents the proportion of agreements expected by chance, 
N denotes the number of samples, and k indicates the number 
of land types.

Transition Matrix
The land cover transition matrix records the change of land 
cover types, and the matrix is expressed as an N × N matrix, 
where N is the number of ground object types in the images. 
The sum of each column in the state matrix represents the 
number of pixels for the initial ground object type. The sum 
of each row denotes the number of pixels for the final ground 
object type, and the diagonal of matrix represents the number 
of pixels that have no state change for each ground object type. 
Thus, the ISA, the proportion of ISA, the annual average change 
rate of ISA, and the change intensity of ISA can be calculated ac-
cording to the state transition matrix. The information of IS for 
the Chengdu urban area can also be quantitatively investigat-
ed. Equation 10 and Equation 11 (Braimoh 2006) indicate the 
annual velocity (V) and the change intensity (CI), respectively.
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where An+i represents the ISA of the (n + i)th year, Ai denotes 
that of the ith year.

Landscape Metrics
According to Gao et al. (2019), Wu (2004), Zhang et al. (2014), 
and Wu (2009), eight standard landscape metrics including 
the number of patches (NP), patch density (PD), edge density 
(ED), patch cohesion index (COHESION), aggregation index (AI), 
largest patch index (LPI), landscape shape index (LSI), and 
landscape division index are selected to quantitatively de-
scribe the spatial morphology change of ISA for the Chengdu 
urban area. The formulas are defined as (Turner and Ruscher 
1988; Milne et al. 1989; Zhang and Guo 2001; Sklenicka and 
Zouhar 2018):
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where Ei denotes the total perimeter of the patches for the ith 
ground object, and A represents the total area of the Chengdu 
urban area.

 PDi iN A= × 106

 (13)

where Ni indicates the number of patches of ith ground object. 
PD denotes the number of patches for a given ground object 
per 100 ha, which represents the uniformity of the spatial 
distribution.
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where gii represents the number of similar adjacent patches, 
max  gii denotes the maximum number of similar adjacent 
patches.
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where aij represents the area of the jth patch in ith ground 
object. The larger DIVISION indicates a higher degree of 
fragmentation.
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where ain denotes the area of the nth patch in the ith ground 
object, and Ai represents the total area of the ith ground ob-
ject. LPI indicates the influence of maximum patch in the ith 
ground object.
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where E denotes the total perimeter of the patches for all ground 
objects. LSI represents the complexity for landscape shape.

Standard Deviational Ellipse
Standard deviational ellipse (SDE) belongs to the spatial sta-
tistical algorithm. It is used to analyze the spatial extent and 
direction of the given data. The area of ellipse denotes the 
spatial extent, and the direction of long axis represents the dis-
tribution direction for the data. The bigger the ratio of the long 
axis to the short one is, the more concentrated the distribution 
direction of the data will be. The length of short axis of the 
ellipse denotes the degree of dispersion for the given data. The 
longer the short axis is, the higher the degree of dispersion is. 
When the short axis is equal to the long axis, it means that the 
distribution of data does not have direction. In this paper, the 
spatiotemporal evolution analysis of ISA is introduced to ob-
tain the spatial directional characteristics of ISA. The standard 
deviation can be calculated with these steps (Lefever 1926).
1. Identifying the coordinate of average center point.
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where  
–
X and  

–
Y represent the coordinates of the average center 

point of the data, xi and yi denote the coordinates of the ith 
point in the data, and n is the amount of data.
2. Calculating the standard deviation for the center of ellipse.
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3. Identifying the rotation angle for the standard deviational 
ellipse.
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where θ denotes the rotation angle of ellipse from the north, 
xi  and yi  are the difference between the average center 

point and the ith point.
4. Calculating the standard deviational ellipse.
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5. Identifying the equation of ellipse.
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where S is the confidence coefficient from the Chi-Square 
probabilities table.

Experimental Setup
Experiments
We used a multilayer BP neural network structure including 
an input layer, two hidden layers, and an output layer, with 64 
neurons for the first hidden layer and 32 for the second hidden 
layer. The stochastic gradient descent (SGD) was used as the 
optimization algorithm. The batch size and learning rate of the 
model were adjusted, respectively, and the optimal parameter 
combination was selected based on the overall accuracy. After 
trial and error, the batch size was set as 64, and the learning 
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rate was set as 0.05. Figure 4 and Figure 5 report the impacts 
of batch size and learning rate on the overall accuracy of BP.

Based on the characteristics of the data set, a three-layer 
CNN model was constructed, and it was mainly composed of 
the input layer, convolutional layer, ReLu layer, pooling layer, 
and full connection layer. The structure of CNN in this study is 
shown in Figure 6. SGD was used to train the parameters of the 
convolutional layer and the full connection layer so that the 
classification results calculated by the CNN could match the 
labels of each image in the training data set. The image block 
size of the input model was 7×7×6. In the convolution pro-
cess, zero-padding was executed. After convolution operation, 
the feature maps of the same size as the original images were 
derived. Max-pooling was also used, and more texture infor-
mation of the images was kept. The batch size and learning 
rate of the model were also set as the optimal combination. 
The architecture of CNN in this paper is depicted in Table 3.

Table 3. Architecture of convolutional neural network.

Layer Type Filter Size Output Size

Input —a 7×7×6
Conv + ReLu 3×3 7×7×16

Pooling 2×2 3×3×16
Conv + ReLu 3×3 3×3×32

Pooling 2×2 1×1×32
Fully connected + ReLu — 1×512

Fully connected — 1×4
Softmax — 1×4

Conv = convolutional; ReLu = rectified linear units.
aDashes indicate XXXX.

Results
Model Performance
For BP, we used 4321 sample points to evaluate the classifi-
cation accuracy for our model. In these sample points, 939 
sample points belonged to water bodies, 1196 were IS, 1485 
belonged to vegetation, and 701 were bare land. In the experi-
ment, the batch size was set as 64, and the learning rate was 
set as 0.05, as mentioned above. Figure 7 depicts the change 
of loss in the process of training with the image in 2009.

Figure 7. Loss curve of back-propagation with the image in 2009.

Figure 6. Network structure for convolutional neural network.

Figure 4. Overall accuracy of different batch sizes for back-
propagation.

Figure 5. Overall accuracy of different learning rates for 
back-propagation.
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The confusion matrix based on the classification of BP with 
the image in 2017, the user accuracy, and producer accuracy 
of various samples are described in Table 4.

For CNN, 4296 validation sample points were labeled to 
evaluate the accuracy of our model. In these sample points, 936 
points belonged to water bodies, 1193 were IS, 1470 belonged 
to vegetation, and 697 were bare land. Figure 8 describes the 
change of loss in the process of training with the image in 2009.

The confusion matrix based upon CNN, the user accuracy, 
and producer accuracy of the land covers are described in 
Table 5. OA, Macro F1, and Kappa are shown in Table 6. From 
Table 6, it can obviously be seen that CNN achieved a better 
performance than BP.

With our CNN model, the land cover maps were yielded 
in 2001, 2005, 2009, 2013, and 2017, respectively (Figure 9, 
Figure 10, Figure 11, Figure 12, and Figure 13, see next page).

Change Analysis of ISA
The land cover maps were analyzed to investigate the charac-
teristics of ISA changes for the Chengdu urban area from 2001 
to 2017. Figure 14 discloses the changes in the proportion of 
each land cover type.

From Figure 14, it can be seen that the ISA accounted for the 
largest proportion, the vegetation was ranked second, the bare 
land maintained a small proportion but with a peak in 2013, 
while the water bodies almost kept the least proportion in the 
sixteen years. From 2001 to 2009, the percentage of ISA was in-
creasing, but a trough occurred in 2013. By contrast, the water 
bodies and vegetation had almost been decreasing year by year.

To further investigate the transformation of land cover 
types, the state transition matrix was derived to analyze the 
area changes of land cover types for the Chengdu urban area.

Table 4. Confusion matrix and accuracy of back-propagation 
with the image in 2017.

Types Water
Impervious 

Surface Vegetation
Bare 
Land Total

PA 
(%)

Water 884 0 13 42 939 94.14

Impervious 
Surface

95 709 20 372 1196 59.28

Vegetation 69 1 1410 5 1485 94.95

Bare Land 35 67 2 597 701 85.16

Total 1083 777 1445 1016 —a —

UA (%) 81.63 91.25 97.58 58.76 — —

UA = user’s accuracy; PA = producer’s accuracy.
aDashes indicate XXXX.

Figure 8. Loss curve of convolutional neural network with 
the image in 2009.

Figure 14. Changes of land cover types from 2001 to 2017.

Table 5. Confusion matrix and accuracy of convolutional 
neural network with the image in 2017.

Types Water
Impervious 

Surface Vegetation
Bare 
Land Total

PA 
(%)

Water 919 14 2 1 936 98.18

Impervious 
Surface

4 1169 13 7 1193 97.99

Vegetation 1 9 1457 3 1470 99.12

Bare Land 0 14 4 679 697 97.42

Total 924 1206 1476 690 —a —

UA (%) 99.46 96.93 98.71 98.41 — —

UA = user’s accuracy; PA = producer’s accuracy.
aDashes indicate XXXX.

Table 6. Macro F1, overall accuracy (OA), Kappa of back-
propagation (BP) and convolutional neural network (CNN) with 
the image in 2017.

Models Macro F1 (%) OA (%) Kappa

BP 81.27 83.31 0.78

CNN 98.28 98.32 0.98

Table 7. Transition matrix from 2001 to 2005.

Types

2005

Water
Impervious 

Surface Vegetation
Bare 
Land Total

2001

Water 1554 1288 748 197 3787

Impervious 
Surface

220 19 917 1313 684 22 134

Vegetation 360 7370 9719 1302 18 752

Bare Land 23 1383 154 173 1733

Total 2158 29 958 11 935 2356 46 406

Note: The unit is ha.

Table 8. Transition matrix from 2005 to 2009.

Types

2009

Water
Impervious 

Surface Vegetation
Bare 
Land Total

2005

Water 919 668 390 181 2158

Impervious 
Surface

373 25 500 2325 1759 29 958

Vegetation 198 4068 6420 1249 11 935

Bare Land 76 1634 287 358 2356

Total 1566 31 870 9422 3548 46 406

Note: The unit is ha.
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From the tables, it can be seen that (1) the ISA increased 
from 2001 to 2005, and the vegetation of 7370 ha was con-
verted to IS (see Table 7). (2) The ISA continued to increase 
from 2005 to 2009, and the vegetation of 4068 ha changed to 
IS (see Table 8). (3) The ISA decreased from 2009 to 2013, and 
the IS of 4284 ha changed into bare land (see Table 9). (4) The 
ISA increased from 26 389 ha to 30 814 ha from 2013 to 2017 
because the bare land of 3958 ha was transformed into IS (see 
Table 10).

Figure 11. Land cover map of 2009.

Figure 12. Land cover map of 2013.

Figure 13. Land cover map of 2017.

Figure 9. Land cover map of 2001.

Figure 10. Land cover map of 2005.

Table 9. Transition matrix from 2009 to 2013.

Types

2013

Water
Impervious 

Surface Vegetation
Bare 
Land Total

2009

Water 895 232 305 134 1566

Impervious 
Surface

1010 23 120 3457 4284 31 870

Vegetation 267 1548 4973 2633 9422

Bare Land 90 1489 378 1592 3548

Total 2261 26 389 9113 8643 46 406

Note: The unit is ha.

Table 10. Transition matrix from 2013 to 2017.

Type

2017

Water
Impervious 

Surface Vegetation
Bare 
Land Total

2013 

Water 921 1111 168 61 2261

Impervious 
Surface

168 23 380 1711 1130 26 389

Vegetation 160 2366 5970 617 9113

Bare Land 185 3958 2106 2394 8643

Total 1434 30 814 9955 4203 46 406

Note: The unit is ha. 
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The locations of the IS center in 2001, 2005, 
2009, 2013, and 2017 are calculated and report-
ed in Figure 15. Between 2001 and 2017, there 
was a slight shift for the center of the IS. From 
2001 to 2005, the movement direction was 
southeast, and the distance was 398 m. From 
2005 to 2009, the direction was northeast, and 
the distance was 462 m. From 2009 to 2013, the 
direction was southwest, and the distance was 
657 m. From 2013 to 2017, the direction was 
southeast, and the distance was 388 m.

The standard deviational ellipse of IS in 
2001, 2005, 2009, 2013, and 2017 are calcu-
lated and depicted in Figure 16.

The standard deviational ellipse reflected 
the directional distribution of IS. The long axis 
denoted the distribution direction of the data, 
and the short one indicated the distribution 
range of the data. When the ratio of the long to 
the short approached 1, it meant that there was 
no obvious distribution direction for the data. 
It can be seen from Figure 16, the standard 
deviational ellipse of IS in each year was almost 
circular, indicating that the IS in the Chengdu 
urban area did not have an obvious distribution 
direction in these years.

Table 11 describes the landscape metrics of 
IS at length. It indicates that the NP and PD de-
creased, while the LPI was increasing yearly. As 
the IS increased in these years, this phenome-
non disclosed that the IS in the Chengdu urban 
area gradually expanded from the small and 
fragmented patches to the larger ones. The AI 
became larger, it denoted that the adjacent patches of IS were 
increasing. The COHESION was up to 99%, mainly because of a 
huge IS patch, which dominated the connectivity. The ED rep-
resented the openness, and the increasing ED disclosed that 
the degree of fragmentation became bigger. This phenomenon 
was beneficial to improve the energy flow between the surface 
patch and its surrounding ones. The LSI was the complexity of 
the IS shape. The decreasing LSI indicated that the complexity 
of IS shape became smaller.

Discussion
The confusion matrix in our experiments showed that BP 
often failed to distinguish IS and bare land. The classification 
of pixels by BP was based on the spectral information. Thus, 
different land cover types with similar spectra were misclas-
sified. The input of CNN was an image block, which contained 
the spectral and texture information. And the confusion 
matrix showed that CNN could effectively improve the clas-
sification between the IS and bare land. According to Table 6, 
CNN yielded an excellent performance in Macro F1, overall 
accuracy, and Kappa coefficient.

Figure 16. Standard deviational ellipse of 
impervious surface.

Table 11. Landscape metrics of impervious surface.

Year NP
PD 

(/100ha)
ED 

(m/ha)
COHESION 

(%)
AI 
(%)

LPI 
(%) LSI

DIVISION 
(%)

2001 2593 5.59 70.98 99.81 88.88 42.49 56.03 0.82

2005 1544 3.37 59.08 99.88 93.12 58.82 40.63 0.65

2009 1198 2.58 73.36 99.93 91.9 65.97 49.09 0.56

2013 1791 3.86 75.29 99.86 90.02 50 54.93 0.75

2017 1305 2.81 66.07 99.92 92.42 63.11 45.21 0.6

NP = number of patches; PD = patch density; ED = edge density; COHESION = 
patch cohesion index; AI = aggregation index; LPI = largest patch index; LSI = 
landscape shape index; DIVISION = degree of fragmentation.

Figure 15. Change of the impervious surface center point.

According to the results of IS extraction for the Chengdu 
urban area, the ISA accounted for the bigger percent, the vegeta-
tion was ranked second, and the water bodies were the least. 
The percentage of ISA has a trough in 2013. From 2001 to 2009, 
the proportion of vegetation area increased, but it was stabilized 
after 2009. Bare land showed an upward trend from 2001 to 
2013, but it decreased after 2013. It could be presumed that the 
ISA was mostly transformed by vegetation from 2001 to 2009. In 
2013, there was a process of demolition and construction in the 
Chengdu urban area, which led to a decrease in the proportion 
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of ISA and an increase in the proportion of bare land. The transi-
tion matrix could validate our premise.

In the process of urban development, the policy was the 
main cause for the change of IS. According to the master plan-
ning of the Chengdu urban area, the main space expansion 
direction for an urban area was from east and south between 
2003 and 2015. The main expansion direction of the urban 
area was from south to north between 2015 and 2020. The poli-
cy revealed the reasons why the IS center for the Chengdu urban 
area shifted to the east from 2001 to 2009, to the south from 
2009 to 2017, and the distribution of IS was almost circular.

According to the “Statistical Yearbook” of Chengdu over 
the years, the area of farmland could be obtained. Table 12 
depicts the area changes for the farmland, IS, and bare land 
in the Chengdu urban area. From Table 12, it can be seen that 
the area of farmland in the Chengdu urban area was decreas-
ing year by year. From 2001 to 2005, the area of farmland 
decreased with a rate of –4537 ha/a. From 2013 to 2017, the 
farmland had a slight change, with a rate of –283 ha/a. From 
2001 to 2005, the change rate of IS and bare land area was 
8447 ha/a, and from 2013 to 2017, the rate of IS and bare land 
area was –15 ha/a. The trend of IS and bare land was similar 
to that of farmland, and the farmland in the Chengdu urban 
area had gradually converted into IS and bare land over the 
past sixteen years in the Chengdu urban area. In addition, the 
changes of gross domestic product (GDP) for the secondary 
industry were similar to the changes of ISA from 2001 to 2017. 
Thus, the spatiotemporal evolution of ISA was associated with 
the economic development of the Chengdu urban area over 
the past sixteen years.

Table 12. Change rate of farmland.

Periods

Types

Farmland (Ha/a)
IS and Bare 
Land (Ha/a) IS (Ha/a)

2001–2005 -4537 8447 7824

2005–2009 -838 3104 1912

2009–2013 -1169 -386 -5418

2013–2017 -283 -15 4425

IS = impervious surface.

Conclusions
In this paper, the Landsat images were used to investigate 
the spatiotemporal evolution of ISA for the Chengdu urban 
area. The performance of two methods were compared and 
the experimental results showed that CNN achieved a higher 
accuracy. With the trained CNN, the ISA in 2001, 2005, 2009, 
2013, and 2017 was extracted, respectively. And the spatio-
temporal evolution of ISA for the Chengdu urban area was 
analyzed thoroughly. The ISA kept an increased trend from 
2001 to 2017, and it was mostly transformed by vegetation. 
In addition, the GDP change of the secondary industry was 
similar to the evolution of ISA between 2001 and 2017 for 
the Chengdu urban area. Thus, the spatiotemporal evolution 
of IS was associated with the economic development of the 
Chengdu urban area in the past sixteen years. Therefore, the 
government has to switch the development patterns and take 
more measures to reduce the ISA to relieve the pressure of the 
ecological environment for the Chengdu urban area.
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Optimizing the Segmentation of a High-
Resolution Image by Using a Local Scale 

Parameter
Lei Zhang, Hongchao Liu, Xiaosong Li, and Xinyu Qian

Abstract
Image segmentation is a critical procedure in object-based 
identification and classification of remote sensing data. 
However, optimal scale-parameter selection presents a 
challenge, given the presence of complex landscapes and 
uncertain feature changes. This study proposes a local 
optimal segmentation approach that considers both inter-
segment heterogeneity and intrasegment homogeneity, uses 
the standard deviation and local Moran’s index to explore 
each optimal segment across different scale parameters, 
and combines the optimal segments into a single layer. 
The optimal segment is measured by using high-spatial-
resolution images. Results show that our approach out-
performs and generates less error than the global optimal 
segmentation approach. The variety of land cover types or 
intrasegment homogeneity leads to segment matching with 
the geo-objects on different scales. Local optimal segmenta-
tion demonstrates sensitivity to land cover discrepancy and 
provides good performance on cross-scale segmentation.

Introduction
With the increasing availability of very-high-spatial-resolu-
tion (VHR) remote sensing images, the high intraclass spectral 
variability or heterogeneity in VHR severely limits the applica-
tion of traditional pixel-based approaches (Johnson 2013), as 
the relations between neighboring pixels are usually ignored. 
Object-based image analysis uses spatial concepts that ef-
fectively incorporate textural, spatial, geometric, contextual, 
and hierarchical relationships into spectral recognition (Benz 
et al. 2004; Hay and Castilla 2006; X. Zhang et al. 2013; Ming 
et al. 2015). Moreover, semantic feature recognition in object-
based image analysis using an appropriate segmentation scale 
is close to human perception for measuring real landscape 
elements, compared with using the pixel-based approach 
(Goodchild et al. 2007; Cleve et al. 2008). The scale parameter 
is an important factor in geo-object recognition.

The initial and most important step in object-based image 
analysis is merging image pixels into relatively homogeneous 
regions called segments, which are taken as basic units for 
target recognition. Several methods have been developed 
for segmentation, including edge-based (Li et al. 2010) and 
region-based methods (Benz et al. 2004), most of which assign 
a scale parameter to control the average size and number of 

image segments (Duro et al. 2012; Myint et al. 2011), but they 
do not provide optimal scale-parameter selection. The opti-
mal scale segments a landscape scene into several meaningful 
geo-objects; therefore, the scale parameter is closely related to 
segmentation quality and plays a key role in segmenting re-
mote sensing imagery. An inappropriate scale can lead to either 
over- or undersegmentation, which influences object-based 
classification accuracy (Ming et al. 2012). Therefore, the opti-
mal image-segmentation scale maximizes both within-segment 
homogeneity and between-segments heterogeneity (Espindola 
et al. 2006; Johnson and Xie 2011; Johnson et al. 2015) and rep-
resents a balance between image over- and undersegmentation.

Selecting an appropriate segmentation scale (a single-scale 
approach) is an important topic that has received much inter-
est in object-based classification research (Powers et al. 2012). 
Determining the scale parameters can be a time-consuming, 
subjective, and nonuniversal process, whether using visual 
analysis alone or shape comparison with either a ground 
truth or reference digitization (Anders et al. 2011). Accord-
ingly, unsupervised approaches without reference objects 
have been developed to measure the optimal scale. One of the 
most successful approaches is estimation of scale parameter 
(ESP), which measures the homogeneity within segments and 
combines the local variance and its change rates in determin-
ing the appropriate segmentation scales (Drǎguţ et al. 2010, 
2014). By considering the homogeneity within segments and 
the heterogeneity between equally treated segments, Johnson 
and Xie (2011) calculated the area-weighted variance to deter-
mine intrasegment homogeneity and used the global Moran’s 
index to express intersegment heterogeneity. Both of these ap-
proaches are instances of global optimal segmentation (GOS), 
which aggregates local parameters to determine one or several 
optimal scales. The shortcoming of GOS is that it provides 
appropriate scales among all scales with the most optimal 
objects but not each object, which means that some objects on 
an appropriate scale are probably over- or undersegmented. 
Many types of land cover, such as buildings and bodies of 
water, may adapt to many different segmented scales (Anders 
et al. 2011; Johnson and Xie 2013).

To overcome the limitations of the single-scale approach, a 
cross-scale strategy has emerged (multi-scale approach). This 
strategy aims to combine the optimal segments from multiple 
scales to form a new segment layer. A simple solution of the 
multi-scale approach is segment comparison with reference 
polygons, used with expert knowledge to measure multiple 
scales for a variety of land cover matches (Myint et al. 2011; 
Anders et al. 2011; Johnson et al. 2015). This approach is 
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relatively accurate, but time consuming. Johnson (2013) has 
proposed an unsupervised multi-scale method and applied 
probability evaluation to determine the optimal segments. A 
preliminary classification is performed for each multi-scale 
segment, then a higher probability for the assigned class 
indicates that a segment is a suitable geo-object; therefore, this 
method depends on classification accuracy. Another hybrid 
method is a two-step strategy that performs GOS first and sub-
sequently refines the segments produced with the split-and-
merge approach on over- and undersegmentation (Johnson and 
Xie 2011; X. Zhang et al. 2013; Xiao et al. 2018; Su 2019). The 
local optimal segmentation (LOS) method focuses on measur-
ing optimal segments across scales rather than at an optimal 
scale; it analyzes each hierarchical segment of all scales, so 
that optimal segments can be on different scales, and com-
bines these segments to produce all optimal segments. One 
LOS method uses stable local variance across scales to measure 
optimal segments and merge segments from a variety of scales 
(L. Zhang et al. 2014), but it does not consider intersegment 
changes. Although improved LOS deals with both intra- and 
intersegment changes (Shen et al. 2019), the intrasegment cal-
culations still use a similar metric as the intersegment ones.

Methods
Rather than the GOS approach, this article proposed a novel 
unsupervised cross-scale LOS approach. One crucial strategy 
is that the target of interest is the segment rather than the 
segmentation scale, which avoids GOS’s shortcoming of averag-
ing segment characteristics at each scale. Another strategy is 
to use two sensitive feature analyses to examine the within-
segment homogeneity and between-segments heterogeneity of 
each segment. The technical framework of the refined method 
is presented in Figure 1. A segmentation algorithm is initially 
applied to produce multi-scale segment layers. Afterwards, the 
standard deviation rate change (ROC) and local Moran’s index 
(LMI) of each segment are calculated to measure within-seg-
ment homogeneity and between-segments heterogeneity. The 
integrated local optimal segmentation index (LOSI) metric—
composed of the ROC and LMI—is used to express the goodness 
of the segmentation. The optimal segments are selected across 
different scales with LOSI evaluation, then combined into a seg-
mentation layer based on the finest-scale segment boundary.

Multi-Scale Image Segmentation
The fractal net evolution approach of region-based segmen-
tation is a bottom-up technique for growing and merging 
regions to create compact regions and identify suitable scales 
(Baatz and Schäpe 2000). Each merging is controlled by a 
heterogeneity threshold or scale parameter (SP) and produces 
many scale segments (Benz et al. 2004). In contrast to the real-
world landscape, this image segmentation begins at overseg-
mentation, then matched segmentation, and finally underseg-
mentation across the SP range.

Feature Measure of LOS Scale
Optimal segmentation is considered to be high homogeneity 
within a segment and high heterogeneity among segments. 
Intersegment heterogeneity and intrasegment homogene-
ity are both important in measuring optimal segmentation. 
Therefore, these two metrics need to be combined into a 
single integrated metric to assess segmentation.

The standard deviation is a common used heterogeneity 
metric to measure within-segment homogeneity. Given that 
the upward multi-scale segmentation algorithm gradually 
merges adjacent segments, segment SD in most cases increases 
during upscaling, but at different ROCs, which represents the 
similarity of segments in the nearest scales. Thus, the ROC 
metric can be more robust than SD for measuring within-
segment homogeneity. A minimal ROC indicates that the seg-
ments between two successive scales are similar, whereas the 

merged segment on the higher scale is considered relatively 
suitable segmentation. The ROC of the ESP method (Drăguţ et 
al. 2010) is calculated as
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where ROCij is the rate of change of the SD of image object i 
at scale j, Sij is the all-band average pixel SD within object i 
at segmentation scale j, and Sij–1 is the all-band average pixel 
SD within the hierarchical and inherited object i − 1 at a finer 
segmentation scale j − 1 (the boundary of object i − 1 is inside 
the boundary of object i).

The intersegment heterogeneity of a segment is considered 
in measuring the spectral heterogeneity among segments. The 
global Moran’s index was used to calculate between-segments 
heterogeneity (Johnson and Xie 2011). Since this index equal-
izes object-neighbor similarity, the local Moran’s index was 
proposed, focusing on a single-segment feature measure to 
detect its spatial autocorrelation with adjacent segments. A 
lower LMI indicates a weaker correlation among adjacent seg-
ments and higher between-segments heterogeneity, which we 
take as optimal segmentation. The LMI is computed as
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Figure 1. Flowchart of a local scale-parameter segmentation 
method.
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where LMIi  is the LMI at segmentation object i, n is the num-
ber of segments in a segmentation scale, xi and xj are the band 
gray values of segments i and j, X

–
 is the mean of the band gray 

values of all segments in this segmentation scale, and wij is 
the spatial weight value between segments i and j. The weight 
is set to 1 only if a common boundary between the two seg-
ments is present; otherwise, the weight is set to 0.

An integrated index for assessing the goodness of a seg-
mentation scale was built by combining the ROC and LMI. 
Normalizing the ROC and LMI in terms of the influence of the 
discrepancy in their magnitudes is necessary; accordingly, 
these parameters were rescaled to 0 and 1, respectively, using 
the following formula:

 
F Y

Y Y
Y Y

( ) =
-

-
min

max min  
(3)

where Y represents the ROC or LMI and Ymax and Ymin are its 
maximum and minimum values.

Given that low normalized values ROCnorm and LMInorm in-
dicate goodness of the segmentation, an integrated assessment 
metric of segmentation quality LOSI can be defined as, the sum 
of ROCnorm and LMInorm:

 LOSI = ROCnorm + LMInorm (4)

ranging from 0 to 2. A low LOSI value indicates both intraseg-
ment homogeneity and intersegment heterogeneity.

Optimal Segment Selection from Different Segmentation Scales
Each segment LOSI at all scales was initially calculated. 
Afterward, the LOSIs of hierarchical or inherited (vertical) 
segments across all scales were compared, the segments with 
the minimum LOSI values across scales were defined as the 
optimal segments, and all selected optimal segments were 
combined horizontally to generate a new segmentation layer. 
Because of boundary inconsistencies of hierarchical (or verti-
cal) segments, the combination of optimal segments from 
different segmentation scales sometimes led to overlaid or 
empty boundaries. Therefore, segments at coarser scales were 
divided by the segment boundaries at the finest scale before 
LOSI comparison, to ensure seamless combination. After com-
bination, adjacent segments from the same scale that belonged 
to the same segment before they were divided were merged to 
generate the final optimal segments.

Experiments
Data and Study Areas
To examine the robustness of the method, we selected a 
variety of study sites, sensors, and land cover types for 
analysis. Study site I is a rural area (approximately 20 km2) in 
Hanzhong, China, whose landscape is simple and patch sizes 
large (Figure 2). A WorldView-2 VHR image with a spatial reso-
lution of 1.8 m, in multispectral mode (400–1040 μm) was 
acquired on April 29, 2010, while vegetation was growing and 
crops were seeding. Given these characteristics, obvious spec-
tral differences were observed for identifying the land cover 
of the area. The test area was dominated by cropland, with 
dispersed built-up patches and bodies of water, as well as 
needleleaf forest and broadleaf forest. Study site II (approxi-
mately 50 km2) is located in a suburb of Beijing, China, whose 
landscape is relatively complex and patch sizes compact. A 
similar Pléiades VHR image, with a spatial resolution of 2 m, 
in multispectral mode (430–940 μm), was acquired on August 
4, 2015, while vegetation was growing in peak greenness. The 
dominant landscape is composed of residences, roads, urban 
vegetation, and cropland.

Image preprocessing was performed with Erdas Imagine 
9.0 software, involving image radiation calibration and geo-
registration.

Initial Segmentation
In this study, a series of successive SPs were created and 
multi-scale hierarchy segments built by the fractal net evo-
lution approach in eCognition 8.7 software. The SP incre-
ment determines the detailed changes in segmentation; this 
multi-scale segmentation was performed with an equal scale 
increment of 5 and generated 40 SPs that ranged from 5 to 200. 
SPs of <5 and >200, respectively, can result in severe over- 
and undersegmentation for VHR images in study sites. The 
SP increment of 5 was sufficiently narrow to detect feature 
changes and measure the appropriate scales across multi-scale 
segmentation (L. Zhang et al. 2014). The other segmentation 
parameters remained at their default values. According to pre-
vious experience in land-surface segmentation, the weights 
for spectrum and shape homogeneity were set to 0.9 and 0.1, 
respectively, and the weights for each band were set at an 
equal value, with the same for smoothness and compactness.

Optimal Segment Measure
The LOSIs of each multi-scale segment were calculated in 
eCognition; these segments were then inputted into ArcGIS. 
Based on the finest segmentation layer, the boundaries of the 
multi-scale overlay were intersected for the coarse segmenta-
tion layer. The Python ArcPy module was used to read the 
processed segment attributes. The segments with the mini-
mum LOSI values across scale rows, and their relevant seg-
mentation scales, were selected, meaning those segments that 
maintain both higher intrasegment homogeneity and interseg-
ment heterogeneity. A unique identification ID number was 
generated in a new attribute field. These IDs were selected to 
produce an optimal segmentation layer, and finally segments 
with the same LOSI were merged.

Segmentation Quality Evaluation
The reference polygons were selected to overlay spatially 
on the segments to measure boundary fitness. The refer-
ence samples were randomly distributed, and corresponding 

Figure 2. Locations of study site I in Hanzhong, china, and 
study site II in Beijing, China.
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polygons were digitized along a single patch of land cover on 
the images. As shown in Figure 3, a total of 85 polygons of six 
land cover types were used to assess segmentation quality in 
study site I: 19 forest, four shrub, 17 cropland, 14 residence, 
13 water, and 18 fallow land. In study site II, 116 random 
polygons were sampled: 25 forest, 14 grassland, 22 cropland, 
37 residence, 11 water, and seven sandy land.

An optimal segment whose intersection area with the refer-
ence polygon covered half of either the optimal segment or the 
reference polygon was considered a matched segment (Clinton 
et al. 2010). The area and number of matched segments and 
reference polygons were compared to evaluate segmenta-
tion quality. As shown in Table 1, seven metrics were used to 
evaluate segmentation performance (Liu et al. 2012; Yang et al. 
2014). The oversegmentation index, undersegmentation index, 
and quality corrected rate consider both the geometric matches 
and the arithmetic relationship between the reference polygons 
and corresponding segments. The values of these metrics range 
from 0 to 1, with a lower value indicating better segmentation, 
but the lowest values of the first two metrics do not indicate 

the best segmentation, since they involve only one aspect of 
over- or undersegmentation; the quality corrected rate, on the 
other hand, considers both. The potential segmentation error 
(PSE) and number of segments ratio (NSR) reflect the arithmetic 
relationship between the reference polygons and correspond-
ing segments and measure the area fitness regardless of the 
boundary match, ranging from 0 to ∞. A PSE value of 0 indi-
cates a segment matched to the reference polygon, and a large 
value implies a significant degree of undersegmentation. An 
NSR value of 0 indicates a preferred one-to-one relationship be-
tween reference polygons and corresponding segments, and a 
large value indicates that one reference polygon corresponded 
to many segments, or a significant degree of oversegmentation. 
The composition OS and US and composition PSE and NSR re-
flect the Euclidean distances of those four metrics. Specifically, 
the composition of OS and US is similar to the quality corrected 
rate but is more sensitive, whereas the composition of PSE and 
NSR balances the influence of the two metrics.

The results of our LOS approach were compared with the 
GOS approach of Johnson and Xie (2011; JX) and the ESP meth-
od (Drǎguţ et al. 2014), both of which use one or several scales. 
The JX method uses similar metrics of variance and the global 
Moran’s I to measure intrasegment homogeneity and interseg-
ment heterogeneity. The ESP method considers intrasegment 
homogeneity only, using the ROC metric. As the ESP method 
possibly produces several optimal scales, we selected a suitable 
scale by using the same scale increment as the LOS method.

Results and Discussion
Optimal Segments over the Segmentation Scales
A multi-scale segmentation of the image was performed, and 
the LOS approach generated a total of 8455 optimal segments in 
study site I. As shown in Figure 4a, they came from different 
scales. Most were relatively concentrated between segmenta-
tion scales 25 and 55, the numbers of optimized segments from 
scales coarser than 55 were evenly distributed, and no objects 
came from scales finer than 25. Despite a relatively large num-
ber of segments from finer scales, their areas were not obvious. 

Figure 3. Reference objects sampled on pseudo-color image 
(study site I).

Table 1. Metrics for error assessment of the optimal segmentation measure.

Metric Formula Explanation

Oversegmentation index
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respectively; ri and Sj are an arbitrary matched polygon area and 
segment area, respectively.
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Their areas over the segmentation scale were nearly similar, 
which highlights the presence of optimal segments on many 
scales with varied sizes. The JX and ESP methods identified 
SP 85 and 75 as the optimal segmentation scales, respectively. 
Given that the scales were located in the middle range, the 
two methods produced 1579 and 1963 segments with a similar 
size, respectively, which is less than what was produced by 
the LOS approach. The same situation occurred in study site II.

Optimal segments from different scales are presented in 
Figure 5b. In contrast to land cover, the LOS approach pro-
duces optimization segments on coarser scales (which usually 
have a large segment size) involving land cover types of 
forest, shrub, and water and on finer scales (which usually 
have a small segment size) involving residence, cropland, and 
fallow land. The optimization segments obtained by the LOS 
approach were not concentrated on a single scale or within a 
small range of scales. Therefore, using the GOS approach with 
a single segmentation-scale measure would both over- and 
undersegment.

Land Cover Effects on Segmentation
The LOS approach shows different effects with a variety of 
land cover types. Given the relative internal homogeneity of 
forest and shrub objects, the larger optimal segments matched 
these geo-objects on coarser scales in study site I (Figure 6a). 
Meanwhile, the GOS approach generated segments with rela-
tively smaller and equal size, resulting in oversegmentation 
(Figure 6b–c). By contrast, the geo-objects of residence, crop-
land, and fallow land demonstrated relative internal heteroge-
neity; segments measured by the LOS approach fitted on finer 
scales and produced smaller segments (Figure 6d, 6j), whereas 
the GOS approach did not result in size changes, thereby lead-
ing to undersegmentation (Figure 6e–f, 6k–l). Water showed 

no significant difference between GOS and LOS (Figures 6d, 6f, 
7e), since its high spectral Euclidean distance from other land 
covers lead to weak sensitivity to segmentation scale.

The situation is similar in study site II, but the complex 
and mosaic patches lead to small objects. Therefore, forest 
(urban vegetation) segmented using the LOS approach showed 
similar or slightly better performance than using the GOS ap-
proach (Figures 6b–c, 7a). By contrast, the segmentation of 
residence is obviously better than using the JX and ESP meth-
ods (Figures 6e–f, 7d), as spectral changes of building rooftop 
and elevation influence the segmentation. Meanwhile, water 
illustrates the goodness of segmentation in the LOS method 
compared to the GOS approach (Figures 6g, 6i, 7h), since the 
compact-patch landscape causes finer-scale matching in the 
GOS approach, resulting in oversegmentation of water with 
intrasegment homogeneity.

The LOS approach explored local segment heterogeneity 
while considering changes in the features of each segment 
across all scales. Therefore, LOS segmentation is capable of 
measuring geo-objects with these land cover discrepancies. By 
comparison, the GOS approach uses an average feature measure 
of segment heterogeneity regardless of changes in each segment 
feature, thereby demonstrating limited sensitivity to land cover 
types and making this approach suitable for landscapes with 
consistent intrasegment homogeneity, meaning that most geo-
objects of land cover are matched on close segmentation scales.

Local Scale Segmentation Error Analysis
Seven metrics were used to evaluate the quality of segmenta-
tion in the two study sites (Tables 2 and 3). The integrated 
metrics of segmentation error rate, composition of OS and US, 
and composition of PSE and NSR reveal that the LOS approach 
achieves high goodness of segmentation, producing average 

Figure 4. Number and areas of optimal segment occurrence over the segmentation scales: (a) study site I, (b) study site II.

Figure 5. Scale map of optimal segments in study site I. (a) WorldView-2 RGB432 image; (b) scales of optimal segments; (c) 
land cover map.
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Figure 6. Comparison of segmentation results in study site I. From top to bottom: forest, residence, water, and cropland. (a), 
(d), (g), (j): local optimal segmentation method; (b), (e), (h), (k): JX method (Johnson and Xie 2011); (c), (f), (i), (l): estimation of 
scale parameter method.

Figure 7. Comparison of segmentation results in study site II. From top to bottom: forest, residence, and water. (a), (d), (g): local 
optimal segmentation method; (b), (e), (h): JX method (Johnson and Xie 2011); (c), (f), (i): estimation of scale parameter method.
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Table 2. Segmentation error comparison in study site I.

Class

Evaluation Metric

OS US PSE NSR SER ED1 ED2

LOS method

 Forest 0.3903 0.2237 0.0956 1.3158 0.5103 0.3181 0.9329

 Shrub 0.1532 0.1521 0.2010 1.0000 0.2786 0.1526 0.7212

 Cropland 0.4973 0.1859 0.1032 1.7059 0.5477 0.3754 1.2084

 Residence 0.2806 0.4649 1.9886 1.2143 0.6155 0.3840 1.6476

 Water 0.2714 0.0665 0.0262 1.2308 0.3072 0.1976 0.8705

 Fallow land 0.5053 0.1298 0.0562 1.7778 0.5421 0.3689 1.2577

 Total 0.4078 0.2008 0.1321 1.4471 0.5083 0.3214 1.0275

JX method (Johnson and Xie 2011)

 Forest 0.2525 0.7884 5.9695 0.9474 0.8203 0.5854 4.2739

 Shrub 0.4379 0.0532 0.0297 1.5000 0.4513 0.3120 1.0609

 Cropland 0.1600 0.5194 2.0203 1.0000 0.5549 0.3843 1.5940

 Residence 0.1056 0.8222 6.7355 1.0000 0.8203 0.5862 4.8149

 Water 0.1902 0.3048 0.4900 1.0769 0.3971 0.2540 0.8366

 Fallow land 0.1108 0.4642 1.1589 1.0000 0.4961 0.3375 1.0824

 Total 0.1858 0.5572 1.7412 1.0235 0.6172 0.4153 1.4282

ESP method

 Forest 0.0903 0.7267 3.9667 0.0526 0.7632 0.5357 2.8051

 Shrub 0.3279 0.0398 0.3649 0.2000 0.3496 0.2350 0.2942

 Cropland 0.1018 0.3444 1.1948 0.0000 0.3955 0.2715 0.8449

 Residence 0.0895 0.8065 5.6994 0.0000 0.8173 0.5823 4.0301

 Water 0.0798 0.1622 0.1329 0.0000 0.2308 0.1513 0.0940

 Fallow land 0.0740 0.3733 0.7367 0.0000 0.4155 0.2851 0.5210

 Total 0.1013 0.4649 1.0512 0.0000 0.5220 0.3630 0.7433

ED1 = composition of OS and US; ED2 = composition of PSE and NSR; ESP = estimation of scale parameter; LOS = local optimal segmenta-
tion; NSR = number of segments ratio; OS = oversegmentation index; PSE = potential segmentation error; SER = segmentation error rate; US = 
undersegmentation index.

Table 3. Segmentation error comparison in study site II.

Class

Evaluation Metric

OS US PSE NSR SER ED1 ED2

LOS method

 Forest 0.6947 0.0213 0.7278 2.0000 0.6961 0.4937 1.5049

 Grassland 0.7276 0.0000 0.8124 2.6000 0.7276 0.5145 1.9261

 Cropland 0.4071 0.0000 0.4605 0.5000 0.4071 0.2879 0.4806

 Residence 0.2254 0.0326 0.0327 0.2667 0.2570 0.1812 0.1900

 Water 0.0264 0.0186 0.0521 0.0000 0.0450 0.0317 0.0369

 Sandy land 0.0493 0.3762 0.8309 0.1667 0.4256 0.3009 0.5992

 Total 0.4385 0.0473 0.6480 0.6829 0.4812 0.3404 0.6657

JX method (Johnson and Xie 2011)

 Forest 0.6921 0.0022 0.6732 2.0000 0.6934 0.4894 1.4922

 Grassland 0.7516 0.0000 0.8592 3.0000 0.7516 0.5314 2.2066

 Cropland 0.7529 0.0080 0.8864 2.7143 0.7532 0.5327 2.0190

 Residence 0.3750 0.0301 0.3353 0.5714 0.4050 0.2864 0.4685

 Water 0.3051 0.0140 0.4722 0.3333 0.3191 0.2255 0.4087

 Sandy land 0.2160 0.1739 0.3255 0.2000 0.3898 0.2756 0.2701

 Total 0.6174 0.0172 0.8187 1.5000 0.6328 0.4473 1.2084

ESP method

 Forest 0.6285 0.0138 0.6655 1.6667 0.6413 0.4525 1.2690

 Grassland 0.6884 0.0000 0.8412 2.2000 0.6884 0.4868 1.6655

 Cropland 0.6729 0.0055 0.8443 1.8571 0.6732 0.4760 1.4425

 Residence 0.3000 0.0462 0.2217 0.4286 0.3462 0.2448 0.3412

 Water 0.3675 0.0124 0.5066 0.5000 0.3799 0.2686 0.5033

 Sandy land 0.0592 0.2518 0.0247 0.0000 0.3110 0.2198 0.0174

 Total 0.5406 0.0257 0.7810 1.1250 0.5652 0.3995 0.9684

ED1 = composition of OS and US; ED2 = composition of PSE and NSR; ESP = estimation of scale parameter; LOS = local optimal segmenta-
tion; NSR = number of segments ratio; OS = oversegmentation index; PSE = potential segmentation error; SER = segmentation error rate; US = 
undersegmentation index.
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respective values of 18%, 23%, and 28% less than the JX meth-
od and 3%, 13%, and 38% less than the ESP method in study 
site I and 24%, 24%, and 45% less than the JX method and 
15%, 15%, and 31% less than the ESP method in study site II.

As indicated by the over- and undersegmentation indices, 
the LOS approach obtains a lower undersegmentation error but 
a higher oversegmentation error in study site I, and converse-
ly in study site II; this difference is attributed to the landscape 
changes over the study sites. A higher oversegmentation 
index usually means a lower undersegmentation index, and 
vice versa; therefore, a single metric of over- or undersegmen-
tation index is not robust for evaluating segmentation quality. 
The lower PSE values indicate that the segment generated by 
the LOS approach has a size similar to that of the reference 
polygon. Meanwhile, the NSR metric shows that the LOS 
approach performs well in study site II but poorly in study 
site I; this metric is not more effective than NSR in assessing 
segmentation quality. The variations in land cover influenced 
the segmentation error: water, given its intrasegment homoge-
neity, demonstrated better behavior than the other land cover 
types, accurate measurement, and good fit to the reference 
polygons. Meanwhile, forest resulted in higher error, given its 
complex structure and high intrasegment heterogeneity.

Conclusions
Optimizing the segmentation-scale parameter can facilitate 
geo-object identification and classification. However, as-
sessing the image segmentation quality remains a challenge 
because of complex landscapes and the absence of standard 
evaluation methods. This study proposes a local multi-scale 
measure method that uses the heterogeneous features between 
and within segments to identify each optimal segment across 
segmentation scales and evaluate the effects of land cover 
types on these parameters. The results show that the LOS 
approach outperforms and exhibits less error than the GOS ap-
proach. Land cover types with variable intrasegment homo-
geneity influence geo-object matching on the segment-scale 
range, which leads to optimal segments on many scales. Using 
the GOS approach with a single segmentation-scale measure 
fails to solve these problems. The LOS approach is sensitive 
to land cover discrepancies and delivers a cross-scale ap-
proach to measure optimal segments over scales and over-
come the limitations of a single-scale method. Furthermore, 
the homogeneity of geo-objects influences the segmentation 
quality: segments with high intrasegment homogeneity (e.g., 
water) are better matched to the reference polygon and have 
less error than segments with low intrasegment homogeneity. 
However, the algorithm fails to accurately segment obscure 
boundaries of vegetation landscape, and it also does not know 
the user purpose in segmentation (e.g., rooftop may indicate 
a house or a group of houses); therefore, sample training is 
expected to control segmentation in further studies.
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Review of Spectral Indices for  
Urban Remote Sensing

Akib Javed, Qimin Cheng, Hao Peng, Orhan Altan, Yan Li, Iffat Ara, Enamul Huq, Yeamin Ali, and Nayyer Saleem

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 
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, 

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 (RSI) 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 Özdoğan 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 LULCs. 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 ISA 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.

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 
MODIS 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 (MNDISILiu) (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).

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.
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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 ISA 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 SWIR1 band region. Therefore, they proposed two built-up 
indices using visible bands only. They are visible red near-
infrared built-up index (VrNIR-BI) and visible 
green near-infrared built-up index (VgNIR-BI). 
Among these two, VrNIR-BI works better than 
the VgNIR-BI index, and these are best in clas-
sifying ISA and dry vegetated areas, but not 
good at classifying ISA from bare soil.

Different versions of NDBI have been used 
to generate a newer binary built-up index (BBI) 
proposed using visible bands (Bai et al. 2020). 
Firstly, two binary NDBI indices NDBIBlue-Green 
and NDBIRed-Green calculated using the equation 
in Table 1. Secondly, BBI was calculated by 
adding all the positive binary values of those 
indices. Binary indices were indicated using 
the “b” at the subscript of the respective 
indices. Like NDBI (Zha et al. 2003), BBI does 
not distinguish between ISA and bare soil.

Another multi-indexed combinational 
biophysical composition index (CBCI) (Zhang 
et al. 2018) used two indices named modi-
fied bare soil index (MBSI) (Zhang et al. 2018) 
and optimized soil-adjusted vegetation index 
(OSAVI) (Moosavi et al. 2016; Rondeaux et 
al. 1996). MBSI is a soil index, and OSAVI is a 
vegetation index formulated as follows. Un-
like BBI, CBCI has good separability between 
ISA and bare soil. In CBCI, “A” is a correc-
tional factor that depends on soil character-
istics, and its value is 0.51. “A” introduced 

to enhance MBSI over OSAVI. The strength of CBCI is that it can 
distinguish ISA 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 NDBIGF1 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 
ISA 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 (PISI), which separates ISA 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 ISA 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 UI, 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 ISA 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.

SL Equation EQN Reference

1 VrNIR BI Red NIR Red NIR- = -( ) +( ) (1) Estoque and 
Murayama 
20152 VgNIR BI Green NIR Green NIR- = -( ) +( ) (2)

3

BBI NDBI NDBIBlue Green, Red Green= +- -b b,

where,
 
NDBI Blue Green Blue GreenBlue Green- = -( ) +( ) ,

NDBI Red Green Red GreenRed Green- = -( ) +( )
(3) Bai et al. 2020

4

CBCI MBSI OSAVI= +( ) - +A A1 *

where, MBSI Red Green Red Green= +( )( ) +( ) -( )*2 2 ,

OSAVI NIR RED NIR RED= -( ) + +( )0 16.
 
and A = 0.51

(4)
Zhang et al. 
2018

5
WE NDBI

NDBI NDBI

NDBI
GF1 GF

GF

- =
≤( )

>





1

10

W

W( )

where,
 
NDBI Red Green Red GreenGF1 = -( ) +( )

(5) Bai et al. 2020

6 PISI Blue NIR= - +0 8192 0 5735 0 0750. * . * . (6) Tian et al. 2018

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 NBI. 
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 
(BUI). Though innovative, BUI 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 UI SWIR NIR SWIR NIR= -( ) +( ) +( ) ×2 2 1 100 (7)
Kawamura et al. 
1997

2 NDBI SWIR NIR SWIR NIR= -( ) +( )1 1 (8) Zha et al. 2003

3 NBI Red SWIR NIR= ×( )1 (9) Jieli et al. 2010

4 NBAI SWIR SWIR Green SWIR SWIR Green= -( ) +( )2 1 2 1/ / (10)
Waqar et al. 2012

5 BRBA Red SWIR1= / (11)

6 BAEI Red Green SWIR= +( ) +( )L 1 (12) Bouzekri et al. 2015

7 BUI
Red SWIR SWIR SWIR
Red SWIR SWIR SWIR

= ( ) - ( )
+( ) +( )2

2 1 2
1 1 2

*
* *

*
(13)

Kaimaris and Patias 
2016

8 SwiRed SWIR Red SWIR Red= -( ) +( )1 1 (14) Capolupo et al. 2020

9 ENDISI
Blue SWIR SWIR MNDWI

Blue SWIR SWIR MNDWI
=

- +( )
+ +(

α

α

1 2

1 2

2

2

/

/ ))
where,

Blue
SWIR
SWIR

MNDWI

Mean

Mean
Mean

*
a =





 + ( )
2

1
2

2 (15) Chen et al. 2019

10 BU NDBI NDVIb = -b b (16) Zha et al. 2003

11 INDBI NDBI NDVI= - , INDBI, also known as BUc (17) He et al. 2010

12 IBI
NDBI SAVI MNDWI

NDBI SAVI MNDWI
=

- +( ) 
+ +( ) 

/

/

2

2
(18) Xu 2008

13 VIBI NDVI NDVI NDBI= -( ) (19) Stathakis et al. 2012

14 BCI =
+( ) -
+( ) +

H L V
H L V

/
/
2
2

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

15 RNDSI NNDSI NTC1= / , where, NNDSI is the normalized NDSI, and NTC1 is the normalized TC1 (21) Deng et al. 2015

16 CBI
PC1 NDWI SAVI
PC1 NDWI SAVI

=
+( ) -
+( ) +

/
/
2
2

 where, PC1 is the first band of PCA (22) Sun et al. 2016

17 BLFEI
Green Red SWIR SWIR

Green Red SWIR SWI
=

+ +( )( ) -
+ +( )( ) +

2 3 1

2 3

/

/ RR1
(23)

Bouhennache et al. 
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 ISA. 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 (BUb) 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 (BUc) 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 BUc is calculated from 
continuous value. Therefore, subscript c is used. BUc is also 
named as an improved normalized difference built-up index 
(INDBI). INDBI performs 20% better than NDBI.

Similarly, another three indices-based index has been 
formulated and named as the index-based built-up index 
(IBI) (Xu 2008). Unlike NDBI, IBI tried to distinguish bare land 
from ISA. IBI used the green, red, NIR, and SWIR1 band region 
of Landsat TM/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 
ISA while suppressing other LULC classes (Langner et al. 2018). 
In the IBI-based LULC classification process, enhanced ISA 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 IBI 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 ISA 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 ISA. 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 ISA 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 BCI 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 
(CBI). 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.

On the contrary, Bouhennache et 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 
BLFEI, 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, ISA 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 ISA.

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

SL Equation EQN Reference

1 MNDSI SWIR PAN SWIR PAN= -( ) +( )2 2 (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 ISA 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 ISA 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 VIS1 
can be one of the visible bands. However, this index has some 
problems with water noise and is often mixed with ISA. 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 et 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 ISA signature, with a similar intention 
to enhance the ISA feature class and minimize the previous 
surface. Sun et al. (2017) proposed a modified NDISI (MNDIS-
ISun) differently. Instead of the thermal infrared (TIR) band, the 
authors used the land surface temperature (LST) value. In this 
modification LST, or TS, needs to be resampled to 30 m from TIR 
bands.

MNDISISun can be used for Landsat mission TM, ETM+, and 
OLI thermal infrared sensors (TIRS), but images from summer-
time will provide better results. With overall accuracy, 87% 
and an overall Kappa coefficient of 74%, MNDISISun 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 NDBIOLI, 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. NDBIOLI 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 
BAEM. It is developed by Bhatti and 
Tripathi (2014) in an attempt to 
increase urban mapping accuracy. It 
is important to notice NDBIOLI (Bhatti 
and Tripathi 2014) is modified and 
calculated differently than what 
Zha et al. (2003) proposed. BAEM 
significantly improves the classifica-
tion accuracy by reducing omission 
and commission errors.

The first NDBI-like ISA index was 
a normalized difference impervi-
ous index (NDII) developed using 
Landsat TM visual and thermal 
bands (Wang et al. 2015). In NDII, 
Vis stands for visible bands, and TIR 
stands for thermal bands. A combi-
nation of red band with a thermal 
band has found higher accuracy 
when tested with high-resolution 
images. NDII is a simple index and 
can be used for rapid ISA extraction 
using any multispectral data sets 
with thermal and visible bands. 
Urban ISA features have high cor-
relations with thermal data and, 
conversely, vegetation has inverse 
correlations with urban ISA. In the 
next section, we discuss those urban 
indices those are using vegetation 
indices to formulate.

A thermal data set can be used 
to enhance classification accuracy. 
For example, Rasul et al. (2018) 
proposed a dry built-up index 
(DBI) using blue and thermal bands 
from Landsat OLI. DBI assumes that 
built-up areas have less vegetation 
and, therefore, low in NDVI values. 
Thus, subtracting NDVI can further 
enhance the built-up features. The 
study suggested using a threshold 

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 DBI. 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-OLS) (Lu et al. 2008). Both data sources have a coarse 
spatial resolution, but it serves well for large scale settlement 
mapping. NDVIm is the maximum NDVI derived from Terra 
MODIS, and NTLN 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.

SL Equation EQN Reference

1 NDISI
TIR VIS NIR SWIR

TIR VIS NIR SWIR
=

- + +( )
+ + +( )

1

1

1 3

1 3

/

/
(27)

Xu 2010

2 NDISI
TIR WI NIR SWIR
TIR WI NIR SWIR

=
- + +( )
+ + +( )

1 3
1 3

/
/

(28)

3 EBBI
SWIR NIR

SWIR TIR
=

+
+

1

10 1
(29)

As-syakur et 
al. 2012

4

MNDISI
MNDWI NIR SWIR
MNDWI NIR SWIRSun =

- + +( )
+ + +( )

T
T

S

S

1 3
1 3

/
/

where
TIR

TIR
,

*
,T

ln
S =

+






1
λ
ρ

ε

ρ =1.438 × 10-2

ε =
− <

+ <
0 979 0 035

0 986 0 004

. .

. .

Red NDVI NDVI

NDVI NDV
min

minPV II NDVI

NDVI NDVI
max

max

<
>





 0 99.

,

PV =
-

-






NDVI NDVI
NDVI NDVI

min

max min

2

(30)
Sun et al. 
2017

5 NDBI
PCA of SWIR1 SWIR PCA of TIR TIR NIR
PCA of SWOLI =

+( ) -, ,2 1 2
IIR SWIR PCA of TIR1,TIR NIR1 2 2, +( ) -

(31)
Bhatti and 
Tripathi 2014

6 BAEM NDBI NDVI MNDWIOLI= - - (32)
Bhatti and 
Tripathi 2014

7 NDII TIR TIR= -( ) -( )Vis Vis (33)
Wang et al. 
2015

8 DBI
Blue TIR1
Blue TIR1

NDVI=
-
+

- (34)
Rasul et al. 
2018

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 VANUI. Whereas 
NDVImax is the maximum annual MODIS NDVI and NTLnor 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 RSI. 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 
effect and reduces saturation problems of 
coarse NTL data sets. Instead of coarse MODIS-
based EVI (Huete et al. 1997), medium resolu-
tion Landsat-based SAVI (Qi et al. 1994) has 
been used in the formation of nighttime light 
adjusted impervious surface index (NAISI). 
Developed by Chen, Jia, and Pickering (2019) 
and followed by the baseline subtraction ap-
proach, NAISI used NTL, the first component 
of the principal component analysis (PC1), 
the third component of tasseled cap transfor-
mation (TC3), and SAVI. Here all the primary 
RS information is normalized before use. 
With the finer spatial resolution of NTL, this 
index can improve ISA extraction accuracy 
significantly.

In summary, the HSI used the MODIS NDVI 
and DMPS-OLS NTL data set (Lu et al. 2008). 
Later, using Landsat and NTL data, NDISI 
(MNDISILiu) modification was developed, 
which used thermal, NTL, and Landsat data 
sets (Liu et al. 2013). Afterward, MODIS EVI, 
Landsat ETM+, and DMSP-OLS were used to 
develop normalized urban areas composite 
index (NUACI) (Liu et al. 2015) with higher 
accuracy. On the other hand, VANUI cor-
relates urban characteristics with vegeta-
tion absence and NTL presence (Zhang et 
al. 2013). A similar approach, normalized 
urban indexing, was later developed with 
NDUI (Zhang et al. 2015). All these indices 
discussed above use both NTL and daytime 
RSI. This combination can study many other 
global phenomena, especially with cloud 
computing platforms, such as GEE (Patel et 
al. 2015, Zhang et al. 2015). In the next sec-
tion, we discuss urban indices with optical, 
NTL, and thermal data sets.

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 
MNDISI, which address issues of spectral difference within IS 
and spectral similarity with other land cover classes, espe-
cially with bare soil. Here, TLST is the daytime LST, LLIT 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). MNDISILiu is a multi-sourced index that used 
the three Rs data sets; ISS nighttime photograph, LST, and mul-
tispectral bands. Instead of ISS nighttime photograph, it can be 
calculated using the DMSP-OLS or VIIRS data set too. MNDISILiu is 
useful for various scaled urban dynamics study with robust 
ISA extraction capacity. Another index named MNDISISun 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 VTLI. Here, NDVImax represents maxi-
mum annual NDVI, Temmax represents the maximum annual 
night temperature, and NTLnor represents 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).

SL Equation EQN Reference

1 HSI
NDVI NTL

NTL NDVI NDVI NTL
=

-( ) -
-( ) + + ( )

1

1
m N

N m m N*
(35) Lu et al. 2008

2 VANUI NDVI NTLnor nor= -( )1 * (36) Zhang et al. 2013

3 LISI NDVI NTLmax nor= -( )1 * (37) Guo et al. 2015

4 NDUI
NTL NDVI
NTL NDVI

NDVI=
-
+

≥( ), 0 (38) Zhang et al. 2015

5
NUACI

NDWI EVI

NTL

max

Norm

=
> = -( ) + -( )

-





≤

0

1

2 2
. ,

* ,

d r d a b

d
r

d r






where, d, r, and NTLnorm stands for the mean of NDWI, 
mean of EVImax, and normalized form of DMSP-OLS image

(39) Liu et al. 2015

6 NAISI
NTL PC1 TC3

SAVInor nor
nor=

- +





-
2

(40) Chen et al. 2019

SL = ; EQN = equation number.

Table 6. List of complex urban indices.

SL Equation EQN Reference

1 MNDISI
T L SAVI SWIR1
T L SAVI SWIR1Liu

LST LIT

LST LIT

=
+ - +( )
+ + +( ) (41)

Liu et al. 
2013

2 VTLI NDVI Tem NTLmax max nor= -( )1 * * (42)
Hao et al. 
2015

3 TVANUI
LST NDVI

NTL= ( )arctan /
/

*
π 2

(43)
Zhang et al. 
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 VANUI.

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 TVANUI, 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, ISA 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 ISA is, by 
definition, it is the opposite of pervious bare soil. However, 
separating bare soil and ISA 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 

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 ISA 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 ISA 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, NDBIOLI (Bhatti and Tripathi 2014), NDII (Wang et al. 
2015), NDISI (Xu 2010), MNDISISun (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 ISA 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 ISA 
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 ISA 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 ISA from bare soil. Finally, thermal data’s 
potential limitation is the difference between these two data, 
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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 ISA 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 RSI, 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 ISA. 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 

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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PE&RS Media Kit 2021

Special Advertising Opportunities
FRONT COVER SPONSORSHIP
A PE&RS cover sponsorship is a unique opportunity to capture the 
undivided attention of your target market through three premium points of 
contact.

1— PE&RS FRONT COVER
(Only twelve available, first-come, first-served)
PE&RS is world-renowned for the outstanding imagery displayed monthly 
on its front cover—and readers have told us they eagerly anticipate every 
issue. This is a premium opportunity for any company, government agency, 
university or non-profit organization to provide a strong image that 
demonstrates their expertise in the geospatial information industry.

2— FREE ACCOMPANYING “HIGHLIGHT” ARTICLE
A detailed article to enhance your cover image is welcome but not a condition 
of placing an image. Many readers have asked for more information about 
the covers and your article is a highly visible way to tell your story in more 
depth for an audience keenly interested in your products and services. No 
article is guaranteed publication, as it must pass ASPRS editorial review. For 
more information, contact Rae Kelley at rkelley@asprs.org.

3— FREE TABLE OF CONTENTS COVER DESCRIPTION
Use this highly visible position to showcase your organization by featuring 
highlights of the technology used in capturing the front cover imagery. 
Limit 200-word description.

Terms: Fifty percent nonrefundable deposit with space reservation and 
payment of balance on or before materials closing deadline.

Cover Specifications:

Bleed size: 8 5/8” × 11 1/4” Trim: 8 3/8” × 10 7/8”

Offprints of the cover, Table of Contents page, and highlight article are 
available at the time of publication. These must be ordered and paid for in 
advance.

For front cover offprints or other quantities, contact  
Rae Kelley, ASPRS Assistant Director – Publications 
505-819-3599 
e-mail rkelley@asprs.org.

PRICING
Corporate Member  
Exhibiting at a 2021  
ASPRS Conference

Corporate 
Member Exhibitor Non Member

Cover 1 $1,850 $2,000 $2,350 $2,500

Belly Bands, Inserts, Outserts & More!
Make your material the first impression readers have  
when they get their copy of PE&RS. Contact Bill Spilman  
at bill@innovativemediasolutions.com

VENDOR SEMINARS
ASPRS Sustaining Members now have the opportunity to hold a 1-hour 
informational session as a Virtual Vendor Seminar that will be free to all 
ASPRS Members wishing to attend.  There will be one opportunity per 
month to reach out to all ASPRS Members with a demonstration of a new 
product, service, or other information.  ASPRS will promote the Seminar 
through a blast email to all members, a notice on the ASPRS web site 
home page, and ads in the print and digital editions of PE&RS.

The Virtual Seminar will be hosted by ASPRS through its Zoom capability 
and has the capacity to accommodate 500 attendees.    

Vendor Seminars

Fee $2,500 (no discounts)

EMPLOYMENT PROMOTION
When you need to fill a position right away, use this direct, right-to-
the-desktop approach to announce your employment opportunity. The 
employment opportunity will be sent once to all ASPRS members in our 
regular Wednesday email newsletter to members, and will be posted on the 
ASPRS Web site for one month. This type of advertising gets results when 
you provide a web link with your text. 

Employment Opportunity Net Rate

30-Day Web + 1 email $500/opportunity

Web-only (no email) $300/opportunity

Do you have multiple vacancies that need to be filled? Contact us 
for pricing details for multiple listings.

NEWSLETTER DISPLAY ADVERTISING
Your vertical ad will show up in the right hand column of our weekly 
newsletter, which is sent to more than 3,000 people, including our 
membership and interested parties. Open Rate: 32.9%

Newsletter vertical banner ad Net Rate

180 pixels x 240 pixels max $500/opportunity

PE&RS Digital Edition
Digital Edition E-mail Blast: 5,800+
PE&RS is available online in both a public version that is available 
to anyone but does not include the peer-reviewed articles, and a full 
version that is available to ASPRS members only upon login.

The enhanced version of PE&RS contains hot links for all ASPRS 
Sustaining Member Companies, as well as hot links on advertisements, 
ASPRS Who’s Who, and internet references.

Become a sponsor today! 
The e-mail blast sponsorship opportunity includes a 180 x 240 pixel ad 
in the email announcement that goes out to our membership announcing 
the availability of the electronic issue.

Digital Edition Opportunities Net Rate

E-mail Blast Sponsorship* $1,000

For more information, contact Bill Spilman at bill@innovativemediasolutions.com │ (877) 878-3260 toll-free │ (309) 483-6467 direct │ (309) 483-2371 fax
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PE&RS 2021 Advertising Rates & Specs
THE MORE YOU ADVERTISE THE MORE YOU SAVE! PE&RS offers frequency discounts. Invest in a three-times per year advertising package and receive 
a 5% discount, six-times per year and receive a 10% discount, 12-times per year and receive a 15% discount off the cost of the package.

Ad Size Width Height

Cover (bleed only) 8.625” 11.25”

Full Page (bleed) 8.625” 11.25”

Full Page (trim) 8.375” 10.875”

2/3 Page Horizontal 7.125” 6.25”

2/3 Page Vertical 4.58” 9.625”

1/2 Page Horizontal 7.125” 4.6875”

1/2 Page Vertical 3.4375” 9.625”

1/3 Page Horizontal 7.125” 3.125”

1/3 Page Vertical 2.29” 9.625”

1/4 Page Horizontal 7.125” 2.34”

1/4 Page Vertical 3.4375” 4.6875”

1/8 Page Horizontal 7.125” 1.17”

1/8 Page Vertical 1.71875” 4.6875”

• Publication Size: 8.375” × 10.875” (W x H)

• Live area: 1/2” from gutter  

and 3/8” from all other edges

• No partial page bleeds.

• Publication Style: Perfect bound

• Printing Method: Web offset press

• Software Used: PC InDesign CS6

• Supported formats:

TIFF

EPS

BMP

JPEG

PDF

PC InDesign, Illustrator,  
and Photoshop

Corporate Member 
Exhibiting at a 2021 ASPRS Conference

Corporate Member Exhibitor Non Member

All rates below are for four-color advertisments

Cover 1 $1,850 $2,000 $2,350 $2,500

In addition to the cover image, the cover sponsor receives a half-page area to include a description of the cover (maximum 500 words). The cover sponsor also has the op-
portunity to write a highlight article for the journal. Highlight articles are scientific articles designed to appeal to a broad audience and are subject to editorial review before 
publishing. The cover sponsor fee includes 50 copies of the journal for distribution to their clients. More copies can be ordered at cost.

Cover 2 $1,500 $1,850 $2,000 $2,350

Cover 3 $1,500 $1,850 $2,000 $2,350

Cover 4 $1,850 $2,000 $2,350 $2,500

Advertorial 1 Complimentary Per Year 1 Complimentary Per Year $2,150 $2,500

Full Page $1,000 $1,175 $2,000 $2,350

2 page spread $1,500 $1,800 $3,200 $3,600

2/3 Page $1,100 $1,160 $1,450 $1,450

1/2 Page $900 $960 $1,200 $1,200

1/3 Page $800 $800 $1,000 $1,000

1/4 Page $600 $600 $750 $750

1/6 Page $400 $400 $500 $500

1/8 Page $200 $200 $250 $250

Other Advertising Opportunities

Wednesday Member 
Newsletter Email Blast 1 Complimentary Per Year 1 Complimentary Per Year $600 $600

Send ad materials to:
ASPRS/PE&RS Production
425 Barlow Place, Suite 210 
Bethesda, Maryland 20814 
505-819-3599
rkelley@asprs.org

Ship inserts to:
Alicia Coard
Walsworth
2180 Maiden Lane
St. Joseph, MI 49085 
888-563-3220 (toll free) 
269-428-1021 (direct) 
269-428-1095 (fax) 
alicia.coard@walsworth.com

A 15% commission is allowed to recognized advertising agencies

For more information, contact Bill Spilman at bill@innovativemediasolutions.com │ (877) 878-3260 toll-free │ (309) 483-6467 direct │ (309) 483-2371 fax

Source: PE&RS Readership Survey, Summer 2017
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