
&&PEPE RSRS
PPH

O
TO

G
RA

M
M

ET
RI

C
 

H
O

TO
G

RA
M

M
ET

RI
C

 EE
N

G
IN

EE
RI

N
G

 &
 

N
G

IN
EE

RI
N

G
 &

 RR
EM

O
TE

 
EM

O
TE

 SS
EN

SI
N

G
EN

SI
N

G
      

  T
h

e 
o

ff
ic

ia
l j

o
u

rn
a

l f
o

r 
im

a
g

in
g

 a
n

d
 g

eo
sp

a
tia

l i
n

fo
rm

a
tio

n
 s

ci
en

ce
 a

n
d

 t
ec

h
n

o
lo

g
y

November 2020 Volume 86, Number 11&&PEPE RSRS
PPH

O
TO

G
RA

M
M

ET
RI

C
 

H
O

TO
G

RA
M

M
ET

RI
C

 EE
N

G
IN

EE
RI

N
G

 &
 

N
G

IN
EE

RI
N

G
 &

 RR
EM

O
TE

 
EM

O
TE

 SS
EN

SI
N

G
EN

SI
N

G
      

  
Th

e 
o

ff
ic

ia
l j

o
u

rn
a

l f
o

r 
im

a
g

in
g

 a
n

d
 g

eo
sp

a
tia

l i
n

fo
rm

a
tio

n
 s

ci
en

ce
 a

n
d

 t
ec

h
n

o
lo

g
y

March 2021 Volume 87, Number 3



SAVE THE DATE!
Due to the ongoing COVID pandemic, ASPRS is going to be conducting its 2021 Annual Conference virtually. 
The conference program will consist of:

 » a multi-day series of technical sessions, including oral presentations, Ignite-Style talks, and invited panel discussions

 » 2-hour and 4-hour workshops conducted as live, instructor-led webinars

 » vendor spotlights and product demos*

 » the ASPRS Annual Business Meeting, which includes the Installation of Officers and Directors, Presidential Address, and presen-
tation of 2021 Awards and Scholarships.

 » annual Division, Council, and Committee meetings

 » The entire conference program will be recorded and made available on-demand for all registrants on the ASPRS online learning 
platform.

http://conferences.asprs.org/asprs-2021/
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INDUSTRYNEWSTo have your press release published in 
PE&RS, contact Rae Kelley, rkelley@asprs.org.

ANNOUNCEMENTS

AEC Next Technology Expo & Conference, International Li-
dar Mapping Forum, and SPAR 3D Expo & Conference 
are coming together to form Geo Week 2022 and will take 
place February 6-8, 2022 in Denver, Colorado. The joining of 
these events reflects the increased integration between the 
built environment, advanced airborne/terrestrial technologies, 
and commercial 3D technologies. Geo Week is at the forefront 
of this integration, providing education, technology, and re-
sources for professionals in industries including AEC, Asset & 
Facility Management, Disaster & Emergency Response, Earth 
Observation & Satellite Applications, Energy & Utilities, In-
frastructure & Transportation, Land & Natural Resource 
Management, Mining & Aggregates, Surveying & Mapping, 
and Urban Planning/Smart Cities. 

“We’ve witnessed the growing convergence between geospa-
tial and the built world, and we received positive feedback from 
customers about holding the events together, which had been 
the plan for 2020 and 2021 before the pandemic forced us to 
cancel due to the unavoidable consequence of the worsening 
magnitude of the public health and safety issues caused by the 
COVID-19,” said Lee Corkhill, Marketing Director at Diversified 
Communications. “We believe the market is ready and eager for 
this next step of leveraging the confluence of what are becoming 
ubiquitous technologies for improved collaboration, increased 
efficiency, and better outcomes. Much of the conference content 
and technology being showcased will reflect and support this 
increasing integration.” An Advisory Board of industry leaders 
will guide conference programming and event development. 

In addition to Diversified Communications’ technology 
events coming together, powerful partnership events will also 
take place at Geo Week, including the ASPRS (American Soci-
ety for Photogrammetry and Remote Sensing) Annual Confer-
ence and USIBD’s (U.S. Institute of Building Documentation) 
Annual Symposium. ASPRS, USIBD and other events have 
supported and taken place with ILMF, AEC Next and SPAR 
3D when the latter events took place separately. Bringing all 
these brands together as a new powerhouse event under the 
Geo Week umbrella is a fitting evolution that recognizes the 
increasing convergence of the technologies.

Karen Schuckman, PLS, CP, CMS and Managing Di-
rector of ASPRS, said, “Bringing ASPRS and ILMF together 
beginning in 2018 reunited the photogrammetry, remote sens-
ing, and lidar professionals and vendors who enthusiastically 
welcomed the opportunity to attend one consolidated event; an 
event where they could roam one large exhibit hall and attend 
educational workshops to broaden their expertise into relat-
ed disciplines. Bringing the built world into this mix through 
AEC Next and SPAR 3D acknowledges not only the richness 
and complexity of the technologies we have available for spatial 
analysis and decision making, it also give us all the opportunity 
to explore and invent new analysis methods that leverage the 

fusion of imagery, elevation, and bathymetry with 3D models of 
the built world. The merging of these disciplines IS the future. 
Co-locating our annual conferences and expositions facilitates 
us traveling into the future on a multi-lane superhighway.” 

“The coming together of professionals from the geospatial 
and built environment communities is long overdue,” said 
John Russo, AIA, President of USIBD. “Finally, one event, one 
place where we can all gather to network and gain insight into 
the convergence of our worlds. The USIBD is excited to partic-
ipate in GeoWeek and share its expertise in reality capture, 
BIM, digital twin and more!”

Geo Week counts a broad range of industry organizations, 
publications, and portals as supporters during this unprece-
dented period of transformation and disruption driving the 
rapid expansion of the internet of things, the development of 
smart cities, and a data revolution altering how people live 
and work. At the center of this revolution are geospatial, 3D, 
and location-based technologies. Geo Week is the only plat-
form-neutral event in North America that brings together in-
dustry leaders to harness these technologies and explore the 
myriad applications they empower. 

According to Corkhill, there will also be content that ad-
dresses the built environment, advanced airborne/terrestrial 
technologies, and commercial 3D technologies independently 
of one another. 

“The event represents a continuum, with individuals and 
organizations from all corners of industry at differing levels 
of adoption. Geo Week will support a future vision, in which 
professionals and organizations that understand the full spec-
trum of data needs, work processes, software integration, and 
standards in both geospatial and BIM will be tomorrow’s tech-
nology leaders.”

The event will feature multiple tracks with content clearly 
identified as relevant to one or more of the audience groups 
feeding into Geo Week. The International Lidar Mapping Fo-
rum (ILMF) audience has historically been comprised of pre-
cision measurement professionals in surveying and mapping 
who use airborne and terrestrial lidar and related remote 
sensing technologies. The AEC Next audience has historically 
been comprised of professionals in architecture, engineering, 
and construction (AEC) that use technologies such as reality 
capture, automation, AI and XR to bid and manage projects 
and improve workflows. The SPAR 3D audience has historical-
ly been comprised of professionals who use 3D capture, scan-
ning, visualization and modeling technologies across a variety 
of verticals. “We will use these familiar brands to designate 
content and make it easy and accessible for all stakeholders 
to find the solutions, connections, and education they need, 
no matter which vertical or industry segment they originated 
from.” says Corkhill. To this end, the organizers will also con-
tinue to publish Geo Week ENewsletter, SPAR3D ENewslet-
ter, and AEC ENewsletter. 

mailto:rkelley@asprs.org
https://www.geo-week.com/
https://www.geo-week.com/event-news/divcom-cancels-2021-aecnext-ilmf-spar3d/
https://www.geo-week.com/event-news/divcom-cancels-2021-aecnext-ilmf-spar3d/
https://www.geo-week.com/advisory-board/
https://www.geo-week.com/asprs
https://www.geo-week.com/asprs
https://www.geo-week.com/asprs
https://www.geo-week.com/usibd/
https://www.geo-week.com/usibd/
https://www.geo-week.com/supporting-partners/
https://www.geo-week.com/supporting-partners/
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INDUSTRYNEWS
URISA is pleased to announce the Exemplary Systems in Gov-
ernment (ESIG) Awards process for 2021.  This year marks the 
milestone 40th Anniversary of URISA ESIG Awards, which 
recognize extraordinary achievements in the use of geospatial 
information technology that have improved the delivery and 
quality of government services.

The award competition is open to all public agencies at 
the national/federal, state/provincial, regional, and local 
levels. Winners will be recognized during the Awards Lun-
cheon on October 5 during GIS-Pro 2021 in Baltimore, Mary-
land. Submissions are invited in two categories Single Process 
Systems and Enterprise Systems.

Submissions are due on or before Monday, June 7, 2021. A 
detailed application requiring details about the Jurisdiction/
Organization, System Design,  Implementation,  Organiza-
tional Impact, and System Resources is available https://www.
urisa.org/awards/exemplary-systems-in-government-awards/.

ACCOMPLISHMENTS

Woolpert’s Mark Mockus has been promoted to market direc-
tor. He will lead the firm’s private market, directing architec-
ture and engineering projects for private sector clients. Mock-
us has more than 34 years of architecture and management 
experience, specializing in high-intensity, innovative and com-
plex design.

Mockus has been with Woolpert since late 2019, serving as a 
program director out of the firm’s Chicago office. He has been 
integral to the firm’s pursuit of retail rollout projects, like Best 
Buy and 7-Eleven. Mockus said his goals in this new role are to 
continue to expand the firm’s design clientele, to draw bigger 
and more impactful architecture projects, and to increase and 
amplify Woolpert’s top talent.

“We have leading designers and architects accomplish-
ing great things already, including Tim Reber, Jason Golub, 
Jon Grzywa, Tony Martin, Chris Perry—and so many more,” 
Mockus said. “We’re planning to make a strategic shift to ma-
jor metro areas moving forward. Currently our Chicago office 
is in the suburbs, but it needs to move downtown. Emerging 
and established talent gravitates toward the bigger cities, 
even with the pandemic.”

Mockus also aims to extend and leverage the cross-service 
capabilities within Woolpert. He said having architecture, en-
gineering, geospatial (AEG) and strategic consulting services 
in-house gives the firm an unparalleled advantage in the in-
dustry, and it is a differentiator the firm plans to wield more 
liberally.

“If a client has any questions regarding services or wants to 
get project consultants together, they make one call instead of 
five,” Mockus said. “It’s the true one-point of contact. I’ve been 
on the owner’s side of the equation and I would have greatly 
appreciated working with a firm that collaborates behind the 
scenes like Woolpert does.”

Woolpert Sector Leader Todd Duwel said he foresees height-
ened growth and creativity under Mockus.

“Mark hasn’t been with Woolpert long, but he has illustrated 
a focused ambition that will constructively elevate Woolpert’s 
private market,” Duwel said. “He already has made the firm 
better, and our current and future clients will have Mark to 
thank for making their companies better, as well. We’re excit-
ed to have him in this role.”

EVENTS

ARSET-Use of Solar Induced Fluorescence and Lidar to Assess 
Vegetation Change and Vulnerability Online Training

• 16 March, Part I—Lidar and its Applications
• 18 March, Part II—Accessing and Analyzing Lidar Data 

for Vegetation Studies
• 23 March, Part III—Solar Induced Fluorescence and its 

Applications
• 25 March, Part IV—Accessing and Analyzing SIF Data for 

Vegetation Studies
For more information, visit https://appliedsciences.nasa.

gov/join-mission/training/english/arset-use-solar-induced-
fluorescence-and-lidar-assess-vegetation.

CALENDAR

• 16, 18, 23, 25 March, ARSET-Use of Solar Induced 
Fluorescence and Lidar to Assess Vegetation 
Change and Vulnerability. For more information, visit 
https://appliedsciences.nasa.gov/join-mission/training/
english/arset-use-solar-induced-fluorescence-and-lidar-
assess-vegetation.

• 29 March - 2 April, ASPRS 2021 Annual Conference, 
For more information, visit www.asprs.org/.

• 23-25 April, GISTAM 2021, Prague, Czech Republic. For 
more information, visit www.gistam.org/.

• 17-19 May, 2021 Stratus Conference, Buffalo, New York. 
For more information, visit http://stratus-conference.com/.

• 7-11 June, URISA GIS Leadership Academy, 
Minneapolis, Minnesota. For more information, visit 
www.urisa.org/education-events/urisa-gis-leadership-
academy/.

• 16-20 August, URISA GIS Leadership Academy, 
Portland, Oregon. For more information, visit https://
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/.

• 6-8 February 2022, Geo Week 2022, Denver, Colorado. 
For more information, visit www.geo-week.com/.

https://www.urisa.org/gis-pro
https://u7061146.ct.sendgrid.net/ls/click?upn=4tNED-2FM8iDZJQyQ53jATUZj9z70nlzuQjPMjHy1YtcI-3DWWJ-_9xpBzVhCfR8ghcaS-2BO1M-2FHwMVjpJiyNZ335iT8hrDch3n6pGVDySQN-2Bzz7ajppXyyfFFrN7tuthj1N-2FWJ19kZhNbblXWKpF3BnW4Y9E9JBNuH-2BCb5g9LxKna8lUIQWOW3b1zU5dvGi3ZaHBJNxNLxhQs0Js7NHqhNTdFQKz0H6y-2BTZbErtgvMfE-2BArZ45TH93dxe-2BTeEjSfA-2F1zFTxctEMAPIVzZMjidenKM1VN5rx4P7ahNAbtcMiDGwaSUWeSrMNdiNPaztltJjvE7SsOMcMVKznaCo2MyBRagY7HkPLU2VZsAIoVsHBkS3OtDxvk0uAFjdwaZoH0PXpznlO0vPb1Rx04axNnENJVSPjKQeh8-3D
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161 Extraction of Impervious Surface Using Sentinel-1A Time-Series Coherence 
Images with the Aid of a Sentinel-2A Image
Wenfu Wu, Jiahua Teng, Qimin Cheng, and Songjing Guo

The continuous increasing of impervious surface (IS) hinders the sustainable development of cities. Using optical 
images alone to extract IS is usually limited by weather, which obliges us to develop new data sources. The 
obvious differences between natural and artificial targets in interferometric synthetic-aperture radar coherence 
images have attracted the attention of researchers. In this paper, we used time-series coherence images and 
introduced multi-resolution segmentation as a postprocessing step to extract IS.

171 Road Extraction from Cartosat-2F Multispectral Data with Object-Oriented 
Analysis
Chumbitha Leena, Manoj Raj Saxena, and Ravi Shankar Dwivedi

For detection of a road network, high-resolution satellite data have been used following the object-oriented 
classification approach. In this paper, we use object-based feature extraction algorithms for detection of road 
networks from a high resolution Cartosat-2F multispectral data in an Indian city with varying terrain conditions 
ranging from a compact built-up area to a predominantly vegetated area.

181 Digital Surface Model Refinement Based on Projected Images
Jiali Wang and Yannan Chen

Currently, the practical solution to remove the errors and artifacts in the digital surface models (DSM) through 
stereo images is still manual or semiautomatic editing those affected patches. Although some degrees of 
semiautomation can be gained, the DSM refinement remains a labor consuming and expensive process. This 
paper proposes a new method to correct errors in DSM or/and refine an existing coarse DSM.

189 Remote Sensing for Ecosystem Services and Urban Sustainability
John C. Trinder

The purpose of this paper is to demonstrate how geospatial technologies, especially remote sensing, can play 
a leading role in defining urban sustainability based on the evaluation of demand and supply of ecosystem 
services (ES).

197 Monitoring Work Resumption of Wuhan in the COVID-19 Epidemic Using 
Daily Nighttime Light
Zhenfeng Shao, Yun Tang, Xiao Huang, and Deren Li

This paper analyzes the characteristics of nighttime light (NTL) radiance variation, aiming to demonstrate the 
possibility of using NTL to monitor work resumption and evaluate the impact of COVID-19 on economic activities 
in Wuhan, China.

207 Progressive TIN Densification with  Connection Analysis for Urban Lidar Data
Tao Wang, Lianbin Deng, Yuhong Li, and Hao Peng

Urban lidar data are advantageous for capturing the terrain surface of built-up areas, which can be directly used 
to provide digital surface models. Cloud points are classified into ground points to obtain digital terrain models. 
This paper proposes a method to improve the progressive triangulated irregular network (TIN) densification 
method using a TIN connection analysis algorithm, namely, connection analysis via slope analysis.
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Four blackwater rivers—the Waccamaw, Pee Dee, Black, and Sampit—feed into 
Winyah Bay, an estuary in eastern South Carolina. All of them flow through swamps, 
wetlands, and forests that are rich with decaying vegetation and other organic matter. 
The dead leaves and debris stain the rivers and wetlands a transparent brown color as 
several natural chemical substances found in plants—tannin, phenol, and humic acid—
seep into the water. The same process gives tea its yellow or brown color.

After heavy rains, stained floodwaters can get flushed out of swamps and wetlands into 
the estuary and ocean. That was happening on October 1, 2020, when the Operational 
Land Imager (OLI) on Landsat 8 acquired this natural-color image of Winyah Bay. Many 
waterways were swollen following heavy rains from Hurricane Sally.

When measuring the phenomenon with optical instruments, scientists describe heavily 
stained waters as being high in colored dissolved organic matter (CDOM). On October 
1, a National Oceanic and Atmospheric Administration water quality monitoring system 
at North Inlet-Winyah Bay National Estuarine Research Reserve measured CDOM levels 
that were roughly 50 percent higher than the long-term average for that date, said Erik 
Smith, the head of the research reserve.

Blackwater flows can have important consequences for aquatic ecosystems because 
they change the color of the light available to phytoplankton for photosynthesis. “The 
compounds that make up CDOM absorb blue light wavelengths extremely well, so blue 
light does not penetrate very deep into the water. The red wavelengths are the ones left 
behind, hence the brownish-red appearance of the water,” explained Tammi Richardson, 
an oceanographer at the University of South Carolina. “If phytoplankton do not have 
pigments that can absorb red light, then they will not be able to photosynthesize.”

Since phytoplankton photosynthesis is a centerpiece of the ocean food web, CDOM lev-
els can affect the productivity of the entire Winyah Bay estuary. In practice, cryptophytes 
and diatoms tend to do well in blackwater, while other types of phytoplankton tend to 
suffer.

Blackwater holds an interesting place in maritime history in this region. In the early 
years of European exploration and colonization of North America, mariners sought out 
blackwater streams to refill their casks because the water was thought to minimize 
the spread of disease. Sailors did not know why at the time, but the high acidity and 
presence of certain phenols have anti-bacterial properties.

Among those early sailors may have been the Spanish explorer Lucas Vázquez de 
Ayllón. He led an expedition of six ships that reached Winyah Bay in August 1526, and 
established San Miguel de Gualdape, the first European settlement in the contiguous 
United States. It preceded Pensacola, Roanoke, and Jamestown by decades, but is often 
overlooked by historians because of how unsuccessful and short-lived it was.

Upon arrival in Winyah Bay, the Spaniards immediately lost their main supply ship—the 
Capitana—when it ran aground on a sandbar near the modern town of Georgetown. In 
the chaos that followed, the Native American guides and interpreters they had captured 
from the area during a previous expedition deserted and slipped into the forest. After 
about a month in Winyah Bay, Ayllón moved the colony of 500 Europeans and 100 
enslaved Africans to a new location. Where exactly they went is unclear, but historians 
think they settled along Sapelo Sound in what is now Georgia.

However, unusually cold weather, disease, and lack of food quickly turned a difficult situ-
ation into a catastrophe for the colonists. Settlers died in large numbers by mid-October, 
including Ayllón himself. His death triggered a battle for leadership of the struggling 
colony. In the confusion, the African slaves revolted and escaped, meaning the first ever 
documented slave uprising in North America happened at San Miguel de Gualdape. The 
150 Europeans who were still alive after the uprising soon abandoned the colony and 
set sail for Hispaniola. The escaped slaves, meanwhile, were likely taken in by Native 
American communities in the area.

For more information, visit https://landsat.visibleearth.nasa.gov/view.php?id=147517

NASA image by Norman Kuring/NASA’s Ocean Color Web, using Landsat data from the 
U.S. Geological Survey. Story by Adam Voiland, with information from James Morris 
(University of South Carolina).
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It’s that time of the year, when we 
review geospatial methods and 
technology trends and I use my 

piercing crystal ball to see what’s on the ho-
rizon for the new year. While the pandemic 
changed the way we conduct business, geo-
spatial sensor technologies continued their 
upward trend. As I have in the past, I’ll revisit 
the trends I forecasted at this time last year, 
note how those predictions panned out, and 
project how these and other trends are expect-
ed to evolve throughout 2021 and beyond.

Data Democratization: Big Data Needs Big Tools
Data democratization, or providing streamlined access to 
technical expertise, continued to evolve in 2020. Although 
still a work in progress, the geospatial community became 
more educated in many new and complex data topics like 
machine learning in application development. It also be-
came more adept at sharing those tools and techniques so 
they can be easily understood by those without extensive 
experience, skills or training. An example of this increased 
awareness is the growing trend in the Geospatial Knowledge 
Infrastructure*, which is being tackled by the United Nations 
and its global strategic partners.

Crowd sourcing, big data and data science have been ag-
gressively pursued by tech companies, whether they are for 
honest data gathering or for those who want to sell location-
based data to the highest bidder. Location-based applications 
including smart buildings, self-driving cars and crowd sourc-
ing will continue their upward growth and potential this year. 
These data, if used properly, can be a great service to diverse 
sectors that include planning, construction, utilities, transpor-
tation, government and energy.

However, although there is growing number of niche 
companies and services offering creative solutions, the 
mainstream geospatial industry witnessed sluggish growth in 
the creative methods and tools needed to mine, extract and 
convert these data into knowledge. These niche companies 
are mainly small business startups focused on innovative 
solutions that serve a segmented or specialized market. Often, 
they are snatched up upon arrival by giant tech companies 
before the industry has had a chance to work with them. The 
situation is different for the giant tech companies like Google 
and Amazon, which have continued their advancement of 
machine learning, artificial intelligence and deep learning. 
Their sophisticated methods and tools were developed for 
their use rather than for the geospatial community at large, 
but some of their developments are benefiting geospatial users 
on a limited scale.

Think Small—Miniaturized Sensors
Last year, I envisioned companies like Google, Apple and LG 
would invest more in advancing and integrating miniaturized 
imaging and lidar systems within their devices for mapping 
applications. 

The latest imaging capabilities of some smartphones ex-
ceeded my expectations, and I was pleased to see that Apple 

has a lidar sensor on its iPhone 12 Pro. Once I heard about 
it, of course I had to purchase one. I am still figuring out how 
it works. Based on the article posted on LinkedIn by Rami 
Tamimi, an Ohio State University student working toward 
his doctorate in geodetic engineering, the iPhone 12 Pro lidar 
looks awesome and is a great foray into sharing this technol-
ogy with the masses. I expect other phone manufacturers will 
emulate Apple by incorporating this technology in 2021. 

Living in the Cloud
Last year, I acknowledged that progress was made by agencies 
moving computing powers to the cloud. Many more compa-
nies are offering business models for cloud data hosting and 
processing. Amazon, Google and Microsoft continue to lead 
that market and offer users and developers sophisticated 
platforms like serverless cloud computing. These platforms 
enable developers to run apps and services without hav-
ing to manage and operate costly and complicated server 
infrastructure. 

Among members of the geospatial community who are uti-
lizing the cloud for data storage and application development, 
the majority are interested in serverless cloud computing ar-
chitecture. This supports our favorite geospatial applications, 
map libraries and GIS clients like ArcGIS Online, ArcGIS 
Desktop or QGIS. This trend will continue to evolve and grow 
strongly throughout 2021.

Lidar, Lidar, Everywhere
In 2020, lidar manufacturers continued to make huge techno-
logical advances, both in traditional linear-mode lidar and in 
newer lidar technologies, like single photon. These advance-
ments will continue this year, offering more efficient data 
acquisition and more affordable lidar data to support national 
programs, such as the U.S. Geological Survey’s 3D Elevation 
Program†. 

For a glimpse of the industry’s current capabilities in aerial 
lidar mapping, here are some figures I presented during the 
Geo Week webinar “Airborne Lidar and Actionable Data,” that 
was held earlier this month. In my presentation, I noted that 
Woolpert has collected dense lidar data over 700,000 square 
kilometers worldwide in the last three years. As part of those 
collections, 100,000 km2 was topo-bathy lidar. Before lidar 
and its immense capabilities, we used to generate topographic 
maps using traditional stereophotogrammetry. This manual, 
labor-intensive method, in many cases, could not match 
the quality or the accuracy of a lidar-derived digital terrain 
model. It also would take us decades to compile a 700,000 
km2 DTM using stereo imagery. 

Lately, we’ve seen lidar manufacturers start to invest a 
great deal of energy into the development of AI-based applica-
tions that will help users weed through the massive number 
of point clouds to extract the information they need.

Improvements in lidar data density, quality and accuracy 
continued to attract new users and new applications in 2020, 
and this trend will continue for years to come. Unmanned 
aircraft system, or drone-based, lidar data acquisition also 
witnessed massive growth in 2020 as new lidar systems 
emerged. The most impressive development was the recent 
introduction of a flash lidar sensor with 200-meter range by 
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Sense Photonics. Although the flash lidar concept is not new 
to the industry, its 200-meter range capability and its ability 
to be mass produced for the automobile industry will also 
make it an attractive lidar option for UAS. 

The great thing about flash lidar is that it is lightweight 
and has no moving parts. All UAS-based lidar systems other 
than flash lidar are based on a scanning mechanism that can 
introduce unstable geometry and therefore compromise the 
positional accuracy of the resulting product. Another UAS 
lidar development worth mentioning is DJI lidar. Like other 
DJI products, DJI lidar is considered to be the least expensive 
lidar acquisition method for drones. Affordable and efficient 
lidar systems such as this will force manufacturers and inte-
grators to lower the cost of UAS-based lidar, which is win-
win for the geospatial industry.

Topo-Bathy Lidar
This year, the importance of the bathymetric survey has 
earned its own section in this forecast. The reason for this 
is two-fold. First, manufacturers have excelled in providing 
the industry with an awesome new breed of lidar systems 
that can be used for the dual data acquisition for topographic 
and bathymetric survey. These new systems made it much 
more practical to survey coastlines without the need for 
two types of lidar systems—topographic and bathymetric. 
The second reason is that on Jan. 5, 2021, the White House 
Council on Environmental Quality and the Office of Science 
and Technology Policy released an implementation plan for 
the “National Strategy for Ocean Mapping, Exploring and 
Characterizing of the United States Exclusive Economic 
Zone.” The implementation plan was drafted by the National 
Oceanic and Atmospheric Administration. This presidential 
memorandum applies to an oceanic area larger than the terres-
trial landmass of the United States. This is good news for the 
geospatial industry, since we will help implement the plan.

Marrying BIM to GIS and Digital Twin
Building information modeling, virtual reality and augmented 
reality will continue their growth within the geospatial 
and engineering communities. The mapping and geospatial 
industry must refine its tools and methods by building ef-
ficient GIS databases and applications to take advantage of 
upcoming opportunities. This year, we will hear more about 
the concept of the digital twin and its importance to planning 
and decision-making. If you are not familiar with the concept, 
I would define digital twin as “the digital surrogate of the 
physical environment, which you can use and abuse without 
harming or disturbing the physical environment representing 
your project site.”

The digital twin opens huge opportunities for the geospa-
tial community, since lidar is becoming the most efficient tool 
from which to generate data and build a model. The geospa-
tial community needs to familiarize itself with the digital 
twin concept and what it entails to enhance geospatial model-
ing technologies moving forward. 

Another interesting development in the BIM arena in 2020 
was combining the power of indoor mapping and digital facil-
ity management services. This integration enables companies 
to manage their workspaces and provide property managers 
with the ability to edit floor plans in real time and to share 
those changes immediately with employees and facility us-
ers. Imagine if a leasing manager or builder gave you access 
to the dynamic digital floor plan of a new project or of your 
new apartment before you moved in. Having a 3D digital twin 
of that space before you sign a lease or purchase contract 
can provide the kind of empowerment that leads to a better 

quality of life. This capability was recently introduced to the 
market by Mappedin of Waterloo, Canada.

A “Smart” Revolution
The concepts of smart cities and intelligent transportation 
systems will continue their healthy growth in 2021. This 
growth will be accelerated by geospatial trends cited here, 
most notably digital twin methods, big data, machine learning 
and deep learning. Helping this growth are the continued ad-
vancements in utilizing the Internet of Things for cloud data 
storage and processing in near-real time. 

Autonomous driving will continue to make strides as more 
car manufacturers go down this road. Self-driving cars require 
artificial intelligence and geospatial data to understand infra-
structure details and conditions. As predicted last year, our 
geospatial community is poised to earn a substantial market 
share of the services and technologies needed to support and 
navigate the smart revolution.

Mapping-as-a-Service 
Gradually, the term mapping-as-a-service is expanding to en-
compass all cloud-based geospatial data solutions, including 
data-as-a-service, software-as-a-service, and online analytical 
solutions based on AI and machine learning. There is not ex-
pected to be any substantial development in speculated data 
acquisition, on-demand geospatial data and data subscrip-
tion services in 2021, largely due to the pandemic. I expected 
this sector to grow in 2020 but unfortunately our geospatial 
business, like everything else, was impacted by COVID-19. 
However, MaaS capabilities are expected to see measurable 
growth in 2022. 

I ended my article from last year with: “These geospatial 
trends will continue to blossom throughout 2020, as the need 
for advanced technologies continues to rise. I look forward to 
seeing what the year will bring.” Well, we all know now what 
2020 brought to us. However, our geospatial community is 
resilient, and we will survive the wrath of 2020. Our success 
will require the collaboration of multiple tiers of government, 
the private sector, public utilities, community activists, build-
ing owners, average citizens, etc. It will also require hard 
work on several levels as we advance application develop-
ments like dashboards and databases to achieve real-time 
situational awareness, and scientific datasets and analysis to 
create technology solutions for use around the world. 

Happy New Year!

Woolpert Vice President and Chief Scientist Qassim Abdullah, 
Ph.D., PLS, CP, has more than 40 years of combined indus-
trial, R&D and academic experience in analytical photo-
grammetry, digital remote sensing, and civil and surveying 
engineering. When he’s not presenting at geospatial confer-
ences around the world, Qassim teaches photogrammetry and 
remote sensing courses at the University of Maryland and 
Penn State, authors a monthly column for the ASPRS journal 
PE&RS, and mentors R&D activities within Woolpert.

Previously published on https://woolpert.com/media/blogs/

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.
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VICTORIA SCHOLL
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DAVID LUZADER
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GREETINGS FROM THE ASPRS STUDENT ADVISORY 
COUNCIL (SAC)!

As we continuously network with our ASPRS Chapter community, we are 
highlighting the San Diego State University Student Chapter of the ASPRS for 

their continued commitment to emerging technology, education, engagement, and 
fellowship. 

The San Diego State University 
Student Chapter of the ASPRS 

is made up of both graduate and undergraduate students 
interested in remote sensing; GIS; and geospatial education, 
research, and outreach. Advised by Distinguished Professor 
Emeritus Dr. Douglas Stow, the current chapter includes 
students affiliated with both the Department of Geography 
and the Department of Biology (Ecology Program Area).

The SDSU chapter aims to connect students interested 
in geospatial technologies, provide opportunities to meet 
with professionals in GIS and remote sensing fields, 
discuss research ideas and planned methodology, and lead 
or participate in technical workshops. Over the years, 
the student chapter has hosted a variety of workshops, to 
include sessions focused on: object-based image classification 
approaches, structure-for-motion (SfM) processing, and 
spectral unmixing techniques. With the Department of 
Geography being home to a few drones and a handheld 
spectrometer, student chapter advisors and members have 
organized and led demos using these tools.

The chapter’s main focus is on the annual Spring Technical 
Meeting it hosts for the ASPRS Pacific Southwest (PSW) 
Region, usually held on the SDSU campus and open to the 
public. This meeting features three-to-four short presentations 
and concludes with a longer keynote presentation (often given 
by the acting ASPRS President). Followed by a student chapter-
hosted social hour, students and members of the community 
have the opportunity to meet the speakers and dive deeper into 
what was shared during the day’s presentations.

Due to 2020’s COVID-19-related restrictions, the SDSU 
student chapter postponed its originally planned wildland fire-themed Spring Technical Meeting and worked with the PSW Region 
to create the 1st Annual ASPRS PSW Remote Sensing & Wildland Fire Symposium (RS Fire 2020). Each session featured speakers 
who are respected and well known in the remote sensing and GIS, landscape ecology, and wildland firefighting communities; the 
primary goal was to help open lines of communication between imaging scientists and firefighters. Held over four Monday afternoons 
in November and chaired by the SDSU Student Chapter President, Krista West, this new symposium series was a success.

Faculty Involvement

Dr. Douglas Stow – Faculty Advisor

• Stow Research Group
• Primary instructor of remote 

sensing courses at SDSU 
and the Co-Director of the 
Center for Earth Systems 
Analysis Research

Lloyd (Pete) Coulter

• SDSU Programmer/Analyst
• ASPRS PSW Region Director

Student 
Officers

Krista West Keaton Shennan William Nicewonger

Position President Vice President Secretary-
Treasurer

Degree PhD Student MS Student BS Student

Major Geography Geography
Geography/ 

Interdisciplinary 
Studies)

GO AZTECS!

https://geography.sdsu.edu/
http://www.bio.sdsu.edu/eco/index.php
https://pswasprs.org/rsfire2020/
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GIS &Tips     Tricks By Dave Maune, Ph.D., CP, GS, PS, 
and Al Karlin, Ph.D, CMS-L, GISP

By Dave Maune, Ph.D., CP, GS, PS, 
and Al Karlin, Ph.D, CMS-L, GISP

Sometimes small improvements and useful tips pay off big 
in terms of time and convenience, especially when using geo-
spatial software in a production mode. Small icons, crowded 
onto toolbars, can confuse new users and infuriate long-time 
users. Then, some software products require the user to hold 
down multiple keyboard keys and/or a combination of mouse 
buttons to navigate the interface. This is the case with the 
Terrascan MDL (MicroStation Development Library) appli-
cation that runs within MicroStation. While Terrascan MDL 
with MicroStation is the “industry standard” for lidar edit-
ing, here is a tip to update Terrascan MDL user interface.

When loading the Terrascan MDL Application into Microsta-
tion you have a small docked Window with 16 icons to choose 
tools from. The standard method requires a combination 
of (1) continuous firm pressure (push down/click) with the 
left mouse button each icon, to (2) activate all the sub tools 
that can be opened. Then, (3) you have to move your cursor 
down the row of tools, making sure not to let up with the 
left mouse hold to select the tool you want to use, as in the 
“standard” sequence, Figures 1-4. Throughout this process, a 
user may need to search through several options to find the 
desired toolbar. 

This Terrasolid “active workflow ribbon” library allows the 
Terrasolid toolbar to be viewed in the typical MicroStation/
CAD ribbon format rather than the “standard” Terrascan 
mode. The new active workflow ribbon has condensed the 
tools into fewer tabs (9 for Terrascan), and with each tab 
you now can see the tools across the ribbon, as in the ribbon 
sequence, Figures 5-8. Each tool is clearly described and the 

Tired of Looking at Tiny Icons in TerraScan? Here’s a Solution...

Michael Baranowski, CLT, GISP, and   
Al Karlin, Ph.D. CMS-L, GISP

Figure 1: Step 1— Standard Terrascan interface – no ribbon.

Figure 2: Step 2—Standard Terrascan interface -  Mouse-click to open panel 
of icons.

Figure 3: Step 3—Standard Terrascan interface - Tool panel opens after 
additional mouse-click; two clicks deep into interface.

Figure 4: Step 4—Standard Terrascan interface -After dragging the mouse 
through the interface, the selected tool activates.
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icon symbol ready for you to click and open the tool. This 
streamlining results in fewer click and drags, and eliminates 
searching through multiple levels of interface. The active 
workflow ribbon library does not replace the “standard” 
interface, so if you still prefer the standard interface, both 
options are available on-screen. 

For additional installation instructions, Geocue has a 
support document at: https://support.geocue.com/terrasolid-
design-library/ .

And it is that easy to update the Terrascan interface!

Michael Baranowski, CLT, GISP and Al Karlin, Ph.D., 
CMS-L, GISP are with Dewberry’s Geospatial and Technolo-
gy Services group in Tampa, FL. Mike is a Senior Geospatial 
Analyst at Dewberry who manages many aspects of lidar pro-
duction along with resource allocation. As a senior geospatial 
scientist, Al works with all aspects of Lidar, remote sensing, 
photogrammetry, and GIS-related projects. 

Please e-mail questions or comments to GISTT@ASPRS.org.

Figure 6: Step 2—The Active Workflow Ribbon – after selecting the Terras-
can Tools workflow ribbon, the 16 subgroups are now displayed as 9 tabs 
on the ribbon

Figure 7: Step 3—The Active Workflow Ribbon – Example of all available 
Draw Tab tools with descriptions of each written out below the icon. 

Figure 5: Step 1—The Active Workflow Ribbon – once design library has 
been installed, all available Terrasolid ribbons are visible.

Figure 8: Step 4—The Active Workflow Ribbon – all classification sub-tools 
now can be found under a single tab.

ASPRS WORKSHOP SERIES
It’s not too late to earn Professional Development Hours

Miss one of our Geo Week 2020 Live Online Workshops? Not to worry! You can purchase the workshops now and 
watch when you are ready! Check out the workshops offered by visiting:

https://conferences.asprs.org/geoweek-2020/workshops/

https://support.geocue.com/terrasolid-design-library/
https://support.geocue.com/terrasolid-design-library/
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BOOKREVIEW

Smarter Government—How to Govern 
for Results in the Information Age
Martin O’Malley
Foreword by Stephen Goldsmith
ISBN: 9781589485242    2019   332 pages   Paperback   List Price: 
39.99* (* Individual store prices may vary)

Reviewed by Connie Li Krampf, CP, CMS, MSCS, 
Project Manager - Photogrammetry, Weston & 
Sampson, Cary, North Carolina.

The book authored by Martin O’Malley, the former Mary-
land Governor, clearly sends the message that technology 
is a key to better government and improved results in the 
information age. He makes the case for using improved tech-
nologies, specifically GIS (Geographic Information System) 
technology, to gather, manage, and analyze data to enhance 
government performance and service delivery. The governor 
states that “First as mayor of Baltimore and then as gover-
nor of Maryland, I experienced firsthand the power of GIS 
…Whether the goal is improving public education, reducing 
violent crime, or restoring the health of our natural environ-
ment, GIS provides a powerful platform for progress. GIS 
is making government smarter.” The governor’s intent is to 
share how the data, the map, and the method for achieving 
dramatic public-sector progress during his service helped 
him to work with his administration to achieve measurable 
results using GIS technology.

The author provides his reasons for running for Baltimore 
Mayor and the challenges his administration faced with lag-
ging information from various unrelated and outdated sys-
tems that made governing difficult. He brought CompStat, a 
combination of management, philosophy, and organizational 
management tools, to his police department. Moving forward, 
the mayor brought on CityStat, a new system for governing 
the whole of city government.  The author detailed the imple-
mentation and achievements of StateStat that is based on the 
CityStat Techniques across the entire state after he became 
the governor of Maryland.  

He tells the story of his meeting with ESRI co-founder Jack 
Dangermond, who introduced him to the concepts of GIS, from 
which the governor saw the power of the GIS map as “The 
Power of Information Shared by All,” a new platform and new 
tools that can be integrated into the government system so the 
results can be seen through GIS maps and internet.  In his 
own words,” The capacity that a common operating platform 
provides for managing dynamic and sometimes fast-moving 
problems with real-time data is a big innovation in govern-
ment. In fact, these new technologies – GIS and the Internet 
of Things (IoT) – and the ability these technologies give us to 
model belief space – that is to say, to model the changing dy-
namics of our built and natural environments – are ushering 
in a whole new way of governing in the Information Age. ”

There are 14 chapters in the book. Each chapter includes a 
“Learn & Explore” section that provides a link to the book’s 
website (www.smartergovernment.com). On this website, the 
user can watch videos, explore the story maps, dashboards, 
books, blogs, data resources, and examples that support the 
concepts and ideas presented in the book and other infor-

mation related to the book.  Study and Discussion questions 
based on the chapters are listed in Appendix A of the book. 
The user can also find those questions on the aforementioned 
website. 

GIS exercises for each chapter can be found in Appendix B of 
the book, from there, a user can get hands-on experience with 
the GIS software and learn the technology by working with 
real data. Esri provides free trial software and student licens-
es so users can learn the technology at their convenience with  
little financial burden. 

The book is by no means a highly technical tome; however, 
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users can find a good deal of helpful technological informa-
tion through the sidebars. There are interesting stories about 
how the technologies were used by the governor’s adminis-
tration.

The author lays out “A New Way of Governing,” about a 
method that emphasizes  the relationship between the gov-
erned and the trust required for governing.  This new way 
of governing is based on data collection, management, and 
analysis, showing and measurement of results through GIS 
technology.  Maps, pictures, charts, and illustrations are pro-
vided to help the reader understand the concepts the author 
attempts to convey in the book.  Additional sections include 
“Acknowledgments,” a list of “Contributors” and a long list of 
“Credits”. 

The book totals 332 pages; is well written and easy to read.  
Each chapter begins with a meaningful, relatable, artistic, and 
beautiful picture.  Maps, charts, and other illustrations in the 
book are thoughtfully chosen and well placed. The book has 
relevant stories, pictures, leadership practices, and nuggets of 
wisdom. 

This book could serve as a textbook for undergraduate or grad-
uate students with majors in Geospatial Science as well as Po-
litical Science, History, or other related disciplines. The book’s 
website is well designed and easy to navigate.  The study and 
discussion questions are carefully written and closely relat-
ed to the context of the book. The GIS exercises and data are 
appropriate and challenging enough to benefit the student. It 
can also serve as a reference resource for government leaders 
to consider applications to improve governance.   A few small 
improvements could be made, for example, the map elements 
such as a north arrow, scale bar, or legend could be added to 
the map on page 255 to display clearer and more meaningful 
information.

The governor showcases the power of GIS technology and 
ways it can be used to govern and lead in the Information 
Age.  GIS is not just a sterile geospatial technology but an 
evolutional tool for human societies to live smarter and bet-
ter. For that, GIS should be written as a chapter in a modern 
history book.     
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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 Federal Democratic 
Republic of Ethiopia was originally printed in 2003 but contains 
updates to their coordinate system since then.

FEDERAL DEMOCRATIC REPUBLIC OF 

ETHIOPIA

Ethiopia, occasionally called Abyssinia, is an 
ancient country in Northeast Africa. It is 
bounded on the north by Eritrea (912 km), 

on the east by Djibouti (337 km) and Somalia 
(1,626 km), on the south by Somalia and Kenya 
(830 km), and on the west by Sudan (1,606 km). 
Ethiopia has an area slightly less than twice the 
size of Texas, it is landlocked, and is mainly high 
plateau with a central mountain range divided by 
the Great Rift Valley. The lowest point is Denakil 
(–125 m), and the highest point is Ras Dashen 
Terara (4,620 m). Modern Ethiopia began with 
the reign of Tewodros II and the conquest of other 
chiefs in 1855. Later coming under Italian rule in 
1882 and claimed as an Italian Protectorate by 
the Treaty of Ucciali in 1889, the coastal region 
was made a separate Italian Colony in 1890 and 
named Eritrea. Territorial integrity of Ethiopia 
was recognized by Great Britain, France, and 
Italy in 1906. Invaded by the Italians in 1935, and 
organized with Eritrea and Italian Somaliland 
as the Empire of Italian East Africa, the region 
was liberated by the British in 1941. The new 
constitution was adopted in 1987. Ethiopia’s entire 
coastline along the Red Sea was lost with the de 
jure independence of Eritrea on 27 April 1993.

Very little mapping was done of Ethiopia in the 19th cen-
tury. One of the earliest investigations of the region resulted 
in a “Report of the German Expedition to East Africa, 1861 
and 1862, published in 1864 by Munzinger. The British 
explorer, Sir Samuel Baker, wrote of the region in 1867 
in “The Nile Tributaries of Abyssinia.” The Italians made 
some ground surveys in the region of Eritrea from 1888 to 
1891, and these surveys formed the basis of the old Carta 
della Colonia Eritrea (Map of the Colony of Eritrea) at a 
scale of 1:50,000 which was published from 1909 through 

1938. Another series was also published during the same 
time by the Italians at a scale of 1:100,000. New surveys of 
1935 through 1938 resulted in one sheet being compiled on a 
Santoni stereoplotter with 50-meter contours. Smaller scale 
series were derivative compilations at the time.

The Ethiopian Datum of 1936 was established by the 
Italians at the West End of Metahara Base (10,083.560 m) 
where Φo = 8°53´ 22.53˝ ± 0.18˝ N, Λo = 39°54´ 24.99˝ East 
of Greenwich, the reference azimuth to Monte Fantalli was 
αo = 13°05´ 21.97˝ + 0.43˝, and the presumed ellipsoid of 
reference was the International 1924 where a = 6,378,188 
m and 1/f = 297. The check base for the chain commencing 
at Metahara was Giggiga base, which was 12,962.620 m 
in length. Halfway north from Metahara base to the now 
Eritrean port city of Massawa was the North End of Alo-
malà base (18,211.982 m) where Φo = 12°24´ 56.56˝ ± 0.13˝ 
N, Λo = 39°33´ 30.42˝ ±  0.30˝  East of Greenwich, and the 
reference azimuth to the South End of Alomalà base was αo 
= 180°00´ 03.88˝ ± 0.18˝. The old Italian 1:50,000-scale series 
mentioned above is based on the old datum origin located in 
the (now) Eritrean capitol city of Asmara. The coordinates 
of that origin elude me, and I suspect that the observations 
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may have been made by the Italian navy rather than by the 
Istituto Geografico Miliare of Firenze (Florence). In any case, 
there was no grid printed on any of the above series, even 
though the cartographic and geodetic work was done by the 
Italian military!

The Blue Nile River Basin Investigation Project was 
funded by the United States, and the geodetic work was 
performed by the U.S. Coast & Geodetic Survey. The origin 
of the geodetic work was in southern Egypt near Abu Simbel, 
south of Lake Nasser, at station Adindan where Φo = 22°10´ 
07.1098˝ N, Λo = 31°29´ 21.6079˝ East of Greenwich, the 
deflection of the vertical ζ = +2.38˝ and η = –2.51˝, and the 
ellipsoid of reference was the Clarke 1880 (modified) where a 
= 6,378,249.145 m and 1/f = 293.465. The Blue Nile Datum of 
1958 appears to be the established classical datum of Ethi-
opia and much of North Africa. Adindan is the name of the 
origin, it is not the name of the datum; a most common mis-
take found in many “reference works.” The Ethiopian Trans-
verse Mercator grid is based on a central meridian where lo 
= 37°30´E, scale factor at origin where mo = 0.9995, False 
Easting = 450 km, and False Northing = 5,000 km.

Ethiopia and Kenya signed a boundary treaty on 09 June 
1970, and the field surveys for the demarcation of the border 
were performed by British surveyors. The datum used for 

that survey was the Arc 1960 Datum, referenced to the 
Clarke 1880 (modified) ellipsoid. The grid system used at the 
time was the East Africa Transverse Mercator Belts H, J, and 
K where the central meridians are lo = 37°30´(H), 42°30´(J), 
and 47°30´(K); the scale factors at origin are all where mo = 
0.9995, all False Eastings = 400 km, and False Northings = 
4,500 km.

An International Boundary Commission has been formed 
by the United Nations to establish and demarcate a bound-
ary between Ethiopia and Eritrea. The boundary has been 
researched and established, but the demarcation remains to 
be performed at the present time. The 125-page document 
published by the United Nations in April 2002 makes for 
some fascinating reading. The datum of record of the Com-
mission is the WGS84, and will be used for the demarcation 
survey someday.

    There are two sets of parameters published by NIMA 
for transforming from the Blue Nile Datum of 1958 to the 
WGS84 Datum: the mean solution for Sudan and Ethiopia is 
based on a 22-station solution where ∆X = –166m ± 5m, ∆Y = 
–15m ± 5m, and ∆Z = 204m ± 5m. The solution for Ethiopia is 
based on an eight-station solution where ∆X = –165m ± 3m, 
∆Y = –11m ± 3m, and ∆Z = +206m ± 3m.

Ethiopia Update

A 2019 thesis covers a detailed analysis of datum transformations in the northwest area of Ethiopia, but has no new data 
points, just more elaborate math models: 
• Determination of Parameters for Datum Transformation between WGS 84 and ADINDAN-Ethiopia, Hassen, A. M.
• http://etd.aau.edu.et/bitstream/handle/123456789/23487/Abubeker%20Mohammed.pdf?sequence=1&isAllowed=y 

As referenced in the original column, the United Nations has now published some boundary monuments in a report:
• Eritrea-Ethiopia Claims Commission - Statement by the Eritrea-Ethiopia Boundary Commission with Annex (List of 

Boundary Points and Coordinates) 27 November 2006.
• https//legal.un.org/riaa/cases/vol_XXVI/771-799.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.

Too young to drive the car? Perhaps!

But not too young to be curious about geospatial sciences.
The ASPRS Foundation was established to advance the understanding and use of spatial data for the 
betterment of humankind. The Foundation provides grants, scholarships, loans and other forms of aid to 
individuals or organizations pursuing knowledge of imaging and geospatial information science and 
technology, and their applications across the scientific, governmental, and commercial sectors.

Support the Foundation, because when he is ready so will we.

asprsfoundation.org/donate
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Remote Sensing Monitoring for Urban Environment
Photogrammetric Engineering and Remote Sensing (PE&RS) 
is seeking submissions for a special issue on Remote Sensing 
Monitoring for Urban Environment.

Urban remote sensing provides images with multiple spa-
tio-temporal-spectral attributes, which can provide qualitative, 
quantitative, dynamic and comprehensive information and 
support for urban environmental monitoring and evalua-
tion, and serve urban planning and management, ecological 
environment protection. In recent decades, global urban areas 
have been rapidly expanding, especially in developing coun-
tries. Rapid urbanization, along with manufacturing industries 
and large number of vehicles has resulted in serious environ-
mental problems, called “urban diseases”, including increased 
vulnerability to natural hazards, natural vegetation cover 
decline and arable land loss, urban heat islands, air pollution, 
hydrological circle alteration and biotic homogenization. Urban 
ecosystems are strongly influenced by anthropogenic activi-
ties. Considering this, this special issue of PE&RS is aimed at 
reporting novel studies on exploiting remote sensing big data 
to monitor and improve urban environment, and showing the 
potential of remote sensing in developing sustainable cities, 
including but not limited to:

	y Urban thermal-environment remote sensing

	y Remote sensing image acquisition and processing for 
urban environment

	y Remote sensing dynamic monitoring of urban expansion  

	y Remote sensing change detection of urbanization

	y Remote sensing retrieval of urban ecological environment 

	y Remote sensing evaluation of urban human settlements

	y Urban sustainability indicators and assessment

	y Urban environmental monitoring

Papers must be original contributions, not previously pub-
lished or submitted to other journals. Submissions based on 
previous published or submitted conference papers may be 
considered provided they are considerably improved and 
extended. Papers must follow the instructions for authors at 
http://asprs-pers.edmgr.com/.   

Important Dates (Tentative)
	y March 1, 2021—Submission system opening

	y September 31, 2021—Submission system closing

	y Planned publication date is December 2021 

	y Submit your manuscript to http://asprs-pers.edmgr.com/  
by September 31, 2021.
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Extraction of Impervious Surface Using  
Sentinel-1A Time-Series Coherence Images with 

the Aid of a Sentinel-2A Image
Wenfu Wu, Jiahua Teng, Qimin Cheng, and Songjing Guo

Abstract
The continuous increasing of impervious surface (IS) hin-
ders the sustainable development of cities. Using optical 
images alone to extract IS is usually limited by weather, 
which obliges us to develop new data sources. The obvious 
differences between natural and artificial targets in inter-
ferometric synthetic-aperture radar coherence images have 
attracted the attention of researchers. A few studies have 
attempted to use coherence images to extract IS—mostly 
single-temporal coherence images, which are affected by 
de-coherence factors. And due to speckle, the results are 
rather fragmented. In this study, we used time-series coher-
ence images and introduced multi-resolution segmentation 
as a postprocessing step to extract IS. From our experiments, 
the results from the proposed method were more complete 
and achieved considerable accuracy, confirming the po-
tential of time-series coherence images for extracting IS.

Introduction
Impervious surface (IS) as an indicator for the urban environ-
ment can reflect the status of urban development to some 
extent (Liu et al. 2019; Gong et al. 2020). An increase in IS 
usually brings a series of problems, including urban heat is-
lands (Xu 2010) and a decrease in cultivated land (Shao et al. 
2020). Therefore, monitoring the distribution of IS makes a lot 
of sense and can advance the implementation of the United 
Nations 2030 Sustainable Development Agenda. Satellite 
remote sensing has become the most effective tool to monitor 
IS due to its advantages of low cost, large imaging range, and 
short revisit cycle (Shao et al. 2020).

Numerous urban IS extraction methods based on remote 
sensing have been proposed, mainly including visual in-
terpretation (Zhou and Wang 2008; X. Zhang et al. 2013), 
spectral mixing analysis (C. Wu and Murray 2003; Z. Zhang 
et al. 2015), urban-index methods (Deng and Wu 2012; Liu 
et al. 2013; Shao, Tian and Shen 2014; Wang et al. 2015), 
image-classification methods (Shao and Liu 2014; Li and 
Gong 2016; L. Zhang, Weng and Shao 2017), and multi-source 
image-fusion methods (H. Zhang et al. 2019; Lin et al. 2020). 
Nevertheless, these methods have some limitations. For 

example, although visual interpretation is very accurate, it is 
time-consuming and laborious, especially to extract IS at city, 
region, or larger scales. Spectral mixing analysis methods are 
mainly used in low- and medium-resolution images, and are 
proposed to solve the problem of mixed pixels and obtain 
results at sub-pixel scale. But the selection of end members 
remains challenging in heterogeneous urban areas. It is suit-
able to use high-resolution images in urban areas (Shao et al. 
2020). Image-classification methods are the most used, but 
they face some problems, such as spectrum confusion. Multi-
source data fusion is considered a promising method for map-
ping IS (Weng 2012). There are three levels (pixel, feature, and 
decision) for image fusion. For pixel-level fusion, fusion rules 
must be carefully designed to improve the extraction of IS (W. 
Wu, Guo and Cheng 2020). Unfortunately, the design of fusion 
rules is very difficult, without clear rules that can be obeyed.

Due to the all-weather and day-night imaging ability of 
synthetic-aperture radar (SAR), it has become an important 
data source for IS extraction (Y. Zhang, Zhang and Lin 2014). 
Interferometric SAR (InSAR), an important branch of SAR, is 
widely used in surface deformation (Zhao et al. 2018) and 
earthquake deformation (Cheloni et al. 2017). As an inter-
mediate product of InSAR processing, coherence images have 
attracted the attention of researchers and been used in many 
fields, such as land cover classification (Jiang et al. 2017; Yun 
et al. 2019), change detection (Del Frate, Pacifici and Soli-
mini 2008), and human-settlement detection (Corbane et al. 
2018). In coherence images, human-made targets generally 
are stable with high coherence, while natural targets have low 
coherence with great fluctuation. This property is useful for 
distinguishing IS and pervious surface (NIS). Therefore, a few 
studies have attempted to introduce coherence images into IS 
extraction, with most using a single image which is sensi-
tive to temporal de-coherence factors (L. Yang et al. 2009). In 
addition, the results are fragmented due to inherent speckle. 
In view of this, a time-series analysis technique may be an 
effective solution. But the potential of time-series coherence 
images for IS extraction has still not been fully explored.

In this study, based on the assumption that urban land 
covers do not change significantly in a few months, we used 
Sentinel-1A time-series coherence images to extract IS with a 
random-forest (RF) algorithm. To further relieve the effect of 
speckle, we introduced multi-resolution segmentation as a 
postprocessing step. First we generated the time-series coher-
ence images. Second, we used the time-series coherence imag-
es with the RF classifier to obtain preliminary IS results. Third, 
we performed multi-resolution segmentation on Sentinel-2A 
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data and obtained the final IS result. Finally, we assessed and 
compared the accuracy of the results. The overall workflow of 
the study will be described in detail later.

Study Area and Data Source
Study Area
Tianjin is the study area (Figure 1), situated in northern China 
close to the capital, Beijing. It is at the confluence and estuary 
of the Hai River, the South Canal, the Ziya River, the Daqing 
River, the Yongding River, and the North Canal. The Hai River 
goes all the way through Tianjin to enter the sea. Due to its 
advantageous geographical position, Tianjin has occupied an 
important strategic position over the long history of China. 
Since the implementation of the reform and opening-up 
policy, Tianjin has ushered in a period of rapid development. 
Now it is one of the national central cities, with an urban-
ization rate of 84% by 2019. Such a high urbanization rate 
has increased the area of IS and brought a series of serious 
environmental problems. Therefore, monitoring the spatial 
distribution of IS in Tianjin is of high significance and is help-
ful for the city’s sustainable development.

Data Source and Preprocessing
Sentinel-1A and Sentinel-
2A are the two data sourc-
es used in this study. We 
downloaded the data 
freely from the European 
Space Agency (https://
scihub.copernicus.eu/). 
The acquisition dates of 
these images are listed in 
Table 1. The Sentinel-1A 
satellite was success-
fully launched on 3 April 
2014, carrying a C-band 
SAR antenna with VV (ver-
tical transmit and vertical 
receive) and VH (vertical 
transmit and horizontal 
receive) polarization 
modes. Sentinel-1A can 

provide four modes of data—Strip Maps, Interferometric Wide 
Swath, Extra Wide Swath, and Wave Mode—but only three 
of them (Strip Maps, Interferometric Wide Swath, and Extra 
Wide Swath) can be downloaded freely. The Interferometric 
Wide Swath Single Look Complex products with VV and VH 
polarization were used in this study. Preprocessing such as 
speckle filtering, radiometric calibration, terrain correction, 
and interference calculation was carried out in the Sentinel 
Application Platform (SNAP) version 7.0 software.

A Sentinel-2A MultiSpectral Instrument Level-1C im-
age was used for multi-resolution segmentation. Sentinel-
2A images have a total of 12 bands: three bands with 60-m 
resolution, five with 20-m resolution, and four with 10-m 
resolution. We selected a nearly cloud-free image covering the 
study area. Since Level-1C data were topographically cor-
rected but not atmospheric, we used the sen2cor SNAP plug-in 
to conduct atmospheric correction on Level-1C data and got 
Level-2A data.

The images used here first need to be registered. We used 
the automatic registration module of ENVI 5.3 software and 
coordinated with manual inspection for image registration. 
The root-mean-square error for registration was less than one 
pixel. After preprocessing, images were registered to the geo-
reference system of the Universal Transverse Mercator projec-
tion (Zone 50N) and Datum World Geodetic System 84.

Method
Figure 2 shows the overall workflow of this study. The main 
steps are generating the coherence image, applying the RF 
classifier, running postprocessing, and assessing accuracy. In 
this section, we will describe them in detail.

Generating the Coherence Image
Coherence images are one intermediate product generated in 
InSAR processing. The value of a coherence image illustrates 
the quality of the interferogram—the larger the value, the 
better the interferogram quality. During InSAR processing, it is 
often used to determine the filter parameters of the interfer-
ence fringe and generate mask files to guide phase unwrap-
ping. Coherence can be calculated using the equation

Figure 1. The geographical location of the study area and the corresponding Sentinel-2A image (R: Band 4, G: Band 3, B: Band 2).

Table 1. Acquisition dates in 
2017 of Sentinel-1A and  
Sentinel-2A data used  
in this study

Satellite Acquisition Dates

Sentinel-1A

7 January 
19 January
31 January
12 February 
24 February
8 March 
20 March 
1 April 
25 April 
7 May

Sentinel-2A 14 June
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with φ1 and φ2 the phase value of a ground object obtained by 
the two images, ρ1(R1) and ρ2(R2) the amplitude value, R1 and 
R2 the distance between the satellite and the ground object 
during imaging, and φ0 a random phase.

Generally, in order to reduce the influence of speckle and 
based on the assumption that the random process of the scatter 
in a certain region size is stable and ergodic the mean value of 
the whole region can be replaced with the spatial average of 
a local region. So the coherence can be calculated through a 
sliding window, allowing us to rewrite Equation (1) as
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where N×M is the size of the sliding window. In general, N 
and M are the same. The window size will affect the calcula-
tion of coherence: a large window will not only reduce the 
spatial resolution but may also be mixed with ground objects 

that are not the same type as the central pixel, resulting in 
deviation of the coherence (Amitrano et al. 2016). Although 
a smaller window can keep the coherence image at a higher 
resolution, the estimation will be more biased (Touzi et al. 
1999). Previous research has shown that a window size of 5×5 
is suitable for urban areas (Schneider et al. 2006). Therefore, 
we used that size in this study. The value of coherence ranges 
from 0 to 1; the larger the value, the better the coherence, and 
vice versa.

Random-Forest Algorithm
Random forest is a typical ensemble learning algorithm, first 
proposed by Breiman (Breiman et al., 2001), which consists 
of several decision trees. The bootstrap sample technique was 
used to select the training set for each decision tree. The final 
decision is made by voting the results of multiple decision 
trees. Compared with a decision-tree algorithm, RF conquers 
the problem of overfitting, is not sensitive to noise and outli-
ers, and has scalability and parallelism for high-dimensional 
data classification. It also has significant advantages compared 
with state-of-the-art methods such as deep learning. First, it 
needs less training time and is easy to implement. Second, 
it is a white box, which yields explicable results. Finally, 
it can attain considerable performance with fewer samples. 
Therefore, RF has been widely used in the field of remote 
sensing and has achieved considerable results (Y. Zhang et al. 
2014; Shao et al. 2016, 2019; for detailed information on RF, 
see Breiman et al. 2001).

Postprocessing
Due to the inherent speckle, the IS extracted from the coher-
ence image at the pixel level is fragmented, which is illustrat-
ed in Figure 3. Image segmentation can obtain homogeneous 
regions with less noise. Inspired by this idea, we introduced 
multi-resolution segmentation as a postprocessing step to as-
sist the IS extraction.

Figure 2. The overall workflow of this study.
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False-Color Image Composition
Multi-resolution segmentation is performed on the Sentinel-
2A image. In this study, we do not use the Sentinel-2A image 
for segmentation directly; we use false-color image com-
posed of the normalized difference vegetation index (NDVI), 
normalized difference built-up index (NDBI), and modified 
normalized difference water index (MNDWI). The three indices 
perform well in urban-area extraction. For example, NDVI, 
a commonly used index, can effectively detect vegetation. 
MNDWI can extract water bodies in the urban environment and 
distinguish them from shadow (Xu 2006). NDBI is often used to 
extract built-up area (Zha, Gao and Ni 2003). In this study, we 
only need to obtain homogeneous regions, not specific clas-
sification labels. Therefore, we used NDVI (red), NDBI (green), 
and MNDWI (blue) to compose a false-color image with homo-
geneous regions. NDVI, NDBI, and MNDWI can be calculated by
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where ρNIR, ρRed, ρMIR, and ρGreen are the reflectance in the near-
infrared, red, mid-infrared, and green bands, respectively.

Multi-Resolution Segmentation
Multi-resolution segmentation is an object-oriented method. It 
is a technique of merging regions based on minimum hetero-
geneity from the bottom to the top using spectral, textural, 
and shape features (Duro, Franklin and Dubé 2012). We 
must first set a proper scale parameter. Then we start from a 
random pixel of the image and calculate the heterogeneity 
after merging with the adjacent pixel, and compare it with the 
scale parameter. If the heterogeneity is less than the square of 
the scale parameter, we continue to merge the adjacent pixel; 
otherwise we end the segmentation process (Tian and Chen 
2007). The region heterogeneity is obtained by the weight 
sum of spectral and shape heterogeneity:

 ω ω∆ ∆+ −( )i if h h= 1 , 0,1ωcolor shape  ∈[ ], (8)

where f is the region heterogeneity, ω is the weight, and Δhcolor 
and Δhshape are the spectral and shape heterogeneity, respec-
tively, which can be estimated by

 
∆h c c

c
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(9)

Δhshape = ωcompact ·Δhcompact + (1 – ωcompact) ·Δhsmooth, ωcompact ∈[0,1], (10)

with C the number of bands, ωc the weight corresponding to 
each band, and σc the spectral reflectance. Shape heteroge-
neity is determined by compactness and smoothness, with 
respective parameters of Δhcompact and Δhsmooth, and ωcompact is the 
weight of compactness.

For a detailed mathematical formulation of multi-resolu-
tion segmentation, please refer to previous studies (Tian and 
Chen 2007; Duro et al. 2012).

Extraction of IS and Assessment of Accuracy
In this study, we focus on the extraction of just IS; the other 
land covers are not our concern. So only two land cover 
types were identified: IS and NIS. First, we produced time-
series coherence images, and then we inputted them into 
the configured RF classifier to obtain a preliminary extrac-
tion result. The IS was labeled 1, and the NIS was labeled 0. 
Second, we performed multi-resolution segmentation on the 
NDVI-NDBI-MNDWI false-color image to get a series of homoge-
neous regions which can be regarded as a single type (H. Yang 
et al. 2018). Third, we obtained the final IS extraction result. 
For each homogeneous region, if the number of IS pixels was 
greater than the number of NIS pixels, the region was classi-
fied as IS, and vice versa.

To assess the accuracy of IS extraction, five accuracy indi-
ces were used: overall accuracy (OA), kappa coefficient, user’s 
accuracy (UA), producer’s accuracy (PA), and F1 score. Before 
classification, we need to make training and testing samples 
to train and test the RF model. In this study, a total of 1113 
samples were randomly selected with the aid of visual inter-
pretation of the Sentinel-2A image and China’s 2-m-resolution 
IS map produced by our group (Shao et al. 2018); 526 were IS 
and 587 were NIS. Two-thirds of these samples were used to 
train the model, and the rest were used to validate it.

Experiment and Results
In this section, we first generated time-series coherence im-
ages. Then we optimized two key parameters in the RF model 
and implemented multi-resolution segmentation for the NDVI-
NDBI-MNDWI false-color image. Finally, we extracted the IS and 
assessed the accuracy.

Generation of Time-Series Coherence Images
In the coherence image, natural targets are more sensitive to 
temporal de-coherence factors, such as changes in moisture, 
vegetation growth, and wind direction. But these factors have 
little effect on artificial targets. So the coherence of NIS will 
change over time with low coherence, whereas IS is stable 
target that can maintain good coherence over a long time. 
According to this property, a moderate extension of the time 
baseline is helpful to distinguish IS and NIS. Therefore, the 
Sentinel-1A image acquired on 7 January 2017 is used as the 
master image in this study, and the other images were used 
as the slave images, and time-series coherence images were 
generated. Table 2 shows the coherence-image pairs. There 

Figure 3. Schematic illustration of impervious-surface extraction using VH time-series coherence images at the pixel level.
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are nine coherence pairs here. The time baseline is gradually 
increased and the perpendicular baseline is short, indicating 
a better quality of the coherence image. Figure 4 shows the 
VV and VH polarzation temporal-coherence profiles of land 
covers. IS can still maintain good coherence when the time 
baseline is 120 days. The coherence value of other land cov-
ers is low and fluctuates greatly. The time-series coherence 
difference between IS and NIS is obvious.

 Parameter Optimization for RF Model
In this study, a total of nine features (time-series coherence 
images with VH or VV polarization) were inputted into the 
RF model. In the RF model, two parameters—the number of 
decision trees (Ntree) and the number of variables for split-
ting each node (Ntry)—affect the accuracy of the model. The 
grid-search technique, which is an exhaustive search method 
for specifying parameters, is often used to optimize the two 
parameters. The possible values of both parameters are com-
bined and form a grid. Each combination is then used to con-
figure the RF model, and the accuracy of the model is evalu-
ated using cross validation. The parameters corresponding to 
the highest accuracy are selected. In our experiment, we also 
used the grid-search method to optimize the two parameters 
of the RF model, with the cross validation set to 10. The value 
of Ntree ranged from 1 to 500 with steps of 10, and Ntry from 
1 to 9 with steps of 1. The accuracy is evaluated by the out-of-
bag score (OOB_Score).

Figure 5 shows the optimization of the parameters with VH 
and VV time-series coherence images. For VH and VV polariza-
tion, the performance of the RF model is similar. Compared 
to Ntry, Ntree has a stronger effect on the performance of RF 
model. When we fixed Ntree and gradually increased Ntry, 
the accuracy was not greatly improved. However, when we 
fixed Ntry and gradually increased Ntree, the accuracy contin-
ued to increase until Ntree reached 100 and OOB_Score reached 
above 0.95. When Ntree is greater than 100, the RF model 
becomes stable and the OOB_Score changes very little with 
further increases of Ntree. For VH polarization, the optimal 
values of Ntree and Ntry are 391 and 1, respectively. For VV 
polarization, the optimal values of Ntree and Ntry are 411 and 
4, respectively. These optimal parameters will be configured 
into the RF model for subsequent IS extraction.

Segmentation of the NDVI-NDBI-MNDWI False-Color Image
Scale, shape, and compactness are three important parameters 
to be set for multi-resolution segmentation. Unfortunately, 
there are no clear rules for determining the optimal values of 
these parameters. Their ideal values are usually determined 
by trial and error. In this study, the experiments were imple-
mented in eCognition software. We first determined the scale 
parameter. After determining the scale parameter, we set both 

shape and compactness parameters to 0.5 and then adjusted 
the scale gradually. According to the experiment results, the 
smaller the scale is, the more fragmented the segmentation re-
sult. Given the complexity of the urban scene, a segmentation 
result with a scale of 20 is satisfactory. Then we continued to 
determine the shape and compactness parameters using the 
same method.

Figure 6 illustrates the partial segmentation results with 
different parameters. We found that the best result was 
obtained when the shape was 0.4 and the compactness 0.6. 
The result with a compactness of 0.6 is more fragmented 
than that with a compactness of 0.5, but the boundaries are 
more curved and consistent with the boundaries of ground 
objects. The result with a shape parameter of 0.5 is more 
fragmented than that with a shape parameter of 0.4. When 
moderate values (0.5) of shape and compactness are taken, the 

Table 2. Time-series coherence images.

Numerical 
Order

Coherence-Image 
Pair

Temporal 
Baseline 

(d)

Perpendicular 
Baseline 

(m)

Doppler 
Baseline 

(Hz)

1 20170107, 20170119 −12 −52.36 0.21
2 20170107, 20170131 −24 −23.32 4.25
3 20170107, 20170212 −36 −148.87 4.89
4 20170107, 20170224 −48 −63.74 2.87
5 20170107, 20170308 −60 −34.11 −2.81
6 20170107, 20170320 −72 82.23 4.24
7 20170107, 20170401 −84 −42.8 −2.71
8 20170107, 20170425 −108 −66.79 2.06
9 20170107, 20170507 −120 −56.42 2.80

Figure 4. Temporal coherence profiles of impervious surface 
(IS), vegetation (VE), bare soil (BS), and water body (WA). (a, 
b) VH and VV polarization, respectively. The horizontal axis 
corresponds to the coherence-image pairs in Table 2.

Figure 5. Optimization of two parameters in the random-forest model. (a, b) VH and VV polarization, respectively.
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segmentation results are not satisfactory. To sum up, a small 
shape parameter combined with a large compactness param-
eter can achieve a better segmentation result. Therefore, we 
ultimately set the values of the scale, shape, and compactness 
at 20, 0.4, and 0.6, respectively.

IS Extraction and Accuracy Assessment
In order to achieve better extraction results, the optimal 
parameters of the RF model determined earlier were used to 
configure the RF classifier. In this study, two land cover types 
are identified: IS and NIS. Figure 7 illustrates the IS extraction 
results using the proposed method. From Figure 7, we can 
make a good distinction between urban and suburban areas of 
Tianjin. In the spatial distribution of IS and NIS in the Tianjin 
urban area, the connected IS covers most of the area, with NIS 
occupying only a small part. This indicates that the urbaniza-
tion rate of Tianjin is relatively high. In the suburban area, IS 
is distributed sporadically, and NIS occupies most of the area. 
According to Figure 7, several differences at the bottom of 
the results can be found. Through comparing and checking 
the different areas carefully with the aid of high-resolution 
Google Earth imagery and China’s 2-m-resolution IS map, we 
found that IS was overestimated in the VV polarization time-
series coherence images.

Table 3 shows the accuracy of IS extraction. For the result 
with VV polarization coherence images, the PA values for IS 

and NIS are 88.65% and 83.99%; the UA values are 87.64% 

Figure 6. Results of multi-resolution segmentation with different parameters.

Figure 7. The impervious-surface extraction results with the 
proposed method. (a, b) VH and VV polarization, respectively.
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and 85.25%. For the result with VH polarization coherence 
images, the PA values are 94.62% and 85.47% and the UA 
values are 89.29% and 92.53%, which are higher than those 
of the VV polarization coherence images. In addition, the OA, 
kappa coefficient, and F1 scores of the result with VH polar-
ization are 90.6%, 0.8076, and 0.9188, respectively, which 
are higher than those of VV polarization by 3.99%, 0.8, and 
0.0174. Comparatively speaking, VH polarization time-series 
coherence images have better performance for IS extraction.

Discussion
In this section, we first discuss the choice of coherence im-
ages. The effect of time-series coherence images is then ana-
lyzed. The contribution of the postprocessing and the effect of 
polarization for Sentinel-1A are discussed.

The Choice of Coherence Images
According to equations 1–4, a coherence image contains both 
the amplitude and the phase information about ground ob-
jects. Compared with backscatter coefficients, the information 
contained in a coherence image is significantly richer and 
more valuable. So many researchers have begun to extract in-
formation from coherence images based on the coherence dif-
ference between ground objects. For example, Y. Li, Martinis, 
and Wieland (2019) have used it to map urban flood area, and 
Yun et al. (2019) have explored its performance in land cover 
classification. Similarly, we also propose a method based on 
the property, but our work is different. Those researchers 
need to analyze the coherence of each land cover carefully 
to get a satisfactory result, but the difference of coherence 
between some ground objects is not obvious. So coherence 
images may be not a good data source for land cover classifi-
cation. However, in this study, IS is our concern. Coherence 
images have a better ability to identify artificial and natural 
targets. Therefore, they are a suitable data source and we 
choose a coherence image to extract the IS.

Contribution of Time-Series Coherence Images
Although a coherence image has a better ability to identify 
artificial and natural targets, the coherence of ground objects 
is susceptible to the following factors (Zebker et al. 1992):

 γ = γthermal · γprocess · γDC · γgeometric · γtemporal, (11)

where γthermal is thermal-noise incoherence, γprocess is data-
processing incoherence, γDC is Doppler center-of-mass inco-
herence, γgeometric is spatial incoherence, and γtemporal is temporal 
incoherence.

Due to these factors, using a single coherence image to 
extract IS will lead to uncertainty. To investigate the con-
tribution of time-series coherence images, we extracted IS 
from nine single-temporal coherence images with VH and VV 
polarization and compared them with time-series coherence 
images. Figure 8 illustrates the comparison of OA and kappa 
coefficients of results. There are some interesting findings. 
First, as expected, the accuracy of results using time-series 
coherence images is higher than that of most results using 
single-temporal coherence images. This confirms the potential 
of using time-series coherence images for mapping IS. Second, 
with the increase in the time baseline, the change trends of 
the accuracy of VH and VV are different. The accuracy of VV in-
creases until the time baseline is 84 days, then decreases. The 
OA and kappa of VH fluctuate around 80% and 0.6, respec-
tively, also reaching a maximum at the time baseline of 84 
days. The accuracy of VH and VV results at the time baseline 
of 84 days are very close to that of time-series coherence im-
ages. This demonstrates that using single-temporal coherence 
images for mapping IS has strong uncertainty, and selecting 
a proper time baseline is very important. Using time-series 

coherence images can decrease the uncertainty, so that oc-
casional fluctuations do not affect the overall trend of ground-
object coherence. The difficulty of selecting a proper time 
baseline can also be avoided. All these findings prove that our 
proposed method of using time-series coherence images is 
feasible and can get better results.

Contribution of the Postprocessing Step
One important and contributing step of the proposed method 
is to introduce multi-resolution segmentation as a postpro-
cessing step. The intention in adding this step is to solve the 
problem of fragmentation in the IS extraction result using 
time-series coherence images at the pixel level. To better un-
derstand the contribution of the postprocessing, we compared 
the results with and without postprocessing. Figure 9 shows 
the results without postprocessing. Through visual interpre-
tation, we found that although the IS extraction results of VV 
and VH polarization without postprocessing can also reflect 
the approximate distribution of IS in Tianjin, they have obvi-
ous noise, especially VV polarization. To clearly demonstrate 
the details and effects of postprocessing, three subregions are 
zoomed in on and shown in Figure 10. We can observe that 
postprocessing significantly reduced the noise and made the 
results more complete. Table 4 reflects the accuracy of the 
results without postprocessing. The OA, kappa coefficient, and 
F1 score of the result of VH polarization are 88.12%, 0.7568, 
and 0.8972, respectively. However, the result of VV polariza-
tion is not satisfactory. Although its OA and F1 score are also 
relatively high, its kappa coefficient is very low—only 0.6074. 
The PA and UA of the VV result are lower than those of VH 
polarization. Comparing Tables 3 and 4, the accuracy mea-
sures of results without postprocessing are all lower than the 
corresponding measure with postprocessing. From Figure 8, 
we can see that the results obtained using time-series coher-
ence images without postprocessing have lower accuracy than 

Table 3. Accuracy of impervious-surface extraction with the 
proposed method.

Parameter

VH Polarization VV Polarization

IS NIS UA IS NIS UA

IS 492 59 89.29% 461 65 87.64%
NIS 28 347 92.53% 59 341 85.25%
PA 94.62% 85.47% 88.65% 83.99%
OA 90.6% κ 0.8076 86.61% κ 0.7276
F1 0.9188 0.8814

IS = impervious surface; NIS = nonimpervious surface; OA = overall 
accuracy; PA = producer’s accuracy; UA = user’s accuracy; VH = ver-
tical transmit, horizontal receive; VV = vertical transmit and receive.

Figure 8. Comparison of the overall accuracy and kappa 
coefficients of impervious-surface extraction results. VV1–VV9 
and VH1–VH9 = results extracted from nine single-temporal 
coherence image with VV and VH polarization, respectively. 
VV, VH, VVP, and VHP = results using VV and VH time-series 
coherence images without and with postprocessing.
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some results obtained with single-time coherence images; this 
does not occur in the results using time-series coherence im-
ages with postprocessing. On the whole, the introduction of 
multi-resolution segmentation proved to be an effective step.

Comparison of VH and VV Polarization of Sentinel-1A
Sentinel-1A data have two polarization modes: VH and VV. 
This section will discuss the performance of VH and VV polar-
ization in extracting IS. Figure 4 shows the coherence charac-
teristics of land covers with VH and VV polarization. We can 
see that the coherence of IS with VH polarization is higher than 
with VV polarization. According to this finding, the coherence 
of VH polarization may be of greater benefit in the extraction 

of IS. We used both VH and VV polarization coherence to 
extract IS. The experimental results (Figures 7–9 and Tables 3 
and 4) illustrate that VH times-series coherence images have 
higher accuracy than VV time-series coherence images, which 
proves our assumption. In order to find out the reason for this 
phenomenon, we analyzed the histogram of each coherence 
image of VH and VV polarization, as shown in Figure 11. For 
VH polarization, the distribution of pixels is similar. We can 
also see that the coherence decreases with the increase of the 
temporal baseline, and the number of low-coherence pixels 
with a long temporal baseline is larger than that with a short 
temporal baseline. When the temporal baseline is short (less 
than 84 days in our study), the histogram of VV polarization 
differs greatly from that of VH polarization, and the number of 
high-coherence (>0.4) pixels is larger than with VH polariza-
tion. When the temporal baseline is large (108 and 120 days 
in our study), the distribution of pixels in the VV polarization 
coherence image tends to be consistent, which is similar to 
VH polarization. This indicates that VV polarization is more 
sensitive to coherence changes. When the temporal baseline 
is short, more ground objects, including bare soil, show strong 
coherence, which is easily confused with IS. This is the reason 
why the performance of the VH polarization coherence image 
is better than that of the VV polarization coherence image.

Figure 9. The impervious-surface extraction results of VH and 
VV time-series coherence images without postprocessing.

Figure 10. The impervious-surface extraction results of three subregions. (Left to right) Sentinel-2A image, results of VV time-
series coherence images without and with postprocessing, VH time-series coherence images without and with postprocessing.

Table 4. Accuracy of impervious-surface extraction without 
postprocessing.

Parameter

VH Polarization VV Polarization

IS NIS UA IS NIS UA

IS 480 70 7.27% 420 80 84%
NIS 40 336 89.36% 100 326 76.52%
PA 92.31% 82.76% 80.77% 80.3%
OA 88.12% κ 0.7568 80.56% κ 0.6074
F1 0.8972 0.8235

IS = impervious surface; NIS = nonimpervious surface; OA = overall 
accuracy; PA = producer’s accuracy; UA = user’s accuracy; VH = ver-
tical transmit, horizontal receive; VV = vertical transmit and receive.
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Conclusion
Impervious surface has been used as an important indicator 
for measuring the ecological environment. Monitoring the 
spatial distribution of impervious surface is of high signifi-
cance. Coherence images, and intermediate product of InSAR 
processing, have been used in many fields, including land 
cover classification. In this study, based on the coherence 
differences between natural and artificial targets, we explored 
the potential of time-series coherence images to extract IS and 
introduced multi-resolution segmentation as a postprocessing 
step to alleviate the problem of speckle in coherence images. 
Our experiments indicated first that time-series coherence 
images can reduce the effect of de-coherence factors and 
obtain acceptable results. Second, multi-resolution segmenta-
tion is an effective postprocessing step which can suppress 
the influence of speckle and further improve the extraction 
of IS. Finally, time-series coherence images with VH polariza-
tion have better accuracy than those with VV polarization. Our 
study confirmed the potential of time-series coherence images 
and provided a new data source for IS extraction. However, 
the proposed method needs the aid of optical images. In 
future work, we can improve the quality of coherence images 
and then use them alone to extract IS.
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Road Extraction from Cartosat-2F Multispectral 
Data with Object-Oriented Analysis

 Chumbitha Leena, Manoj Raj Saxena, and Ravi Shankar Dwivedi

Abstract
For detection of a road network, high-resolution satellite 
data have been used following the object-oriented classifi-
cation approach. We used object-based feature extraction 
algorithms for detection of road networks from a high resolu-
tion Cartosat-2F multispectral data in an Indian city with 
varying terrain conditions ranging from a compact built-
up area to a predominantly vegetated area. The approach 
involves multi-resolution segmentation (MRS) and spectral 
difference segmentation (SDS) followed by road extraction 
using fuzzy rule-based algorithm based on various object 
features, viz. gray-level co-occurrence matrix homogeneity, 
density, rectangular fit, etc. With overall accuracies ranging 
from 77.46% to 92% SDS approach performed better than 
MRS which could afford 60.46% to 75.0% only. However, 
both of these approaches score over the classical Gaussian 
maximum likelihood classifier which could register only 
50.0% to 68.0% overall accuracy. Furthermore, the maxi-
mum overall accuracy was obtained in compact built-up site 
(85% to 92%) followed by sparsely built-up site (75.0% to 
88%) and predominantly vegetated site (60.46% to 77.14%).

Introduction
Timely and reliable information on the current status of road 
networks and changes therein due to incessant developmental 
activities is a prerequisite for planning and implementation 
of road network. High spatial resolution (HSR) satellite images 
offer immense potential in deriving such information in a 
timely and cost-effective manner. Different road features in 
an image have different image characteristics. For instance, 
geometric features have the direct relationship with the road 
shapes. Photometric features relate to the gray levels or colors 
of roads, and topological features and functional features are 
relatively simple but very difficult to apply in real applica-
tions (Wang et al. 2016). Various methods of road extraction 
from HSR satellite images have been developed (Mena 2003; 
Wang et al. 2016; Kahraman et al. 2018). These methods can 
be grouped into three categories: (1) pixel-based methods, (2) 
knowledge-based methods, and (3) objected -oriented meth-
ods (Shi et al. 2014).

Pixel-Based Methods
The per-pixel classifiers typically develop a spectral signature 
by combining the spectra of all training-set pixels for a given 
feature. The resulting signature contains the contributions of 
all materials present in the training pixels. Per-pixel classi-
fication algorithms can be parametric or nonparametric. The 
parametric classifiers assume that a normally distributed data 
set exists, and that the statistical parameters (e.g., mean vector 
and covariance matrix) generated from the training samples 
are representative of the ground features. With nonparametric 

classifiers, the assumption of a normal distribution of the data 
set is not required. No statistical parameters are needed to sep-
arate image classes. These classifiers are, thus, especially suit-
able for the incorporation of nonspectral data into a classifica-
tion procedure. Included in the per-pixel classifiers category 
are Gaussian maximum likelihood classifier (GMLC), neural 
networks, space vector machine (SVM), and expert systems.

Knowledge-Based Methods
Owing to difficulties in extracting the roads from remote 
sensing images based solely on the local spectrum and texture 
information, and due to the stripe structure of the road, re-
mote sensing data could not be input to the classifier directly. 
Parameter models such as the energy function can be used to 
operate on the maximum value of the energy function. The 
knowledge-based methods which use higher level informa-
tion, e.g., a vision-based system (Poullis and You 2010), Gabor 
filtering and tensor voting for geospatial-feature classification 
have, therefore, been developed for feature detection. These 
models usually extract some structural elements according to 
the relationship among them and detect the specific structure. 
Wang and Zheng (1998) proposed a method for detection of 
roads and bridges from synthetic aperture radar (SAR) im-
ages by using geometric features to extract general objects 
and subsequently adopted the mathematical morphology and 
Hough transform to extract the small regions and to connect 
the discontinuous segments. Similarly, Grote et al. (2012) 
integrated radiometric and geometric features derived from 
remote sensing images to extract road networks. Initially, the 
normalized cut algorithm was used to segment the images; the 
segments were subsequently grouped.

Object-Oriented Methods
In contrast to per-pixel classification, which relies solely 
on the spectral information in each pixel, object-oriented 
methods are based on information from a set of similar pixels 
called segments or image objects. Image objects or segments 
are groups of pixels that are similar to one another based on 
the spectral properties, i.e., color, size, shape, and texture, as 
well as context from a neighborhood surrounding the pix-
els. These methods entail segmentation of the images into 
regions/“objects”/”segments” first, followed by detection 
of roads using contextual image characteristics like image 
spectrum, texture, and structure, and other features (Sun et al. 
2006; Zhong et al. 2014).

Image Segmentation
Image segmentation is a computer-based process of dividing 
digital image and other raster data into spectrally and/or tex-
turally homogeneous groups of pixels, referred to as segments 
or image objects (Hamilton et al. 2007). The segments or image 
objects, thus formed, meet the homogeneity criteria based 
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on the parameter or the threshold and spatial contingency 
defined by the user. Several image segmentation algorithms in-
cluding the classical Otsu threshold segmentation (Otsu 1979) 
algorithm, fuzzy c-means clustering algorithm (Bezdek et al. 
1984), K-means algorithm (Wagstaff et al. 2001), and water-
shed algorithm (Bieniek and Moga 2000) have been developed 
for segmentation of gray-scale images (Zhou et al. 2019). For 
segmentation of HSR multispectral image with multiple bands 
and abundant spectral information, the multi-scale or multi-
resolution segmentation has been used (Gao et al. 2018).

Multi-resolution segmentation (MRS) is a bottom-up region-
growing approach used to generate image object segments as 
the first step of an object-oriented classification (Benz et al. 
2004). It is based on the fact that not all ground features occur 
at the same physical scale. The best segmentation result has 
been found to be achievable by segmenting an image at dif-
ferent scales (Burnett and Blaschke 2003). The segmentation 
process begins with each pixel forming one image segment 
or object. The objects (segments) are merged gradually in an 
iterative process. During segmentation, the image is converted 
into object primitives that share a certain spectral behavior, 
shape, and context. These preliminary object features are then 
segmented at a higher level (Gao 2009).

The spectral difference segmentation (SDS) is a merging 
algorithm where neighboring objects with a spectral mean 
below the given threshold (maximum spectral difference) 
are merged to produce the final objects. To use this segmen-
tation algorithm, an already segmented image is required. 
Like multi-resolution segmentation, SDS is also a bottom-up 
segmentation approach designed to refine the results of multi-
resolution segmentation. While performing spectral difference 
segmentation, the user needs to set the image-object domain 
and level settings as appropriate followed by setting the maxi-
mum spectral difference. The algorithm merges neighboring 
image objects/segments that have a spectral difference less 
than the user-defined maximum. As with multi-resolution 
segmentation, conditions, layer weights, and thematic-layer 
usage can all be set or varied to modify the results of the 
segmentation. The segmented image is subsequently classified 
for extraction of terrain features of interest.

Classification
Unlike per-pixel classification in which pixels are considered 
individually and assigned to land cover classes independent 
of one another, object-oriented classification treats each seg-
ment or object as the smallest unit of analysis in the decision 
making process (Gao 2009). The segmented image is classified 
using several algorithms, including nearest neighbor based on 
fuzzy logic. Several researchers have developed the object-
oriented methods for extraction of road network from high 
spatial resolution remote sensing images (Zhong et al. 2014; 
Shi et al. 2014; Ok 2017; Chen et al. 2018; Zhau et al. 2019).

Zhong et al. (2014) proposed a hybrid approach for detec-
tion of road network involving object-oriented (OO) algorithm 
and conditional random fields (CRF) classification framework 
from QuickBird, IKONO, and hyperspectral (hyperspectral 
digital imagery collection experiment, or HYDICE) images. 
The approach comprises three main steps: the probabilistic 
pixel-wise classification, the CRF classification framework, 
and classification fusion. To begin with, the SVM classifier, a 
probabilistic pixel-wise classification, is used to classify the 
HSR image and to generate the corresponding probability map. 
The CRF classification framework consists of log unary poten-
tial (CRF-LOG) and the quasi-gamma unary potential (CRF-QG). 
The CRF classification is performed on the probability map, 
thus generated, and on the original HSR imagery to obtain the 
segmentation map by a connected-component labelling algo-
rithm. In fact, CRF directly models the posterior probability of 
the labels for classification of probability map and HSR images 

given the image data P(x|y) (Lafferty et al. 2001; Kumar and 
Hebeert 2006) with the following form:
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and the term ψc(xc, y) denotes the potential function, which 
has been widely used for classification of remote sensing im-
age. A commonly used example of a CRF energy can be written 
as the sum of the unary and pair-wise potentials, i.e.,
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where ψi(xi) is the unary potential term, and ψij is the pair-
wise potential term, which is computed over the local 
neighborhood Ni of pixel i. The nonnegative constant λ trades 
off the strength of the pair-wise potential against the unary 
potential.

The last step involves the fusion of the CRF-LOG and CRF-
QG classification results obtained in the second step by the 
connected-component labelling algorithm is the last step. 
Object-oriented classification maps are then generated by a 
majority voting strategy using the segmentation map and the 
classification map.

For extraction of urban main-road centerlines from high 
spatial resolution ZIYUAN-3 satellite optical image, Shi et al. 
(2014) proposed an integrated method with four main steps. 
First, spectral-spatial classification to segment the images into 
two categories: road and nonroad groups using general adap-
tive neighborhood algorithm. Second, fusion of road groups 
and homogeneous property, measured by local Geary’s C, to 
improve road-group accuracy. Third, road shape features are 
used to extract reliable road segments. Finally, local linear 
kernel smoothing regression is performed to extract smooth 
road centerlines. Road networks are then generated using ten-
sor voting. Local Geary’s C (Anselin 1995) is defined as:
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where n is the number of georeferenced observations, yi is 
the value of the observation at the ith location, y– is the mean 
of the observations, and wij is the weight of spatial relations 
between points i and j (ENVI 2013). The local Geary’s C index 
identifies areas of high variability between a pixel value and 
its neighboring pixels. It is useful for detecting edge areas 
between clusters and other areas with dissimilar neighboring 
values (ENVI 2013).

Chen et al. (2018) put forward a two-stage method for 
detection of roads by combining edge information and region 
characteristics The method involves the execution of convo-
lutions by applying Gabor wavelets in the best scale to detect 
Gabor features with location and orientation information. The 
features are then merged into one response map for connec-
tion analysis. A Gabor filter is an appropriate linear filter for 
edge detection and analysis because it provides scale and 
direction information. The core of the two-dimensional Gabor 
filter for texture-feature extraction can be defined in spatial 
domain as follows (Kamarainen 2012):
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 x′ = x cosθ + ysinθ

 y′ = –x cosθ + ycosθ

where λ = 1/f is the wavelength, θ is the orientation, φ is the 
phase offset, σ2 is the variance, and k = γ/η is the spatial aspect 
ratio. In the second stage, highly complete and connected 
Gabor features are used as edge constraints to facilitate stable 
object segmentation and limit region growing. Segmented 
objects are finally evaluated by some fundamental shape fea-
tures to eliminate non-road objects.

In yet another study, Zhau et al. (2019) used a multi-scale 
segmentation algorithm to segment the images, and fast 
marching method (FMM) algorithm for feature extraction to get 
the initial road. Introduced by Sethian (1999) and Hassouna 
and Farag (2007) for an evolution case of front evolution, 
the FMM aimed at obtaining the boundary distance field and 
the source distance field. Considering an interface Г (i.e., the 
boundary of road), Г can be a point, a curve, or a surface. For 
a front moving with speed (Fx), where F is always either posi-
tive or negative. Then, let T(x) be the time at which Г crosses 
the point x. In the one-dimensional case, where distance = 
speed × time, the equation of motion can be expressed as:
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In multiple dimensions, the equation of evolution is:

 |∇T(x)|F(x) = 1  Г (Г0) = 0 (7)

where F(x) represents the speed when Г passes by the point 
x, ∇T(x) represents the time gradient of Г crossing the point x, 
and Г (Г0) = 0 indicates that the initial arrival time of Г is 0.

The FMM road width of each initial centerline is calculated 
by combining the boundary distance fields before a tensor field 
is applied for connecting the broken centerline to gain the final 
centerline. Finally, matching of the final centerline is performed 
with its road width when the final road is reconstructed.

The Study Area
Covering a geographical area of 218 km2, Nagpur city, the 
study area, forms part of Nagpur district of Maharashtra state, 
central India (Figure 1). The soils of the area are basically 
black soils ranging in colors from light gray to dark and very 
dark gray, which exhibits ample amount of similarity with 
the tarred roads. In order to account for variations in terrain 
conditions within the city, three test sites representing (1) 

compact built-up site, (2) sparse built up site, and (3) predom-
inantly vegetated site were selected for extraction of roads.

Database and Software
Cartosat-2F high resolution multispectral (HRMX) digital (stan-
dard product) data with 1.65 m spatial resolution covering 
the test sites and acquired on 27 January 2018 were used for 
realizing the objective of the study (https://www.isro.gov.in/
Spacecraft/cartosat-2-series-satellite-2). The standard prod-
ucts are georeferenced and generated after accounting for ra-
diometric and geometric distortions. Launched on 12 January 
2018, Cartosat-2F carries a panchromatic sensor with better 
than 1 m resolution and an HRMX collecting co-registered 
multispectral images in four spectral bands, viz., 0.43–0.52 
µm (blue); 0.52–0.61 µm (green); 0.61–0.69 µm (red), and 
0.76–0.90 µm near-infrared reflectance (NIR) with 11-bit radio-
metric resolution, 1.65 m spatial resolution, and 10 km swath. 
The satellite crosses over the equator at 9:30 a.m. (descending 
node).

The eCognition Developer 9.0 was used for image segmen-
tation and feature extraction. Besides, ERDAS/IMAGINE 2015 
(64-bit) and ArcGIS 10.1, an Environmental Systems Research 
Institute product was used for processing, classification, 
analysis of multispectral data, and for displaying the outputs.

Approach
The approach consists of image preprocessing and feature ex-
traction including image segmentation and classification, and 
accuracy estimation. Besides, the approach includes Gaussian 
maximum likelihood classification of Cartosat-2F multispec-
tral data.

Image Preprocessing
The preprocessing of digital Cartosat-2F HRMX data was car-
ried as a prelude to image analysis. Included in the image 
preprocessing operations are radiometric corrections related 
to sensor, namely dead-pixel correction, geometric lens dis-
tortion; atmospheric effects followed by conversion of digital 
number values to radiance, and ultimately to reflectance 
values (Figure 2). In addition, corrections for distortions in 
image geometry due to Earth rotation, panoramic distortions, 
and platform-related errors were also carried out. In order to 
improve the image contrast, the linear stretching was per-
formed using image enhancement tool available in ERDAS/
IMAGINE version 2015.

Image Analysis
The object-oriented image analysis data involves preprocess-
ing, multi-resolution image segmentation, extraction of road 
network using fuzzy rule-based algorithm, morphological 

(a) (b) (c)
Figure 1. Showing test sites within the study area; (a) compact bulit-up area, (b) sparse built-up area, (c) and predominantly 
vegetated area.
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operation, and accuracy assessment. The classical per-pixel 
Gaussian maximum likelihood classification algorithm was 
used to evaluate the performance of fuzzy rule-based algo-
rithm for extraction of road network.

Image Segmentation
The image segmentation was carried out following mutual-best-
fitting approach (Definiens 2007) Two types of image segmenta-
tion, namely MRS, and SDS were performed (Figure 3). Initially, 
MRS begins with single image object/segment of 1 (one) pixel 
size and merges them in several loops iteratively in pairs to 
larger units until it reaches an upper threshold of homogeneity 
limit. The homogeneity criteria were defined as a combination 
of spectral homogeneity and shape homogeneity (image layer 
weight, i.e., weight assigned to each spectral band image, scale, 
shape, and compactness). The homogeneity criterion is calcu-
lated as a combination of color and shape properties of both the 
initial and the resulting image objects of the intended merging 
(Figure 4). The color homogeneity is based on the standard de-
viation of the spectral colors. The shape homogeneity is based 
on the deviation of a compact or a smooth shape.

The scale determines the maximum heterogeneity among 
different objects. The larger the scale parameter, the larger 
the object area generated, and fewer the number of resultant 
objects (Luo et al. 2013). Scale parameters were modified 
manually. Shape refers to the outline or configuration of an 
object. It plays an increasingly important role during segmen-
tation process when objects grow larger particularly in case 
one or more of the subobjects that form the target object have 
significantly different spectral information (Tong et al. 2012). 
Shape can be portrayed by such geometric parameters as com-
pactness “C” and smoothness “S”. It can be simply computed 
by dividing the de facto border length l by the square root of 
the number of pixels comprising the concerned image object 
n (Benz et al. 2004):

 
C

n
= 1

 
(8)

The values for C range between 0 and 1.
Smoothness refers the ratio of the de facto border length l 

to the shortest possible border length b,
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For performing SDS we used the output image generated 
from the previous step (Figure 5). The image-object domain 
and level settings were done as appropriate, followed by set-
ting the maximum spectral difference. As mentioned in sec-
tion “Image Segmentation”, the algorithm merges neighboring 
image objects that have a spectral difference less than the 
user-defined maximum to modify the results of the segmenta-
tion (Figure 5).

The Extraction of Road Network
The road network was extracted from the segmented image 
using a fuzzy rule-based algorithm. A fuzzy rule-based sys-
tem is essentially based on fuzzy logic and fuzzy set theory. 
Introduced by Lotfi Zadeh in 1965 (Zadeh 1965), fuzzy logic 
is an extension of deterministic logic, i.e., fuzzy truth values 
are continuous, which are ranged from 0 to 1, unlike binary 
truth values (0 or 1). The fuzzy set theory treats each element 
xi having a certain degree of membership to the set S, i.e., it 
partially belongs to the set. The value of the membership de-
gree is determined by the membership function fs(xi) defined 
for the fuzzy set S. Fuzzy rule-based systems (FRBS) are an 
extension of classical rule-based systems, also known as pro-
duction systems or expert systems (Bujard 2012). Basically, 

FRBS are expressed in the form “IF A THEN B” where A and B 
are fuzzy sets.

Defining broad spectrum of object features, namely gray-
level co-occurrence matrix (GLCM) homogeneity, density, area, 
rectangular fit, length-to-width ratio, mean NIR values, and 
normalized difference vegetation index (NDVI) is the first step 
towards extraction of road network. Homogeneity refers to 

Figure 2. Schematic of the image processing steps.

Figure 3. Schematic flowchart of the MRS approach.

Figure 4. Components of the homogeneity criterion 
(Definiens 2007).

Figure 5. Schematic flowchart of the SDS approach.

174 March 2021  PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING

http://my.asprs.org


the similarity of pixels in terms of reflectance or to one of its 
derivative values.
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where Ng is the number of gray levels, Pd is the normalized 
symmetric GLCM of dimension Ng × Ng, and Pd(i, j) is the (i, j)th 
element of the normalized GLCM (Haralick et al. 1973).

A diagonal GLCM gives homogeneity of 1. The density fea-
ture describes the distribution of the pixels of an image object 
in space. Square is the densest shape. The more an object is 
shaped like a filament the lower the density. The density is 
calculated by the number of pixels forming the image object 
divided by its approximated radius, based on the covariance 
matrix (Definiens 2010):
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where # Pv  is diameter of a square object with #Pv pixels and 
Var VarX Y+  is diameter of the ellipse.
The area refers to the number of pixels of the objects. 

Based on in situ information, an upper limit threshold and 
a lower limit threshold are set to eliminate features which 
are not of user’s interest. The definition of upper and lower 
limit threshold depends on the spatial resolution of the image 
used. The length-width ratio in another object feature used in 
object-oriented classification. It is defined as:

 
R

L
R

= MER

MER  
(12)

where LMER is the length of the bounding rectangle and WMER 
is the width. A linear object normally has a relatively larger R 
value. Rectangular fit parameter is another object feature used 
in classification, which describes how well an image object 
fits into a rectangle of similar size and proportions. It ranges 
from 0 to 1, where 0 indicates no fit and 1 means perfect fit. 
NDVI is the ratio of the difference of the reflectance in NIR from 
red spectral bands to the sum of the reflectance in NIR with 
red bands. It is expressed as below:

 
NDVI NIR RED

NIR RED

= −
+

ρ ρ
ρ ρ

,
 

(13)

where ρNIR refers to reflectance in NIR spectral band and ρRED to 
reflectance in RED spectral band. The NDVI values range from 
–1 to +1. In this context, it is used to eliminate vegetation 
from road features.

Morphological Operations
The classified output does not have a uniform shape of road 
due to nonhomogeneity of the road in real-world scenario. So, 
in order to get the uniform shape of the road “the Opening” 
and “the Closing” of the road is applied to the classified 
output.

Accuracy Assessment
For quantitative estimates of the classification accuracy of 
roads extracted from high-resolution data using OBFE-1 and 
-2 classifiers sample areas representing roads and nonroads 
features were selected randomly (Congalton et al. 1983). A 
one-to-one comparison of the roads extracted from multispec-
tral data and reference map was made. Overall accuracy, error 
of omission and error of commission, and kappa coefficient 

(K) were subsequently computed after generating confusion 
matrix (Congalton and Green 1999). The kappa coefficient (K) 
was computed as follows (Bishop et al. 1975):
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r
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where r is the number of rows in the matrix, xii is the num-
ber of observations in row i, and column i (the ith diagonal 
elements), xi+ and x + i are the marginal totals of row “r” and 
column i, respectively, and N is the number of observations.

Per-Pixel Classification
The Gaussian maximum likelihood (GML) classification is a 
well-established classical per-pixel classification approach. It 
is based on the premise that the spectral response patterns for 
each class in each spectral band are normally distributed. The 
algorithm calculates the probability that a given pixel belongs to 
a specific class on the ground. Each pixel is assigned to the class 
that has the highest probability, i.e., the maximum likelihood. 
However, if the highest probability is smaller than a user-spec-
ified threshold, the pixel remains unclassified. For further de-
tails on the approach, readers may refer Lillesand et al. (2015).

For extraction of roads, spectrally homogenous areas (train-
ing sets) representing roads and other land use/land cover 
features were identified on Cartosat-2F multispectral data and 
the spectral signature in terms of mean vector, correlation coef-
ficient, and covariance matrix were, initially, generated. The 
transformed divergence for each training set was subsequently 
computed for spectral separability analysis. Further refinement 
in the training sets, if required, was made based on spectral 
separability analysis. Several iterations were made until an 
optimal separability was achieved. Finally, using the training 
set signatures as input, each pixel in the image was assigned 
to a particular land use/land cover class using per-pixel GML 
algorithm. The classification accuracy was estimated as the 
procedure enumerated in the section “Accuracy Assessment”.

Results and Discussion
The results and discussion are organized in two sections: 
image segmentation and classification. Furthermore, in the 
classification section, not only we present the results of MRS 
and SDS but also evaluate the performance of these classifiers 
vis-a-vis Gaussian maximum likelihood classifier.

Image Segmentation
Multi-Resolution Segmentation
As mentioned in the section “Image Segmentation” for multi-
resolution segmentation image object parameters were defined 
for grouping the image pixels into image objects or segments. 
It is quite evident from the table that within the same test 
site the values for image features used for segmentation vary 
markedly. For instance, the scale value ranges from 15 in 
predominantly vegetated site (test site 3) to 30 in compact 
built-up site (test site 1) (Table 1).

The output of multi-resolution part of test site 1 is appended 
as Figure 6a, and the zoomed version of part of it as Figure 6b. 
As evident from Figure 6b, despite adequate care taken while 
assigning values for object features, in some areas especially 
those marked with arrows in the segmented image, serious 
anomaly in terms of continuity of segments exists. For instance, 
in lower-left of Figure 6b, marked with an arrow, vegetation is 
in a red color, though a single ground feature is seen split into 
four subobjects. Contrastingly, in areas marked with arrow in 
the upper right of Figure 6b, wasteland in medium gray and 
vegetation in red color have been grouped into a single feature.
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Spectral Difference Segmentation
Like MRS, the multi-resolution segmentation of Cartosat-2 
multispectral data was performed using object/image pa-
rameters like scale, shape, compactness, etc. In addition, 
the value for spectral difference was also assigned (Table 2). 
Surprisingly, the spectral values used as spectral differencing 
parameter in the segmentation step range from 10 in test site 3 
to 15 in each of test sites -1 and -2.

The Extraction of Road Network
The results of all the three test sites are discussed hereunder.

Compact Built-Up Site
To begin with, a threshold range of >0.23 to <0.67 was as-
signed to GLCM homogeneity for extraction of roads from a 
segmented image fuzzy rule-based algorithm. The threshold 
range, thus assigned, not only covers roads but also other non-
road features like vegetation, soils, and wastelands. In order 
to refine the feature extraction process other “object”/image 
parameters like density (>1.85), the area (<900 pixels), and 
rectangular fit (>0.45) were assigned to the fuzzy logic-based 
object-oriented algorithm (Table 3). The roads/road network, 
thus delineated from the segmented image using MRS, is ap-
pended as Figure 7a.

A similar exercise was done for extraction of roads from 
spectral difference segmented image using a fuzzy rule-based 
algorithm. Initially, a GLCM homogeneity threshold range of 

>0.23 to <0.54 was assigned for detection of road network 
(Table 3). However, like in the case of multi-resolution seg-
mented image here too other nonroad features were misclassi-
fied as roads. In order to refine the classification other object/

(a)

(b)

Figure 6. Segmented image for part of compact built-up 
area-1 (a) using MRS approach and (b) a zoomed version of 
part of the segmented image.

Table 1. Parameters for multi-resolution segmentation (MRS).

Test Site Segmentation Parameter Value

1

Layer weight
1 each for blue, green, and red 
bands, and 2 for NIR band

Scale 30
Shape 0.5
Compactness 0.1

2

Layer weight
1 each for blue, green, and red 
bands, and 2 for NIR band

Scale 18.00
Shape 0.20
Compactness 0.10

3

Layer weight
1 each for blue, green, and red 
bands, and 2 for NIR band

Scale 15
Shape 0.8
Compactness 0.1

N.B. Test site 1: compact built-up site, test site 2: sparse built-
up site, and test site 3:predominantly vegetated site.

Table 2. Parameters for spectral difference segmentation (SDS).

Test Site Segmentation Parameter Value

1

Layer weight
1 each for blue, green, and red 
bands, and 2 for NIR band

Scale 15
Shape 0.5
Compactness 0.1
Spectral difference 10

2

Layer weight
1 each for blue, green, and red 
bands, and 2 for NIR band

Scale 15.00
Shape 0.40
Compactness 0.00
Spectral difference 5.0

3

Layer weight
1 each for blue, green, and red 
bands, and 2 for NIR band

Scale 15
Shape 0.5
Compactness 0.1
Spectral difference 15
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image parameters, namely density, area, and rectangular fit 
were used, and a value of 1.85, 900 pixels, and 0.45 were 
assigned to the density, area and rectangular fit, respectively. 
Output, thus obtained, is appended as Figure 7b.

A comparison of road network extracted MRS with those 
detected from SDS brings out the fact that a considerable 
amount of smoothening of road edges could be observed in 
case of the latter (road feature marked with arrow) (Figures 
7a and 7b). Although both primary and secondary roads are 
mapped using GML-per-pixel classifier (Figure 7c), there is a 
considerable amount of misclassification. In fact, a fairly large 
area under built-up land (buildings) has been categorized 
(misclassified) as road network (green color).

As evident from Figure 7a, MRS could afford the detection 
of mostly main roads (green color). However, a few link roads 
passing through residential areas could be delineated as well. 
An overall classification accuracy of 85% with kappa statis-
tics value of 0.813 could be achieved from MRS image (Table 
5). Furthermore, with an overall accuracy of 92% and a kappa 
value of 0.892 the SDS over scores the MRS in terms of classifi-
cation accuracy. Interestingly, both of these classifiers scored 
over classical GML-per pixel classifier which could afford an 
overall accuracy of 70.0% with a kappa value of 0.685 only 
(Table 5).

The arrows in Figure 7a and 7b indicate the visual impact 
additional level of image segmentation (spectral difference) 
done in case of SDS. The smoothness of the road edges in Fig-
ure 7b as compared to Figure 7a is quite clear.

Sparse Built-Up Site
In sparsely built-up area the density of buildings is relatively 
low. As a result, the occlusion effect of buildings is relatively 
smaller. Consequently, the reliability of detection of roads 
based on spectral response pattern is relatively better. To de-
lineate road network from MRS, a GLCM homogeneity threshold 
range of >0.17 to <0.42 was assigned which enabled detection 
of some roads (Table 3). In this process some of the nonroad 
features like vegetation, bare soils, and wastelands too were 
classified as roads. For further refining the classification other 
object/image parameters, viz. density (>1.37), and NDVI value 
(<1.0) were defined (Table 3).

Similar steps were followed approach for detection of road 
network from SDS image. To begin with, a GLCM homogeneity 
threshold range of >0.194 to <0.67 was defined which permit-
ted detection of some roads (Table 4). Apart from roads some 
of the nonroad features like vegetation, bare soils, and waste-
lands too were misclassified as roads. For refining the classifi-
cation, other object/image parameters viz. density (>1.37) and 
bare area index (BAI) (<0.45 ) were  used (Table 4).

(a) (b) (c)
Figure 7. (a) Road layer extracted from MRS, (b) SDS, and (c) maximum likelihood classifier. Green color indicates roads in compact 
built-up test site 1.

Table 3. Object feature values for road extraction using MRS 
approach.

Features Site 1 Site 2 Site 3

GLCM homogeneity >0.23–<0.67 0.17–<0.42 —

Density >1.85 >1.65 —

Area (pixels) <900 <900 <500

Rectangular fit >0.45 — —

Blue to NIR ratio — — >015–<0.45

NDVI — ≥0.10 ≥0.0

N.B. Compact built-up area (site 1), sparse built-up area (site 
2), and predominantly vegetated area (site 3).

Table 4. Object feature values for road extraction using SDS 
approach.

Features Site 1 Site 2 Site 3

GLCM homogeneity >0.23–<0.54 0.194–<0.67 —

Density >1.85 >1.37 —

Area (pixels) <900 — <1000

Rectangular fit >0.45 — >0.70

BAI — <0.45 >0.08–<0.35

NDVI — - ≥0.06

N.B. Compact built-up area (site 1), sparse built-up area (site 
2), and predominantly vegetated area (site 3).

Table 5. Summary of classification accuracies.

Test Site Classifiers
Overall 
Accuracy (%)

Kappa 
Coefficient

Compact 
built-up 
site 

MRS
SDS
GML

85.00
92.00
70.00

0.813
0.892
0.685

Sparse 
built-up 
site

MRS
SDS
GML

75.00
88.90
62.50

0.731
0.862
0.613

Predominantly 
vegetated 
site

MRS
SDS
GML

60.46
77.14
50.00

0.594
0.768
0.489

N.B. MRS = Multi-resolution segmentation, SDS = Spectral dif-
ference degmentation,and GML = Gaussian maximum likeli-
hood classifier.

PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING March 2021  177

http://my.asprs.org


As evident from Figure 8a, using MRS approach not only 
main roads but also a few secondary and even tertiary roads 
serving the residential areas also could be extracted because 
of ample image contrast with background, and because of very 
little occlusion from buildings’ shadows. The MRS-spectral-
differencing segmentation facilitated the extraction of a few 
additional secondary/tertiary roads in the eastern peripheral 
areas of the test site (Figure 8b). The fact is supported by an 
improvement in overall classification accuracy. Whereas an 
overall accuracy of 75% with kappa value of 0.731 has been 
achieved in case of MRS, the corresponding figures for SDS are 
88.9% and 0.862, respectively (Table 5).

A comparison of overall accuracies figures realized from 
MRS and SDS with that of per-pixel classifier reveals the better 
performance of the former over the latter which could provide 
an overall accuracy of 62.5% with a kappa value of 0.613 
(Table 5). The poor accuracies values from per-pixel classi-
fier may be attributed to spectral similarity of roads with that 
of background terrain and roof tops, and to the fundamental 
differences in the classification algorithm (Figure 8c).Whereas 
intraclass variability resulting from higher spatial resolution 
multispectral data has been addressed at the segmentation 
stage in case of object-based feature extraction, the per-pixel 
classifier relies only on spectral response pattern of an indi-
vidual pixel.

The arrows in Figure 8a and 8b indicate the visual impact 
of additional level of image segmentation done in SDS that has 
resulted in extraction of additional roads.

Predominantly Vegetated Site
For extraction of road network from multi-resolution MRS im-
age a blue to NIR ratio threshold of >0.15 to <0.45 was applied. 
The output image shows up not only road network but non-
road features as well. In order to exclude the nonroad feature, 
another image parameter an NDVI threshold of ≥0 in conjunc-
tion with area threshold value of <500 pixels was assigned 
(Table 3). In case of SDS for detection of road network a BAI 
threshold range of >0.08 to <0.35 was defined for extraction 
of roads (Table 4). The resultant output image included some 
nonroad features too. Further improvement in classification 
was made by using NDVI, area, and rectangular fit parameters 
with values ≥0.06, <1000 pixels, and ≥0.7, respectively.

The success of the extraction of road network has not been 
encouraging. In case of MRS (Figure 9a) only a few vegetation 
features have been misclassified as roads. In contrast, apart 
from roads, many trees, and other vegetation features have 
been delineated as roads from SDS image (Figure 9b). It may 
be because of the fact that the advanced level segmentation 
has been performed on already segmented image resulting, 
thereby in further smoothening of already segmented image. 
An overall accuracy of delineation of 60.46% with a kappa 

(a) (b) (c)
Figure 8. (a) Road layer extracted in part of the test site from MRS, (b) SDS, and (c) maximum likelihood classifier (test site 2).

(a) (b) (c)
Figure 9. (a) Road layer extracted using MRS, (b) SDS,  and (c) supervised classification (test site 3).
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coefficient of 0.594 has been achieved in case of MRS was used 
as against 77.46% achieved from SDS.

Contrastingly, the overall classification accuracy value for 
GML per-pixel classifier-based output is 50% with a kappa 
coefficient of 0.489 (Table 5). Furthermore, it is amply clear 
from Figure 9c that although all the major roads have been 
extracted, due to spectral similarity between roads and terrain 
features like roof tops most of the built-up areas have been 
misclassified as roads (green color in Figure 9c).

Conclusions
The study has vividly demonstrated the potential of fuzzy 
logic-based object-oriented classifier in the extraction of roads 
from high resolution spaceborne multispectral data. The fuzzy 
logic-based object-oriented classifier better performed clas-
sical Gaussian maximum likelihood classifier. Furthermore, 
within object-oriented approach SDS approach has been found 
to score over multi-resolution segmentation approach in 
terms of extraction of roads network. Like classical per-pixel 
classifier, in-object-oriented classifiers also the involvement 
of analyst in defining the values of objects” features and in 
refining the output is required. It introduces an element of 
subjectivity which calls for automation and optimization of 
defining these parameters in the classification process. Some 
efforts have, however, already been made in this direction 
(Dragut et al. 2014; Zheng 2015). More systematic studies are 
needed to address the segmentation optimization process. 
Lastly, owing to the existing complexities in road features like 
discontinuities, occlusion, or shadows, near-parallel boundar-
ies with inconstancy in width and sharp curves, it is almost 
impossible to model all these situations and to incorporate 
them into a single module. Multi-model approach, therefore, 
needs to be developed for road extraction using high to very 
high resolution remote sensing data.
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Digital Surface Model Refinement Based on 
Projected Images

 Jiali Wang and Yannan Chen

Abstract
Currently, the practical solution to remove the errors and 
artifacts in the digital surface models (DSM) through stereo 
images is still manual or semiautomatic editing those af-
fected patches. Although some degrees of semiautomation 
can be gained, the DSM refinement remains a labor consuming 
and expensive process. This paper proposes a new method 
to correct errors in DSM or/and refine an existing coarse 
DSM. The method employs the concept of projected images 
together with some image matching techniques to correct/
refine the affected regions in DSM. Since projected images are 
used, the proposed method can greatly simplify the com-
plicated coordinate transformations and pixel resampling; 
therefore, the errors/artifacts in DSM can be amended more 
efficiently and accurately. Several experiments demonstrate 
the practical usefulness of the proposed method under some 
scenarios, and some potential improvements are also pointed 
out to accommodate the various needs during refining DSM.

Introduction
The digital surface model (DSM) is probably one of the most 
popular products widely used in photogrammetric and 
remote sensing applications. DSM also has its role in many 
other application areas. For example, the prerequisite for 
the recently popular digital twins for cities (Ruohomaki et 
al. 2018) is the replicas of physical cities’ appearances that 
is basically the detailed virtual photorealistic DSM. High-
resolution three-dimensional (3D) urban DSM can be used for 
urban planning, environment monitoring, infrastructure asset 
management, and so on. With the advance of digital imaging 
technology, very high-resolution imagery can be captured 
from airborne camera systems,. DSM can be derived from 
those multiple overlapped images in unprecedented detail 
using some of the latest 3D surface reconstruction commercial 
photogrammetric systems, such as ContextCapture (Bentley 
Systems), Correlator 3D (Simactive Inc.), Inpho Match-T 
(Trimble Navigation Ltd.), Metashape (Agisoft), Pix4Dmapper 
(Pix4D), Pixel Factory (Airbus Defence and Space), SocetSet 
(BAE System), SURE (nFrames), UltraMap (Vexcel Imaging), 
and so on.

Automatic matching algorithms are essential to DSM 
generation in 3D surface reconstruction systems. There are 
several classic matching techniques such as the normalized 
correlation coefficients (NCC) (Bourke 1996), least squares 
multi-point matching (Rosenholm 1987), dynamic program-
ming matching techniques (Cormen et al. 1990), relaxation 
method matching techniques (Christmas et al. 1995; Geman 
and Geman 1984), semiglobal matching technology (Hirsch-
müller 2008), etc. Although the latest matching techniques in 
3D surface reconstruction systems can achieve great matching 

accuracy and efficiency, it is true that, more or less, various 
errors and artifacts exist in almost every DSM that is auto-
matically reconstructed using image matching techniques, 
especially in image areas where less information is available 
(Gruen 2012). These DSM artifacts may be caused by a variety 
of imaging phenomena, such as occlusions, moving objects, il-
lumination oversaturation, surface reflections, lack of surface 
texture, etc., and/or due to the limitations of image matching 
algorithms (Zhang 2005).

In recent years, many researchers have put forth efforts to 
improve matching techniques from various aspects to reduce 
matching errors: for example, using redundant information 
of multiple images to improve the DSM accuracy (Zhang and 
Gruen 2006; Zhang et al. 2017; Zhao et al. 2018; Zhu et al. 
2010); using geometric feature information to obtain highly 
accurate DSM (Alobeid et al. 2010; Gao et al., 2018; Jiang and 
Jiang 2019); and adopting the multi-view stereo matching 
method to reconstruct the surfaces (Furukawa and Ponce 
2010; Zhu et al. 2020). With all the efforts, the DSM refine-
ment still remains a labor consuming and expensive process, 
since processing all images may remove previous errors but 
introduce new errors and artifacts somewhere else. Because 
no perfect matching algorithms exist yet, some commercial 
photogrammetric systems provide DSM editing tools that allow 
manually correcting errors and artifacts in DSM.

This paper proposes a new method to refine an existing DSM 
based on projected images, the new method is inspired by the 
Vertical Line Locus (VLL) method (Chen et al. 2012; Cogan et 
al. 1988; Li 1988). Unlike VLL, which is based on the geomet-
ric relationships between the original images and the ground 
surface, this proposed method first projects the original images 
onto a common reference plane (horizontal) to form so called 
“projected images”, then applies image matching algorithms 
on the projected images in the hope that errors in DSM can be 
corrected. The main contribution of this paper is utilization of 
the concept of projected images during image matching and 
3D coordinate calculations to greatly simplify (1) expensive 
coordinate transformations between the image space and the 
object space and (2) correlation window resampling.

In the following sections, the proposed methods are 
presented in detail (section “Methods”): the principle of the 
proposed method is illustrated through a single-point cor-
rection experiment (Experiment A, section “Single-Point 
Correction”), followed by an experiments that shows a coarse 
DSM patch can be refined effectively (Experiment B, section 
“Coarse DSM Patch Refinement”),, and a wrong DSM patch 
can be corrected through rematching (Experiment C, sec-
tion “Wrong DSM Patch Correction”); in the last experiment 
(Experiment D, section “DSM Patch Refinement and Editing 
Comparisons”), the results from the proposed method are 
compared with common manual editing tools, and some 
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elevation accuracies against reference elevations are also 
analyzed. Finally, some conclusions are drawn, and further 
improvements are pointed out to accommodate various needs 
while refining DSM.

Methods
Assuming a DSM with some errors/artifacts inside is provided 
and required for refinement, and also assuming that the stereo 
images which cover the DSM extents are also provided, the 
common ways to fix those errors/artifacts are either reprocess-
ing these images with some adjusted processing parameters 
(Ling et al. 2019), which is a time-consuming process and may 
fix some errors but could introduce new errors, or fitting the af-
fected DSM region with a plane or surface (Wang and Yu 2011; 
Zheng et al. 2019), which is purely arbitrary data manipulation 
without taking into account the actual image information. In 
photogrammetric literature, image matching approaches usu-
ally can be sorted into area-based matching and feature-based 
matching;  image matching approaches can also be sorted into 
image space-based matching and object space-based matching 
based on the main coordinate system used during matching 
(Lemmens 1988; Wang 1990). Both kinds of matching ap-
proaches are popular and have their places in certain appli-
cations. The proposed method uses the concept of projected 
images, integrates the image space and the object space. This 
method takes advantage of both the image space-based match-
ing approach (simple geometry via epipolar lines), and the 
object space-based matching approach (direct elevation deriv-
ing via collinear equations). Once the extent of an affected DSM 
region is given, the proposed method can correct DSM errors 
efficiently and accurately. In the following subsections, the 
projected image, projected locus, and image matching method 
based on projected images are described in detailed.

Projected Image
A projected image is a special orthoimage generated using a 
horizontal plane as DSM. Figure 1 illustrates the relationships 
of a projected image with its original image’s projection center 
S(XS, YS, ZS) and the horizontal plane (assuming the plane’s 
elevation is a constant Zo).

Point P(XP, YP, Z0) on the horizontal plane is projected onto 
the projected image as P ′(XP, YP), and the projection center 
S(XS, YS, ZS) is projected onto the projected image as S′(XS, 
YS). P ′ and S′ have the same elevation Z0 as P. The coordi-
nates XP, YP of P ′ can be calculated usingcollinear Equation 1:
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where x, y denote the image coordinates of P on the original 
image; Z0 is the constant elevation value of the horizontal 
plane (for simplification Z0 can be set to 0); x0, y0, and f are the 
camera’s internal parameters (the principal point and the fo-
cal length); XS, YS, ZS are the coordinates of the image projec-
tion center S; and (ai, bi, ci) (i = 1, 2, 3) are the nine elements 
of the rotation matrix of the original image (Wang 1990, p. 8).

The projected image can be imagined as a giant “image” 
on the ground. It shares the same projected center with the 
original image, but its three rotation angles are 0, and the pro-
jected image has a huge focal length (Zs - Zo). Based on the 
definition of a projected image, the image space of a projected 
image is the same as the object space of the projected image. 
This property of the projected image greatly simplifies the co-
ordination calculation between image space-based and object 
space-based matching and avoids the repeated pixel resam-
pling during subsequent image matching and DSM reconstruc-
tion stages; therefore, the improved processing efficiency can 
be gained.

Projected Locus
According to the VLL method, the elevation of pending point 
P can be determined by finding the optimal matching score 
through searching up and down along its vertical direction. 
The VLL method is slow because the points’ image and object 
coordinates need to be calculated using the collinearity equa-
tions each time and the image patches on the left and right 
original images need to be resampled each time. Utilizing the 
projected image’s property, those coordinate calculations and 
image resampling can be greatly simplified. For the stereo 
image case, assuming all candidate points Pi (i = 1, 2, 3, …, 
n) passing through the left and right images centers Sj (j = 1, 
2) are projected onto the left and right projected images. It 
can be seen from Figure 2a that all projected points Pij′ (i = 
1, 2, 3, …, n; j = 1, 2) either on the left or the right projected 
image form a locus (projected locus). The corresponding point 
pair on the left and right projected loci (linked with dots in 
Figure 2a) are therefore the potential matching candidate pair.  
Figure 2b depicts the simple geometric relationship among 
the projected point Pi ′, candidate point Pi, and projected 
center S. Due to the simplicity of the geometric relationships 
among points and unified coordinate system, the coordinate 
calculation and image resampling become very obvious.

The image and object coordinates of projected point Pi′ can 
be easy obtained using Equation 2.
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Image Matching Techniques
Using the abovementioned projected image and projected 
locus concepts to find the corrected elevation for any point 
becomes to find the best matching pair among the candi-
date pairs, therefore the popular image matching techniques 
can be employed and adapted easily to solve the projected 
image-based matching problems. Since developing new 
matching techniques is not the primary purpose of this 

Figure 1. The geometric relationships of a projected 
image with its original image’s projection center S and the 
horizontal plane.
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paper, commonly used correlation-based relaxation match-
ing technique is described next in order to demonstrate how 
matching can be performed on projected images. The NCC im-
age matching technique is chosen as an example to illustrate 
the process of correcting and refine elevation values. NCC is 
defined in Equation 3, through coordinate calculation and im-
age resampling, all NCC for candidate pairs of point P can be 
obtained, the optimal score is usually the highest NCC, and the 
corrected elevation is then obtained.
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where I m n I s I m n I si is W i i is W i1 1 1 2 2 21 1= × ( ) = × ( )
∈ ∈∑ ∑ .

Here, Ii1, Ii2 denote the image intensity values of the points 
Pi1′, Pi2′ on its projected images with respect to search point 
Pi and the correlation window W. si1, si2 are the pixels within 
the correlation-window W in the search projected points Ii1, 
Ii2, respectively. Ii1(si1), Ii2(si2) are the grey values of the search 
projected points Pi1′, Pi2′, m and n are the size dimensions of 
window W.

When there are more than two overlapped images avail-
able for point P, each candidate can form multiple pairs to 
calculate multiple NCC. Some technique approaches described 
in (Okutomi and Kanade 1993; Zhang and Gruen 2006) can be 
used to determine the optimal score and final elevation value, 
such as using the average values of the multiple NCC to find 
the maximum correlation coefficient and its corresponding 
elevation as the optimal value.

To an extent, the above single point correction processing 
to a patch refinement, a mesh grid is defined over the patch, 
and instead of finding the single optimal matching score, a 
global optimization process is performed. In this paper, a 
global relaxation image matching method, which is similar to 
Zheng et al. (2004), is adapted as the projected image space-
based matching to correct and refine the patch.

The global relaxation image matching method can be ex-
pressed using Equation 4.
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candidate matching pair, and (h, k) is its neighbor pair. P(i, j) 
is the probability of pair (i, j) and is updated iteratively. C(i, j; 
h, k) is the compatible coefficient function between pair (i, j) 
and its neighboring pair (h, k); Q(n)(i, j) expresses the support 
pair (i, j) received at the nth iteration from all its neighbor 
pairs (h, k) in its neighborhood Ω(ai).

In addition, smoothness constraints can be introduced into 
the relaxation process to handle less texture or homogeneous 
areas, discontinuities also can be achieved through relaxing 
the smoothness constraints.

The Proposed DSM Correction and Refinement Approach
An approach to refine an existing DSM has been developed 
based on the abovementioned projected images and projected 
image based matching techniques. Figure 3 shows the work-
flow chart of the proposed approach. The proposed approach 
first generates projected images from the original images, 
followed by image matching and DSM reconstruction based 
on the projected images. Several experiments (single-point 
correction, patch refinement, patch correction, and patch 
refinement validation) are conducted in order to demonstrate 
the feasibility of the proposed approach.

Experiment Results
Two regions are chosen to test the proposed method: one re-
gion (Figure 4a) covers very flat terrains (elevations vary from 
0 to 40 m) while another region (Figure 4b) covers undulat-
ing rough terrains (elevations vary from 15 to 430 m). Each 
region is covered by three consecutive aerial images to form 
stereo pairs. Those images were acquired using a photogram-
metric imaging system (UltraCamXp). The camera focal length 
is 70.50 mm, image size is 103.86  × 67.86 mm, panchro-
matic image pixel size is 17 310 × 11 310, the ground sample 
distance is 0.3 m, the flight height is around 3500 m above 
the sea level, and the overlap percentages of adjacent images 
are about 70%. These images were triangulated for the two 
regions and two DSM with 0.4 m resolution were generated 
using an in-house algorithm that is similar to that of Zheng et 
al. 2004.

Figure 4 has shown the two orthoimages (Figure 4a and 4b) 
of the test regions, which include two single points (P1 and 
P2 in Figure 4a) of Experiment A, and the patches (Boxes A1, 
A2, and A3 in Figure 4a and 4b) of Experiments B, C, and D, 
respectively. It is not difficult to find that some buildings are re-
constructed inaccurately (Box A1), and a few DSM artifacts (the 

Figure 2. (a) Projected locus, matching candidate pairs, and geometric relationship among the projected point Pi′, candidate 
point Pi and projected center S; (b) the simple geometric relationship among the projected point Pi′, candidate point Pi, and 
projected center S.
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bright spots in Boxes A2, A3 in Figure 4a and 4b). As mentioned 
previously, those errors/artifacts are due to various reasons 
such as occlusions, moving objects, illumination oversatura-
tion, surface reflections, etc., or due to the limitations and 
difficulties of image matching algorithms. Although it is not al-
ways the case, it is assumed here that those errors/artifacts can 
be corrected using improved/different image matching tech-
niques. In the following three subsections, some DSM correc-
tion/refinement attempts are made to demonstrate the feasibili-
ties of the proposed method. Experiment A is for single-point 
correction (P1 and P2). Both Experiments B and C demonstrate 
how to refine the coarse DSM patches of buildings (Box A1 
covers an area of 180 m × 180 m) and the totally wrong DSM 
patches of agricultural land (Box A2 covers an area of 200 m × 
200 m), respectively. Experiment D compares DSM refinement/
correction results from the proposed method and common DSM 
editing tools in a dense forest area (Box A3 covers an area of 
288 m × 341 m), and accuracy assessment is also performed 
against a reference DSM. The reference DSM was generated using 
the previous year’s aerial images without errors (assuming the 
heights of tree growth can be ignored during a one-year period).

Single-Point Correction
The single-point correction is very similar to the single-point 
matching technique except it is performed on a projected image 
pair. The proposed single-point correction employs NCC match-
ing technique and the detailed processing steps are as follows:
1. Locating the single-point P’s positions (X, Y, Z) on the 

projected images, choosing an initial elevation value Z0 for 
P, an increment value k and downward searching range Sd 
and upward searching range Su (assuming the corrected 
elevation is within the searching range);

2. Choosing an appropriate correlation window size (m × n) 
(m: rows, n: columns). A larger window is good for flat 
surfaces, but it blurs the disparity edges. In contrast, a 
smaller window gives sharper disparity edges at expense 
of noisy surfaces (Kanade and Okutomi 1994). Based on 
this principle and experience, a larger window size (21 × 
21) is suggested in the flat region and a smaller window 
size (11 × 11) for the undulating region;

3. Computing the correlation coefficients: using Equation 2 
to find the corresponding windows for each candidate Zi 
on all projected images, collecting the image values for the 
given correlation window size and computing the correla-
tion coefficients using Equation 3;

4. Determining the corrected elevation value: for the purpose 
of simplicity, the final correlation coefficient at each Zi is 
averaged from all corresponding correlation coefficients 
(if more than two images are used) and the elevation value 
who has the highest correlation coefficient is chosen as the 
final corrected elevation.
In Experiment A, the proposed method is applied to two 

single points P1 and P2, respectively. The correlation coef-
ficients correspond to the search points of the correct point 

Figure 3. The workflow chart of the proposed DSM correction and refinement approach. DSM = digital surface model; NCC = 
normalized correlation coefficient.

Figure 4. (a) The orthoimage of a very flat region (elevations 
vary from 0 to 40 m) and the locations of Experiments 
A, B, and C; (b) the orthoimage of an undulating rough 
region (elevations vary from 15 to 430 m). The insets show 
the corresponding orthoimages and DSM patches of the 
experiments. DSM = digital surface model.
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P1 and P2; they are shown in Figure 5a and 5b, respectively. 
NCCi(1, 2) (i = 1, 2), NCCi(1, 3) (i = 1, 2), and NCCi(2, 3) (i = 1, 
2) in Figure 5 represent correlation coefficients corresponding 
to P1 and P2 between the first and the second projected im-
ages, the first and the third projected images, and the second 
and the third projected images, respectively; “Average” shows 
the averaged values of three correlation coefficients.

For P1, the correlation coefficients obtained from the three 
groups have a more obvious distribution because of the 
small discrepancy in elevations near the point. The optimal 
elevation is 16.75 m. For P2 the final elevation is found to be 
13 m. P2 is actually an electricity pole, whose length is 11 m 
measured by a laser rangefinder during the filed validation 
exercise. It is interesting that the ground elevation (the bottom 
of the pole) is 2 m, which can be found at one of coefficient 
peaks in Figure 5b (dark line).

This experiment briefly illustrates how the proposed 
method works for single-point correction. There are many 
options can be made to improve the results, such as changing 
the amount of increment, trying different correlation window 
sizes, fitting a curve for coefficients to find the optimal eleva-
tion etc.

Coarse DSM Patch Refinement
Experiment B chooses coarsely reconstructed buildings to 
refine using the proposed method. The building edges are not 
in the correct locations and neighboring should-be standalone 
buildings are mixed together (Box A1 in Figure 4) due to the 
occlusions or/and over-smoothing in the matching process is 
a pervasive phenomenon in urban environments. For building 
refinement using the proposed method, instead of giving ini-
tial starting elevation values, the following are used: elevation 
values from the coarse DSM are the initial values ; the correla-
tion window size is set to (11 × 11); the elevation increment 
is 0.5 m; the searching range is 10 m in both downward and 
upward directions; and the global matching technique (see 
section “Image Matching Techniques”) is applied. After the 
refinement process, the buildings have much clearer edges and 
individual buildings now can be more easily seen (in Figure 
6d–e) when compared with the coarse images (Figure 6b–c).

Wrong DSM Patch Correct
Sometimes a small area’s elevations may be totally wrong. 
For example, Box A2 in Figure 4 shows the DSM reconstructed 

from automatic matching process. It is obvious that a couple 
of patches in the agriculture field have incorrected elevations. 
The errors could be due to the repeated texture patterns, 
which confuse the matching algorithms. In Experiment C, the 
following proposed process are conducted to correct the patch 
errors. Because the wrong elevation values are far away from 
the correct ones, an initial elevation value is set to 2 m, which 
is roughly the elevation of the field. A grid is selected around 
the affected area, and each node of the grid is applied the 
similar processing as the single point correction’s except the 
global matching (see section “Image Matching Techniques”) 
is applied during the image matching and DSM reconstruction 
process. An increment of 0.3 m is chosen to search the correct 
elevations in 3 m downward  and 3 m upward  directions, 
and the correlation window size is 21 × 21 because the cor-
rect area has a similar texture and almost the same elevations. 
The results are shown in Figure 7.

Repeated texture pattern is one of main reasons for causing 
image matching to failure. Experiment C demonstrates that it 
is possible to correct wrong matches caused by repeated tex-
ture patterns using projected images. The preliminary results 
are encouraging; however, more experiments are needed to 

Figure 5. Experiment A: single-point correction. (a) point P1 elevation correction; (b) point P2 elevation correction (correction 
parameters used for P1: Z0 = 16 m, k = 0.25 m, Su = 4 m, Sd = 2 m, m × n = 21 × 21; correction parameters used for P2: Z0 = 2 
m, k = 0.5 m, Su = 13 m, Sd = 2 m, m × n = 11 × 11). NCC = normalized correlation coefficient.

Figure 6. Experiment B: coarse digital surface model (DSM) 
refinement. (a) the original image; (b) and (c) the coarse DSM 
and orthoimage, respectively; (d) and (e) the refined DSM 
and orthoimage, respectively.
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investigate the potential of using projected images to handle 
difficult matching problems.

In addition to the resolution used in the above correction, 
the proposed method is further applied to DSM corrections 
using several different resolutions to demonstrate DSM correc-
tion applications for various image resolutions. The DSM with 
2 and 5 m resolutions are smoothed and reduced from the 0.4 
m resolution DSM, and the resolutions of projected images are 
also reduced accordingly. Figure 8a–c shows the wrong DSM 
patch A2 with different resolutions of 0.4, 2, and 5 m, and 
Figure 8d–f shows the corresponding correction effect of the 
proposed method which demonstrate that the new method 
can equally work well to the lower resolution images.

DSM Patch Refinement and Editing Comparisons
For any wrong DSM patches, the common practical editing 
approaches are manually digitizing the wrong patches us-
ing any graphic user interface and then apply a first-order/
second-order quadratic surface fitting or other interpolations 
to the affected patches. In order to compare the effects using 
such editing approaches to the proposed method, an area 
which contains three bad matching patches (Box A3 in Figure 
4b) are chosen for Experiment D, and the reference elevations 
for these patches are obtained (Figure 9c). The bad matching 
patches are in dense forest area (Figure 9a), it is suspected 
that the matching errors could be caused due to similar 
texture. The wrong DSM patches (Figure 9b) are refined using 
the similar process as above experiments and the refined DSM 
patches are shown in (Figure 9d). In contrast to automatic 
matching corrections, a first-order and second-order quadratic 
surface fittings are applied to the patches using only the verti-
ces on the outlines, the resultant first-order (three parameters) 
and second-order (six parameters) quadratic surface fitted DSM 
patches are shown in Figure 9e and Figure 9f, respectively. 
The refined or edited elevations against the reference eleva-
tions are difficult to compare visually among Figure 9c–f; 
therefore, the elevation differences are further generated as 
images for better comparisons and visualization. Figure 10a–d 
represent, respectively, the elevation differences of the wrong, 
refined, first-order quadratic surface fitted, and second-order 
quadratic surface fitted patches when compared with the 
reference elevation patches. The images only show the eleva-
tion differences (dZ) inside the patches: the darkest color 
represents -5 m or below and the brightest color represents 
5 m or above; the statistical differences are shown in Table 
1. The means of differences in Table 1 indicate the proposed 
method is the closest one to the reference elevations. Though 
the root-mean-square error (RMSE) of the proposed method is 
also the smallest it does reveal some variations for two “cor-
rected” elevation data sets (the reference and refined ones). 
The variations could be the results due to the strategies used 
during matching. In general, from both the visual images and 
RMSE, it clearly demonstrates that the proposed refine method 
is superior to the manual editing approaches.

Results from all experiments demonstrate that the pro-
posed method can effectively correct elevation errors in DSM 

Figure 7. Experiment C: wrong DSM patch correction. (a) the 
original image; (b) and (c) the original DSM and orthoimage, 
respectively; (d) and (e) the corrected DSM and orthoimage, 
respectively.

Figure 8. Digital surface model (DSM) corrections with different 
resolutions. (a to c) the wrong DSM patches with resolutions of 
0.4, 2, and 5 m, respectively; (d to f) the corrected DSM patches 
with resolutions of 0.4, 2, and 5 m, respectively.

Figure 9. Experiment D: digital surface model (DSM) 
refinement/editing results. (a) the orthoimage; (b) three wrong 
DSM patches due to matching errors; (c) reference elevations; 
(d) refined DSM patches using the proposed method; (e) the 
first-order quadratic surface fitted DSM patches; (f) the second-
order quadratic surface fitted DSM patches.

Table 1. Elevation residuals compared with the reference 
elevations (unit: in meters).

Editing/
Refinement 

Methods

Wrong 
DSM 

Patches
Proposed 

Refinement

First-Order 
Quadratic-

Fitting

Second-Order 
Quadratic-

Fitting

Mean (dZ) 29.669 0.191 1.129 1.975

RMSE (dZ) 39.318 1.766 3.448 5.562

Number of 
pixels

150 086 150 148 150 188 150 188

DSM = digital surface model; RMSE = root-mean-square error.
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especially for wrong DSM patches or refine coarse DSM patch-
es. Although there is still room for improvement, the idea of 
using projected images to perform image matching seems to 
work well in those circumstances.

Conclusions
Errors and artifacts are very common in many DSM generated 
using automatic matching techniques. Currently there is a 
lack of efficient and effective ways to remove those errors 
to improve the quality of DSM. Aiming to correct and refine 
contaminated DSM, this paper proposes to use the concept of 
projected images, which can act as the bridge between the 
original image space and object space. As such, they greatly 
simplify the complicated coordinate transformations between 
the image space and the object space, and eliminate the re-
peated pixel resampling; therefore, the errors/artifacts in DSM 
can be amended efficiently and effectively.

The details of the concept of projected images and the pro-
posed DSM patch correction/refinement method are presented. 
Although the preliminary results from four experiments 
(single-point correction, wrong patch correction, coarse patch 
refinement, and refinement comparisons) are promising and 
encouraging, there are still areas that can be explored further 
to accommodate the various needs while refining/correcting 
DSM. These areas include implementing and evaluating the 
latest matching algorithms, which can correct different match-
ing error types using some standard test data sets; integrating 
various matching strategies (pyramid data structures, box 
filtering) to gain further computational efficiency; applying 
algorithms to larger areas; and extending projected images for 
nonframe (satellite) imagery.
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Remote Sensing for Ecosystem Services  
and Urban Sustainability

 John C. Trinder

Abstract
The purpose of this paper is to demonstrate how geospatial 
technologies, especially remote sensing, can play a leading 
role in defining urban sustainability based on the evalua-
tion of demand and supply of ecosystem services (ES). A brief 
review of sustainable development and urban sustainability 
will be given followed by demonstrations of the need for green 
spaces in cities, and the consequences of fragmentation of 
green spaces on biodiversity. Although there are no substan-
tive figures for desirable levels of green spaces in urban areas 
for the benefit of inhabitants, the paper proposes minimum 
desirable areal percentages. The paper defines natural capital 
and ES and the procedures adopted by researchers in balanc-
ing the supply and demand for ES for urban areas. The genu-
ine progress indicator is presented as a measure of assess-
ing human welfare, but it is not pursued as an indicator of 
sustainability. Examples of the applications of remote sensing 
technologies for determining supply and demand of ES are re-
viewed as are the potential of the supply and demand of ES to 
support decision-making in urban areas, to ensure that devel-
opment decisions are sustainable and are in the best interests 
of the urban residents who depend on ES for their life support.

Introduction
The growth of cities is causing increasing stress on many 
aspects of urban environments. The United Nations (UN) 
Economic and Social Council reported in 2017 that 54% of 
world’s population lived in cities, and some estimates indi-
cate global urban populations may reach 65% of the world’s 
population by 2050. Challenges and opportunities for the 
development of Megacities is discussed in Li et al. (2019). 
Sustainable development has been proposed for many years 
as a means of ensuring that human impacts are within the ca-
pacity of the Earth’s environment to cope with changes. While 
there have been many definitions presented, sustainability 
in this paper refers to the adoption of practices in relation to 
environmental use and management which provide a satisfac-
tory standard of living for today’s population, and which do 
not impair the capacity of the environment to provide for and 
support the needs of future generations. Alternatively, sustain-
able development is that which meets the needs of society 
today without foreclosing the needs or options of the future 
(Blanco et al. 2001). Sustainability “focuses on interactions 
between resources, its users, and the governance required to 
sustain ecosystems while also delivering what people need 
and value” (Newlands 2017, p. 16). This last description sug-
gests that the provision by the environment of benefits and 
services to users’ needs to be controlled by governance from 
local administrations or higher-level governments. While 
there are numerous examples of controls over human behavior 
within various national administrations, such controls should 
be managed by the assessment of appropriate measures, often 
prescribed as sustainability indicators (SI). Many examples of 

SI have been provided in literature including Trinder (2016), 
for a range of aspects of urban environments and cities.

Urban Environments
Sustainability of Urban Environments
A sustainable city, or eco-city, which can be described as a 
complex adaptive system (Newlands 2017), is a city designed 
considering the three pillars of sustainability, namely social, 
economic, and environmental impact. Such a city will be 
a resilient habitat for existing populations with the capac-
ity to respond to disruptions or disturbances and recover 
quickly. That city will also not compromise the ability of 
future generations to experience similar habitat conditions. 
The environments in which cities have been located have 
clearly been changed significantly from their original states. 
However, their new states require assessment using appropri-
ate measures, which, according to a definition above, also 
need to be assessed as to whether they can provide a satisfac-
tory standard of living for its current inhabitants and future 
generations. While Costanza and Patten (1995) state some-
what negatively that sustainability can only be assessed after 
the fact and not in advance, it is essential that the sustainabil-
ity of existing urban environmental practices are assessed in 
consideration of future generations.

Berger (2014) states that cities are unsustainable, while 
Gardner (2016) in providing a significant review of the 
sustainability of cities, provides a negative projection for the 
future of the world’s environment. This environment will 
be dominated by cities and, if the majority of the world’s 
population achieves a similar standard of living as the afflu-
ent populations today, global material use will grow by 3 to 
5 times current levels. Even technology gains will not reduce 
the use of materials, since in the past 500 years technology 
developments are estimated to have increased environmental 
impacts by 1.5 times. “Creating sustainable cities for all will 
require great creativity as well as decidedly lower levels of 
consumption. It will only be possible if a new relationship 
between humans, energy, and materials is achieved” (Gardner 
2016). Experiences with global forums are discussed in Hold-
en et al. (2008) and, although written before the development 
of Agenda 2030 and the Sustainable Development Goals 
(United Nations 2016), it contrasts actions that are presented 
to achieve sustainability of urban areas, which include a 
paradigm shift that must occur before a major global crisis 
occurs. Mori and Christodoulou (2012) argue that no satisfac-
tory sustainability indicators have been developed for cities 
because such indicators should do the following: (a) take into 
account the three components of sustainability—social, eco-
nomic, environmental impacts; (b) include consideration of 
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the effects of the use of resources from neighboring areas; (c) 
be created specifically for assessing city sustainability in both 
developed and developing countries; (d) be based on absolute 
measures; and (e) use “total environmental impact and/or 
eco-efficiency as a threshold or a criterion”. In EU (2015), a 
range of indices is considered, and the authors conclude “that 
efficient governance informed by science-driven policies is 
a critical component of sustainable development”. In the 
recommendation for a systems approach for sustainable cities, 
Bai et al. (2016) referred to cities as being open systems, 
complex, encompass multiple actors, and are embedded in a 
range of structures and processes.

Urbanization has major impacts on the quality of urban 
life and its sustainable development. Shao et al. (2020) refer 
to the negative impacts of urbanization on ecosystem services 
(ES), which are described in the section “Natural Capital and 
Ecosystem Services”, because environments that provide such 
services as carbon sequestration and support for biodiversity 
have been replaced by built-up land cover. Shao et al. (2020) 
have developed two indicators (fraction of vegetation cover-
age and surface urban heat island intensity) to analyze the 
characteristics of urban environments.

The Importance of Green Space in Urban Areas
The benefits of exposure to green spaces have been described 
by many authors and as stated below, green space is consid-
ered as part of urban ES. For example, Twohig-Bennett and 
Jones (2018) list a number of significant health benefits for 
inhabitants from exposure to green space, including reduced 
blood pressure, heart rate, and reduced incidence of a number 
of health risks. They further encourage policy and decision-
makers to create, improve, and maintain green spaces espe-
cially in deprived city areas. Shanahan et al. (2017) listed the 
beneficial experiences of tree cover in various parts of two 
cities, one in the United Kingdom and the other in Australia, 
which were measured by a Nature Relatedness scale, where 
the percentage of tree cover varied from less than 10% to more 
than 60%. The Natural Relatedness scale correlates well with 
attitudes towards nature and differentiates between those who 
are enthusiastic or otherwise about nature. The benefits of tree 
cover include reduced stress and asthma, and “psychological 
restoration”. Similarly, Cox et al. (2018) determined “nature 
dose intensity” in the form of trees taller than 2 m, derived by 
airborne light detection and ranging (lidar) and Normalized 
Difference Vegetation Index images from Landsat 8, and found 
that people with low levels of nature dose have poorer mental 
health and lower levels of social cohesion, but also can gain 
the most from exposure to nature. Mennis et al. (2018) referred 
to the importance of exposure to vegetation and natural areas 
leading to reduced stress, attention restoration, and reduction 
in fatigue in adolescents, and recommended that these find-
ings should influence urban development policies for the in-
clusion of green space, highlighting that access to green space 
is being recognized as an environmental justice issue (Wolch 
et al. 2014). Metrics have been discussed in literature regard-
ing desirable sizes of green spaces and distances to them. The 
minimum size of green space suggested by several authors var-
ied between 0.5 ha and 1 ha, and a threshold distance of 300 
m is likely to have better health benefits than longer distances. 
Van Den Bosch et al. (2015) recommend “a 300 m maximum 
linear distance to the boundary of urban green spaces of a 
minimum size of 1 hectare”. Environmentally conscious cities 
worldwide are taking actions to ensure cities are sustainable 
and provide adequate green spaces, but projecting the impact 
of these actions into the future, which should be a key aim for 
sustainable urban areas, presents considerable uncertainties.

Even though it is generally agreed that compact cities 
are more efficient for the provision of infrastructure, they 
concentrate buildings and impervious surfaces with a conse-
quent loss of vegetation and hence green spaces. Increasing 

compactness beyond a certain limit is undesirable for the 
health and well-being of the population and energy con-
sumption, as well as the health of local fauna and flora. For 
example, Tian et al. (2012) have described measures taken to 
overcome the high levels of compactness of developments in 
Hong Kong, which have led to extremely low green cover in 
built-up areas. Holden and Norland (2005) refer to studies in 
which energy use per capita decreases as densities of cities 
increase, but it increases if compactness increases beyond a 
certain limit. Rapid urbanization has brought about growth of 
urban vegetation, which has a higher heterogeneity and there-
fore more mixed pixels when medium and low-resolution 
remotely sensed data are used to interpret urban areas (Zhang 
and Shao 2020).

Fragmentation in Urban Areas
Fragmentation of green spaces and therefore habitats is a 
typical consequence of urbanization and there has been 
considerable discussion in literature about its significance. 
Based on a review of about 100 research papers, Fahrig (2003) 
determined that while fragmentation can have significant 
impacts on biodiversity, the relationship is complex and may 
have negative as well as positive effects. The paper asks, 
“How much habitat is enough?” To answer the question, it 
is necessary to determine which species are most affected 
by the habitat loss. Fragmentation itself, therefore, is not 
necessarily a suitable measure of the effects on habitat loss, 
and behaviors of species may vary according to the charac-
teristics and changes in habitats caused by humans (Fischer 
and Lindenmayer 2006; Lortie et al. 2004). Therefore, habitat 
fragmentation should be considered as being dependent on 
the spatial context, the multiple interacting drivers, and the 
various species associated with the landscape. Perrings et al. 
(2010) referred to proposed biodiversity targets set for 2020 in 
2010 that were not achieved and that the underlying causes of 
losses in biodiversity need addressing.

Haddad et al. (2015), in providing a comprehensive study in 
five continents and multiple biomes, demonstrates that frag-
mentation has degraded biodiversity by 13% to 75%, and it also 
impairs key ecosystem functions by decreasing biomass and 
altering nutrient cycles. Pettorelli et al. (2018) have presented 
a detailed discussion of available remote sensing technologies 
for a global biodiversity monitoring strategy and stress that 
biodiversity is in crisis. They recommend better understanding 
of the relationships between biodiversity and ES, which are 
defined in the section “Natural Capital and Ecosystem Services” 
in this paper. Pettorelli et al. (2018) have proposed a global 
biodiversity monitoring strategy by adopting a set of definitions, 
a typology for ecosystem functions, reviews of current opportu-
nities, and the potential limitations of satellite remote sensing 
technology to support the monitoring process worldwide.

Future Status of Urban Areas
It is clear from the foregoing that urbanization will be the 
dominant environmental structure for many future communi-
ties. Urban environments have experienced serious degrada-
tion not only within the urban areas, but also in surrounding 
areas as resources are consumed from ever widening areas. 
Taking into consideration the above findings, it is clear 
that green spaces are increasingly fragmented; this, in turn, 
results in a deterioration in habitat biodiversity in cities, 
such that fewer species of flora and fauna will be resilient 
enough to adapt to the changes in environmental condi-
tions. Conversely, it has been demonstrated that urban green 
spaces can reduce the effects of urban heat islands, ensuring 
energy flow, clean air, and water, while providing aesthetic 
enjoyment, recreational opportunities, and improved physical 
and psychological well-being of inhabitants. Cities will con-
tinue to exist because of the increases in population around 
the world, said to reach about 8.5 billion by 2030. Trinder 
and Liu (2020) proposed that a desired minimum green cover 
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should be of the order of 15% to 20% in central business 
districts and industrial areas, 25% to 30% in residential and 
light commercial areas, and up to 50% in suburban areas. 
Meanwhile, Goal 11 of the UN Sustainable Development 
Goals and Agenda 2030 (United Nations 2016) proposes to al-
leviate poverty and improve the environment of urban areas.

This paper proposes that assessment of ES should be used 
as a basis for sustainability of urban areas. Therefore, natural 
capital and ES as well as the supply and demand for ES will be 
presented in the next sections, followed by a discussion of the 
contributions of remote sensing to the assessment of ES.

Natural Capital and ES
Ecosystem services have been studied extensively over ap-
proximately the past four decades, as described in Costanza 
et al. (1997), who presented details of seventeen ES across 
sixteen biomes as listed in Table 1. These details have 
been updated in many recent research publications includ-
ing Costanza et al. (2014). Costanza et al. (1997) state that 
“natural capital” comprises trees, minerals, ecosystems, and 
the atmosphere; manufactured capital includes machines 
and buildings; human capital comprises physical bodies; and 
intangible forms, such as knowledge held by individuals, 
computers, in species, or ecosystems. Ecosystem services 
are those provided by the natural environment and properly 
functioning ecosystems, for the benefit of humans. They dem-
onstrate the extent of dependence of humans on the natural 
environment, in the context of more than 54% of the world’s 
population now living in urban areas. They are represented by 
flows of material, energy, and information from natural capital 
stocks, which combine with manufactured and human capital 
services to produce human welfare (Costanza et al. 2014). 
Expressed another way, human well-being is dependent on in-
teractions between built, social, human, and natural capital.

Table 1. Ecosystem services according to Costanza et al. (1997).

Services

Gas regulation
Climate regulation
Disturbance regulation
Water regulation
Water supply
Erosion control and sediment retention
Soil formation
Nutrient cycling
Water treatment

Pollination
Biological control
Refugia
Food production
Raw materials
Genetic resources
Recreation
Cultural

A broader based index that estimates the economic wel-
fare generated by economic activity is the genuine prog-
ress indicator (GPI). GPI estimates personal consumption 
expenditures which are adjusted by 24 different components, 
including income distribution, environmental costs, and 
negative activities, such as crime and pollution amongst 
others (Kubiszewski et al. 2013). GPI has been presented as 
an alternative to gross domestic product (GDP) which only 
measures current production. Kubiszewski et al. (2013) have 
provided a detailed justification for the use of GPI instead of 
other measures that express the welfare of a nation. Globally 
GPI/capita maximized in about 1978 and has tended to 
decline or remain constant since then, while GDP/capita has 
continued to increase. The conclusion is that policy focus 
should shift away from increasing production and hence, GDP, 
and concentrate on improving genuine human well-being 
through the use of such indices as GPI.

Maechler and Graz (2019) state that “natural capital 
accounting builds on the relationship between ES on one 
hand, and environmental accounting on the other”. They 
indicate that various organizations, including multi-national 

accounting firms, have adopted methods of translating 
environmental data into monetary units to manage environ-
mental crises. The International Standards Organization (ISO) 
has developed standards for environmental management pub-
lished in the ISO 14000 family of standards, described in some 
detail by Maechler and Graz (2019), which they claim can be 
used as a basis for future sustainable finance.

Guerry et al. (2015) aimed to raise awareness of the 
interdependence of ecosystems and human well-being, 
advancing the characteristics of the interdisciplinary science 
of ES, and implementing that science in decision-making to 
reestablish the sustainable use of natural capital. They suggest 
that a path forward should include the following:
a. developing evidence linking decisions in an urban envi-

ronment to impacts on natural capital and ES, and conse-
quently to human well-being,

b. working with decision-makers in government, business, 
and civil society to integrate consideration of natural capi-
tal and ES as inherently part of normal decision-making,

c. reforming policies and building capacity to better align pri-
vate short-term goals of the decision-making process with 
societal long-term goals.
In describing a cascade model for ES, Rugani et al. (2019) 

have demonstrated how the quality of ES can impact human 
well-being.

The descriptions of ES are complex, but the understanding 
is that if ES is diminished for any reason, such as by human ac-
tions, then human well-being and ability to prosper maybe ad-
versely affected. Breuste et al. (2013) have attempted to assess 
ES of parks and green spaces in several cities in Asia and Latin 
America and suggest that ES should become part of the urban 
planning process, including targets and quantities of required 
services. Hansen et al. (2015) recommend that ES should be 
considered in urban planning, so that the needs of the inhab-
itants of urban areas can be considered during this process. 
They reviewed the uptake of ES in the planning processes in 
six cities in Europe and U.S.A. and concluded that more than 
half of the cities revealed a recognition of the dependence of 
urban inhabitants on ES. In October 2015, the Obama Admin-
istration in the U.S.A. (Obama 2015) released a memorandum 
directing federal agencies to factor the value of natural infra-
structure and ES into federal planning and decision-making. 
Members of the European Union (EU) have also been requested 
to take ES into consideration for decision-making.

Defining the Benefits of ES to Human’s Well-Being
Determining ES
According to Costanza et al. (2014), the global value of ES 
decreased by a conservatively estimated USD 20 trillion/
year between 1997 and 2011 or between 9% and 14%, due to 
changes in land use. While the significance of estimating the 
value of ES in monetary terms has been disputed in literature, 
Costanza et al. (2014) stress that the estimates refer to the 
current relative contribution of the assets or activities to 
human well-being derived from the interaction of the basic 
types of capital referred to in the section “Natural Capital and 
Ecosystem Services”.

Wang et al. (2018) showed that building areas increased 
by 3.5 times in Dongying, China from 1994 to 2015, which 
resulted in an estimated reduction in ES on the order of 13%. 
However, Trinder and Liu (2020) showed that over a period 
of 30 years from 1987 to 2017, building developments in Wu-
han, China and western Sydney, Australia, caused estimated 
reductions in ES of about 20% and about 3%, respectively.

The issue is How to assess the impact of losses of ES on 
the well-being of humans? While GPI (Kubiszewski et al. 
2013) was presented to assist in assessing human welfare, it 
is based more on economics and is not meant as a means of 
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determining sustainability. For the future, GPI assessment 
should consider environmental protection, employment, 
social equity, better product quality, and durability, and 
efficient resource use (Kubiszewski et al. 2013). This paper 
will not attempt to include assessment of these issues but 
concentrate on the supply and demand of ES.

Recent considerations of the prescription of ES have 
been based on MA (2005) and TEEB (2010) publications, in 
four major categories: provisioning, regulating, cultural 
and amenity service, and supporting and habitat services. 
Gómez-Baggethun et al. (2013) describe these services as 
shown in Table 2. Maes et al. (2016), together with many 
other researchers in the EU, undertook the fourth mapping 
and assessment of ecosystems and their services for urban 
ecosystems, together with specific treatment of 10 cities in 
Europe. The detailed report demonstrates the progress being 
made in the EU in assessing the quality of ES. It states that a 
“pristine urban ecosystem” against which to judge the results 
in the report is not credible nor would it be an appropriate 
framework. The conclusion was that urban ecosystems are 
considered in “good condition” if the living conditions for 
humans and urban biodiversity are good, in terms of provision 
of the services, there exists a high level of species diversity, 
and there is a balance between green and built-up areas. The 
report provides a table of key indicators against which to 
judge the provision of ES together with a table of approaches 
for defining a reference condition of urban ecosystems.

Table 2. Categories of ecosystem services derived from MA 
(2005) and TEEB (2010).

Ecosystem Services Benefits Gained 

Provisioning 
Material products—food, fibre, fresh 
water, and genetic resources

Regulating
Regulation of climate, water, pollination, 
and some human diseases

Cultural

Nonmaterial benefits—spiritual 
enrichment, cognitive development, 
reflection, recreation, and aesthetic 
experience, and their role in supporting 
knowledge systems, social relations, and 
aesthetic values

Supporting and habitat—
necessary for all ES

Biomass production, nutrient cycling, 
water cycling, provisioning of habitat for 
species, maintenance of genetic pools, 
and evolutionary processes

Provision of ES Expressed as Supply and Demand
Burkhard et al. (2012) have defined supply of ES, which refers 
to the capacity of a region to supply a service, and demand for 
ES being the amount actually consumed. Therefore, these two 
services are combined to form the ecosystem footprint which 
is the area needed to generate the ES required by a certain 
region in a timeframe. The assessment of the provision of ES to 
a region requires appropriate indicators, which are sensitive to 
change over time. Such indicators are similar to sustainability 
indicators referred to in the section “Urban Sustainability” 
in this paper, but are based on ES. Burkhard et al. (2012) have 
suggested that provisioning services are relatively easy to 
quantify, but assessment of cultural services is more subjective. 
They have followed a process whereby ecological integrity is 
determined for provisioning, regulating, and cultural services 
to preserve them against nonspecific ecological risks, such 
as disturbances of the self-organizing capacity of ecological 
systems. The ecological integrities of ES in the case of cities in 
Europe were derived for the land cover in Corine databases 
(European land cover inventory), together with potential 
indicators and the relative capacity to supply the ES. The 
demands for the ES were determined for a test site in Leipzig/

Halle in Germany in Burkhard et al. (2012). By comparing the 
ES demands against their supply, for some urban industrial 
and commercial areas, demand exceeds supply while for other 
areas supply exceeds demand. Changes in energy supply and 
demand, from fossil fuel to renewable sources, were reflected 
in the changes in supply/demand values determined for years 
1990 and 2007. This is a vexed process because the demand for 
ES may not occur in the same location as supply and therefore 
decisions are required as to where these values should be 
assigned. Gómez-Baggethun and Barton (2013) provide details 
of the supply of categories of ES and disservices in urban areas, 
the latter being inconveniences or pests in urban living, but 
they do not relate the supply to demand. They refer to a range 
of approaches for estimating values of urban ES with examples 
and describe challenges in relation to urban planning, where 
there is significant variation and fragmentation in urban 
ecosystems. Gaston et al. (2013) have referred to the supply, 
flow, and demand for ES, especially green space.

Haas and Ban (2017a) determined changes in urban land 
cover over Shanghai, China from 2000 to 2009, using high-
resolution satellite images from Geo-Eye-1 and IKONOS. 
They stated that high-resolution images are essential for the 
analysis of land cover classes in urban areas, despite the prob-
lems in dealing with shadows cast by tall buildings. Urban 
land use and land cover (LULC) classes were valued in terms 
of their capacity or supply, and demand for 22 regulating, 
provisioning, and cultural ES according to Burkhard et al. 
(2012), which were based on those listed in MA (2005). The 
results demonstrated an increase in ES of about 20% over the 
nine-year period, with the largest increase brought about by 
increases in green spaces.

Haas and Ban (2017b) fused Sentinel 1 with simulated 
Sentinel 2 images over the city of Zurich, Switzerland to 
determine land cover patches. The influence of four geometric 
parameters of the extracted land cover patches on the relative 
demand and supply of ES were derived as follows: (a) dis-
tances to patches, since easily accessible patches are of more 
benefit to urban dwellers; (b) perimeter to area ratio, since the 
shape of a patch will influence benefit of ecosystems; (c) area, 
since larger areas are likely to provide greater benefit through 
diversity and recreation benefit; and (d) contiguity, since less 
fragmented patches will enable greater diversity and recre-
ational benefit to inhabitants. Since the authors were of the 
view that definitive monetary values of ES are uncertain, no 
values were assigned to the ES, and service units per hectare 
were assigned.

While not referring to urban ES, Schröter et al. (2014) used 
the terms capacity and flow to describe supply and demand. 
They discussed the differences between capacity and flow, 
their spatial extent, rivalry, or congestion that prevents other 
beneficiaries from using the services, and measurement of 
the services. Therefore, a spatial assessment of capacity and 
flow can be used to support monitoring sustainability of 
ecosystem consumption, which they believe can be used as a 
contribution to ecosystem accounting. They provide a table 
of ES indicators for the area of Telemark in Norway as well as 
capacity-flow-balance for four ES.

Ortiz and Geneletti (2018) studied the “mismatches” in the 
provision of ES in the city of Havana, Cuba which should be 
assessed spatially and temporally, by mapping and comparing 
capacity of flow (or supply) and demand, which were limited 
to examples of two ES: food and recreation. These examples 
are based on two typologies of mismatches, as shown 
conceptually in Figure 1. The typologies are  “unsustainable 
flow” and “unsatisfied demand”; they involve assessing how 
much and where the flow was unsustainable, the location 
of the unsatisfied demand, and the extent of the deficit 
considering the demand. The demand for recreation areas was 
based on the distance for residents to travel to reach recreation 
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areas and was presented graphically, while supply of food 
was based on the supply of at least 45% of food requirements. 
Both case studies revealed that there were supply mismatches. 
The paper supported the proposal for considering supply and 
demand as a measure of sufficiency of ES.

Figure 1. Conceptual framework of mismatches between 
capacity and demand after Ortiz and Geneletti (2018). 
Quality standards represent ES demand, which are reduced 
by the reliance coefficient. Critical capacity may rely on 
conditions of unsustainability and will always be less 
than maximum capacity. Unsatisfied demand occurs when 
demand is higher than ES flow. Unsustainable flow occurs 
when flow exceeds critical capacity.

In the book by Geneletti et al. (2020b) emphasis is placed 
on consideration of ES for decision-making for urban planning 
with special reference to Italy. Green space is considered an 
essential element of the planning process, while there is a 
need for equity of supply and demand for ES (Geneletti et al. 
2020a). Colavitti et al. (2020) refer to the need for planning 
processes to be changed in Italy from being based on a 
traditional standard approach to a more innovative solution 
based on assessment of ES, as described in the scientific 
literature. However, in identifying several cities in Italy, 
they indicate the difficulties in integrating a comprehensive 
evaluation of the demand and supply of public services into 
the decision-making processes of governance in Italy. The 
definition of new standards must consider the changing 
factors affecting the well-being of urban inhabitants in Italy.

Contributions of Geospatial Technologies to Determining ES
Costanza et al. (2017) referred to the need for access to remote 
sensing data at a range of resolutions, as well as volunteer 
collection of data to achieve rapid compilation of ES. Burkhard 
et al. (2012) suggest that while Corine data was available 
for the study described above, higher spatial and temporal 
resolution earth observation data would be required for more 
detailed analysis. Similarly, Gaston et al. (2013) refer to the 
need to use high-resolution remote sensing data for analyzing 
ES, while Gómez-Baggethun et al. (2013) point out that the 
type and scale of ES will vary for individual environmental 
and geographic characteristics of each region; some of the ES 
can be determined by remote sensing technologies.

With the recent and continued developments of remote 
sensing technologies, assessment of urban ES is becoming 
possible. These developments include the following: (a) 
increased spatial, temporal, and spectral resolutions, from 
high-resolution agile satellites that can provide high-
resolution repeat coverage; (b) multiple medium- to high-
resolution small satellites launched by private companies; 
(c) piloted and remotely piloted aerial systems (RPAS); (d) 
multi-polarized synthetic aperture radar systems with a range 
of frequencies; and (e) airborne lidar systems, 

While sensors on satellite platforms are available with 
a very broad range of spatial resolutions, because of the 
requirements of urban remote sensing to detect buildings, 
pavements, roads, parking lots, the fragmentation of 
open space and similar issues, airborne sensors have 
been specifically designed for urban mapping by several 

companies. RPAS systems are rapidly developing and are 
available for very high-resolution imaging with very small 
ground sampling distances.

Spectral resolution refers to the range and width of 
wavelengths that can be resolved by a sensor, while temporal 
resolution refers to the frequency of coverage of a certain area 
on the terrain surface by a sensor. In the design of sensors 
on satellites, there is necessarily a compromise between the 
demands for spatial, spectral, and temporal resolutions. On 
the other hand, currently available airborne hyperspectral 
sensors have very high spectral resolutions in hundreds of 
spectral bands but a relatively coarse spatial resolution.

Airborne  lidar, (also written as LiDAR) data is based on 
a scanning pulsed laser, with wavelengths in the infrared 
region of the electromagnetic spectrum, so that distances from 
the platform, either piloted or RPAS to the terrain surface is 
determined from the time of travel of the laser pulse. Together 
with knowledge of the position and attitude of the aircraft, a 
dense point cloud on the terrain surface can be determined 
to represent the positions and elevations of discrete posts at 
a density in excess of 10 posts per m2. Airborne lidar can be 
acquired simultaneously with aerial images for the extraction 
of three-dimensional information about man-made features 
and therefore details of the built environment.

The two publications by Haas and Ban, referred to above, 
have demonstrated how the evaluation of ES for urban areas 
could be based on satellite remote sensing technologies. In 
particular, in Haas and Ban (2017b), ES supply and demand 
were determined by extracting 13 land use classes from satel-
lite remotely sensed data, with an accuracy of the order of 
80%. The classes were attributed to 22 ecological integrity, 
regulating, provisioning, and cultural services and seven 
integrity measures (Burkhard et al. 2012) to derive capaci-
ties of ecosystems and their functions for supplying services. 
The supply services attributed to each class are defined as 
the sum of all ecological integrity, regulating, provisioning, 
and cultural services. Areas that lack the provision of these 
services are considered neutral or being in service demand 
based on human interaction, their structural design, use, and 
functioning. A demand map was generated with modified 
service values through addition and averaging of all influence 
maps and through multiplication with original budget values 
from Burkhard et al. (2012). Interurban supply and demand 
comparisons were made by multiplying the LULC extracted 
area with attributed budget values per class.

In de Araujo Barbosa et al. (2015) a review is given of 
papers published on the topic of remote sensing for determin-
ing characteristics of ES. There is not only a lack of coverage 
of urban areas, but the paper has not considered the most 
recent developments in determining ES or remote sensing 
technologies. They note that there is no definitive list of ES 
and therefore have chosen those provided in the MA (2005). 
They identified 211 peer-reviewed papers covering the appli-
cations of remote sensing for determining ES as listed in Table 
3. The paper argues that identifying the relationship between 
locations of changes in ES and those who receive the benefits 
is important.

Table 3. ES that were determined by remote sensing for 
determining ES according to de Araujo Barbosa et al. (2015), 
separated into “significant” and “less significant” topics.

Significant Topics Less Significant Topics

 Food provision
 Climate regulation
 Genetic resources
 Raw materials
 Water provision
 Erosion regulation

 Water regulation
 Biological refugia
 Cultural heritage
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While it would be appropriate to present remote sensing 
technologies that would be suitable for detecting more ES than 
are listed in Table 3 or as described by Haas and Ban (2017b), 
this would not be possible in the space available. Indeed, the 
parameters that would be measured by the current remote 
sensing or by other means are listed against the 22 ecological 
integrity, regulating, provisioning, and cultural services and 
seven integrity measures in Table 1 of Burkhard et al. (2012). 
Pettorelli and her 27 coauthors (2018) provide a comprehen-
sive list of current remote sensors that could be used for assess-
ing ES. As technologies develop, it is likely that further sensors 
will be available for assessing ES. Both publications are derived 
by multiple authors who have expertise in a broad range of ES.

Finally, Scott and Rajabifard (2017) have provided a frame-
work for the development of national policies incorporating 
geospatial information. They stress the opportunities for the 
geospatial community to play a significant role in global sus-
tainable development.

Conclusions
The starting point for this review on urban sustainability 
and ES was to describe the concept of sustainability and the 
importance of green spaces in urban areas. Ecosystem ser-
vices, which were defined in the paper as providing the life 
support systems for human’s well-being, have been studied for 
about four decades, but there is still much to be learned about 
how they can be assessed and how they can be applied as an 
assessment tool for decision-makers and sustainability of urban 
areas. Ecosystem services adopted in this paper are based on 
the contributions in MA (2005) and TEEB (2010) which comprise 
22 regulating, provisioning, and cultural ES and seven integrity 
measures. The assessment of some of the ES by remote sensing 
technologies has been described, but future remote sensing sys-
tems will enable more of the ES to be determined and therefore, 
contribute to assessing urban sustainability based on their sup-
ply and demand. Published works demonstrate types of remote 
sensing systems that should allow more of the ES to be assessed. 
The impact of urban developments has had a very significant, 
and in some cases disastrous, impact on biodiversity and frag-
mentation of habitats, which is reflected in a reduction in ES.

The process by which the supply and demand for ES are as-
sessed and change over time has been adopted as a guide for 
assessing urban sustainability. The assessment of ES should 
enable determining these impacts on quality of life of inhabit-
ants of cities. We posed the question How to assess the impact 
of losses of ES on the well-being of humans? Progress has been 
made in some aspects of this work. Geospatial technologies, 
including remote sensing, should play a significant role in the 
future assessment of ES.
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Monitoring Work Resumption of Wuhan in the 
COVID-19 Epidemic Using Daily Nighttime Light

Zhenfeng Shao, Yun Tang, Xiao Huang, and Deren Li

Abstract
This study analyzes the characteristics of nighttime light 
(NTL) radiance variation, aiming to demonstrate the possibil-
ity of using NTL to monitor work resumption and evaluate the 
impact of COVID-19 on economic activities in Wuhan, China. 
The results show that NTL radiance generally decreased dur-
ing the epidemic. Despite the fact that increased NTL radi-
ance was observed after lifting the lockdown, it was still lower 
than normal, indicating that socioeconomic activities have 
been largely resumed but the production scale has not been 
fully restored, and the decrease in nitrogen dioxide concen-
tration verified this phenomenon. We find that central urban 
areas and distant suburban areas present different modes of 
NTL radiance variation. We further observed a decrease in NTL 
radiance from different urban functional areas, including in-
dustrial parks, airports, business districts, loop lines, and res-
idential area, that corresponds to the impact of the COVID-19 
epidemic on both industrial production and the service sector.

Introduction
The COVID-19 epidemic broke out in Wuhan, China, at the end 
of December 2020. This virus has greater transmissibility than 
severe acute respiratory syndrome and Middle East respira-
tory syndrome (Tomar and Gupta 2020). Within a few months, 
it had spread at a drastic rate and covered almost the whole 
world as of March 2020. The World Health Organization 
(WHO) estimated that the virus has an incubation period of 2 
to 10 days, which makes the control measures of the epidemic 
more intractable. Additionally, asymptomatic and pre-symp-
tomatic infections have become significant factors in pre-
venting the epidemic from spreading and rebounding. These 
infected cases can transmit the virus without displaying any 
symptoms. According to WHO, the cumulative number of con-
firmed COVID-19 cases worldwide exceeded 20 million on 12 
August, the cumulative number of deaths exceeded 730,000, 
and these numbers are still growing rapidly. Thus, the global 
epidemic prevention and control situation remains grim. With 
the strong contagions of the COVID-19 epidemic, many coun-
tries have enforced a series of emergency measures, including 
city lockdowns, ceasing industrial production, and restricting 
population movement (Pervaiz et al. 2020). Wuhan adopted 
lockdown measures to reduce the spread of COVID-19 from 23 
January to 8 April. Soon afterward, a majority of provinces 
in mainland China carried out rigorous measures to restrict 
social activities, production, and transportation. Thus, ana-
lyzing the impact of the lockdown on people’s daily lives and 

enterprise production becomes a significant scientific research 
not only to China but to other countries and regions as well.

At present, many studies that conduct analysis for the 
epidemic spread and impact of COVID-19 have been published. 
Research has investigated the future patterns and temporal 
dynamics of COVID-19 using time series models (Feroze 2020; 
Griffith et al. 2020; Li et al. 2020; Zhou et al. 2020), estimated 
and predicted the impact of different factors on the outbreak 
and spread of COVID-19 (Buckee et al. 2020; Luo et al. 2020; 
Oliveiros et al. 2020; Sajadi et al. 2020), illustrated the impact 
of containment measures on people’s daily lives (Liu et al. 
2020), analyzed the improvement of air quality (Adams 2020; 
Griffith et al. 2020; Liu et al. 2020; Pervaiz et al. 2020; Tao et 
al. 2020), and presented the spatiotemporal characteristics 
of the epidemic spread (Liu 2020; Liu et al. 2020; Wang et al. 
2020). However, few studies have focused on analyzing the 
impact of epidemic prevention and control measures on the 
progress of work resumption. During the COVID-19 epidemic, 
especially during the city lockdown, most enterprises were 
unable to execute production and business activities, and the 
governments made unified arrangements for work resump-
tion in accordance with the improvement in prevention and 
control measures for the epidemic. This study aims to moni-
tor the work resumption of Wuhan in the COVID-19 epidemic 
and understand the impact of the epidemic at the city level, 
providing evidence that can help governments adjust lift-
lockdown strategies and better evaluate economic losses.

Nighttime light (NTL) remote sensing data have been 
widely used to estimate socioeconomic parameters and serve 
as an indication of economic activity (Bennie et al. 2014; Shi 
et al. 2014; Li et al. 2016, 2018; Hu and Huang 2019) given 
their capability of demonstrating enterprise production, 
energy consumption, transportation, and other socioeconomic 
activities. Scholars have applied NTL data to understand the 
progress and impacts of critical threats as well as to monitor 
economic recovery in near real time at low cost (Hudecheck 
et al. 2020). NTL data provide an opportunity to understand 
people’s movements and activity changes during the lock-
down. The Earth Observation Group utilizes cloud-free aver-
age radiance composites to calculate brightness changes be-
tween the pre-epidemic period and the lockdown period. The 
results show that light intensity was decreased in many parts 
of China in February 2020, the peak of the epidemic (Elvidge 
et al. 2020). NASA has presented the NTL results of Wuhan, 
showing the comparisons before and during the lockdown. 
Their results demonstrated significant dimming, especially 
in certain districts and highways. Furthermore, NTL changes 
reflect the shutdown of business and transportation around 
Hubei province (NASA Earth Observatory 2020). The Gauteng 
City-Region Observatory has released comparisons of light 
intensity before the beginning of lockdown (March 2020) and 
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during the level 5 lockdown (April 2020) as well as the light 
intensity comparison from the level 5 lockdown to the level 
4 lockdown (May 2020). Their data present distinct dimming 
of lights during the level 5 lockdown, and many residential 
areas also show an overall dimming. Compared with the level 
5 lockdown, brightness during the level 4 lockdown show 
an overall increase (Naidoo and Maree 2020). Hudecheck et 
al. (2020) found that the NTL intensity of peripheral indus-
trial regions was reduced in January and February compared 
with the pre-epidemic period, and dense city centers showed 
a consistent pattern, indicating the impact of COVID-19 on 
China’s service sector. Anand and Kim (2020) used NTL data 
to assess the economic activity in African protected areas 
during the COVID-19 epidemic and found that 75% of the pro-
tected areas (a total of 8427) showed varying degrees of reduc-
tion in light intensity. However, the aforementioned studies 
focus mainly on qualitative analyses, and the spatial scales 
are national, provincial, and municipal, so it is necessary to 
perform quantitative analysis at a finer spatial and temporal 
resolution. In this study, we calculate monthly average NTL 
radiance variation in Wuhan before, during, and after the 
lockdown. We further analyze the impact of the epidemic in 
different urban functional areas (Zhou et al. 2020).

Industrial production, commercial activities, and trans-
portation have a significant impact on the natural environ-
ment (e.g., air quality). These anthropogenic activities shrank 
abruptly during the lockdown of cities, resulting in improved 
air quality and lower pollutant concentrations. Nitrogen 
dioxide (NO2), sulfur dioxide (SO2), and ozone (O3) come 
primarily from traffic emissions, power plants, and factory 
production. They can serve as representative indicators of 
industrial activities. An industrial and commercial slow-
down will consequently result in reduced concentrations of 
NO2, SO2, and O2. Therefore, detecting the concentration of 
these three indicators can monitor the energy consumption of 
industrial enterprises and indirectly reflect the status of work 
resumption. Several studies have stressed the effect of the 
lockdown on air quality (Collivignarelli et al. 2020; Kerimray 
et al. 2020; Nakada and Urban 2020; Stratoulias and Nutham-
machot 2020). NASA and the European Space Agency (ESA) 
have observed a significant reduction of NO2 over China 
using modified Copernicus Sentinel-5P data, and the reduc-
tion is correlated with the economic slowdown following the 
outbreak of the epidemic (NASA Earth Observatory 2020). The 
Royal Netherlands Meteorological Institute utilized data from 
the TROPOspheric Monitoring Instrument (TROPOMI) from 
Sentinel-5P and found that the NO2 concentrations in Madrid, 
Milan, and Rome dropped by around 45% from 13 March to 
13 April 2020, while Paris saw an arresting decrease of 54%, 
coinciding with the strict quarantine measures implemented 
across Europe (ESA Earth Online 2020).

This study utilizes daily NTL radiance images to detect the 
impact of the COVID-19 epidemic and the lockdown mea-
sures on Wuhan. The NO2 concentration data are used as 
an auxiliary validation. The changes in economic activities 
and industrial production reflected from NTL data during the 
epidemic are revealed in different administrative regions and 
urban functional areas. These results are expected to offer 
suggestions for decision-makers to assess economic losses and 
the progress of work resumption.

Materials and Methods
Data Set

Visible Infrared Imaging Radiometer Suite NTL Data
The Visible Infrared Imaging Radiometer Suite (VIIRS) Day 
Night Band (DNB) onboard the Suomi National Polar-orbiting 
Partnership satellite provides global daily measurements 
of nocturnal visible and near-infrared light. The VIIRS/DNB 

has a spectral range of 500 to 900 nm and is highly sensitive 
to low-light conditions, significantly improving the ability 
to detect anthropogenic lighting from buildings, roads, and 
other city infrastructures at night without the influence of 
moonlight (Hillger et al. 2013). NASA’s Black Marble night-
time lights product suite (VNP46) has been available at 500-m 
resolution since January 2012 with the data from VIIRS/DNB. 
The routine global processing retrieval algorithm utilizes all 
high-quality, cloud-free, and atmospheric-, terrain-, vegeta-
tion-, snow-, lunar-, and stray light–corrected radiances to 
estimate daily NTL and other intrinsic surface optical proper-
ties, which are described in detail in the algorithm theoretical 
basis document, and provides rigorous quality assurance and 
uncertainty information (Román et al. 2018). The cloud masks 
associated with NTL imagery were performed using the VIIRS 
thermal band (M15) with a spectral range of 10.26 to 11.26 µm 
(Román et al. 2019). This study utilizes the VNP46A1 product 
with temporal periods  from 1 December 2019 to 31 August 
2020 and from 1 December 2018 to 31 August 2019. The prod-
ucts are archived at NASA’s LAADS DAAC data center (https://
ladsweb.modaps.eosdis.nasa.gov).

Pollutant Data
The Sentinel-5 precursor mission provides daily global infor-
mation at a city-scale spatial resolution on the concentrations 
of trace gases and aerosols. The TROPOMI onboard the Sentinel-
5P satellite is a push-broom spectrometer with ultraviolet, vis-
ible spectrum, near-infrared, and short-wave infrared spectral 
bands, allowing for the retrieval of key atmospheric constitu-
ents, namely, NO2, O3, formaldehyde (CH2O), SO2, methane 
(CH4), carbon monoxide (CO), aerosol, and clouds (SRON 
2020). In order to monitor the induced changes during the dif-
ferent periods of the epidemic, statistics for the periods from 
1 December 2019 to 31 August 2020, and from 1 December 
2018 to 31 August 2019 were calculated. Earth Observation 
data were collected from the Sentinel-5P TROPOMI sensor and 
processed in Google Earth Engine (Gorelick et al. 2017).

Data Preprocessing
The VNP46A1 product contains 26 scientific data set lay-
ers. The “QF_Cloud_Mask” and “DNB_At_Sensor_
Radiance_500m” layers were extracted from VNP46A1. The 
“QF_Cloud_Mask” layer provides the identity information 
of pixels that are disturbed by clouds, cirrus clouds, and 
shadows. This identifier was used to filter the “DNB_At_
Sensor_Radiance_500m” layer to obtain a high-quality image. 
The “DNB_At_Sensor_Radiance_500m” layer provides pixel 
radiance with nW·cm−2·sr−1 as the unit. Clouds affect both the 
intensity and the location of lights in DNB imagery by reduc-
ing the intensity of the lights and blurring the spatial detail of 
the light features (Baugh et al. 2013). Therefore, the “probably 
clear,” “confidentially cloudy,” and “probably cloudy” pixels 
were marked as invalid according to the cloud mask.

The lockdown measure was implemented from 23 Janu-
ary to 8 April 2020, inducing far-reaching impacts on Wuhan. 
This study calculates the average NTL radiance of cloud-free 
pixels in different periods. HMA (half month ago) in 2020 
represents the period from 9 January to 23 January 2020, cor-
responding to the half month before the lockdown. HML (half 
month later) in 2020 represents the period from 24 January 
to 7 February 2020, corresponding to the half month after the 
lockdown. Similarly, HMA in 2019 represents the period from 
20 January to 3 February 2019. HML in 2019 represents the 
period from 4 February to 18 February 2019, corresponding to 
the same periods in 2020. Moreover, the average NTL radiance 
of January to August 2020 and 2019 were calculated. The NTL 
radiance of December 2019 and December 2018 were aver-
aged to create a pre-epidemic composite data set and the same 
periods in 2018’s composite data set; these two data sets were 

198 March 2021  PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING

http://my.asprs.org


treated as NTL intensity under normal economic activity and 
industrial production. The scope of the whole of Wuhan and 
the average NTL radiance image of the half month before the 
lockdown are shown in Figure 1 (pixels with radiance values 
lower than 5 nW·cm−2·sr−1 were excluded).

General Work Flow
Figure 2 shows the work flow described in the previous section.

Results
Change of NTL Intensity by Administrative Regions
Change of NTL Intensity in the Whole City
Figure 3 shows the change ratios of total NTL radiance 
in Wuhan within different periods. The values at HML in 
2020 represent the change ratio of NTL radiance from HML 
to December 2019, the values at HML in 2019 represent the 
change ratio of NTL radiance from HML to December 2018, and 
so on for the other periods and months. We can observe that 
NTL radiance decreased dramatically during the half month 
after the lockdown. To comply with the quarantine measures, 
factories, business centers, and schools were closed, and 
people continued to be quarantined by ceasing their daily 
activities from February to March, evidenced by the fact that 
all the change ratios are negative during the lockdown period.

On 8 April, Wuhan lifted the lockdown measures. The 
consumption of electricity by enterprises above a designated 
size had recovered over 80%, the employee attendance rate 
had reached 60.5% in early April, and the electricity load 
was expected to return to 90% by the end of April (Xinhuanet 
2020). NTL radiance was found to increase greatly compared 
to March but was still lower than NTL radiance in Decem-
ber 2019. The change ratios of total NTL radiance decreased 
in May and June 2019 compared with April, and the same 
is true in 2020, which can be attributed to the influence of 
seasonal factors. We further found that NTL radiance gradu-
ally increased after Wuhan lifted the lockdown measures, but 
the total NTL radiance was still lower than before the lock-
down, indicating that work resumption had been significantly 
improved but the production scale had not fully recovered. 
However, a drastic reduction in the NTL radiance change ratio 
was observed in July 2020, which can be explained by the lots 
of rainy days in July.

We further investigated the total NTL radiance difference 
value during different periods. The NTL radiance in Figure 4 

Figure 1. (a) Scope of Wuhan (Landsat 8 images). (b) Average NTL radiance of half month before the lockdown (9–23 January 2020).

Figure 2. General work flow.

Figure 3. Change ratios of total NTL radiance in different 
periods in Wuhan.
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was centered on the artificial lights that exist mainly in resi-
dential, urban, and built-up areas, excluding the outliers and 
the pixels with radiance values less than 5 nW·cm−2·sr−1 (Liu 
et al. 2020). In Figure 4, the values at HMA in 2020 represent 
the difference value of total NTL radiance between the same 
period in 2019 and December 2019, the values at HMA in 2019 
represent the difference value of total NTL radiance between 
the half month before the lockdown and December 2018, and 
so on for the other periods and months. All the median and 
mean total NTL radiance difference values are negative during 
and after the lockdown. After lifting the lockdown, the differ-
ence values of April are considerably lower than March. All 
of the above results indicate that the lockdown measures have 
greatly impacted economic activities, industrial manufactur-
ing, and population mobility in Wuhan.

Figure 5 presents the year-on-year growth rates of aver-
age NO2 concentrations over the different periods of the 
epidemic. Compared to the same period in 2019, we found a 
sharp reduction in NO2 concentration during the half month 
before the lockdown. After that, the year-on-year growth rates 
continued to decline during the lockdown until March. With 
the improvement of the epidemic situation, the growth rate 
in March shows an increase compared to February. Especially 
after the lockdown, the growth rate increased dramatically. 
Rainfall has little effect on the changes in NO2 concentra-
tion (YangFan 2015), although Wuhan suffered heavy rainfall 
in July, and the growth rate of NO2 concentration increased 
in July and reached a positive value, indicating that work 
resumption in July plays well. Therefore, the progress of work 
resumption, reflected by the changes in growth rate of NO2 
concentrations, is consistent with the results demonstrated by 
the change ratios of total NTL radiance.

The change ratios of total NTL radiance in different peri-
ods reveal that during and after the lockdown, the whole of 
Wuhan saw a decrease in total NTL radiance. Figure 6 dem-
onstrates the change ratios of six major economic indicators 
(Wuhan Bureau of Statistics 2020). Compared with 2019, all 
the indicators dropped significantly during the epidemic, 
consistent with the decrease in NTL radiance. The change 
ratios of the six major economic indicators show upward 

Figure 4. Comparison of NTL radiance difference value in 
different periods.

Figure 5. Year-on-year growth rate of average NO2 
concentration over Wuhan in different periods (the period 
before the red line represents the half month before the 
lockdown, the period between the red line and the green 
line represents the lockdown, and the period after the green 
line represents after the lockdown).

Figure 6. Change ratio of major economic indicators in Wuhan.
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trends after the lockdown, indicating that economic activities 
and industrial production improved when the epidemic was 
under control.

Changes in Different Regions
This study compared the NTL radiance change ratio across 
different regions of Wuhan. Figure 7 shows the change ratios 
of 13 administrative regions, which can be categorized into 
central urban areas and distant suburban areas. We observe 

that the central urban areas and distant suburban areas dem-
onstrate different patterns of the NTL radiance change ratio. 
For all the periods before, during, and after the lockdown, 
most NTL radiance change ratios in seven central urban areas 
are negative (Jiang’an, Jianghan, Qiaokou, Hanyang, Wuchang, 
Qingshan, and Hongshan districts). Although seasonal factors 
are taken into account, the degree of decrease in NTL radi-
ance in seven central urban areas before the lockdown is 
considerably higher than 2019, suggesting that citizens started 

Figure 7. Comparison of NTL radiance change ratios in 13 administrative regions of Wuhan.
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self-isolating before the official quarantines, and the similar 
NTL emissions reduction was observed in China’s northern 
regions (Hudecheck et al. 2020) .

On the other hand, the NTL radiance change ratio of seven 
central urban areas in the half month after the lockdown and 
February 2020 are obviously higher than the same periods in 
2019. According to the Wuhan Statistical Yearbook (2018), 
central urban areas are known to have high population densi-
ties, and people stay at home in compliance with epidemic 
prevention measures to reduce social contact and the risk of 
transmission during the lockdown, resulting in more pixels 
being lit in the residential category and brighter pixels being 
found in the residential areas. The same periods in 2019 are 
during the Spring Festival holiday, which explains the more 
frequent population movement than other months. As the 
migrant population returns to their hometowns and the resi-
dents go out to visit relatives and friends or travel, a decrease 
in NTL intensity of residential areas was observed.

The change ratios in six distant suburban areas (Dongxihu, 
Hannan, Caidian, Jiangxia, Huangpi and Xinzhou districts) 
present different patterns. The change ratios in the half month 
before the lockdown 2020 are positive, but they are negative 
in the seven central urban areas in the same period. Figure 3 
shows that the change ratio of the whole of Wuhan in the half 
month before the lockdown is 10.33%, which is consider-
ably higher than that in all central urban areas. This insight 
indicates that the NTL radiance increase of Wuhan in the half 
month before the lockdown is due largely to the NTL radiance 
increase in distant suburban areas. Figures 3 and 7 illustrate 
that the patterns of NTL radiance change in the same periods 
in 2019 are different from those in 2020, and they do not vary 
between the distant suburban areas and the central urban 
areas in the same periods in 2019. Furthermore, we calculate 
the NTL radiance change ratios over the same periods in 2018; 
these also did not show the discrepancies. The change ratio of 
the whole of Wuhan in the same periods in 2018 is 14.43%, 
and most administrative regions show varying degrees of NTL 
radiance increase, except for Qingshan district. However, the 
change ratios in the distant suburban areas are negative in the 
half month after the lockdown, except for Hannan district, 
which indicates that the NTL radiance of the distant suburban 
areas dropped sharply with the implementation of the lock-
down measures.

After the 2019 Spring Festival holiday, industries, com-
mercial centers, entertainment venues, and individual busi-
ness have completely resumed production, and employees 
returned to work. The NTL radiance in central urban areas has 
increased remarkably. From March to August 2020, lower NTL 
radiance change ratios were found than during the same peri-
ods in 2019 across all 13 administrative regions. The negative 
change ratios after the lockdown indicate that the production 
scale or capacity of enterprises has not been fully restored.

Figure 8 demonstrates the NTL radiance change ratios of 
two national development zones, i.e., East Lake High-Tech 
Development Zone (ELHTDZ) and Economic and Technologi-
cal Development Zone (ETDZ), which are the top two districts 
with the highest gross domestic product in Wuhan. The EL-
HTDZ is dominated by the optoelectronic information indus-
try, high-end equipment manufacturing, and the bioengineer-
ing and high-tech medicine industries. The automobile and 
automobile parts and the electronic and electrical industries 
are two pillar industries of the ETDZ.

Compared with the same period in 2019, these two zones 
present similar characteristics of NTL radiance variation. From 
the half month before the lockdown to February, most NTL ra-
diance change ratios are negative (except for the ETDZ in Febru-
ary), and all of them are higher than the same period in 2019. 
According to the Wuhan Statistical Yearbook (2018), these two 

zones have higher population densities than majority distant 
suburban areas, and the migrant population in the ELHTDZ and 
ETDZ accounts for 44.0% and 31.8%, respectively, of the total 
population in 2015. The mobility from the migrant population 
is presumably responsible for the reduction of NTL radiance for 
the ELHTDZ and ETDZ around Spring Festival holiday.

After February, the NTL radiance variation of the two zones 
present different patterns. Compared with December 2018, the 
NTL radiance of the ELHTDZ from March to August 2019 have 
slightly changed, indicating that the NTL intensity after Febru-
ary has reached a normal level in 2019. It indicates that social 
activities and industrial production have generally returned. 
However, compared with December 2019, the NTL intensity af-
ter February 2020 was still below the normal level before the 
epidemic, but the difference values of NTL radiance change 
ratios between 2020 and 2019 in the ELHTDZ are significantly 
lower than in most of the administrative regions, suggesting 
that the progress of work resumption in the ELHTDZ is better 
than in other regions. This results are supported by the fact 
that the gross regional production and growth rate of the EL-
HTDZ ranked first among all districts in Wuhan in the first half 
of 2020. We can also observe that the NTL radiance of the ETDZ 
are close to pre-epidemic levels from March to August 2020, 
but the NTL radiance change ratios are significantly lower than 
in the same period in 2019, suggesting that social activities 
and production have returned to pre-epidemic levels but are 
still lower than the same period in 2019.

Change in NTL Intensity by Urban Functional Areas Categories
We further calculate the change ratio of NTL radiance in differ-
ent urban functional area categories (i.e., industrial produc-
tion, airports, business districts, loop lines, and residential 
areas) to investigate the impact of the lockdown measures. 
Figures 9 and 10 present the change ratio of five industrial 
parks, airports, business districts, city centers, and residential 
communities, demonstrating their different change charac-
teristics. Before, during, and after the lockdown of Wuhan, 

Figure 8. Comparison of NTL radiance change ratios in two 
national development zones.
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Figure 9. Comparison of NTL radiance change ratios across industrial parks and the international airport.

Figure 10. Comparison of NTL radiance change ratios across business districts, the second ring road, and the community.
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decreased NTL radiance were found in most urban functional 
areas. Dongxihu Industrial Park consists of an industrial food 
park and a logistics industry park. With the lockdown of the 
city, the NTL radiance was found to have decreased, and the 
food process industries and express-delivery enterprises did 
not resume work and production until late March. We observe 
that the NTL radiance after the lockdown is close to that of 
December 2019, suggesting that the production capacity and 
scale have recovered. As the core area of Wuhan Airport 
Economic Zone, Huangpi Airport Industrial Park was com-
posed of five major industrial sectors, including new energy 
and new materials, jewelry and clothing design, intelligent 
manufacturing, biomedical industries, and logistics e-com-
merce. The NTL radiance change ratios in Huangpi Airport 
Industrial Park are negative throughout the temporal period 
before, during, and after the lockdown.

In Life and Health Industry Modern Demonstration Park, 
located in the ELHTDZ, the change ratios are obviously lower 
than in December 2019. Since the outbreak of the COVID-19 
epidemic, a number of medical enterprises in the park have 
maintained production and given full play to their advantages 
in research, production, and transportation and strengthened 
the production of testing methods, preventive drugs, and 
protective equipment to support the prevention and control of 
the epidemic, and those actions from the medical enterprises 
are presumably responsible for the high NTL radiance in the 
half month after the lockdown and in February. After the 
lockdown of Wuhan, the change ratios are still lower than the 
same periods in 2019, indicating that the production capacity 
has not fully recovered. After the lockdown, the NTL radiance 
change characteristics of Jingang Automobile Industrial Park 
are similar to those of Huangpi Airport Industrial Park and 
Life and Health Industry Modern Demonstration Park. Caid-
ian Modern Industrial Park focuses on high-end equipment 
manufacturing, including new-energy vehicles and intelligent 
connected vehicles, intelligent manufacturing, and modern 
logistics, and the NTL radiance change ratios increased obvi-
ously after the lockdown, suggesting that the production scale 
has been restored. Before, during, and after the lockdown, the 
change ratios of Tianhe International Airport are negative. 
Despite the fact that the NTL radiance has returned to the level 
of December 2019, the change ratios are significantly lower 
than the same periods in 2019, indicating that the production 
scale has not fully recovered to the levels of the same periods 
in 2019. Until mid-June, international scheduled passenger 
flights had not resumed due to the overseas epidemic. Daily 
flights recovered only 40%, and the passenger throughput 
recovered 25%. It was not until mid-September 2020 that the 
daily flight volume returned to the same level as the previous 
year (Changjiang Daily 2020).

We also observe a consistent variation in light emission in 
dense city centers and residential areas. The Jianghan Road 
and Hanzheng Street business districts are the two most 
prosperous areas in Wuhan, and dimmed NTL was found for 
those two districts before and during the lockdown. With 
the resumption of work since March, the change ratios are 
still negative and considerably lower than in 2019. A similar 
pattern can also be observed in the Zhongnan Road business 
district and within the second ring road. Compared with the 
same period in 2019, the NTL radiance change ratios of the 
dense city centers and business districts have been signifi-
cantly reduced, indicating a sharp reduction of non–industry-
related activities, corresponding to the impact of the COVID-19 
epidemic on the service sectors.

In comparison, the change ratios in residential areas pres-
ent different characteristics. As one of the communities with 
the largest permanent populations in Wuhan, the change 
ratios of Changqing Garden Community have generally shown 

an upward trend after the ease of the epidemic situation, 
indicating an increase in the return of residents and work 
resumption.

Discussion
The COVID-19 epidemic has greatly impacted economic activi-
ties, industrial production, and human activities. Some of 
these impacts can be monitored via light intensity from DNB 
images. By using NO2 concentration as auxiliary validation 
data and showing the characteristics of NTL radiance variation 
before, during, and after the lockdown in Wuhan, we monitor 
the light intensity dynamics in Wuhan to provide a compre-
hensive understanding of the impact of COVID-19 on both the 
economic activities and the work resumption process for 
decision-makers and citizens. To comply with the quarantine 
measures, most people stayed at home during the lockdown 
by reducing their daily outdoor activities. From the begin-
ning of the lockdown to mid-March 2020, Wuhan’s electricity 
load dropped by nearly 40% compared with the same period 
in 2020, which has been confirmed by the NTL intensity 
decrease, suggesting that the economy has been greatly im-
pacted. Moreover, we found that the impacts of the epidemic 
on different administrative regions and urban functional 
areas vary, reflected by the characteristics of the NTL. This 
type of information offers knowledge for decision-makers and 
the public on how the economy has recovered and provides 
a reference for the other countries to make their own poli-
cies to control the spread of the epidemic and resume work 
and production. In the future, we can utilize higher-spatial-
resolution NTL data to analyze the impact of COVID-19 on a 
subregional scale, such as high-spatial-resolution color Jilin-1 
imaging. Furthermore, the combinations of remote sensing 
data and statistical data, such as gross domestic product, 
consumption, and the unemployment rate, should be used to 
help in understanding the impacts of the epidemic. NTL has 
been used as an indicator of economic activity and provides a 
direct signature of human activity (Li et al. 2013; Levin et al. 
2020). NTL emissions are particularly effective at quantifying 
the economic and social impact of COVID-19. VIIRS/DNB data 
can quickly recognize decreases in economic activity, which 
is almost impossible to identify in time through statistical 
data issued by the government. Therefore, it can be used to 
investigate post-epidemic socioeconomic situations as well. 
However, NTL radiance is affected by deviations from clouds 
and aerosols, similar to daylight sensing in the visible band. 
Opaque clouds can completely block NTL radiance, while 
a thinner and transparent or semitransparent atmosphere 
partially blocks the radiance and scatters the light, creating 
a fuzzy image (Elvidge et al. 2017). In addition, uncertain-
ties originating from seasonal variation and surface optical 
properties also lead to measurement error in NTL. These types 
of uncertainty affect the estimation of socioeconomic status 
based on NTL data, and these factors need to be removed from 
the NTL radiance variation trends in future research. These 
challenges may be addressed with future sensors.

This study utilizes spatiotemporal patterns in artificial NTL 
to investigate the impact of the epidemic and to monitor work 
resumption at different scales and regions, proving the feasi-
bility of NTL remote sensing for studying the impact of public 
health emergencies. Furthermore, the breadth of NTL remote 
sensing applications can be improved and extended. Natural 
disasters can damage electrical equipment and infrastructure, 
interrupt human activities and production, and affect NTL 
emissions, and related power outages will be mapped on the 
NTL images. NTL remote sensing can monitor the extent and 
scope of disasters and the recovery from disasters.

204 March 2021  PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING

http://my.asprs.org


NO2 concentrations show sharp reductions before and dur-
ing the lockdown, and the growth rates of NO2 concentrations 
increased after the lockdown. Due to the reduction of indus-
trial production and transportation, the emissions of pollut-
ants have been greatly reduced during the lockdown, improv-
ing air quality. On the other hand, as the epidemic has broken 
out in many regions and countries, some cities have adopted 
lockdown measures to suppress the spread of the epidemic. 
The investigation of variation of pollutants and air qual-
ity during the epidemic should be expanded to larger study 
areas, and the comprehensive impacts of the epidemic on the 
urban environment should be analyzed in future studies.

Conclusions
The outbreak of the COVID-19 epidemic has greatly disrupted 
human lives, economic activities, and industrial manufactur-
ing. From 23 January to 8 April 2020, Wuhan adopted 76-day 
lockdown measures to reduce the spread of COVID-19. This 
study analyzes the impact of COVID-19 on human lives and 
economic activities as reflected by NTL and NO2 concentration 
and provides detailed spatiotemporal characteristics of the 
progress of work resumption. From the results of the experi-
ments and statistics, we conclude the following:
1. The average NTL radiance in Wuhan has dropped signifi-

cantly with the implementation of the lockdown mea-
sures. Although the NTL radiance has increased after lifting 
the lockdown, it is still lower than normal, indicating that 
compared with the lockdown period, work resumption 
has been improved, but the production scale and capacity 
have not been fully restored in Wuhan.

2. NO2 concentration reduced dramatically because of the 
shutdown of industrial production and transportation 
during the epidemic and shows a significant increase with 
the improvement of the epidemic situation, especially 
after the lockdown. The decrease of NO2 concentration in 
Wuhan has also confirmed the phenomenon demonstrated 
by the NTL radiance.

3. The central urban areas and distant suburban areas show 
different patterns of NTL radiance variation. NTL radiance 
in most central urban areas decreased before, during, and 
after the lockdown, and citizens started self-isolating be-
fore the official quarantines. During the half month before 
the lockdown, the increase of NTL radiance in Wuhan was 
accompanied by an increase of NTL radiance in distant 
suburban areas. Compared with December 2019, NTL 
radiance in 13 administrative regions was significantly 
reduced from March to August 2020.

4. The progress of work resumption in the ELHTDZ is better 
than all other administrative regions. Social activities and 
the production scale in the ETDZ have returned to pre-
epidemic levels.

5. NTL radiance in different urban functional areas all de-
creased during the epidemic, including industrial parks, 
airports, business districts, loop lines, and residential 
areas, indicating that the lockdown measures have a sig-
nificant impact on industrial production, commercial ac-
tivities, daily human life, and transportation. NTL radiance 
in the business districts has been remarkably reduced, 
indicating a sharp reduction of non–industry-related activ-
ity, corresponding to the impact of the COVID-19 epidemic 
on the service sectors.
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Progressive TIN Densification with  
Connection Analysis for Urban Lidar Data

Tao Wang, Lianbin Deng, Yuhong Li, and Hao Peng

Abstract
Urban lidar data are advantageous for capturing the ter-
rain surface of built-up areas, which can be directly used to 
provide digital surface models. Cloud points are classified 
into ground points to obtain digital terrain models. This study 
proposes a method to improve the progressive triangulated 
irregular network (TIN) densification method using a TIN con-
nection analysis algorithm, namely, connection analysis via 
slope analysis. The proposed method comprises five steps: 
selection of seed points, connection and slope analysis, 
increasing the seed points, construction of the TIN model of 
the seed points, and an iterative construction of the final TIN. 
Seven data sets from the International Society for Photogram-
metry and Remote Sensing  Working Group are used to test 
whether the proposed method can preserve discontinuities 
of landscapes and reduce omission and total errors by an 
average of 9% and 5%, respectively; achieving such re-
sults can reduce the amount of workload required for result 
modification during posttreatment, thus decreasing costs.

Introduction
With ongoing urbanization, the urban–rural fringe has gradu-
ally become built-up areas, thus affecting the quality of urban 
life and sustainable development (Ding et al. 2016). In devel-
oping countries, the problems are severe (Shao et al. 2020) 
and may lead to new challenges to urban development.

For example, if the proportion of urban buildings and 
roads is too large, it may lead to the decrease in permeable 
surfaces, such as vegetation. Moreover, the unreasonable 
distribution of impervious surfaces increases urban surface 
run-off, leading to waterlogging (Shao et al. 2019); the reduc-
tion of vegetation also results in the decrease in urban aboveg-
round biomass (Zhang and Shao 2020).

Airborne light detection and ranging (lidar) has become 
increasingly popular for creating digital terrain models. 
With lidar data, cultivated land is easily distinguished from 
buildings (Shao et al. 2020). Lidar can measure the distance 
between the sensor and a target. Airborne and satellite remote 
sensing are precise and useful (Shao et al. 2020), but substan-
tial work is required for automatic extraction from airborne 
lidar data.

Sithole and Vosselman (2004) compared different filter 
methods, concluding that filters that incorporate a surface 
concept perform better than others; however, no good segmen-
tation-based filters are available at present. Four algorithms, 
i.e., weighted linear least squares, multi-scale curvature 

classification, progressive morphological filter, and progres-
sive triangulated irregular network (TIN) were compared for 
filtering in a forest environment (Silva et al. 2018). Chen et al. 
(2017) classified existing methods into six categories: surface-
based adjustment, morphology-based filtering, TIN-based re-
finement, segmentation and classification, statistical analysis, 
and multi-scale comparison.

Digital elevation model (DEM) extraction algorithms use 
several methods to judge if a point is a ground point (Vossel-
man and Klein 2010). Lidar data are three-dimensional points. 
In remote sensing, images are usually processed in two dimen-
sions. Thus, if lidar data are converted to an image format, 
many image processing methods can be used to process point 
cloud data. However, the precision is changed after conver-
sion. (Shan and Charles 2009; Markus and Hanspeter 2007).

Filtering algorithms can be divided into four categories: 
morphological filtering, progressive densification, interpola-
tion, and segmentation algorithms.

Morphological filtering algorithms use a morphologi-
cal method to process the images converted from lidar data 
(Broelli et al. 2003). These algorithms mostly detect height 
differences, whereas surface-based filters also consider sur-
face trends (Chen et al. 2007). Therefore, surface-based filters 
can obtain more reliable outcomes than morphological ones. 
On the one hand, morphological algorithms remove the object 
points through slope analysis. On the other hand, features 
on flat areas must be maintained. The simple morphological 
filter algorithm uses increasing window sizes to remove the 
object points with a slope threshold and fills the empty cell 
(Thomas et al. 2013). Hui et al. (2016) improved the morpho-
logical method by using multi-level Kriging interpolation. Liu 
and Lim (2018) used a voxel-based multi-scale morphologi-
cal filtering method to extract DEMs under forest areas. Li et 
al. (2017) made a geodesic transformation of mathematical 
morphology. Bigdeli et al. (2018) included two main sec-
tions, i.e., iterative geodesic morphology and scan labeling. 
Ozcan and Unsalan (2016) proposed a novel filter based on 
two-dimensional empirical mode decomposition. Wang et al. 
(2018) created a terrain relief index to tune the slope-related 
parameters of ground filtering methods.

Progressive densification constructs terrain TIN models 
by detecting ground points increasingly. Axelsson (2000) 
divided data into grid cells. The point with the lowest height 
in each cell is selected as the seed point. Then, these points 
are triangulated to construct the initial TIN model. If a point 
is located in a triangle of the TIN model, then it is added to 
the TIN model. Zhang and Lin (2013) improved the above 
model using the segmentation method, and Zhao et al. (2016) 
improved this method using a morphological algorithm. He 
et al. (2018) proposed a method that progressively detects 
terrain points through energy minimization using a graph cut. 
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Dong et al. (2018) improved the progressive TIN densification 
method by considering the density and standard variance of 
point clouds. Shi et al. (2018) proposed a novel parameter-
free progressive TIN densification filtering method. Ma et 
al. (2018) combined the full-waveform and progressive TIN 
densification to extract ground points. Zhang et al. (2018) 
used LAS Ground to extract DEM from the photogrammetric 
dense matching cloud point. Dong et al. (2017) proposed a 
novel method to filter cloud points from image matching by 
considering the density of the TIN, the distance threshold, and 
the angle threshold. Nie et al. (2017) improved the classic 
progressive TIN method by combining the Douglas–Peuker 
algorithm and changing iterative judgment criteria.

Interpolation algorithms use an interpolated DEM to cal-
culate residuals from lidar data to the DEM (Kraus and Pfeifer 
1998). If lidar data are above the interpolated DEM, they have 
less weight on the shape of the DEM shape in the next interpo-
lation (Pfeifer et al. 2001). A multi-resolution hierarchical clas-
sification algorithm interpolates a raster surface with different 
resolutions by using the thin plate spline (TPS) method and 
calculates the residuals of the point between neighbor cells; if 
four residuals are smaller than the parameters, then the point 
is regarded as a ground point, and this iteration is repeated 
with different resolutions and residuals (Chuanfa et al. 2013). 
Adaptive surface filters use an adaptive threshold by calculat-
ing bending energy and handle noise with regularization (Han 
et al. 2014). Gomroki et al. (2017) proposed an intelligent 
interpolation method to filter lidar data under forest areas. Qin 
et al. (2017) filtered urban areas with region growing on the 
basis of moving-window weighted iterative least-square fitting. 
Hui et al. (2019) proposed a parameter-free filtering method 
using expectation-maximization. Chen et al. (2017) improved 
the TPS-based interpolation filter on the basis of finite differ-
ence TPS computation to create a fast and robust filter.

Segmentation methods, such as region-growing techniques 
and the normal vector, can be used to divide different classes 
in the object space. Usually, the planar surface can be de-
tected (Shan and Charles 2009). A multi-directional ground 
filtering algorithm uses slope and elevation difference to 
distinguish ground from nonground points in two directions 
(Xueliang et al. 2009). Ozcan et al. (2018) extracted ground 
points by using probabilistic voting and segmentation. Yang 

et al. (2016) combined segment-based filtering and multi-scale 
morphological filtering to extract ground points. Ural and 
Shan (2016) used min-cut based filtering to extract ground 
points. The method proposed by Kumar et al. (2018) has 
two stages: first, nonground objects are removed from pre-
processed airborne laser scanning data based on geometrical 
reasoning; second, ground points that are falsely recognized 
as nonground in the first stage are retrieved using geometrical 
similarity of ground points in their surroundings.

To improve the filtering method, this study proposes a new 
surface-based method that can remove nonground features 
and maintain ground characteristics in steep mountains and 
areas with cities and forests. The important contribution 
of this study is the use of TIN model connection analysis to 
detect additional ground points, which can be used as seed 
points; therefore, omission errors during processing can be 
reduced remarkably. To test the capacity of the proposed 
method, it is compared with classic progressive triangulated 
irregular network densification (PTD) methods, using data pro-
vided by the International Society for Photogrammetry and 
Remote Sensing (ISPRS) Working Group. The dataset includes 
seven urban and rural sites with different scenes.

Algorithm
The PTD algorithm is improved by connection analysis. Our 
method is described as follows (Figure 1):
1. Determination of outliers and removal of repeated points. 

Outliers are points that have a long distance to the DEM. If 
these points exist, then the lowest point from the terrain 
cannot be selected from the entire scene; these points are 
called outliers. A TIN model of all points is constructed; 
if the triangles around the point have high normal values 
and the points around it have high differences, then this 
point is removed from the list. Many points have the same 
coordinates; such points are removed.

2. Selection of seed points and construction of the TIN model 
of the seed points. After calculating the area of the point 
cloud, the maximum and minimum values of the width, 
length, and height are obtained. The data set is divided 
into small blocks in accordance with width and length.

Figure 1. Flowchart of the proposed method.
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In each cell, the lowest point is chosen as a seed point. After 
selecting seed points, the TIN model is created from all the 
points, the triangle that contains each seed point is identified, 
and the triangles around this triangle are checked. If their nor-
mal values and height differences are smaller than the thresh-
olds, then these triangles are added to the checklist. Connection 
analysis is used to obtain additional ground points using the 
above method. Afterward, the points in these triangles are used 
as initial points; then, the TIN of these points is constructed.
3. Selection of parameters. Three important parameters must 

be set in the proposed method.
a. Grid cell length, m: If the grid cell length is set to a 

value smaller than the maximum building size, then the 
seed point may be selected from the roof of the building.

b. Maximum angle, θ: A point is connected to the triangle 
vertexes; three lines exist. Then, the angles between 
these lines and the triangle plane are calculated, and 
the maximum angle in the angles (α, β, γ) is θ, as shown 
in Figure 2. If a point is not in the TIN model, then its 
angle is larger than the maximum angle, and it is con-
sidered an object point and then considered a ground 
point.

c. Maximum distance, d: If a point is not in the TIN mod-
el, then the distance l to the triangle plane is calculat-
ed. If the distance l is larger than d (as shown in Figure 
1), then it is considered an object point; otherwise, it is 
considered a ground point.

In conclusion, these three parameters must be preset for 
the PTD herein.
4. Iterative densification of the TIN. In each iteration, the 

points are judged one by one using the parameters. If the 
distance from the point to the triangle plane is smaller 
than d and the maximum angle is smaller than θ, then the 
point is considered a ground point; otherwise, the point is 
considered an object point. Iteration is repeated until no 
point joins the part of the ground points.

Figure 2. Angle and distance.

Experiment and Results
A program for processing airborne laser scanning cloud point 
is developed in C++ using Visual Studio 2010 on Windows 8. 
Cloud points are triangulated using Triangle, an open-source 
Delaunay triangulator (Shewchuk 2005; Isenburg et al. 2006).

Testing Data
ISPRS Commission III provides eight free data sets to test filter-
ing algorithms. These data are scanned using an Optech ALTM 
scanner. The eight data sets are as follows: CSite1, CSite2, 
CSite3, CSite4, FSite5, FSite6, FSite7, and FSite8. Fifteen 
reference samples from the eight data sets are manually clas-
sified for testing. These data sets and reference samples are 
used to test the proposed method and the classic algorithm. 

CSite1–4 contain urban regions, whereas FSite1–4 consist of 
forest regions. These data have different resolutions. CSite1 
is characterized by a mixture of vegetation and buildings 
on hillsides, steep slopes, and data gaps. CSite2 comprises 
bridges, large buildings, and irregularly shaped buildings. 
CSite3 is characterized by densely packed buildings with 
vegetation between them, buildings with eccentric roofs, and 
open spaces with a mixture of low and high features. CSite4 
is composed of railway stations with trains and data gaps. 
FSite5 is a rural scene where steep slopes with vegetation and 
vegetation on riverbanks are found. FSite6 is composed of 
large buildings and roads with embankments. FSite7 consists 
of bridges and road embankments.

Specification of Parameters
Compared with the classic method, the proposed method 
requires two additional parameters. In this study, the three 
shared parameters of the filters have the same value. All the 
parameters are determined by TerraScan software experience. 
The parameters used for sites 1–7 are set in Table 1.

Table 1. Parameters in the two algorithms for each scene.

Scene

Parameters Classic PTD Method Our Method

Points Outlier m(m) θ(°) d(m) d(m) θ(°) 

CSite1 2 732 814 2362 60 6 1.4 0.2 45

CSite2 973 598 1360 60 6 1.4 0.2 45

CSite3 754 054 391 60 6 1.4 0.2 45

CSite4 1 036 114 574 60 6 1.4 0.2 45

FSite5 1 256 894 96 60 6 1.4 0.2 45

FSite6 1 101 952 11 510 60 6 1.4 0.2 45

FSite7 786 134 9208 60 6 1.4 0.2 45

Results
CSite2 and FSite7 are selected to show the effect of process-
ing. The reference data of sample11, sample23, sample42, 
and sample53 are compared to show the effect of processing. 
CSite2 is in an urban area, including large buildings, irregu-
larly shaped buildings, bridges, and a small tunnel, along 
with some data gaps. The original data have 973 598 points, 
of which 1360 are detected as noise points and removed from 
the process. The remaining points and the resulting digital 
surface models are shown in Figures 3a and 3b. In the pro-
cess, 54 seed points are selected for the two methods (Figure 
3c). The classic algorithm obtains 96 061 ground points 
(Figure 3e). A total of 133 960 ground points are identified 
by the connection analysis method (Figure 3d). Overall, 152 
059 ground points are identified (Figure 3f). The differences 
between Figures1e and 1f are shown in Figure 1g. By contrast, 
the proposed method can preserve ground points in the rect-
angle area (Figure 3f).

FSite5 is a forested area, including small buildings, a 
bridge, and steep slopes, as well as some data gaps. The 
original data contain 314 160 points, of which 96 are detected 
as noise points and removed from the process. The remain-
ing data and the TIN are shown in Figures 3a and 3b. During 
the process, 182 814 points are selected as seed points for the 
two methods. A total of 246 631 points are detected as ground 
points for the classic filter (Figure 4e). A total of 212 483 
ground points are identified by the connection analysis meth-
od (Figure 4d). Overall, 269 632 points are identified as ground 
points (Figure 4f). In contrast to the PTD method, the proposed 
method preserves steep slopes, as shown in Figure 4g.

Furthermore, in some situations (e.g., buildings and veg-
etation on a steep slope (Figure 5), big houses and complex 
buildings (Figure 6), train stations with trains (Figure 7), steep 
slopes (Figure 8)), the proposed algorithm can identify more 
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ground points from the results of reference samples in com-
parison with the classic method.

However, the proposed algorithm cannot detect nonground 
points in the following cases: when some objects, such as 
bridges (Figure 3), connect to the terrain surface; small objects 
are considerably low on the ground (Figure 8).

Comparison
The two filters are compared by using the images of results 
and table of accuracies. The result shows that the classic 
algorithm and the proposed algorithm work well in different 
scenes, such as big houses, complex buildings, and mixtures 
of buildings and vegetation on flat ground, as well as data 
gaps. If a mountain slope is steep or buildings and vegeta-
tion stay together, then the classic algorithm removes ground 
points. By contrast, the proposed method can identify ground 
points successfully where the classic method fails. However, 
compared with the classic method, the proposed algorithm 
cannot detect object points connected to the ground through 
a smooth connection, such as bridges, as represented in the 
elliptical area (Figures 3e–3g). The classic method can detect 
ground points under this condition successfully.

In addition, the two filters are compared in accordance with 
the proposals in the ISPRS lidar filter comparison. Three types 
of errors are detected. Type I errors occur when ground points 
are classified as object points; type II errors happen when ob-
ject points are classified as ground points; total error is the rate 

of misclassified points. These three types of errors resulting in 
the two filters for the 15 references are listed in Table 2.

The results in Table 2 show that type I and total errors are 
lower in the proposed algorithm than those in the classic al-
gorithm. Except for samp11, samp22, and samp24, 12 samples 
have lower type I errors in the proposed algorithm compared 
with those of the classic algorithm in the 15 samples. In ad-
dition, except for samp21, samp12, samp24, and samp51, the 
total errors of our method are lower than those of the classic 
method in 11 samples (Figures 9a and 9c). However, the clas-
sic algorithm can avoid type II errors. The result in Table 2 
shows that type II errors in our algorithm is higher than that 
in the classic method in 13 cases (Figure 9b). After automatic 
processing, it still needs substantial manual operation to 
repair all the errors. Type I and total errors are lower in the 
proposed algorithm; thus, less postprocessing is required.

One disadvantage of the proposed method is that it needs 
more computation time compared with the classic method 
because connection analysis is time consuming. Nevertheless, 
this research focuses on accuracy rather than efficiency; if par-
allel computing is used, then this issue can be easily resolved.

The proposed method has two advantages. First, TIN seg-
mentation is adopted in the process of filtering. If the natural 
terrain is smooth, then the proposed method can expand the 
seed points with connection analysis from the TIN model of 
the cloud points. Therefore, it can extract additional ground 
points. Second, the classic PTD method and connection 
analysis are combined. The PTD algorithm is widely used in 

(a) (b) (c) (d)

(e) (f) (g)

Figure 3. Results of test data from CSite2: (a) original data of Site2; (b) TIN model from Site2; (c) location of seed points; (d) 
seed points after connection analysis; (e) ground points identified from TerraScan using the classic method; (f) ground points 
identified using the proposed method; (g) ground point contrast between the two methods.
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commercial software and has been proven to be a good filter. 
The proposed method can obtain good results by combining 
the PTD method with connection analysis. However, the con-
nection analysis of the TIN model cannot remove the object 
points attached to the terrain. Thus, the proposed method 
increases type II errors.

Conclusion
The extraction of building, road, and other terrain informa-
tion is a requirement of urban sustainable development and is 
considered a technical means to monitor urban changes (Shao 

Table 2. Three kinds of errors in the classic 
and the proposed methods.

Data No. Error Classic (%) Proposed (%)

Sample11

I 12.5 13.0

II 18.2 16.9

T 14.9 14.6

Sample12

I 3.4 2.6

II 6.8 5

T 5.1 3.8

Sample21

I 2.5 1.9

II 1.0 30.3

T 2.2 8.2

Sample22

I 7.9 8.4

II 0.5 17.9

T 5.6 11.3

Sample23

I 20.5 4.6

II 0.8 5.8

T 11.2 5.4

Sample24

I 7.5 7.9

II 1.9 11.8

T 5.9 9.0

Sample31

I 6.5 0.6

II 0.2 5.2

T 3.6 2.7

Sample41

I 45.1 4.0

II 0.3 15.0

T 22.7 9.5

Sample42

I 4.1 2.5

II 0.8 0.9

T 1.3 1.4

Sample51

I 1.4 0.2

II 2.2 14.2

T 1.5 3.2

Sample52

I 23.5 4.7

II 2 15.0

T 21.2 5.8

Sample53

I 36.0 5.9

II 0.3 18.5

T 34.6 6.4

Sample54

I 9.0 2.4

II 1.4 5.2

T 4.9 3.9

Samp61

I 11.1 1.1

II 0.2 36.2

T 10.7 2.3

Sample71

I 15.1 0.4

II 0.7 66.1

T 13.4 7.8

Minimum

I 1.4 0.2

II 0.2 0.9

T 1.3 1.4

Maximum

I 45.1 13

II 12.5 66.1

T 34.6 14.6

Average

I 13.7 4

II 2.5 17.6

T 10.5 6.4

(a) (b)

(c) (d)

(e) (f)

(g)

Figure 4. Results of test data from FSite5: (a) original data; (b) TIN of the data; 
(c) seed point; (d) seed points after connection analysis; (e) identified ground 
points from TerraScan using the classic method; (f) ground points using the 
proposed method; (g) ground point contrast between the two methods.
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et al. 2020; Zhang 2019). Urban lidar data have the advantages 
to capture the terrain surfaces of built-up areas directly.

Obtaining ground points is an important step in point 
cloud processing, and many filters can be used to perform this 
task. PTD has been used in TerraScan commercial software 
successfully. It removes ground points in steep terrain places. 
This method is improved by combining it with connection 
analysis to expand the seed points based on the smooth ter-
rain. According to the result, the proposed method is useful 
to obtain additional ground seed points.

Seven ISPRS data sets are used in the proposed method; 15 
reference samples cut from them are compared for the accura-
cies. The comparison shows that the two methods are useful 
to the eight data sets. However, 
the proposed method is better 
than the classic PTD method in 
terms of maintaining ground 
characteristics. In particular, 
despite having higher type II 
errors, the proposed method 
may have lower type I and total 
errors than the classic algo-
rithm; thus, the costs of manual 
operation for repair may be 
reduced. Future work will im-
prove connection analysis with 
artificial intelligence and fuse 
full waveform data to classify 
point clouds.
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(d) (e) (f)

Figure 6. Results of samp23: (a) TIN model of original data; (b) TIN model of ground data of reference data; (c) type I (red 
points) and II (green points) errors in the classic method; (d) DEM created by TerraScan using the classic method; (e) DEM 
created using the proposed method; (f) type I (red points) and II (green points) errors in the proposed method.

(a) (b) (c)

(d) (e) (f)

Figure 7. Results of samp42: (a) TIN model of original data; (b) TIN model of ground point of reference data; (c) type I (red 
points) and II (green points) errors in the classic method; (d) DEM created by TerraScan using the PTD method; (e) DEM created 
using the proposed method; (f) type I (red points) and II (green points) errors in the proposed method.
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 9 Provides a means for 
dissemination of new 
information

 9 Encourages an exchange of 
ideas and communication 

 9 Offers prime exposure for 
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SUSTAININGMEMBERBENEFITS
Benefits of an ASPRS Membership

 – Complimentary and discounted Employee Member-
ship*

 – E-mail blast to full ASPRS membership per year*

 – Professional Certification Application fee discount for 
any employee 

 – Discounts on PE&RS Classified Ad

 – Member price for ASPRS publications

 – Discount on group registration to ASPRS virtual 
conferences

 – Sustaining Member company listing in ASPRS direc-
tory/website

 – Hot link to company website from Sustaining Member 
company listing page on ASPRS website 

 – Press Release Priority Listing in PE&RS Industry News

 – Priority publishing of Highlight Articles in PE&RS plus, 
20% discount off cover fee, one per year

 – Discount on PE&RS full-page advertisement

 – Exhibit discounts at ASPRS sponsored conferences 
(exception ASPRS/ILMF)

 – Free training webinar registrations per year*

 – Discount on additional training webinar registrations 
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 – Discount for each new SMC member brought on 
board (Discount for first year only)

*quantity depends on membership level
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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
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The 3rd edition of the DEM Users Manual includes 15 chap-
ters and three appendices. References in the eBook version 
are hyperlinked. Chapter and appendix titles include:

1. Introduction to DEMs
David F. Maune, Hans Karl Heidemann,  
Stephen M. Kopp, and Clayton A. Crawford

2. Vertical Datums
Dru Smith

3. Standards, Guidelines & Specifications
David F. Maune

4. The National Elevation Dataset (NED)
Dean B. Gesch, Gayla A. Evans,  
Michael J. Oimoen, and Samantha T. Arundel

5. The 3D Elevation Program (3DEP)
Jason M. Stoker, Vicki Lukas, Allyson L. Jason,  
Diane F. Eldridge, and Larry J. Sugarbaker

6. Photogrammetry
J. Chris McGlone and Scott Arko

7. IfSAR
Scott Hensley and Lorraine Tighe

8. Airborne Topographic Lidar
Amar Nayegandhi and Joshua Nimetz

9. Lidar Data Processing
Joshua M. Novac

10. Airborne Lidar Bathymetry
Jennifer Wozencraft and Amar Nayegandhi

11. Sonar
Guy T. Noll and Douglas Lockhart

12. Enabling Technologies
Bruno M. Scherzinger, Joseph J. Hutton,
and Mohamed M.R. Mostafa

13. DEM User Applications
David F. Maune

14. DEM User Requirements & Benefits
David F. Maune

15. Quality Assessment of Elevation Data
Jennifer Novac

Appendix A. Acronyms

Appendix B. Definitions

Appendix C. Sample Datasets

This book is your guide to 3D elevation technologies, prod-
ucts and applications. It will guide you through the incep-
tion and implementation of the U.S. Geological Survey’s 
(USGS) 3D Elevation Program (3DEP) to provide not just 
bare earth DEMs, but a full suite of 3D elevation products 
using Quality Levels (QLs) that are standardized and con-
sistent across the U.S. and territories. The 3DEP is based 
on the National Enhanced Elevation Assessment (NEEA) 
which evaluated 602 different mission-critical requirements 
for and benefits from enhanced elevation data of various 
QLs for 34 Federal agencies, all 50 states (with local and 
Tribal input), and 13 non-governmental organizations.

The NEEA documented the highest Return on Invest-
ment from QL2 lidar for the conterminous states, Hawaii 
and U.S. territories, and QL5 IfSAR for Alaska.

Chapters 3, 5, 8, 9, 13, 14, and 15 are “must-read” 
chapters for users and providers of topographic lidar data. 
Chapter 8 addresses linear mode, single photon and Geiger 
mode lidar technologies, and Chapter 10 addresses the 
latest in topobathymetric lidar. The remaining chapters are 
either relevant to all DEM technologies or address alternative 
technologies including photogrammetry, IfSAR, and sonar.

As demonstrated by the figures selected for the front 
cover of this manual, readers will recognize the editors’ 
vision for the future – a 3D Nation that seamlessly merges 
topographic and bathymetric data from the tops of the moun-
tains, beneath rivers and lakes, to the depths of the sea.

Co-Editors

David F. Maune, PhD, CP and
Amar Nayegandhi, CP, CMS

PRICING
Student (must submit copy of Student ID) $50 +S&H

ASPRS Member $80 +S&H

Non-member $100 +S&H

E-Book (only available in the Amazon Kindle store) $85

To order, visit 
https://www.asprs.org/dem
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