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The Pecora 21/ISRSE 38 Conference will be organized 
around four session themes spanning the Earth 
observations and continuous monitoring continuum.  
Presentations are being sought on diverse science, 
technology, and applications of remote sensing to 
understand and sustainably manage the Earth’s 
environment and natural resources. We encourage 
contributions along the full value chain of Earth 
observation, from fundamental research on Earth 
system processes to operational applications, 
innovative techniques and future missions, as well as 
international programmes and coordination.

Submitted abstracts (max. 300 words) will be or-
ganized, though not exclusively, along four broad 
thematic areas described below:

• Understanding the Earth through continuous 
monitoring

• Societal benefits and empowering decision making
• Technical advances in monitoring using Earth 

observations
• Envisioning the future of global monitoring

Abstracts addressing the conference themes 
may be submitted for general consideration, or 
be considered for inclusion in a proposed special 
presentation sessions. Additional session proposals 
will also be accepted during the Call for Abstracts. 

Presentation Types

• Standard presentation: Long-format research 
talk (15 minutes). 

• Special presentation session: Inclusion in one 
of the sessions listed to the right. For more 
information on the special presentations, visit 
http://pecora.asprs.org/.

• Short presentation: Lightning-style research 
talk (3 minutes) 

• Short visualization: Lightning-style talk focused 
on data visualization, e.g. map products, 
dashboards, interactive plots, cartographic 
tools (3 minutes)

• Poster: Poster presentation. May be considered 
for general poster sessions or an illustrated 
poster sessions where posters will be grouped 
by topic or theme and presenters will have 1-2 
minutes to introduce their poster to attendees. 

• Workshops: 2-hour and 4-hour pre-conference 
workshops.

Awards will be offered in each category above, 
including awards for best young professional/student 
talk and poster. To be eligible, presenters must 
request to be considered for judged awards during 
the abstract submission process.

Timeline Abstracts Due—January 25, 2019

Special Presentation Sessions

• SP1—Open Data Cube: A New Data Technology 
for Enhancing the use of Satellite Data to Address 
Sustainable Development Goals   

• SP2—An Overview of the current Analysis Ready Data 
products, tools, applications and impacts

• SP3—New Technology and Techniques to Increase 
Scientific and Applications Access to Satellite Earth 
Observations

• SP4—Lidar Vegetation Canopy Metrics—Towards 
Developing Standards

• SP5—High-resolution Land Cover using NAIP
• SP6—SAR for Agriculture and Perspective 

Applications
• SP7—Water Colour: The Canadian Perspective
• SP8—Applications of NASA Earth Observations 

for Local Decision Making: 20 Years of the NASA 
DEVELOP Program

• SP9—How No-cost Landsat Data is Reshaping 
College-level Remote Sensing Courses

• SP10—Societal Benefits of Earth Observations in 
Natural Resource Management Decision Making

• SP11—So What, Who Cares: Linking Natural and Social 
Science to Understand Societal Impact and Improve 
Decision Making

• SP12—Importance of System Calibration and Data 
Quality on Earth Observation

• SP13—UAS, Changing the Future of Remote Sensing 
• SP14—Satellite Interoperability
• SP15—Land Imaging Capabilities and User Needs
• SP16—Air Quality Monitoring with Earth Observations 

for Enhanced Decision Making and Regulatory Support
• SP17—Transitional by Nature: Leveraging Remote 

Sensing Technology for Continuous Monitoring of 
Dynamic Wetland Ecosystems

• SP18—Connecting People and Pixels through Citizen 
Science to Enhance Global Monitoring

• SP19—Open Civil Applications Committee Meetings
• SP20—The Next Generation of the Landsat Archive
• SP21—Space Agencys Outlook
• SP22—NASA Harvest and Other Recent Advances in 

Remote Sensing of Agricultural Applications and Food 
Security

• SP23—Sustainable Land Imaging and the Future of 
Moderate-Resolution Land Observation

• SP24—Geospatial Fusion: Observations, Features, 
Decisions

• SP25—The Challenges of Integration for Arctic Monitorin
• SP26—Remote Sensing Applications for Water 

Resources Management, Including Droughts, Floods 
and Associated Water Cycle Extremes

• SP27—Communicating Science Across the Earth 
Observation Life Cycle 
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INDUSTRYNEWS To have your press release published in 
PE&RS, contact Rae Kelley, rkelley@asprs.org.

ANNOUNCEMENTS

Senate passes GIS Day Resolution following successful 
passage of Geospatial Data Act—Senator Orrin Hatch (R-UT) 
and Senator Mark Warner (D-VA) led a Senate resolution to 
designate 15 November 2018 as “National GIS Day.” Senators 
Baldwin (D-WI), Blumenthal (D-CT), Capito (R-WV), Hassan 
(D-NH), Inhofe (R-OK), and Wyden (D-OR) joined Hatch and 
Warner in submitting the resolution.  

“The Senate designates November 15, 2018, as ‘National 
GIS Day’; encourages users of Geographic Information System 
technology … [including] educators, students, and innovators 
to continue to employ GIS to learn and explore, to analyze and 
address societal challenges; and to drive economic growth for the 
betterment of the people of the United States and individuals 
around the world.” — the three-page resolution concludes.

This recognition by the Senate punctuates the passage of the 
Geospatial Data Act, included as a component in H.R. 302, the 
FAA Reauthorization Act signed into law last month.

USGS Selects Dewberry to Complete Lidar Mapping for State 
of Florida. Under an active Geospatial Products and Services 
contract, the U.S. Geological Survey (USGS) has selected 
Dewberry, a privately held professional services firm, to complete 
a statewide lidar mapping project for Florida. The project is 
funded by the Florida Division of Emergency Management and 
USGS as part of Hurricane Irma Disaster Recovery, Response 
and Preparedness measures being conducted by the state and 
federal agencies. 

The approximately $20 million USD project includes airborne 
lidar data acquisition, ground survey, and preparation of bare 
earth point cloud and digital elevation model (DEM) products 
for various applications to support response, recovery, and 
preparation for future storm events. The resulting quality 
level 1 data will be primarily used for hydrologic and hydraulic 
modeling and many engineering applications by the water 
management districts to mitigate the impacts of flooding 
caused by these storms. USGS and the Federal Emergency 
Management Agency (FEMA) will also utilize these data for 
various flood studies. The project encompasses an area of more 
than 34 000 square miles. 

Dewberry has acquired and processed nearly 22 000 square 
miles of lidar data for various local, state, and federal agencies 
in Florida within the past three years. “As we continue to map 
the state of Florida, we’re looking forward to using the best 
technology and personnel to complete such a vast undertaking,” 
says Dewberry Vice President and Director of Remote Sensing 
Amar Nayegandhi, (CP, CMS, GISP.)1 “Once these data are 
acquired and analyzed, they will be able to support USGS, 
FEMA, the Natural Resources Conservation Service, the 
Florida water management districts, and several other state 
and local agencies in their mission to better prepare for natural 

disasters and minimize loss of life and property; and use these 
scientific data to enhance and protect our quality of life.”

Dewberry will serve as prime contractor for this project and 
will perform the majority of the data production.  The firm is 
teaming with seven other partner firms including Woolpert, 
Inc., Quantum Spatial, Inc., and Digital Aerial Solutions, Inc., 
which will acquire and process data to support the project. 
Dewberry’s other subcontractors will be tasked with acquiring 
airborne lidar data. 

“We have 11 aircraft with top-of-the-line airborne lidar 
sensors being deployed for data acquisition starting in early 
December. I’m excited to manage this project and support the 
needs of USGS, their partner.

PEOPLE

GeoCue Group, Inc. is extremely pleased to announce that 
Mr. Henry “Hank” DiPietro has joined the company as Vice-
President of Business Development.  Hank, a civil engineer 
by training, brings deep experience in engineering, GIS, 
transportation and public safety to the company.  

“Hank and I go way back to the mid-1990s” said Lewis 
Graham, President and CTO of GeoCue. “We worked 
together at Intergraph, bringing innovative civil engineering, 
photogrammetry and GIS products to market.  We then formed 
Z/I Imaging, a joint venture company between Intergraph and 
Carl Zeiss of Germany.  While at Z/I Imaging, we developed and 
brought to market the world’s first large format framing digital 
mapping camera.  With our end-to-end sensor workflows for 
drone mapping, our dominance in aerial/mobile lidar scanning 
software and our new forays into cloud managed geospatial 
data systems, Hank’s expertise and market presence will be 
invaluable.”

“I am extremely excited to join GeoCue Group.  After looking 
closely at the innovative products, solutions and people the 
company has to offer, it was an easy decision for me to join 
the team.  GeoCue technology has a place in all the industries 
I have worked in over my 30 years; mapping, engineering, 
construction, transportation, utilities and public safety.  I look 
forward to applying my experience in end user needs in those 
industries to our business development efforts.”

“Hank has always been viewed by customers as a trusted 
advisor,” said Jim Meadlock, Chairman of GeoCue Group.  
“GeoCue is a company that puts the interests of the customer 
ahead of all other concerns.  This makes Hank the perfect 
executive for our new enterprise technical direction.” 

* CP- Certified Photogrammetrist, CMS - Certified Mapping 
Scientist, GISP - GIS Professional  

mailto:rkelley@asprs.org
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COVER DESCRIPTION

As the Neuquén River winds its way from the Andes through west-central Argentina 
toward the Atlantic Ocean, it passes a spectacular series of rock formations in the 
Neuquén Basin. For paleontologists, the basin is a great place to find fossils, partic-
ularly dinosaurs. And for those in the oil business, it is fertile ground for gas and oil 
exploration.

The Operational Land Imager (OLI) on Landsat-8 acquired an image showing part of 
the basin on 3 September 2018.

From space, boundaries between some of the major groups of sedimentary rock for-
mations are visible. In the first image, the deep reds of the Candeleros Formation—a 
sequence of sandstones formed roughly 90 to 100 million years ago in a braided river 
system—dominate the landscape. These rocks are flanked in some areas, especially 
near the river, by a green-yellow sequence of rocks that are part of the younger Huni-
cal Formation, formed during drier times. The older Royosa Formation, meanwhile, 
peeks through in some areas where erosion has scraped away overlying rock layers. 
(See the cover image.)

Paleontologists have uncovered quite a menagerie of fossilized fauna in Candeleros 
rocks, including ancient species of fish, frogs, snakes, turtles, small mammals, and 
several types of dinosaurs. Few of the fossilized creatures have received the noto-
riety of Giganotosaurus carolinii—a carnivorous theropod thought to be larger and 
faster than Tyrannosaurs Rex.

Petroleum geologists are more interested in what lies beneath the Candeleros For-
mation. Several layers of rock, formed when the area was covered by an ocean, 
contain gas and oil. While drilling has been ongoing here since 1918, the recent 
discovery of a large deposit of shale gas and oil in the Vaca Muerta Formation has 
made the Neuquén Basin one of the few regions outside of the United States where 
companies are pursuing horizontal drilling and hydraulic fracturing.

NASA Earth Observatory images by Lauren Dauphin, using Landsat data from the 
U.S. Geological Survey. Story by Adam Voiland.

For more information, visit https://landsat.visibleearth.nasa.gov/view.php?id=92908.
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are we SINKING?

National Geospatial-Intelligence 
Agency Visits LSU Campus to 
Measure Subsidence
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T because they have the responsibility of levees and 
flood control.” 

The NGA has not visited Louisiana since 2003, 
shortly after Mugnier arrived at LSU. Though 
subsidence is of vast importance to Louisianans, 
the NGA does not take measurements every year 
because subsidence is a slow process.

“If you do it too frequently, the observations get lost 
in what is called white noise,” Mugnier said. “Even 
though the instruments are super precise, you still 
have to have the time for the sinking to be enough 
for the instruments to detect.” 

Mugnier’s research on Louisiana subsidence began 
when he taught at the University of New Orleans 
(UNO), where the first NGA measurements were 
taken in 1989. Since then, research has shown that 
UNO’s campus is sinking at a rate of 9.1 mm/year, 
which Mugnier said is significant when you consid-
er that equates to three feet in 100 years.

“Three feet is a whole lot when you also consider 
sea level is rising about two mm each year,” he said. 

Since the first reading taken at LSU around 2003 
by the National Geodetic Survey, it has been discov-
ered that LSU’s campus is subsiding around 5 mm/
year near the fault line on Nicholson Drive. The 
campus is on the downside of the fault.

Since subsidence is an unstoppable force, Mugnier 
has made sure that C4G will continue his research 
when he is no longer at LSU. The man who started 
C4G, LSU Professor Roy Dokka, established the 
organization whose mission is in keeping with state 
law that says C4G is the source to keep track of 
elevations for the State of Louisiana.

“So, we have an organization that’s going to be here 
long after I’m gone,” Mugnier said. “And we have 
the perfect research project that will go on forever.”

Reprinted with permission from Louisiana State 
University, College of Engineering. For more in-
formation, contact Libby Haydel, Communications 
Specialist, ehaydel1@lsu.edu.

Throughout the month of October, ten members of 
the National Geospatial-Intelligence Agency (NGA) 
visited Louisiana State University (LSU)’s Louisiana 
Spatial Reference Center (LSRC) and other state 
wide high precision GPS continuous operation ref-
erence stations (CORS) within the LSRC’s network, 
to take gravity measurements for a research project 
spearheaded by LSU Center for Geoinformatics 
(C4G) Chief of Geodesy, Cliff Mugnier.

Every five to ten years, the NGA takes measure-
ments of the earth’s gravity field to check for sub-
sidence, a project Mugnier has been working on for 
nearly 30 years.

“LSU has the largest university-owned network of 
permanent GPS stations in the world, which reach 
from Louisiana throughout the Gulf Coast,” Mugni-
er said. “Over the years, I have asked the military 
to come in to take measurements at these stations. 
I first go to the New Orleans Corps of Engineers, 
whose colonel then writes a letter to the Pentagon 
asking if they can come to Louisiana and observe dif-
ferent places where we have our GPS antennas for 
our research on subsidence. The idea is if you come 
back to the same spot over a period of years and see 
an increase in the strength of the earth’s gravity, 
that means you’re getting closer to the center of the 
earth, which equates to subsiding.”

The NGA kicked off its recent Louisiana trip at 
LSU’s Absolute Gravity Station using instrumen-
tation similar to the FG5-X Absolute Gravity meter 
that C4G purchased this year. C4G also houses two 
CG5 relative gravity meters. From LSU, the NGA 
team—consisting of two groups of five trainees from 
New Mexico, Missouri, and both the East and West 
Coasts—moved on to other GPS CORS sites across 
south Louisiana that included Oakdale, Alexandria, 
New Orleans, Slidell, Boothville, Lafayette, Lake 
Charles, Cocodrie, and Grand Isle. The NGA will 
take measurements in north Louisiana this winter 
to conclude their 2018 Louisiana campaign.

“The reason for these gravity measurements is to 
have a completely independent physical measure-
ment of vertical movement as a function of gravity, 
rather than readings from the GPS satellites,” 
Mugnier said. “It all fits together for the subsidence 
research, but another reason is when people mort-
gage their homes, the banks require them to have 
flood insurance, which is based on elevation. The 
Corps [of Engineers] is also interested in subsidence 
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A N  I N T E R V I E W

DR. DAVID F. MAUNE
Dr. David F. Maune served 30 years of Army 
active duty as a commissioned officer in the 
U.S. Army Corps of Engineers (USACE). He 
specialized as a Topographic Engineer, last 
serving as Commander and Director, U.S. Army 
Topographic Engineering Center (TEC) – now 
the Army Geospatial Center (AGC). Today 
He is a Senior Project Manager for Dewberry 
Engineers, Inc. and currently editing the 3rd 
edition of “Digital Elevation Model Technologies 

and Applications: The DEM Users Manual.”

What did you learn from your active duty years in U.S. Army 
Corps of Engineers (USACE)?
Nearly all engineers apply the principles of science and mathematics to 
develop economical solutions to technical problems; their work is the link 
between scientific discoveries and the commercial applications that meet 
societal and consumer needs. Topographic engineers apply the princi-
ples of geodesy and various forms of remote sensing to map topographic 
and bathymetric surfaces – also to satisfy societal and consumer needs. 
During my Army years, most engineers in USACE built physical infra-
structure; but topographic engineers built geospatial infrastructure.

Tell us about your background that lead you to editing the 
DEM Users Manuel?
I retired from Army active duty in 1991 and joined Dewberry in 1992 
where I initially applied my expertise to floodplain mapping for FEMA; 
fortunately, I was able to pioneer FEMA’s evaluation of lidar and IfSAR. 
At the ASPRS annual conference in 2000, I published a paper entitled: 
“Lidar and IfSAR: Pitfalls and Opportunities for our Future.” That paper 
was so well received that the ASPRS Executive Board asked me to write 
an ASPRS book on lidar and IfSAR. I replied that I would do so provided 
I could also include other technologies including photogrammetry, bathy-
metric lidar and sonar, and write it with a focus on the needs of DEM us-
ers, whether the DEM pertained to topographic or bathymetric surfaces.

The 1st edition of “Digital Elevation Model Technologies and Appli-
cations: The DEM Users Manual” was published in 2001, and the 2nd 
edition was published in 2007. Having almost no standard DEM prod-
ucts in those days, both editions included a User Requirements Menu for 
which users could pick and choose from a large array of choices for eleva-
tion surface types, data model types, source data, vertical and horizon-
tal accuracy, accuracy testing and reporting, forms of hydro treatments, 
horizontal and vertical datums, geoid models, units, data formats, and 
metadata. Because technologies were immature, we had no nationwide 
DEM standards, guidelines and specifications, other than the FEMA 
guidelines that long served as a de facto lidar specification. My User 
Requirements Menu unknowingly demonstrated our need for standard 
products because all of these menu choices led to a broad assortment of 
nonstandard DEM products that were often incompatible with adjoining 
datasets.

DEM 
Users 
Manual 
3rd Edition
A Preview

Chapter 1—Introduction to Digital Elevation Models, 
along with Appendix A (Acronyms) and Appendix B (Defini-
tions), establishes the DEM vocabulary and definitions for 
various forms of elevation raster data, vector data, and point 
data (including point clouds) so that data users and produc-
ers can agree on standardized terminology. It is important 
that DEM users understand the concepts of mass points, 
breaklines, and triangulated irregular networks (TINs), for ex-
ample, and how they are used to produce uniformly spaced 
topographic and/or bathymetric DEMs. This chapter also 
covers topographic and hydrologic surface modeling, e.g., 
hydro-flattening, hydro-enforcement and hydro-conditioning 
with examples at Figures 1 through 6 (below), as well as el-
evation derivatives and 3D terrain visualization. Definitions 
from this manual were also incorporated in the USGS Lidar 
Base Specification.

Chapter 2—Vertical Datums defines a vertical datum as a 
reference surface representing zero height  – whether heights 
above sea level (with various tidal datums), orthometric heights  
(elevations) above the geoid with equal gravity potential (with 
various vertical orthometric datums), or ellipsoid heights 
above a mathematical ellipsoid that approximates the shape 
of the Earth as obtained from air-, land- or sea-based GPS. It 
is important that DEM users understand geoid undulations, 
how all U.S. vertical datums of the future will be geoid based 
vertical datums that result from the National Geodetic Sur-
vey’s Gravity for the Redefinition of the American Vertical Da-
tum GRAV-D) project, and how to transform from one vertical 
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What motivated the new edition of the “The DEM 
User Manuel”?
Whenever I autograph a copy of the DEM Users Manual, 
I write “May all your DEMs come true!” This is an obvious 
play on words with “May all your dreams come true.” When 
the 2nd edition was published, I had three basic dreams:
1. Development of high-accuracy, affordable elevation 

technologies for the betterment of society
2. Development and update of DEM technology standards, 

guidelines and specifications, and
3. Implementation of a nationwide program, such as to-

day’s 3D Elevation Program (3DEP), to produce and 
maintain standardized high-quality DEMs used by all.

These first three dreams have largely been realized, as doc-
umented in this 3rd edition. My future dreams include:
4. Development of a seamless 3D Nation from the tops of 

the mountains to the depths of the seas, to include in-
land bathymetry

5. Use of the latest elevation data to routinely and sys-
tematically update the National Hydrography Dataset 
(NHD), flood studies, forest metrics and other datasets 
that require up-to-date topographic and bathymetric 
DEMs, and

6. Development of DEM applications to fully support the 
dozens of business uses and hundreds of mission-criti-
cal activities (MCAs) documented in the National En-
hanced Elevation Assessment (NEEA) study published 
in 2012 and the 3D Nation Requirements and Benefits 
Study being conducted in 2018-2019.

The focus of this 3rd edition of the DEM Users Manual is to 
help make all of these dreams come true.

Is there recent progress in the production of 
digital elevation models ASPRS members should 
note?
Over the past decade, technologies have matured, and much 
progress has been made towards standardization:
• In 2010, the U.S. Geological Survey (USGS) published 

its draft Lidar Guidelines and Base Specifications, 
V.13, which ultimately became the USGS Lidar Base 
Specification, V1.0.

• In 2012, the NEEA study was published that provided 
a comprehensive analysis of DEM user requirements 
and benefits for five Quality Levels (QLs) of topograph-
ic DEMs.

• In 2012, USGS published its Lidar Base Specification, 
V1.0.

• In 2013, based on the NEEA implementation scenar-
io with the highest return-on-investment, USGS an-
nounced the new 3DEP to deliver QL2 lidar nationwide 
except for QL5 IfSAR statewide in Alaska.

• In 2013, ASPRS published its latest LAS Specification, 
V1.4.

datum to another. 
Figure 7 (right) is an 
image from Chapter 
2 that explains the 
difference between 
orthometric heights, 
ellipsoid heights, 
and geoid undula-
tions.

Chapter 3—Standards, Guidelines and Specifications introduces DEM 
users to the ASPRS Positional Accuracy Standards for Digital Geospatial Data 
v1.0, the ASPRS LAS Specifications v1.4, the USGS Lidar Base Specifications 
v1.3, the National Ocean Service (NOS) Hydrographic Survey Specifications 
based on standards of the International Hydrographic Organization (IHO), and 
other relevant standards, guidelines and specifications. It is important that 
DEM users understand these documents and how they must be rigorously en-
forced to achieve our vision of a seamless, consistent, high-accuracy, high-res-
olution 3D Nation, from the tops of the mountains to the depths of the sea. 

Chapter 4—The National Elevation Datase–NED provides the back-
ground, rationale and history of the legacy NED and how NED data were pro-
duced, quality controlled and delivered to the public. It provides information 
about NED specifications and production processing, accuracy and data quali-
ty. The NED was retired when the 3DEP became operational, but USGS is de-
veloping a new line of science 
products known as the Coastal 
National Elevation Database 
(CoNED) which integrates re-
cent high resolution coastal li-
dar data (both topographic and 
bathymetric) and a temporal 
component from captures on 
different dates. An example of 
a CoNED dataset is shown at 
Figure 8 (right).

Chapter 5—The 3D Elevation Program–3DEP explains USGS’ national 
elevation initiative that forms the elevation layer of The National Map. The 
3DEP resulted from analyses and vetting of the NEEA study which assessed 
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DEM user requirements and benefits and concluded that the highest return 
on investment would come from QL2 lidar nationwide except for QL5 IfSAR of 
Alaska. The chapter describes the 3DEP program; the U.S. Interagency Eleva-
tion Inventory (USIEI); the USGS Lidar Base Specifications; the Broad Agency 
Announcement (BAA) process; acquisition trends; 3DEP data quality assur-
ance; 3DEP products, services and data dissemination; current developments 
and future directions. Figure 9 (previous page) shows 3DEP partnership awards 
for FY2018 alone, a major reason why the 3DEP is so popular and successful.

Chapter 6—Photogrammetry explains airborne and satellite digital imaging 
systems; project planning considerations; georeferencing and aerotriangulation; 
photogrammetric data collection methods (softcopy stereoplotters, manual and 
automated elevation collection); post processing; data deliverables; enabling 
technologies; calibration procedures; capabilities and limitations compared 
with competing/complementary technologies; DEM user applications; cost con-
siderations; and technological 
advancements. It is important 
that DEM users understand the 
capabilities and limitations of 
photogrammetry compared with 
lidar and IfSAR, for example. 
Figure 10 (right) is an example of 
a DEM produced with Structure 
from Motion (SfM) photogram-
metry and UAV imagery.

Chapter 7—Interferometric Synthetic Aperture Radar–IfSAR explains 
how interferometric synthetic aperture radar works, airborne and satellite If-
SAR alternatives, how aerial IfSAR is completing the first-ever mapping of 
Alaska to specified accuracy standards, and how differential IfSAR/InSAR is 
used to monitor subsidence at the mm level. Mapping through clouds with 
high-resolution Ortho-rectified Radar Images (ORIs) and able to pan-sharpen 
low-resolution satellite 
imagery (with clouds), the 
IfSAR statewide mapping 
of Alaska will be complet-
ed in 2019, the first time 
that Alaska has ever been 
mapped to ASPRS accuracy 
standards. Figure 11 (right) 
shows the hydrographic 
feature detail of IfSAR 
data.

Chapter 8—Airborne Topographic 
Lidar explains the basic concepts of 
topographic lidar scanning and sen-
sors; compares traditional linear-mode 
lidar with photon-sensitive and Gei-
ger-mode lidar; boresight calibration; 
airborne lidar project planning; and the 
status of current lidar sensor technolo-
gies from Teledyne Optech, Leica Geo-
systems, Riegl, and Harris Corp. Figure 
12 (right) shows a typical lidar aircraft 
with GPS and IMU, scanning the ter-
rain beneath. 

Chapter 9—Lidar Data Processing explains concepts and ap-
proaches to automated filtering of lidar point clouds to include 
ground and non-ground points, noise, vegetation, structures and oth-
er above-ground features; manual editing of lidar; breakline process-
ing to include area and linear hydrographic features, structures, man-
ual review and editing; elevation assignment to breakline features, to 
include linear and area hydrographic feature elevation assignment; DEM  
processing concepts and approaches, processing techniques, incorporat-
ing breaklines; DSM 
processing; and other 
derivative products 
including contours. 
Figure 13 (right) demon-
strates procedures for 
hydro-enforcement and 
continuous downsteam 
flow (monotonicity).

Chapter 10—Airborne Lidar Bathymetry explains the basic concepts 
of bathymetric lidar scanning and sensors; system design; data processing 
including system calibration; output formats and deliverables; and the sta-
tus of current sensors including SHOALS, CZMIL, LADS, Chiroptera II/Hawk 
Eye III, EAARL, VQ 820/880-G, and Titan; operational and planning consider-
ations; and comparisons with overlapping technologies. Figure 14 (below) 
demonstrates the bathymetric surface detail of this dataset produced by 
Dewberry for the NOAA Office for Coastal Management.

Chapter 11—Sonar provides a technology overview and developmental 
history of acoustic mapping and explains the basic principles used, to include 
acoustic sources and directional transmit/receive transducers. It explains the 
different types of sonars (vertical beam, multibeam, side scan, interferomet-
ric, focusing, and Doppler); present operating status; platforms and installa-
tion; calibration procedures; planning considerations; capabilities and lim-
itations and comparisons with complementary and competing technologies; 
post processing, quality control, data deliverables, cost considerations, and 
technology advancements. Figure 15 (below) demonstrates a sonar product 
used for safety of maritime navigation.
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• In 2014, ASPRS published its Positional Accuracy Stan-

dards for Digital Geospatial Data that included vertical 
accuracy classes.

• In 2014, USGS published its Lidar Base Specification, 
V1.2 with detailed specifications for QL0, QL1 and QL2 li-
dar, consistent with the ASPRS vertical accuracy classes.

• In 2015, USACE published a new EM 1110-1-1000, 
Photogrammetric and Lidar Mapping, endorsing both the 
ASPRS standards and the USGS Lidar Base Specification.

• In 2016, FEMA published its Guidance for Flood Risk 
Analysis and Mapping, Elevation Guidance, and it stan-
dardized on QL2 lidar as defined in the USGS Lidar Base 

Specification for new lidar acquisition, consistent with the 
goals of the 3DEP, while also aligning with the ASPRS Po-
sitional Accuracy Standards for Digital Geospatial Data 
and the ASPRS LAS Specification V1.4.

• In 2017, the National Geodetic Survey (NGS) started 
teaming with USGS for a NEEA Update and Coastal/ 
Offshore Elevation Requirements and Benefits Study 
that might establish bathymetric equivalents to the topo-
graphic data Quality Levels in the NEEA.

• In 2018, USGS published its Lidar Base Specification, 
V1.3, and NOAA and USGS kicked off their 3D Nation 
Requirements and Benefits Study.

Chapter 12—Enabling Technologies explains the Global Positioning 
System (GPS) and other international systems that form the Global Navi-
gation Satellite System (GNSS). It explains GNSS positioning technologies 
including GNSS single point positioning, differential GNSS, precise phase 
interferometry positioning, and precise point positioning (PPP). It explains 
local, regional and global differential GNSS, Continuously Operating Refer-
ence Stations (CORS), sensors and error sources. It explains inertial naviga-
tion systems (INS) and GNSS-aided inertial navigation technologies, direct 
georeferencing systems for airborne DEM generation, boresight calibration, 
post processing, and motion sensing systems 
for multibeam sonar bathymetry. These tech-
nologies are vital for accurate and cost-effec-
tive photogrammetry, IfSAR, lidar and sonar 
mapping. Although Figure 16 (right) demon-
strates camera boresighting, the mounting 
misalignment or boresight angles between the 
IMU and the lidar reference frame are similarly 
determined through a combination of laborato-
ry and airborne calibration.

Chapter 13—DEM User Applications reviews how DEMs are vi-
tal for production of digital orthophotos, topographic maps and vari-
ous other types of maps (soils, geologic, wetlands, forestry, wildlife 
habitat, cultural resources, urban and regional planning, and flood 
maps); underwater and coastal mapping applications (Digital Coast, 
sea level rise viewing, shoreline delineation, coastal management 
and engineering); transportation applications (land, aviation and ma-
rine navigation and safety); military applications; technical applications  
(hydrologic and hydraulic (H&H) modeling [Figure 17 - below], national re-
sources onservation, water supply, subsidence, and stormwater manage-
ment; commercial applica-
tions (precision agriculture, 
mining, renewable energy, 
oil and gas, telecommu-
nications) and individual 
applications. It summarized 
the NEEA’s 27 major DEM 
Business Uses that helped 
justify the 3DEP and would 
be relevant also to state 
or local initiatives seeking 
funding partnerships. 

Chapter 14—DEM User Requirements and Benefits explains 
why DEM users needing lidar data should normally state their require-
ments for standard QL2 lidar data consistent with the 3DEP so as to re-
ceive standard raw and classified point cloud data, standard breaklines, 

standard metadata, and standard hydro-flattened, bare-earth raster 
DEMs – all with potential common data upgrades that do not compro-
mise standardization and interoperability. The resulting benefits in-
clude: a single authoritative source of high quality and consistent 3DEP 
data at lower costs for all; standard 3DEP products that use common  
hardware/software and standard training for data users and producers; eas-
ier generation of derivative products from a standard source – all yielding a 
seamless, consistent elevation surface from the top of the mountains to the 
depths of the sea. 

Chapter 15—Quality Assessment of Elevation Data is a 90-page tutori-
al with images designed to promote consistency in delivery of elevation data 
acceptable for the 3DEP. This chapter reviews relevant standards, guidelines 
and specifications; explains procedures for testing and reporting absolute 
and relative accuracy; and goes into great detail in addressing various forms 
of qualitative assessments, to include: source data QA/QC; breakline QA/
QC (breakline completeness, variance and topology); macro level reviews 
of DEM data; and micro level reviews of topographic and topobathymetric 
DEMs including hydro flattening or enforcement, edge-matching, and bare-
earth editing of buildings, bridges and artifacts. This chapter also includes 
procedures for QA/QC of contours and metadata. Figure 18 (below) shows 
just one of the hundreds of ways in which lidar data could fail to satisfy 
USGS Lidar Base Specifications.

Appendix A is a list of approximately 500 acronyms used in the 3rd edition.

Appendix B provides definitions for over 500 terms used in the 3rd edition.

Appendix C explains where to download sample elevation datasets
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GIS for Surface Water Using the National 
Hydrography Dataset
Jeff Simley
Esri Press. Redlands, CA. 2018. xiii and 448 pp., glossary, index, 
about the author. Paperback. $59.99. ISBN 978-1-58948-479-5.

Reviewed by Huidae Cho, Assistant Professor of 
Geospatial Science and Computing, Institute for 
Environmental and Spatial Analysis, University of North 
Georgia, Oakwood, Georgia.

This book introduces the audience to the National Hydrogra-
phy Dataset (NHD). The book mainly targets those who study 
or map water features in Geographic Information Systems 
(GISs). It is intended to be used by users with some knowl-
edge in both hydrography and GIS. This use of GIS in hy-
drography is referred to as “water GIS” by the author in his 
acknowledgments. The book consists of twelve chapters and 
is well-organized.

Chapter 1 addresses the critical role of water in civilization 
and what GIS is, and introduces the NHD and NHDPlus—
an enhancement to the NHD. In this chapter, the author ex-
plains the major motivations behind the development of the 
NHD and educates the reader that the NHD is intended to 
be a work in progress and flexible, depending on the users’ 
desired level of detail and available data. Chapter 2 covers 
the water cycle, water budgets, the nature of water, and var-
ious water entities defined in the NHD. The author explains 
how various water features in the NHD can be similar to or 
different from those in other data sources. Chapter 3 address-
es how cartographers used different methods to observe and 
map water on a map, and describes why the United States 
Geological Survey (USGS) started developing the NHD, the 
Watershed Boundary Dataset (WBD), and the NHDPlus. In 
this chapter, the author stresses the importance of the NHD 
in the evolution of “water GIS.” Chapter 4 discusses difficul-
ties in identifying streams in different climates and how the 
NHD defines, classifies, and encodes streams and hydrology. 
The author summarizes different methods for classifying and 
coding stream networks. Also, in this chapter, he introduces 
Digital Flood Insurance Rate Maps (DFIRM) from the Fed-
eral Emergency Management Agency (FEMA) that the user 
can use as a companion dataset to the NHD to study or map 
floodplains inundated by extreme floods. Chapter 5 presents 
several hydrography datasets and looks at the issues and ben-
efits of incorporating the datasets into the NHD.

After dedicating five chapters to addressing the basics of 
water and hydrography, and reviewing other datasets to bet-
ter understand the needs of the users of non-NHD datasets, 
the book discusses the design decisions behind the NHD in 
Chapter 6. This chapter addresses scale issues, data accuracy 
and quality, and production costs. The author also discuss-
es the role of the data model and presents the architectural 
concept of the NHD with its standard structure and topology 
that allow logical navigation and spatial interaction. Chap-
ters 7 and 8 focus on the use of the NHD and NHDPlus in 
ArcGIS including how to obtain the dataset and what the data 
structure looks like. Chapter 7 provides an analysis exercise 
with step-by-step instructions that the reader can easily fol-
low. Chapter 8 explains new capabilities in the NHDPlus 
such as stream order, level, and flow navigation and volume. 
Chapter 9 covers the use of the NHD and NHDPlus in web 
applications that do not require a desktop GIS or in-depth 

knowledge about data analytics. Chapter 10 shows how to use 
Light Detection and Ranging (lidar) data and Interferometric 
Synthetic Aperture Radar (IfSAR) to create and attribute hy-
drography vector data. This chapter describes the procedure 
for delineating and coding stream networks using lidar and 
IfSAR data. Chapter 11 presents eighteen user stories where 
users turn the NHD into more meaningful information to help 
decision makers. Lastly, Chapter 12 reviews what the NHD 
has accomplished and discusses what the future of hydrogra-
phy and “water GIS” should look like from the author’s and 
other researcher’s perspectives.

The author can consider following suggestions. Chapter 7 
uses ArcGIS for Desktop (a.k.a., ArcMap) for an exercise, but 
Esri’s product line of ArcGIS for Desktop is set to enter an 
extended support status in 2020 and retire in 2024.1 At the 
same time, Esri pushes ArcGIS Pro, which will eventually 
replace ArcMap.2 I would have expected this exercise to use 
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ArcGIS Pro rather than ArcMap because both industry and 
academia have already started adopting ArcGIS Pro or at 
least are planning to migrate to it. The NHD and NHDPlus 
are provided in Esri’s proprietary geodatabase and shapefile 
formats, but that does not necessarily mean that these data-
sets cannot be used in non-Esri products. One of the import-

ant issue with this book is that it does not discuss how to 
use these datasets in Open Source GIS such as QGIS, which 
is the most popular non-commercial GIS.3 The Geospatial 
Data Abstraction Library4 provides the FileGDB5 driver for 
read/write access to the geodatabase format and the Open-
FileGDB6 driver for read-only access, both of which can be 
used in QGIS to access this proprietary database format.7 
The author could have dedicated one subsection to the use of 
the NHD in an Open Source GIS for those without any access 
to Esri products.

Having said that, I still highly recommend this book to 
anyone who wants or needs to use the NHD to study not only 
hydrography but also hydrology in the United States. This 
book is very comprehensive and discusses many different 
aspects of the NHD including the history of hydrography in 
the United States, the structure and hierarchy of the NHD, 
WBD, and NHDPlus, data collection, and stream delineation 
and coding. The book also presents different case studies 
using the NHD. The material presented in this book is up 
to date and very useful in understanding how and why the 
NHD has been created. One thing I want to note is that this 
book is not intended to be a tutorial or user guide for NHD 
users. Instead, the book is more focused on introducing the 
NHD and educating the reader about what they can do with 
this dataset. It can be a good companion to the NHD User 
Guide published by USGS (2016).8 I would say that this book 
is a must-have for those who have started using the NHD 
and want to understand the dataset better.

1 Esri. 2018a. ArcGIS for Desktop 10.6 Product Life Cycle. 
https://support.esri.com/en/Products/Desktop/arcgis-desk-
top/arcmap/10-6#product-support. Accessed on November 
24, 2018. 

2  Esri. 2018b, Migrating to ArcGIS Pro, Does ArcGIS Pro 
replace ArcMap? https://www.esri.com/en-us/arcgis/prod-
ucts/arcgis-pro/migrate. Accessed on November 24, 2018.

3  GISGeography.com. 2018. Mapping Out the GIS Software 
Landscape. https://gisgeography.com/mapping-out-gis-
software-landscape/. Accessed on November 24, 2018.

4  GDAL. 2018a. Geospatial Data Abstraction Library. 
https://www.gdal.org/. Accessed on November 24 2018.

5  GDAL. 2018b. Esri File Geodatabase (FileGDB). https://
www.gdal.org/drv_filegdb.html. Accessed on November 
24, 2018.

6  GDAL. 2018c. Esri File Geodatabase (OpenFileGDB). 
https://www.gdal.org/drv_openfilegdb.html. Accessed on 
November 24, 2018.

7  Geospatial@UCLA, 2015. Working with File Geodatabas-
es (.GDB) Using QGIS and GDAL. https://gis.ucla.edu/
node/53. Accessed on November 24, 2018.

8  USGS. 2016. NHD User Guide., https://nhd.usgs.gov/us-
erguide.html.Accessed on November 24, 2018.
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by Clifford J. Mugnier, CP, CMS, FASPRS

The French Republic, originally known in 
the south as Gallia Narbonensis, was a 
province of the Roman Empire from 121 

BC. The north and central parts, known as Gaul, 
were conquered by Julius Caesar from 58-51 
BC. In 1789, the French Revolution overthrew 
the Royal government, and tumultuous times 
continued for over 100 years, including the reign 
of Napoleon Bonaparte and his First Empire. The 
northern part of the Republic was ravaged by 
fighting in World War I (1914-18), then conquered 
and controlled in World War II (1940-44) by the 
Germans. The Fourth Republic was established in 
1945, and the Fifth Republic in 1958. President 
Charles de Gaulle resigned in 1969 following 
defeat of a referendum on constitutional reforms.

The Dépôt de la Guerre, established in 1688, was respon-
sible for all military surveys. When the English scientist Sir 
Isaac Newton suggested that the shape of the Earth was an 
oblate ellipsoid, France countered that Cassini’s triangula-
tion showed that the Earth was a prolate ellipsoid. France 
sent expeditions to Stockholm and Quito that only served to 
prove the Englishman’s theory correct! (See Grids and Da-
tums of Ecuador, PE&RS, May 1999). The first published el-
lipsoid was by Bouguer and Maupertuis in 1738, as a result 
of their historic expeditions. During the Napoleonic Wars, 
Cassini was the first topographer to utilize a grid overprint 
on a topographic map for the “coordinated” control of artil-
lery fire. In apparent deference to the great German cartog-
rapher, Cassini chose the Bonne equal-area projection. That 
projection choice, also for France’s first major topographic 
map series of 1818-1887, influenced the rest of the world for 
over a century with the Carte de l’État-major au 1:80,000. 
The Old Triangulation of France Datum of 1818 was refer-
enced to the DeLambre ellipsoid where the semi-major axis 
(a) = 6,376,985 meters and the reciprocal of flattening (1/f ) 

THE 

REPUBLIC 
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 French Republic was 
originally printed in 2001 but contains updates to their coordinate 
system since then.

= 308.64. The Carte de l’État-major Latitude of Origin is jo 
= 45° 10´ 00˝, and the Central Meridian is lo = 2° 20´ 13.95˝ 
East of Greenwich in today’s convention - but was actually 
zero at the time. The French considered Paris as the Prime 
Meridian for the world, and many other countries agreed. The 
French Navy began publishing the Annals Hydrographiques 
in 1844 that contained latitude and longitude coordinates of 
stations observed astronomically worldwide, as well as details 
on local datums that had been established. That first tome 
has an amusing passage regarding the “friendly natives” en-
countered in an expedition to Tahiti – not all was geodesy and 
hydrographic surveying!

During the second half of the 19th century, France was the 
epicenter of mathematical cartography in the world. Tissot 
and Germain published their monumental works on projec-
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tions, and the Service Géographique de l’Armée was founded 
in 1887. The New Triangulation of France commenced in 1887 
(NTF 1887), and the small-scale Dépôt de la Guerre (Carte 
de l’État-major) map series was continued until 1915 on the 
Bonne projection. Germain developed his Projection of Mini-
mum Deformation, and it was chosen for the new large-scale 
topographic map series based on the NTF 1887. The ellipsoid 
of reference was the modified DeLambre 1810, or Plessis Re-
constituted, where the semi-major axis (a) = 6,376,523.994 
meters and the reciprocal of flattening (1/f ) = 308.624807.

During this time, the French were developing a philoso-
phy of categorizing map projections. This penchant, when 
combined with another factor, created some curious devel-
opments. Since logarithms were the universal tool for hand 
computations, great algebraic effort was made to simplify 
equations whenever possible. With numerical techniques 
being practically restricted to expressions in the form of in-
finite series, equations were always truncated to only yield 
the necessary computational precision. Extra digits were too 
expensive in terms of labor to waste on niceties. The tables 
of equations for the different categories of map projections 
showed terms only to the third power, the cubic. When Ger-
main’s Projection of Minimum Deformation was truncated 
to the cubic, it became identical to the Lambert Conformal 
Conic when truncated to the cubic. Since the late Heinrich 
Lambert was senior to Germain, the former’s name was given 
to the new projection adopted for the new large-scale map 
series. The French tables were computed with the Lambert 
Conformal Conic projection of the developed meridional dis-
tance formulae truncated to the cubic term. This did not re-
sult in a strictly conformal projection, but it was deemed close 
enough at the time. This convention for the French Army 
Truncated Cubic Conic was also applied for decades to prac-
tically all of the French colonies, including Syria, the Levant 
or Palestine (PE&RS August 2000), Morocco (PE&RS June 
1999), Algeria, Tunisia, and French Indochina (Laos, Cambo-
dia, and Vietnam).

When the officers of the French Army fled France after 
the Kaiser invaded their country, they carried many of their 
surveys and map manuscripts to London. The United States 
commissioned some mathematicians and geodesists with the 
Coast Survey into the Corps of Engineers and sent them to 
London to assist the Royal Engineers and the French. Upon 
arrival, they noticed the scarcity of the Tables of Projection 
for the northern war zone (Nord de Guerre), and sent one 
copy back to Washington for tabular extension and duplica-
tion. In Washington, it was noticed that the documented for-
mula was truncated at the cubic term. They apparently de-
cided to develop tables that not only had greater latitudinal 
extent, but they also decided to use more terms for the devel-
oped meridional distances. Shortly after a group of mathema-
ticians was assigned to perform the task, others at the Coast 
Survey decided that it was a nifty idea to use a conformal 
projection for a basis of survey computations. Another group 
was assigned to perform the same task, but instead of using 

the Plessis ellipsoid for the Nord de Guerre Zone of France, 
they used the Clarke 1866 ellipsoid for the United States. 
Computations for both tables were completed at the same 
time, and both manuscripts were sent to the Superintendent 
of Documents at the same time. When the printing office sent 
the crates of tables back to the Coast Survey, the wrong crate 
was shipped to London. After some consternation, the proper 
crate arrived, only to cause further consternation. The fully 
conformal tables for the Lambert Conformal Conic would not 
cast a graticule to match the existing Nord de Guerre Zone 
sheets based on the French Army Truncated Cubic Conic. 
The new tables were discarded, the Royal Engineers and the 
French Army Engineers “made do” with what they already 
had. Moral: use the same projection formulas as the 
originating country uses. It is not “correct” unless it 
matches native work.

The French Kilometric Quadrillage (AEF) of 1918 was 
based on the Fully Conformal Lambert Conic where the Lati-
tude of Origin was jo = 49° 30´ 00˝, and the Central Meridian 
was lo = 7° 44´ 13.95˝ East of Greenwich, the Scale Factor at 
Origin (mo) = 0.999509082, and both the False Eastings and 
False Northings were 500 km. The ellipsoid of reference was 
the Clarke 1866, and this Grid was never used. On the other 
hand, the French Nord de Guerre Zone (1914-1948) was used, 
and it was based on the French Army Truncated Cubic Conic 
where the Latitude of Origin was jo = 49° 30´ 00˝, the Central 
Meridian was lo = 7° 44´ 13.95˝ East of Greenwich, the Scale 
Factor at Origin (mo) = 0.999509082, and the False Easting 
was 500 km and the and False Northing was 300 km. The 
ellipsoid of reference was the Plessis Reconstituted.

After WWI, the French developed four Lambert zones for 
the country. From 1920 to 1948, Zone I (Nord) parameters 
were where the Latitude of Origin was jo = 49° 30´ 00˝, the 
Central Meridian was lo = 2° 20´ 13.95˝ East of Greenwich, 
the Scale Factor at Origin (mo) = 0.999877340, and the False 
Easting was 600 km and the False Northing was 200 km. 
The ellipsoid of reference was the Clarke 1880, where the 
semi-major axis (a) = 6,378,249.2 meters and the reciprocal 
of flattening (1/f) = 293.4660208. In France, for Zone II (Cen-
tre), the Latitude of Origin was jo = 46° 48´ 00˝, the Central 
Meridian was lo = 2° 20´ 13.95˝ East of Greenwich, the Scale 
Factor at Origin (mo) = 0.999877419, and the False Easting 
was 600 km and the False Northing was 200 km. In France, 
for Zone III (Sud), the Latitude of Origin was jo = 44° 06´ 00˝, 
the Central Meridian was lo = 2° 20´ 13.95˝ East of Green-
wich, the Scale Factor at Origin (mo) = 0.999877501, and the 
False Easting was 600 km and the False Northing was 200 
km. In France, for Zone IV (Corse) Corsica, the Latitude of 
Origin was jo = 42° 09´ 54˝, the Central Meridian was lo = 
2° 20´ 13.95˝ East of Greenwich, the Scale Factor at Origin 
(mo) = 0.999940004, and the False Easting was 600 km and 
the False Northing was 200 km. All four of these zones were 
based on the French Army Truncated Cubic Conic projection.

In 1940, the mapping agency was renamed the Institute 
Géographique National (IGN). The French government de-
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clared, “C’est pourquoi il fut decide en 1948 de subsituer des 
formulas rigoureuses aux développements limités, en con-
servant les mêmes limites de zones et les mêmes modules 
d’homothétie.” In other words, France went to the rigorous 
fully conformal formulae in 1948 for the Lambert Conic. 
Since then, only Algeria has deemed to do the same in the 
early 1960s, according to Roger Lott, the chief surveyor of 
British Petroleum. The other old French colonies, although 
now independent, still use the French Army Truncated Cu-
bic. Some old colonies still consider Paris as the origin of lon-
gitudes (PE&RS February 2000). One caution for the U.S. 
practitioner: the French do not use degrees-minutes-seconds 
for angular measurement; they use Grads where 400G = 360°.

After 1948, the new French Lambert zones (I-IV) retained 
the same parameters as listed above for the Republic. Only 
the formulae changed. During that same era, the U.S. Army 
Map Service directed the recomputation of all the triangu-
lations of Europe and the Mediterranean to the European 
Datum of 1950. Everything was sequentially tied to France 
(PE&RS October 1998, October 1999, and July 2000), and the 
unifying tool was the UTM Grid. France is covered by UTM 
zones 30-32 referenced to the EU50 Datum and the Interna-
tional ellipsoid where a = 6,378,388 m and (1/f) = 297.

IGN currently publishes their general national 3-parame-
ter transformation from NTF to WGS84 as: dX = +168 m, dY 
= +60 m, dZ = –320 m.

Update
The IGN.FR (Institut Géographique National) now maintains 
a website1, which describes how the country has a complete 
dense coverage2 of public GPS Continuously Operating Ref-
erence Station (CORS3) sites, and IGN offers a free compu-
tational web page that accepts the user’s choice of up to four 
National CORS sites to process with their own observations4 
in a manner somewhat akin to the U.S. National Geodetic 
Survey’s Online Positioning User Service or “OPUS”5  The 
IGN website is well-designed and covers practically anything 
a potential user could ask for regarding France proper as well 
as for all of its Overseas Territories.  

1 http://www.ign.fr/. Accessed 12 Decmeber 2018.
2 http://rgp.ign.fr/. Accessed 12 Decmeber 2018.
3 https://www.ngs.noaa.gov/CORS/. Accessed 12 Decmeber 

2018.
4 http://rgp.ign.fr/SERVICES/calcul_online.php. Accessed 12 

Decmeber 2018.
5 https://www.ngs.noaa.gov/OPUS/. Accessed 12 Decmeber 

2018.

The contents of this column reflect the views of the author, who is 
responsible for the facts and accuracy of the data presented herein. 
The contents do not necessarily reflect the official views or policies of 
the American Society for Photogrammetry and Remote Sensing and/
or the Louisiana State University Center for GeoInformatics (C4G).

This column was previously published in PE&RS.
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GREETINGS FROM THE STUDENT ADVISORY   
COUNCIL (SAC)

ASPRS’ annual conference, the centerpiece of Geo Week 2018, will be 
taking place in Denver, Colorado, this month! Geo Week is an excellent 

opportunity for students to learn, network, and share their research. 
Signatures will highlight some of these exciting opportunities including 
the Student Advisory Council (SAC) student paper sessions, GeoLeague 
competition, SAC business meeting, and opportunities to become more involved 
in the SAC.

Join the SAC
Become more involved in the ASPRS apply to join the SAC at 
https://www.asprs.org/councils/student-advisory-council-positions and click apply here!

Student PAPer SeSSion
The SAC student paper session will take place in conference 
room 24D at 2:00 pm on Wednesday, 30 January 2019. The 
student paper session is frequently a conference highlight 
for participants and audience members. We encourage any 
conference attendee to attend this session to learn more 
about exciting research conducted by ASPRS’ student 
members. Paper topics include UAS calibration, UAS 
mapping, and novel applications in stereo pair matching.  
Each presentation will last approximately 15 minutes, and 
there will be time for questions.

GeoLeAGue
GeoLeague will be taking place on Monday, 28 January 2019 
at 4:00 pm The GeoLeague is a jeopardy style competition 
that tests the geospatial knowledge of four person teams 
composed of students, ILMF attendees, and ASPRS 
members. Teams are pitted against one another in a head 
to head competition.  Categories can range from lidar to the 
history of ASPRS. Winners receive prizes, and everyone is 
guaranteed to have a good time.

SAC MeetinG
The SAC business meeting will take place in Granite C room 
at 2:00 pm on Monday, 28 January 2019. We encourage all 
students to attend this session. The SAC is a great way to 
become more involved in ASPRS. The business meeting will 
introduce ASPRS student members to the SAC and the what 
initiatives are currently in planning. Interested in learning 
more about these opportunities? Contact the SAC at SAC@
asprs.org.

mailto:StudentCouncil@asprs.org
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Journal Staff MIKE RENSLOW RETIRES FROM 
ASPRS

Mike Renslow, Technical Editor 
of PE&RS, who has also been 

heavily involved in coordination 
and administration of ASPRS’ 
Certification Program over the last 15 
years, announced his retirement this 
fall from both programs. 

“It has been a honor work with Mike on PE&RS” said Rae Kelley, Associate Director 
– Publications. “He has been an integral part of our production team since 2004.”

Melissa J. Rura-Porterfield, Ph.D.,  has taken on the position 
Managing Editor for PE&RS. Melissa has work with ASPRS 
and PE&RS in various positions, including BBook Review 
Editor, SectorInsights Editor  and on the update of The  
Glossary of Mapping Sciences.. “Melissa is very through and 
will take PE&RS to the next level. She is the perfect addition 
to our team” said Rae Kelley. 
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• 25-31 January, GEO WEEK—ASPRS/
MAPPS/ILMF, Denver, Colorado. For 
more information, visit www.lidarmap.org.

• 25-27 February, 2019 STRATUS 
Workshop— Systems and Technologies 
for Remote Sensing Applications 
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STRATUS2019.
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information, visit http://www.gistam.org.
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387, Baltimore, Maryland. For more 
information, visit http://www.asprs.org/
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JOIN ASPRS IN CELEBRATING 
OUR NEWEST RISING STAR!

Kris Taniguchi-Quan is the newest ASPRS 
Rising Star. Kris is being sponsored by the 

ASPRS Pacific Southwest Region. 
Kris is a research scientist at Southern California Coastal 
Water Research Project (SCCWRP), a leading U.S. environ-
mental research institute that works to develop a scientific 
foundation for informed water-quality management in 
southern California and beyond. Kris received her B.S. in 
Environmental Science – Watershed Science in 2011 and 
M.S. in Geography in 2014 from San Diego State University 

(SDSU) and Ph.D. in Geography in 2018 from the joint doctoral program 
at SDSU and University of California, Santa Barbara. Kris is a fluvial 
geomorphologist who utilizes advanced geospatial techniques to investigate 
the impacts of urban development on river hydrology, stream channel 
erosion, and sediment transportation. During her graduate career, Kris has 
collaborated with the County of San Diego in using remote sensing techniques 
for stream channel characterization and historical time-series of channel 
form, and with the U.S. Environmental Protection Agency (EPA) and U.S. 
Department of Agriculture in utilizing unmanned aerial systems (UAS) and 
StructurefromMotion (SfM) photogrammetry techniques to quantify, monitor, 
and model erosion in Tijuana, Mexico. Her current research at SCCWRP 
focuses on developing and implementing a variety of watershed management 
tools to address the effects of hydrologic alteration on the ambient condition of 
streams and to develop ecohydrology targets designed to protect stream health. 
Kris strives to integrate geospatial sciences into watershed management and 
will be developing tools on the use of UAS for ephemeral and intermittent 
stream channel monitoring in southern California.

ASPRS Announces its Newest Rising Star



Simultaneous Chain-Forming and
Generalization of Road Networks

Susanne Wenzel and Dimitri Bulatov

Abstract
Streets are essential entities of urban terrain and their auto-
matic extraction from airborne sensor data is cumbersome 
because of a complex interplay of geometric, topological, and 
semantic aspects. Given a binary image representing the road 
class, centerlines of road segments are extracted by means 
of skeletonization. The focus of this paper lies in a well-rea-
soned representation of these segments by means of geometric 
primitives, such as straight line segments as well as circle and 
ellipse arcs. Thereby, we aim at a fusion of raw segments to 
longer chains which better match to the intuitive perception 
of what a street is. We propose a two-step approach for simul-
taneous chain-forming and generalization. First, we obtain 
an over-segmentation of the raw polylines. Then, a model 
selection approach is applied to decide whether two neigh-
boring segments should be fused to a new geometric entity. 
For this purpose, we propose an iterative greedy optimization 
procedure in order to find a strong minimum of a cost func-
tion based on a Bayesian information criterion. Starting at the 
given initial raw segments, we thus can obtain a set of chains 
describing long alleys and important roundabouts. Within 
the procedure, topological attributes, such as junctions and 
neighborhood structures, are consistently updated, in a way 
that for the greedy optimization procedure, accuracy, model 
complexity, and topology are considered simultaneously. The 
results on two challenging datasets indicate the benefits of 
the proposed procedure and provide ideas for future work.

Introduction and Previous Work
An urban street network is an essential element of any city. 
Interpreting and generalizing its structure, including iden-
tification of patterns in it, not only helps to understand the 
structure and organization of the city, but also to interpret 
its historical and cultural development. How fascinating and 
captivating the task of description and generalization of road 
systems is can be visualized by several examples. Centers of 
many North and South American cities exhibit grid-like struc-
tures, which had been done not only for the sake of simplicity 
but also to impress the native inhabitants by the orderliness 
and civility of the conquerors. Many cities of the Middle East 
are characterized the labyrinth structure of paths with no 
visible order, which had the purpose of hiding and segrega-
tion of private aspects of life. Around many larger towns in 
Europe, ring roads and highways were built to organize their 
transportation and supply of goods as well as to avoid the 
traffic congestions in the inner cities, which by the way could 
negatively affect the city’s ecology. Also in the countryside of 
Western European countries, such as France, there are many 
roundabouts which allow to regulate the traffic without neces-
sity to mount and to maintain semaphores at every corner. 

All this motivates many researchers to assess the street 
networks by 1) topology- and 2) geometry-based generaliza-
tion methods, thus representing the main features of the road 
networks while suppressing their less necessary details. In the 
first group of methods, graph-theoretical aspects play the major 
part. We start the literature review by a purely topology-based 
method of Jiang and Claramunt (2004) who classify the road 
segments with respect to graph centrality properties such as 
degree, closeness, and betweenness. The purpose is to filter out 
less important road segments with respect to their topological 
properties. In the same category lies the work of Touya (2010), 
but with a stronger emphasis on the context, for example, dif-
ferentiation between urban and rural road systems. An aspect 
interesting for us was the continuation of road strokes at the 
junction. The work of Mackaness and Mackechnie (1999) 
aims at the detection and simplification of junctions. First, 
without any topological context, road endpoints are clustered 
by a procedure that reminds of the DBSCAN algorithm. Levels 
of generalization are predefined using continuously increas-
ing cluster radii. The road-net topology is then completed by 
rules of graph-theory: Join vertices, delete vertices, delete edge, 
contract edge, and add a new a vertex or edge.

Many approaches strive for pattern extraction in road net-
works. For example, Yang et al. (2010) and Tian et al. (2016) 
extract grid-like patterns. Tian et al. (2016) recognize maxi-
mum connected components of subgraphs with similar line 
orientation. By finding two such dominant directions, grid 
cells are then easily gathered. Alternatively, Yang et al. (2010) 
developed an adaptive method for identification of grid pat-
terns, which includes estimation of attributes of the polygons, 
parameter integration and identification of grid patterns; for 
the latter step, an automatic threshold selection module con-
stitutes the particular innovation of the algorithm. The pre-
sented results are impressing, however, not much doubt is left 
that still work is to be done. For example, Tian et al. (2016) 
have stated that their method is yet to be applied to more 
complex data sets and that they see the system as incomplete 
as long as recognition of other patterns, such as rings and 
roundabouts, is not developed. While Sheeren et al. (2004) 
proposed a technique for recognizing roundabouts, which 
correspond to mathematical graph faces, Heinzle et al. (2006) 
have differentiated between grids, star, and ring patterns. To 
recognize star patterns, for example, a technique based on the 
Dijkstra minimum cost path algorithm was applied while for 
identification of ring structures, properties like curvature and 
convexity were taken into consideration. 

The topology-based techniques, as the name already sug-
gests, have the big advantage that the graph structure of the 
road network is retained together with its most essential prop-
erties. The main problem is that the geometrical aspects are 
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underestimated, and therefore not always properly assessed. 
That similarity of the dominant directions is not always a 
good measure for neighbored road segments to belong togeth-
er has been shown by two examples by Bulatov et al. (2016a). 
In that work, the goal was to generalize the vector data of 
street center-lines resulting from exploitation of airborne sen-
sor data, for which many other excellent contributions exist 
(Mena, 2006; Clode et al., 2007; Wegner et al., 2015). The 
importance of these contributions is undermined by the fact 
that road networks are rapidly changing especially in urban 
environment, while in rural regions or in developing coun-
tries, merely main roads are listed in the openly available GIS 
data. In short, actuality, completeness and correctness of the 
GIS data that had been used by Yang et al. (2010) and other 
previous approaches focusing on topology only cannot always 
be guaranteed. However, for various time-critical applications, 
these missed side paths and escape ways are often essential. 

Because of the variety of appearances and road types 
(sidewalks, tunnel entries, bridges, railways, etc.), occlusions 
(tree crowns or moving vehicles), shadows, etc., extraction of 
roads from image data is a challenging task. This is where the 
geometry-based generalization methods come into play. The 
most famous one is the Douglas-Peucker generalization meth-
od (Douglas and Peucker, 1973) which results in a representa-
tion of edges of the input polygonal chain (to be referred as a 
polyline in the course of this paper) by a set of straight lines. 
Numerous attempts have been made since then in order to 
improve this method. For example, Saalfeld (1999) addresses 
the problem of topological inconsistencies. Another area of 
improvement is the generalization of this approach for circle 
arcs, ellipses, clothoids and other geometric primitives. For 
example, Günther and Wong (1990) propose what they call 
Arc Tree, which represents arbitrary shapes in a hierarchical 
data structure with small curved segments at the leaves of a 
balanced binary tree. Moore et al. (2003) propose a method 
for polygon simplification using circles. They aim at closed 
polygons given by a set of 2D points. Based on the medial axis 
from Voronoi polygons, they propose a population of circles 
which they afterwards filter to get a set of circles which best 
approximate the given polygon. The final representation of 
the polygon consists of circles and tangents linking neigh-
boring circles. Finding ellipses in images has also attracted 
many researchers (Porrill, 1990; Patraucean et al., 2012), even 
though these works start from pixel-chains, which is not the 
case in our application. We are interested in the more gen-
eral problem of describing polygonal chains by sequences of 
straight line, circle, and ellipse segments, a problem already 
addressed by Albano (1974), however, neither enforcing el-
lipses, nor looking for a best estimate for ellipses.

Most related to our approach is the work by Rosin and 
West (1995), who perform a segmentation of point sequences 
into straight lines and ellipses in a multistage process. They 
first segment a 2D-curve into straight lines. Afterwards 
sequences of line segments are assigned to arcs restricted 
to their endpoints. We might interpret this step as merg-
ing sequences of lines to elliptical arcs. Model selection is 
done implicitly by evaluating a significance measure to each 
proposed segment, which is based on its geometry, purely. 
However, their criteria are non-statistical, thus, cannot easily 
be adapted to varying noise situations. Ji and Haralick (1999) 
criticized this and modified their idea by a hypothesis testing 
framework. Starting from Rosin and West's (1995)  output of 
arc segmentation, they merge pairs of arcs belonging to the 
same ellipse. Moreover, they also group non-adjacent arcs 
and exploit the sign of the arcs for grouping. Proposals for 
merging are validated using hypothesis testing. The idea of 
Bulatov et al. (2017) was to combine the semantic approach 
of fusing road segments and assuming that, being a typical 

man-made object, they can be approximated by geometric 
primitives with the statistical approach of model selection to 
decide whether neighboring segments can be represented by 
a single primitive. The approach of model selection is based 
on information theory since not only coordinates’ residuals 
but also model complexity is taken into consideration. One 
area in which this previous contribution can be improved is 
the way it was implemented. Basically, there were three main 
steps: 1) Junction-wise topological fusion using a similarity 
criterion, 2) Geometrical over-segmentation using the ap-
proach of Wenzel and Förstner (2013), and finally 3) Geo-
metric generalization by means of the statistically best fitting 
object model and model selection. Step 1), denoted as chain 
forming by Bulatov et al. (2017), was accomplished by either 
comparing partial dominant directions or a RANSAC-based 
circle fit function. In other words, within a depth-search ap-
proach it was tested whether subsets of the road network form 
long straight lines or circles.

In this paper, we strive to identify the essential geometric 
patterns of road networks, such as long alleys and important 
roundabouts. Contrary to Bulatov et al. (2017), we wish to 
unify the redundant work in steps 1 and 2 into one frame-
work containing (a breadth-first) simultaneous geometrical 
and topological generalization. Intuitively, the fact that 
merely pairwise neighbors will be considered at each step 
could be a disadvantage with respect to the depth search of 
dominant structures, since many segments are too short and 
do not contain too much information. It should be noted 
here that the initial road networks resulting from sensor data 
exploitation are given by a union of very short segments, from 
one junction to another, and not, as in case of GIS-data, by the 
whole entity, such as Oxford Street in London or L’Etoile in 
Paris. However, we expect to compensate this shortcoming 
by simultaneously taking into account topology, accuracy, 
as well as model complexity and thus to achieve a plausible 
solution. Even though the quality of results is expected to be 
below those produced by almost noise and error-free GIS data, 
our goal is to investigate whether the circular, linear, or ellip-
tic structure can already be captured at the junctions within 
our breadth-first model selection approach and be continued 
in a reasonable way.

Thus, the main contribution of this work is to combine (si-
multaneously, within the breadth- first approach) geometrical, 
statistical, and semantical properties of roads. The semantical 
properties of roads are that they extend over a considerable 
distance across the images while occasionally crossing other 
roads in specially designed junctions. With respect to geom-
etry, roads mostly can be represented (as typical man-made 
objects) by geometric primitives, like straight line segments, 
circle arcs, clothoids, etc. Finally, a statistical approach of 
model selection will allow us to decide whether a single 
primitive can represent neighboring segments. Note that 
after the generalization, the data is not necessarily consistent 
anymore; for example, a line and a circle are not guaranteed 
to intersect. This is a drawback at the first glance because 
imposing consistency on the new road system is a separate 
and challenging task that will not be addressed in this work. 
Nevertheless, the adjacency information is not lost. In the 
application of urban terrain simulation (Bulatov et al., 2014), 
particularly of interest for the authors, a junction of appropri-
ate size can be installed at the approximate intersection posi-
tion of two or more roads, given the information that these 
roads are supposed to intersect. A virtual vehicle can then 
easily switch from one road to another. Conversely, wriggled, 
winding road segments are negatively perceived by most us-
ers of such a simulation software since they bring about jerky 
movements of the steering wheel.
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For reasons of completeness, we provide in the following 
section a brief summary of methods applied in order to fit geo-
metric primitives, such as straight lines, circles, and ellipses. 
Using ellipses, we strive to approximate clothoides, which are 
more often employed to provide a smooth transition of curva-
ture between straight and circular road segments, especially 
in rural regions. The process of extracting a raw road network 
from the classification result is explained in Section Road Net 
Extraction. Afterwards, we present our approach of simulta-
neously forming chains and generalization such that we reach 
an optimal solution. Our results in the Experiments Section 
verify that our approach is able to generate long chains of 
straight as well as curved street segments, which are consis-
tent with the initial classification result. In the last section, 
conclusions and ideas for future work are provided.

Fitting Straight Lines, Circles, and Ellipses
In this section, we provide a brief summary of methods for es-
timating geometric entities such as straight lines, circles, and 
ellipses. The scope of this section is to provide the rough idea 
and the notation in order to allow the reader to follow the re-
maining procedure given at Section Merging Line Primitives 
Based on Model Selection. For details about the estimation 
procedures we refer to the literature provided below.

Given the set of N observed points X = {xn}, n = 1 … N, we 
aim at the best fitting straight line, circle, or ellipse, which we 
represent as homogeneous elements. In each case, we look for 
the statistically best fitting parameter vector as well as its co-
variance. We need this when merging neighboring lines based 
on their statistical properties. A detailed discussion of uncer-
tain homogeneous points and lines can be found in (Förstner 
and Wrobel, 2016) and (Meidow et al., 2009). We assume i.i.d. 
coordinates of each point, sharing the same isotropic covari-
ance Σx x nn n

= σ 2
2I . 

a. Straight Line: In (Förstner and Wrobel, 2016, Sec. 9.4.2), 
it is shown that the statistically best fitting line passes 
through the centroid of given points and that its direction 
is given by the principal axis of their moment matrix. We 
obtain the estimated homogeneous coordinates of line l̂ 
and the covariance matrix ∑ l̂ l̂.

b. Ellipse: We use the homogeneous representation of conics 
to express the parameters of the ellipse. Conics are repre-
sented by a symmetric 3×3-matrix
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Any point x = [x, y, 1]T on the conic fulfills xT C x = 0. For 
estimating the parameters we use the implicit polynomial 
representation of the conic yT c = 0, with the vector of 
unknowns c = [c11, c12, c22, c13, c23, c33]T and the observa-
tions y = [x2, 2xy, y2, 2x, 2y, 1]T. To ensure the conic to be 
an ellipse, det (Chh) > 0 must be fulfilled. Thus, we impose 
the quadratic constraint c11 c22 − c12

2 = 1, which is a valid 
choice, as the conic representation is homogeneous and 
all parameters can be divided by any non-zero scale factor. 
This leads to a non-linear Gauss-Helmert model. Using 
initial parameters estimated by means of the direct method 
of Fitzgibbon et al. (1999), we follow Wenzel (2016, 
Sec. 2.1.3, p. 47ff) to obtain the estimated parameters ĉ of 
the conic and the covariance matrix

 
∑ ĉ ĉ.

c. Circle: A circle is a special regular conic for which Chh in 
Equation (1) is proportional to the 2×2 identity matrix. 
Instead of using the over-parametrized conic representa-
tion, we represent circles by their implicit homogeneous 

equation zT p = 0, where we collect the coordinates of a 
point x in a vector z = [x2 + y2, x, y, 1]T and the param-
eters within vector p = [A, B, C, D]T, from which we easily 
obtain the circle parameters, [x0, y0, r]. Note that setting 
A = 0 allows us to represent circles with infinite radius, 
thus, straight lines. We follow Förstner and Wrobel (2016, 
Sec. 3.6.2.5) and derive the covariance matrix of the circle 
parameters [x0, y0, r] directly from the observed points. 
Finally, using variance propagation, we yield estimated 
parameters p̂ and the according covariance matrix ∑ p̂ p̂.

Road Net Extraction
In this section we describe the process of extracting a raw 
road network from the classification result which serves as 
input for the simultaneous chain-forming and generalization 
procedure, described in the next section. The individual steps 
of the following procedure are shown in Figures 1a to 1d.

The main input for our procedure of initial road map com-
putation is the classification result of given image data, which 
we denote by the binary road-class image B, cf. Figure 1a. We 
denote its boundary, usually slightly smoothed by morpholog-
ical operations, by ∂B. Starting from B, we extract the medial 
axis by means of skeletonization and finally, we apply the 
vectorization tool of Steger (1998); cf. Figure 1c. The output of 
this method is a set of open polygonal chains, which we call 
polylines. An endpoint of a polyline is always either a pixel 
on ∂B (usually, a concavity), or a branch point, for which at 
least three points, belonging to ∂B, have the same distance. In 
the first case, we refer to the polyline endpoint as a dead end 
while in the second case, we denote it as a junction. Besides 
these two cases, a particular situation is observed if the poly-
line is closed, or, equally, if it is homeomorphic to the circular 
line. In this situation, both dead ends coincide with the same 
vertex of the polyline.

To recognize whether a polyline endpoint is a dead end or 
a junction, a range-search procedure is applied. All endpoints 
are clustered by means of the generalized DBSCAN algorithm 
(Sander et al. 1998), which is still a state-of-the-art tool for 
down-sampling point clouds. A junction is a cluster with at 
least three vertices. The structure of junctions contains their 
2D coordinates and the corresponding incident polylines. 
Since every concavity of B causes one polyline, discarding 
road segments which exhibit a suspicious geometric ap-
pearance (too short, too broad, etc.) and at the same time do 
not contribute to the topological functionality of the road 
network has been proposed in the literature (Mena, 2006; 
Bulatov et al., 2016b). We use an iterative filtering procedure 
based on polyline attributes, such as width, length, type, 
etc., which are calculated according to Bulatov et al. (2016a). 
Within one iteration, we delete all polylines of which at least 
one endpoint is not a junction and whose length or width take 
on a suspicious value (e. g., the length below 2 m or width out 
of the range [2 m; 50 m]). After every iteration, the attributes 
are updated to prevent erosion of road segments. To be more 
precise, a junction which now connects not more than two 
road segments must be deleted and both segments are merged 
while their lengths are summed, so that for the next iteration 
the new length exceeds 2 m. The result of this pre-processing 
procedure is shown in Figure 1d and provides the input for 
our simultaneous chain-forming and generalization proce-
dure, described in the next section.

Simultaneous Chain-Forming and Generalization
For the most part, the previously discussed polylines serve as 
connection links between the junctions and do not correspond 
to the general concept of what a street is. We wish to fuse these 
polylines to chains which correspond to our understanding of 
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streets while simultaneously generalizing them by means of 
sequences of straight line, circular, and ellipse segments.

The proposed method consists of two steps, described 
in the next two subsections. Given the polylines, we first 
iteratively segment them into circular segments, which yields 
an over-segmentation. Second, merging neighboring segments 
is performed based on model selection. In this step, straight 
lines, circular arcs, and ellipses are estimated optimally in 
the least squares sense. In this way, we are more flexible 
representing curved street shapes than by using straight lines, 
solely. Finally, the whole road network is subject to a greedy 
optimization supposed to retrieve the optimal set of chains 
out of the whole dataset, which is described in detail in Sec-
tion Chain Forming by Greedy Search.

Segmenting Point Sequences into Circle Segments
 The concept of polyline segmentation into circle segments is 
based on the circlePeucker algorithm (Wenzel and Först-
ner, 2013), which is an adaption of the Douglas-Peucker al-
gorithm (Douglas and Peucker, 1973). The original algorithm 
is designed to simplify polylines by recursively splitting a 
sequence of polyline edges into larger edges until the distance 
of an eliminated point to the corresponding edge is below a 
threshold t.

Instead of straight lines, circlePeucker uses circle 
segments (Wenzel and Förstner, 2013). Given a sequence 
of points, X = {xn}, n = 1 … N, it is recursively partitioned 
into segments which approximate the according points by 

a circular arc up to a pre-specified tolerance t. If applicable, 
a segment is split at the point xn that has the maximum 
distance to the circular arc. In order to enforce continuity, 
the start and endpoints of the segments are fixed and the best 
fitting circle arc is determined as explained in Section Fitting 
Straight Lines, Circles, and Ellipses. For each polyline the 
threshold t is set to half of the road segments width.

Using this procedure for each initial polyline separately, 
we obtain a list of indices which represent the endpoints of 
the sought segments. In order to keep the topology of our 
road network consistent, we introduce new junctions for 
each breakpoint of the pre-segmentation and update the list 
of street segments accordingly. An intermediate result of this 
step of the procedure is shown in Figure 1e.

Merging Line Primitives Based on Model Selection
Given the preliminary, over-segmented partition of polylines, 
we aim at a simplification by merging neighboring segments 
which share the same geometric model instance. Deciding 
whether two neighboring segments belong to the same model 
instance may be based on a statistical hypothesis test. As 
these tests aim at rejecting the null hypothesis, they can be 
used as a sieve for keeping false hypotheses. Merging seg-
ments solely based on hypothesis testing, however, fails due 
to the risk of accepting large changes in geometry, in case the 
parameters of the proposed model are uncertain. On the other 
hand, deciding which model fits the data best, i.e., whether it 
should be approximated by a straight line, circle or an ellipse, 

Figure 1. Results for a fragment of the Graz dataset, showing all intermediate steps of the process. For (c) to (d) colors are 
arbitrary and visualize different segments, i. e., polylines. For (e) and (f) colors represent straight line segments, circular, and 
elliptic arcs in blue, green, and orange, respectively. In order to denote specific parts of images, we add grid cell names at 
their outer frame; e.g., (A1) is the area at the upper left corner of an image fragment and (A2) in (f) points at the orange ellipse.
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is a typical model selection problem, which addresses the 
trade-off between goodness-of-fit and simplicity. The former 
aims at the accuracy of the selected model, with regard to the 
given data, the latter aims at the number of parameters used 
to describe the model.

Here, the domain of considered models is {straight line, 
circle, ellipse}, which differ in the number U of parameters, 
{2, 3, 5}, respectively. The term accuracy is related to the 
residuals, v, caused by deviations of the points from the se-
lected model. Let us consider a number of N i.d. observations 
l with covariance ∑ll. We are looking for an U -dimensional 
parameter vector θ̂, whereby observations and parameters are 
related by the Gauss-Markov functional model l + v̂ = f(θ̂) with 
residuals denoted by v̂. Using the usual definition Ω = vT ∑ll

–1v, 
Schwarz (1978) derived the Bayesian Information Criterion

 BIC = Ω + U ln N (2)

as a criterion for model selection. The lower the complexity of 
the model, described by U , the lower BIC. A large number N of 
observations increases the relative precision of the parameters 
and thus the reliability of the model. It can be shown that the 
BIC is closely related to the description length from informa-
tion theory. Thus, we use these terms synonymously and wish 
to minimize BIC from Equation (2) to select the best model.

From the pre-segmentation, we only take the information 
which points belong to the same segment and ignore the pa-
rameters of the fitted circle segments. The final representation 
is achieved by fitting straight line, circle, and ellipse segments 
through given road segments, using all points belonging to them.

Again, given a set of N observations X = {xn}, n = 1 … N, 
where we assume i.i.d. coordinates of each point, sharing the 
same isotropic covariance Σx x nn n

= σ 2
2I , we aim at the best fit-

ting line l̂, circle p̂, or ellipse ĉ as described in Section Fitting 
Straight Lines, Circles, and Ellipses. Thereby, for each road 
segment, we assume σn = t, which is half of its width, as in-
troduced in Section Road Net Extraction. For each model, we 
look for the statistically best fitting parameter vector as well 
as its covariance by estimating the weighted sum of squared 
residuals Ω = ∑v̂2

n/σ2
n as measure of precision.

Let us assume a segmentation of points X = {xm} into M 
segments. We call the current parameter vector of the mth 
segment θm. Thus, θm acts as placeholder for lm, pm or cm and 
includes the number Um of parameters needed to define the 
current model. Thus, Um acts as our measure of complexity. 
Initially, we select the best model for each segment by mini-
mizing its description length in terms of the BIC:

  
ˆ arg min , arg min ln ,θ θ

θ θm m m m m m
m m

U N= ( ) = +( )BIC X Ω
 

(3)

where Ωm = (Xm, θm). We wish to merge neighboring segments 
by evaluating the gain of description length when fitting a 
new model to the joined set of points.

Without loss of generality, let us consider two neighbor-
ing segments 1 and 2 with the corresponding points X1, X2, 
respectively, and the already assigned models θ̂1 and θ̂2. We 
propose the points of both segments to belong to a joined seg-
ment, thus, X1,2 = X1ÈX2. Again, we select the best model for 
this potentially merged segment by minimizing the BIC 

 
ˆ arg min .,, , ,

,
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The gain of description length is given by the difference 
between the joined description length using the model θ̂1,2 ob-
tained with the merged segments X1,2 and the sum of descrip-
tions lengths of both previous models θ̂1 and θ̂2.   
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(5)

If ∆BIC1,2 > 0, the description length of the merged seg-
ment is shorter than the description length of two separate 
segments; thus, they should be merged to reduce the overall 
complexity. 

 In case of competing but mutually exclusive hypotheses 
for merging, we apply a greedy strategy described below.

Chain Forming by Greedy Search
 The essential precondition of chain forming is establish-
ing (geometric and topological) similarities between the 
polylines. That is, to find candidates for fusion, we have to 
search for similar attributes between pairs of polylines. The 
necessary condition for similarity is that two polylines are 
topologically neighboring; in other words, they must share a 
common junction. This additionally simplifies the implemen-
tation since all the remaining steps of the algorithm run over 
junctions.

Further, we established a width gap: The necessary condi-
tion for two road segments to be neighbors is that the width 
of the narrower one, denoted by wmin, and that of the broader 
one, wmax, are similar, that is: 

   , .1 0 .( ) 5where     max min− < ≈ε εw w  (6)

This assumption is reasonable because a street usually has 
a nearly constant width throughout its course. Note that even 
though this threshold may seem large, it is only a necessary 
condition.

Finally, to evaluate the whole set of road segments, we 
proceed in a greedy manner. After initializing all segments 
by their best models in terms of description length (2), we 
propose a set of neighboring segments as candidates for merg-
ing. Thereby, we take into account all pairs of segments which 
share a common junction and fulfill the requirement of the 
width gap given in Equation (6). For each of these pairs, we 
select the best model, by minimizing the BIC, estimate the gain 
of description length given in Equation (5) and store the result.

During our greedy search procedure, at each iteration step 
we select the pair of neighbors with the largest gain of descrip-
tion length. We update the topology of the whole dataset: The 
recently merged segments are not associated with their com-
mon junction(s) anymore. The order of vertices of the merged 
polylines should be topologically correct. On the one hand, 
this requires reordering the polyline segments to be fused and, 
on the other hand, the order of points within one polyline has 
to be flipped, if necessary. Further we update the geometric 
models of all affected neighboring road segments and their ac-
cording gain of description length in case of merging. 

The steps mentioned in the last paragraph are repeated 
until there are no more merging proposals with positive gain 
of description length. A final result after this step of the pro-
cedure is exemplarily shown in Figure 1f.

Note that the resulting partitioning may produce devia-
tions from the original junctions and dead-ends, because 
during adjustment, the geometric elements are not restricted 
to any particular points. However, the covariance matrices for 
junction points (introduced at the beginning of the math-
ematical section) could be re-weighted in order to prevent the 
according points changing their positions. This is part of our 
future work.
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Figure 2. Results for fragments of the Graz dataset. Left: OSM shapefiles projected into the image coordinate system. Middle: 
Polylines of road segments after vectorization and filtering. Different colors visualize different segments. Right: Results of our 
procedure, here yielding straight line segments and circular arcs in blue and green, respectively.

Figure 3. Results for fragments of the Munich dataset. Left: OSM shapefiles projected into the image coordinate system. 
Middle: Polylines of road segments after vectorization and filtering. Different colors visualize different segments. Right: 
Results of our procedure, here yielding straight line segments and circular arcs in blue and green, respectively.
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Experiments
In order to evaluate our proposed procedure, we present two 
different datasets in the following subsection both showing 
large fragments of the urban area, however, resulting from dif-
ferent pre-processing procedures. Both datasets are the result 
of a classification procedure, which yields the information 
about whether a pixel belongs to the road class. Classifica-
tion of roads is highly supported by the availability of 3D 
information. Therefore, description of both pre-processing 
procedures in the next subsections includes the extraction of 
3D information. In the two subsections afterwards, we will 
refer to the qualitative evaluation, where illustrations of the 
most interesting and challenging parts of both datasets will be 
shown, and to the quantitative evaluation, carried out using 
openly available street data.

Datasets
The first dataset is a part of the inner city of Graz, Austria. 
The normalized DSM, computed by a simple method (ro-
bust DSM minimum within a window subtracted from DSM), 
and the orthophoto patches (both of resolution 0.5 m) were 
provided by the authors of Wegner et al., (2015) together with 
their classification results. The road class was extracted quite 
accurately. This dataset is characterized by many long straight 
streets. There are also squares, or traffic circulation areas, 
such as parking areas. However, there is only one roundabout-
like configuration.

The second dataset represents a rather large fragment of 
the urban area of the city of Munich, Germany. This dataset is 
characterized by long straight streets, narrow garden paths, as 
well as several roundabouts. Extraction of 3D information was 
accomplished by the pipeline SURE (Rothermel et al., 2012). 
It contains a DSM and an orthophoto which has a resolution of 
0.1 m; however, we decided to reduce it to 0.2 m in order to 
be able to process a larger portion of the dataset. The digital 
terrain model was computed by the procedure described 
by Bulatov et al. (2014). Prior to the classification step, we 
excluded right away the set of forbidden pixels with implau-
sible values of relative elevation and NDVI, since these are the 
most distinctive features for classification. Finally, for classi-
fication, we extracted several regions for training and applied 
a kNN-classifier to the remaining pixels. In a post-processing 
step, in order to suppress the noise stemming from vehicles, 
traffic signals, etc., we used our prior knowledge about the 
typical geometry of roads. Therefore, we computed stripes 
from pairs of nearly parallel lines in the orthophoto. In stripes 
which contained a certain minimum relative amount of pixels 
classified as road, all other non-forbidden pixels were also 
assigned to this class. However, because of shadows in urban 
street canyons, there are still many mis-classifications in this 
difficult dataset. These errors could have seriously degraded 
the performance of our algorithms. In order to be able to 
evaluate our method nevertheless, we performed very local 
interactive corrections of the classification result near the 
main roundabout. In the future, we could employ a much bet-
ter classifier, e.g., based on most recent developments on deep 
learning methods (Marmanis et al., 2016 and 2017) 

Qualitative Evaluation
 We present the results of our procedure for the dataset Graz 
in Figures 1 and 2 while Figures 3 and 4 show different frag-
ments of Munich. In order to denote specific parts of images, 
we added grid cell names at their outer frame, similar to the 
labeling of a map.

The following observations can be made from the illustra-
tions. The performance strongly depends on the classification 
accuracy. The center-lines of well-illuminated alleys have 
been recovered as straight lines. Under these circumstances, 
the performance is quite robust despite interruptions by (visu-
ally disturbing) side roads, e.g., Figure 2 bottom right (B2-B4), 

Figure 4. Result for a larger fragment of the Munich dataset 
containing many straight alleys. Top: OSM shapefiles 
projected into the image coordinate system. Middle: 
Polylines of road segments after vectorization and filtering. 
Different colors visualize different segments. Bottom: 
Results of our procedure, here yielding straight line 
segments and circular arcs in blue and green, respectively. 
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which as the result of road center-line extraction, cf. Section 
Road Net Extraction, are the paths towards the concavities of 
the classification result. Besides, the reasonable description 
of the squares in Figure 2, top right (A3-B4) and bottom right 
(A1), and of the roundabouts in Figure 3, middle right and 
bottom (B3), is encouraging. However, some straight road seg-
ments have been spuriously modeled as circle arcs of a quite 
huge radius, e.g., the park path in Figure 3 bottom right (B4) 
or the longer, presumably straight road segment in Figure 4 
bottom (B4). This may happen because the numbers U of 
parameters needed for describing straight lines or circle arcs, 
respectively, do not differ too much. Hence, because of the un-
favorable distribution of the residuals, circle arcs were some-
times spuriously preferred. Penalizing too huge radii may 
provide improvements in the future. In the shadowy, occluded 
areas, the results are increasingly affected by classification 
noise. However, also here, the continuations are plausible.

Further, we observe almost no ellipses or elliptic arcs. Ex-
cept the full ellipse shown in Figure 1f (A2), we found just a 
few more elliptic arcs, each resulting from spurious polylines, 
not referring to real road segments. This observation verifies 
the character of man-made structures; inside cities, roads are 
realized as straight lines or circle segments while clothoids 
are typical for rural regions. Therefore, the almost-absence of 
ellipses in the result is reasonable and can serve as an indica-
tion that the approach performs well.

Nevertheless, we observe a number of mostly very short 
segments with large deviations from their initial polylines, 
e.g., short segments in Figure 3 middle right at (D4) and (A3), 
which can be explained by the fact that, due to the procedure 
of extracting polylines, the assumption of normally distrib-
uted input data is clearly not given here. Therefore, for very 
short segments, model-based generalization fails because of 

outliers among the vertices, contrary to long segments where 
the estimation procedure mostly yields reasonable results. 

Quantitative Evaluation
 The natural way of quantitative evaluation would be to 
check the overlap of our result with the ground truth data, for 
example, a geo-referenced OpenStreetMap (OSM) shapefile. 
The typical geometric measures for the quality of estimated 
polylines are then completeness and correctness. This has the 
disadvantage that not only contributions of this article (that 
is, model- based generalization) will be subject of the evalua-
tion, but rather the results of classification and initialization. 
Additionally, OSM data are not error-free, especially, with 
respect to model assumptions: Some roads pass under trees 
and so they are not visible at all; others are tunnels. Others 
again do not correspond to the road center-lines, see the ex-
ample in Figure 5d right, (B4-C1). Most importantly, we wish 
to evaluate our approach with respect to what it was designed 
for: Identification of characteristic road structures, such as 
long alleys and circular roads. Thus, starting at OSM data, in 
both datasets we chose about 20 long straight streets (in total 
8.15 km and 3.56 km for Graz and Munich, respectively), 
sampled them into the point set {xn} with the linear incre-
ment of 4 pixels (that is, one point every 2 m for Graz and 
0.8 m for Munich), and corrected them interactively so that 
they coincide with road centerlines. The same procedure took 
place for all larger roundabouts and arc-like road segments of 
the Munich dataset (since for Graz, there were too few such 
structures for a quantitative evaluation, as for elliptic arcs in 
both datasets). In the following we refer to these corrected 
OSM data as our reference.

We denote our complete road system before and after the 
generalization S0 and S1, respectively. For a point xn, we com-
pute distances once to S0 and S1, obtaining d0 and d1, and once 
to the subset containing only the corresponding model type 

Figure 5. Top: Histograms with distances of reference vertices from selected and interactively corrected OSM shapefile streets 
to our reconstruction results. Blue, orange, and green correspond to entries of d0, d1 and d2 as explained in Equation (7). 
Diamonds denote the mean values of deviation. Bottom: Image fragments from both datasets visualizing selected reference 
streets in magenta and our results with colors as given in Figure 1. Please note that for the middle image fragment, 
the reference segments are hidden by the long straight line segments. The right fragment shows an example were mis-
classifications due to the construction site yield no reasonable road net extraction results. Therefore, distances of extracted 
segments to reference segments are large.
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c(·), that is circular to circular and straight line to straight line, 
thus obtaining d2. All distances are defined, analogous to one-
sided Hausdorff distance in 2D, as the minimal distance d̂(·, ·) 
of a reference point xn to the set of edges X ∈ S0/1. Formally:

 
n ({ }( )X X( ) n ({ }d x d x d x d x c xn n n n0 1 2/ mi , ) mi , ) (= = and nn c) ( ) .= Xˆ ˆ (7)

Clearly, d2 ≥ d1, since the infinum does not necessarily be-
long to the road segment of the same type. The results of the 
evaluation over all xn in Equation (7) are recorded in Table 1 
and visualized in the histograms in Figure 5. We decided not 
to plot the histogram for circular segments, because it looks 
similar to that for straight lines. Furthermore, we used 20 m 
as a truncation parameter, i.e., if one of the distances men-
tioned above exceeds this value, the point xn is declared to be 
not retrieved and its distance is set to the maximum value.

The following observations could be made from Fig-
ures 5a,b and Table 1. Reasonable error values in the order of 
2 m were achieved for both d0 and d1. Even for d2, at least two 
thirds of compared straight lines (q2/3) lie below 2.32 m and 
3.25 m for the Graz and Munich datasets, respectively. Actu-
ally, the deviations in meters are similar, which may seem 
surprising because Graz data was processed by a much more 
advanced classification method (Wegner et al. 2015). The rea-
sons for this are the lower resolution as well as the fact that 
the classification results are mostly good for broad straight 
alleys, which were preferred for comparison. High deviations 
occur especially at those areas were given initial polylines 
are strongly affected by mis-classifications. As a result we do 
not yield reasonable road net extractions. The aforementioned 
effect that circle arcs are sometimes preferred over straight 
lines, and therefore, we do not have matches of straight line 
to straight line for the evaluation, causes even higher values 
of d2 than d1. This can be observed by peaks in the heavy tails 
on the right of histograms for d2. By assessing differences 
between values of d2 and d1, one can obtain a rough estima-
tion of how many circles arcs instead of straight lines were 
obtained and vice versa. In the Graz dataset, d2 exceeded d1 
for 512 points (12.8%), which means that roughly this per-
centage of straight alleys was covered by spurious circles arcs. 
In Munich, these numbers were higher, 23% for straight lines 
and 32% for circular segments. Finally, the fact that d0 < d1 in 
almost all measures for both datasets is somehow disappoint-
ing at the first glance. Nevertheless, it is evident that general-
ization takes place at cost of accuracy.

Finally, we validate our algorithm in terms of segmentation 
and merging behavior. Table 2 shows the number of initial 
polylines in comparison to that of the segments after pre-seg-
mentation, which provides a measure for over-segmentation, 
and the final number of segments. This was carried out for 
all polylines, but we also report in parenthesis the numbers 
considering just the polylines used for evaluation in Table 1, 
because it was verified that they represent major straight 
roads and roundabouts and thus are supposed to show a good 
merging behavior. The lower the final number of segments 
compared to the initial number of polylines, the better the 
performance of chain-forming. The number of segments is 
reduced by 16% and 14%, respectively, for both datasets, 
which at first glance may seem low. For the main roads, this 
behavior is more encouraging, achieving 28% and 23%. This 
means that the total numbers might be affected by numerous 
side-roads that are not changed much in terms of segmenta-
tion and merging. Therefore, in Table 3 we present an evalua-
tion of the merging behavior. Starting from the set of segments 
from pre-segmentation, for each final segment we count the 
number of segments which it is merged from. Table 3 states 
the numbers of final segments which result from at least two 

and up to 13 initial segments. First, we realize a large differ-
ence in the number of final segments given in Table 2 com-
pared to Table 3, which verifies the assumption that a large 
number of superfluous fragments is not affected by the whole 
process. Second, even though the majority of final segments 
results from two to three initial segments, a considerable frac-
tion contains between 4 and 13 merged initial segments. This 
is a promising indication that chain-forming is successful.

Conclusions and Outlook
The goal of this work was the identification and estimation of 
geometric primitives; such as straight line segments, circle, and 
ellipse arcs; within complicated road networks. The instances 
of these road networks are chains formed from raw polylines 
which have been identified as neighbors using geometrical and 
topological criteria. Using a greedy approach based on Bayes-
ian model selection, we were able to identify most of the im-
portant traffic roundabouts and straight street courses, as well 
as to replace them by circle arcs and long straight lines.

The whole generalization module has only two data-
dependent parameters, namely the threshold t and the width 
gap ε. Unfortunately, because of the noisy data and a lack of 
context information, it was not always possible to trace com-
plete straight lines representing long alleys or whole circle 
arcs of roundabouts. However, as long as the accuracy of the 
classification result is high, and consequently the initial raw 

Table 1. Distances d0, d1, and d2 of a subset of straight line 
segments and circular segments to the ground truth, as given 
in Equation (7). We provide mean distances (m) together with 
their 33% and 67% quantile values, which are denoted by q1/3 
and q2/3. All distances are given in meters.

Additionally, numbers of tested points and kilometers are 
provided.

dataset

d0 d1 d2 total 
pts.

total 
kmm q1/3 q2/3 m q1/3 q2/3 m q1/3 q2/3

Graz 1.80 0.87 2.11 2.25 1.09 2.72 5.53 1.29 2.32 4070 8.15

Munich 
straight

2.13 0.64 2.08 2.46 1.07 2.53 4.28 1.47 3.25 4106 3.56

Munich 
circular

1.58 0.58 1.67 1.67 0.54 1.71 4.08 0.72 3.42 1430 1.30

Table 2. Statistics of segmentation, taking into account all poly-
lines and segments, respectively. Number of initial polylines 
compared to the number of segments after pre-segmentation 
and after merging. Numbers in parenthesis refer to the subset of 
segments used for the evaluation shown in Table 1.

Data initial polylines
segments after 

pre-segmentation final segments

Graz 2566 (72) 3126 2155 (52)

Munich 2012 (172) 2606 1729 (133)

Table 3. Evaluation of merging behavior taking into account 
final segments resulting from at least two segments from 
pre-segmentation. Percentages of sums refer to the number of 
initial polylines given in Table 2.

Number of merged segments

Data 2 3 4 5 6 7 8 9 10 11 12 13 Σ

Graz 437 146 40 10 8 2 0 1 0 1 0 1
646 

(25%)

Munich 328 132 34 20 8 3 3 0 0 0 0 2
530 

(26%)
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polylines represent the streets medial axis, our algorithm per-
forms reasonably well. It is able to identify long chains while 
accurately estimating geometric entities.

Throughout the process of pre-segmentation and merging, 
the topology is kept consistent by introducing or deleting 
junctions if needed and updating the locally affected road 
network in terms of topology. However, due to the adjustment 
procedure for fitting geometric entities, their endpoints are 
not restricted to the positions of junctions anymore. In order 
to avoid this effect, we may change the covariance matrix of 
observations, such that junction points get high precision. 
Further, we may use common points of transition between 
individual segments as hard constraints which grant more 
stability to the normal equation system. Both approaches as-
sume a sufficiently large number of observations to prevent 
the normal equation system from rank deficiency and will be 
an important topic of our future work.
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Integration of Lidar Data and GIS Data for Point 
Cloud Semantic Enrichment at the Point Level

Harith Aljumaily, Debra F. Laefer, and Dolores Cuadra

Abstract
Commercial aerial laser scanning is generally delivered with 
point-by-point metadata for object identification, but cur-
rent vendor-generated classification approaches (which rely 
exclusively on that data) generate high misclassification 
rates in urban areas. To overcome this problem and provide a 
fully scalable solution that harnesses distributed computing 
capabilities, this paper introduces a novel system, employ-
ing a MapReduce framework and existing GIS-based data, 
to provide more detailed and accurate classification. The 
approach goes beyond traditional gross-level classification 
(roads, buildings, trees, noise) by enriching the point cloud 
metadata with detailed semantic information about the object 
type. The approach was evaluated using two datasets of dif-
fering point density, separated by eight years for the same 
study area in Dublin, Ireland. As evaluated against manually 
classified data, classification quality ranged from 76% to 91% 
depending upon category and only 8% remained unclassified, 
as opposed to the commercial vendor’s classification quality 
which ranged from 43% to 78% with 82% left unclassified.

Introduction
Light Detection and Ranging (lidar) is a common form of 
remote sensing that can acquire data from aerial, mobile, and 
stationary platforms. Lidar data are typically stored accord-
ing to the LAS specification (ASPRS, 2013), a binary format 
approved by the American Society for Photogrammetry and 
Remote Sensing (ASPRS) to provide a common, open format 
to exchange lidar data between hardware components and 
software tools. As with any data standard, the LAS specifica-
tion is a compromise between storage efficiency and data 
richness (Graham, 2009). In a LAS file, the data and metadata 
are included in a header section, with general information 
about the file and data followed by more specific information 
such as point data format and a reference system. The core 
information in a LAS file is the Point Data Record, where the 
lidar data are described such that each point is represented by 
a single record. 

Although later versions of the LAS specification (currently 
version 1.4) support various point record formats (0 to 10) 
with a wide range of information such as X, Y, Z, Intensity, 
Return Number, Number of Returns, Scan Direction Flag, 
Edge of Flight Line, Classification. For this paper, the focus 
was on the X, Y, Z coordinates and the classification fields 
(ASPRS, 2013). The X, Y, and Z values are stored as long inte-
gers of 4 bytes for each value. The X, Y, and Z values are used 
in conjunction with the scale values and the offset values 
to determine the geographic coordinates for each point. The 

“classification” field describes the classification category of 
the object from which the laser pulse was reflected. All sup-
ported point record formats have a predefined classification 
field, in which a 1 byte field is set to zero, if a point is without 
classification. In LAS 1.4, a point is classified using predefined 
categories (i.e., categories 0 to 63 shown in Table 1), where 
each is pre-associated with a specific value (e.g., 6 = building 
object). Categories 64 to 255 are user-defined. Assignment is 
currently proprietary, based on each lidar equipment vendor’s 
own internal algorithm (OpenTopography, 2017). 

Table 1. LAS Classification Value Table

Classification 
Value Meaning

Classification 
Value Meaning

0
Created, never 
classified

11 Road Surface

1 Unclassified 12 Reserved

2 Ground 13
Wire – Guard 
(Shield)

3 Low Vegetation 14
Wire – Conductor 
(Phase)

4
Medium 
Vegetation

15
Transmission 
Tower

5
High 
Vegetation

16
Wire-structure 
Connector (e.g. 
Insulator)

6 Building 17 Bridge Deck

7
Low Point 
(noise)

18 High Noise

8 Reserved 19-63 Reserved

9 Water 64-255 User definable

Provider-delivered LAS data are commonly misclassified 
or not classified at all, which results in low accuracy and dif-
ficult-to-use data. For example, of the approximately 290 mil-
lion lidar points in Figure 1, a minimum of 82% of the data 
were not correctly classified as shown by the sheer absence 
of a classification; 82% were delivered assigned to Category 
1 - “Unclassified” (Figure 1a), a further 9% were delivered 
assigned as Category 2 - Ground level (Figure 1b), 9% as Cat-
egory 4 - Medium Vegetation (Figure 1c), and the remainder 
(less than 0.01%) as Category 7 – Low point (noise) (Figure 
1d). Notably, while a road specific category exists (Category 
11 - “Road Surface”) in the LAS specification (Table 1), the 
Provider-delivered LAS data aggregated the roads with all oth-
er ground level points (Figure 1b). This example demonstrates 
the existing problem of automated LAS classification in urban 
areas. Overcoming this classification assignment issue is the 
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focus of this paper, which is organized as follows:  The next 
Section summarizes the peer-reviewed literature followed by a 
detailed description of the proposed approach. Subsequently 
the experimental results and accompanying validation are 
provided followed by conclusions about the work

Related Work
Significant research has been done in the area of lidar pro-
cessing. The majority of that scholarship has involved some 
form of segmentation for object detection or classification. 
For example, after dividing a lidar point cloud into ground 
and non-ground points (as provided by the data supplier), Xu 
et al. (2014) segmented points into planar segments using a 
surface-growing method, then classified the planar segments 
as roof, ground surface, vegetation, water surface, or unde-
fined. In contrast, Choi et al. (2008) employed lidar elevation and 
reflectance values for road detection through a more simpli-
fied clustering strategy. Subsequently, Aljumaily et al. (2017) 
applied a combined partitioning and clustering method to 
automatically classify, localize, and extract urban buildings 
from the ground. In contrast, Yang et al. (2016) generated grid 
points from lidar and then classified them into segments and 
individual points. Segment-based and multi-scale morpho-
logical filtering were then applied to extract ground points 
and break lines of roads for road identification. A recent and 
highly novel approach was introduced by Azadbakht et al. 
(2016) using the entire signal of full-waveform lidar to per-
form an urban classification using 11 classes. The classifica-
tion approach employed random forests and RUSBoost. The 

dataset was divided into majority and minority 
entities and demonstrated the superiority of 
Random Forest over RUSBoots for majority 
entities. 

Similarly, but working with much higher 
density terrestrial lidar, Dohan et al. (2015) 
used a neural network to detect small objects. 
They associated each point with a semantic 
class label such as car, van, street light, traffic 
light, etc. This was possible as the terrestrial 
lidar was extremely dense compared to aerial 
scans, which are currently limited to only a 
few hundred points per square meter (e.g., 
Hinks et al. 2009). Using high density lidar 
from car-mounted units, Yu et al. (2015) ap-
plied semantic labeling to building facades 
and roads by fitting large planes and to cars 
by using visual Structure from Motion (vSfM) 
to address image alignment problems as per 
Pollefeys and Gool (2002). Yu et al. (2015) 
then aligned their features with the detected 
point cluster for each object using a coarse-to-
fine iterative closest point (ICP) algorithm as 
per Rusinkiewicz and Levoy (2001).

The other major approach to this type of 
lidar point data classification has involved the 
incorporation of supplementary data. For in-
stance, Carneiro et al. (2009) combined GIS and 
lidar data to extract morphological indicators 
of buildings such as 3D volume, 3D complex-
ity, roof type, and mean roof slope. Each was 
achieved through a different method (e.g., 
roof type and mean roof slope were derived 
through a Hough transform based approach) 
resulting in a successful but non-robust ap-
proach. A more general method was proposed 
by Kim and Medioni (2011) using a combina-
tion of aerial and terrestrial lidar data, as well 
as segmentation. Their work included three 
tasks: (1) ground and roof surface identifica-

tion by fitting planar patches and subsequent grouping of 
smooth planar surfaces; (2) wall identification by finding 
vertical planar structures, and (3) small object segmentation 
based on context constraints. Contemporaneously, Boyko 
and Funkhouser (2011) segmented only road surfaces using a 
combination of aerial and terrestrial lidar with a GIS road map. 
After co-registration, both datasets were subdivided. For each 
lidar subcloud, a 2D attractor map was built to localize eleva-
tional discontinuities, after which fitting was used to approxi-
mate the boundaries. Finally, the points in each subcloud 
that fell inside an active contour were labeled as road points. 
While effective for the road network, the work is not easily 
extendable to a more general classification system.

Another highly successful but circumscribed approach 
considered only rooftops. This was done by Awrangjeb et al. 
(2013) who proposed an integration method for lidar data and 
multispectral orthoimagery, where the dataset was divided 
into ground points (as a ground mask) and non-ground points 
according to ground height derived from a digital elevation 
model. Image lines were then extracted from the grey-scale 
version of the ortho-image and used with the ground mask 
with color and texture information to extract several classes 
such as ‘ground’, ‘tree’, ‘roof edge’, and ‘roof ridge’. 

An alternative approach to this problem was presented 
by Jochem et al. (2012) who combined lidar and raster data 
to detect roof planes. First, the whole area was subdivided 
into smaller tiles, in which they detected areas potentially 
containing buildings. All detected areas were then merged 
to construct a single building area, and 3D roof planes were 

(a) Unclassified (82%) (b) Ground (9%)

(c) Medium vegitation (9%) (d) Low point (noise) [0.01%]
Figure 1. Example of LAS classification in an urban area showing 82% of all 
points delivered unclassified by the commercial vendor: (a) Unclassified 
(82%); (b) Ground (9%); (c) Medium vegetation (9%); and (d) Low point 
(noise) [0.01%].
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extracted from the candidate regions. A similar strategy of 
combining the lidar data with existing municipal GIS data was 
undertaken by Chen and Zhu (2013) to identify tree species 
by extracting tree objects from the lidar data and then match-
ing canopy height models to identify individual species. More 
recently Lee et al. (2016) proposed a feature based method to 
register individual trees using lidar data and aerial images. 

In summary, generic labeling approaches that can be ap-
plied to many object types have to date focused on object-level 
classification after some form of segmentation. Arguably, this 
unnecessarily complicates exchanging data and metadata 
across different hardware and software tools. Furthermore, 
the increasing density and temporal recurrence of such data 
already challenges the capabilities of traditional Geographic 
Information Systems and other spatial databases. For example, 
a 1 km2 tile can contain more than 60,000,000 3D lidar points 
(Mosa et al. 2012). Therefore, developing appropriate querying 
tools to significantly improve the outcomes of relevant data 
retrieval exercises is quite critical. In addition, making these 
points compatible with a Spatial Data Model (i.e., generating 
a Geo Identification Key and a Spatial Object for each point) 
requires more than 10 GB in relational database storage (Mosa 
et al. 2012). For this reason, writing queries against this huge 
data storage arrangement is complicated and time consuming. 
Since point clouds are weakly relational and do not strictly 
require transactional consistency, distributed computing plat-
forms are suitable to handle these data (Vo et al. 2018). A dis-
tributed platform enables parallel programming and scalability 
across multiple nodes to efficiently process the massive lidar 
datasets that are becoming increasingly prevalent through na-
tional repositories and elsewhere. For this reason, this paper 
introduces a novel means for automatic classification of aerial 
lidar data in a distributed computing environment using an a 
priori dataset, as described in the next Section.

The Proposed Approach
To improve on the 82% non-classification delivered by the 
commercial vendor, this paper proposes a data integration ap-
proach between GIS data and lidar point cloud data to create an 
automatic pipeline using a priori data. This will enable the ad-
dition of semantic content to the lidar. The proposed distribut-
ed solution enables this within the context of the existing LAS 
file format. The further goals of the presented work include 
the use of a data integration approach to classify data in a 
more highly detailed manner than previously achieved, where 
building type classification (e.g., commercial, university, resi-
dential, bank, etc.) and road type classification (e.g., princi-
pal, secondary, service, residential, pedestrian, footway, etc.) 
could be generated, as well as categories classifying bare earth, 
vegetation, and noise. With the help of a big data platform, this 
approach used two input data sources: a lidar cloud point for 
the scene geometry and GIS vector data (i.e., vectors of points 
obtained from GIS), in the form of OpenStreetMap (OSM) data, 
to inform the point classification (OpenStreetMap 2016).

While arguably not fully verified, and therefore, not fully 
reliable, OSM data have the advantage of being freely available 
for much of the world and traditionally stored in a GIS. Thus, 
this data stream was selected to show the potential of the new 
method. The OSM data considered in this work was in a text file 
(*.xml) and provided geometric data (coordinates) and non-
geometric data (e.g., class, type, name) for objects in the built 
environment. In addition to the OSM data class ‘building’, OSM 
provides general function classifications (e.g., commercial, uni-
versity, residence, etc.). 

On the big data side, a MapReduce framework (Dean and 
Ghemawat, 2008) was implemented. MapReduce is a software 
model used to support parallel computing of huge sets of 
data. The approach operates using key/value data types and 
consists of two functions: Map and Reduce. The Map function 

processes the original data into key/value 
pairs, and the Reduce function takes these 
pairs and merges them so that all values 
corresponding to a specific key are com-
bined into a single set, as was previously 
achieved with lidar data by Aljumaily et 
al. (2015). 

Previously, Wu et al. (2007) used 
MapReduce to automatically align a 
combination of satellite images and vector 
data for roads. Given the ever-increasing 
size of lidar datasets, which have rapidly 
gone from only a few points per square 
meter to over 300 points per square meter 
requiring more than a terabyte of data per 
square kilometer when paired with imag-
ery and other concurrently collected data-
sets (e.g., Aljumaily et al., 2017), big data 
capabilities are increasingly vital when 
working with these datasets, especially for 
new application requirements (e.g., map 
updating, disaster mitigation, illegal activ-
ity detection, and high-level modeling), as 
previously noted by Xu et al. (2014).

Figure 2 shows the two streams for 
the data flow: (A) GIS-based data, and (B) 
point cloud data. In the following section, 
the processing details for each data stream 
are described in detail.

GIS-Based Data
For the GIS-based data, a series of process-
es are applied where the output of one 
process is the input of the next one. These 
processes are as described below.

Figure 2. Proposed data flow showing two parallel streams: (a) Example of GIS 
features of a road; and (b) Example of a GIS feature of a building.
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Coordinate Transformation
Coordinate transformation was needed, because the aerial 
lidar test data employed the dominant local geo-referencing 
system [TM75 Irish Grid Reference System for Ireland (Ord-
nance Survey of Ireland, 1996)], while the OSM uses the World 
Geodetic System (WGS84). This process performs the needed 
transformation to rectify the two coordinate systems (lidar 
and GIS). 

This process’ output is the GIS vector points (2D), which is 
an OSM file that contains features represented by the coordi-
nates of the outermost points of an object’s boundary geom-
etry. However, more than one feature can form the outermost 
points of an object (e.g., the three independent features in 
Figure 3a that together constitute a single object represented 
by only one identification name, in this case, the street name 
of Stephen Street Upper). 

Although OSM provides many features, only features cor-
responding to road and building objects were considered 
(Figure 3). These are identifiable as three geometric types 
(points, polylines, and polygons), and each can be described 
semantically by a limitless number of attributes, where each 
attribute has one or more values. For example, a road feature 
may consist of one or more sets of geometric points in the 
form of a LineString (open ways), while building features 
consist of one or more sets of geometric points in the form 
of a Polygon (closed ways). Table 2 and Table 3 highlight the 
manually-entered GIS attributes of greatest interest for roads 
and buildings, respectively (ASPRS 2013). 

Grid-Based partitioning (GIS Data)
This step enables the use of the MapReduce framework to 
facilitate data processing and integration in a distributed com-
puting environment. In the proposed approach, MapReduce 

is used primarily to co-register the lidar data to the GIS data. 
The co-registration is conducted by grid based-partitioning; 
segmenting an area into smaller subspaces of dimension D, to 
which the data from both resources were mapped according 
to their respective locations. A value of D = 1m is used as the 
grid resolution, because the resulting volume is smaller than 
most urban objects and relatively insignificant compared to 
the volume of the entire point cloud [as previously demon-
strated in Aljumaily et al. (2017)]. 

Working with the GIS vector points poses two problems. 
First, a real object (e.g., building or road) may be defined 
in the OSM file by multiple features. Second, a GIS feature 
consists of individual points (a vector of points) separated by 
potentially unequal spacing that may exceed the previously 
recommended threshold of D = 1m. To solve the aforemen-
tioned problems and to map the GIS feature points to 2D 
subspaces (squares), the MapReduce framework is applied. 
The Map function performs two tasks. First, the Map func-
tion receives a GIS vector of points related to a specific feature 
and normalizes the distance between each pair of consecutive 
points, using a Linear Interpolation algorithm. This algorithm 
calculates the distance (DAB) between each pair of consecu-
tive points (A and B in Figure 4a) and, if DAB>D (the grid 
threshold), then new points are temporarily seeded between 
A and B in the GIS-based data as an interim measure (Figure 
4a - green points). The seeding is done in such a way that the 
distances (d ≤D) between the original points are equalized. 
The main objective of seeding points is to divide the space 
between each pair of consecutive points into equal subspaces. 
By having at least one point per square, the process ensures 
that consecutive points are mapped to adjacent squares. For 
buildings, in addition to the linear interpolation (Figure 4b - 
green points), the Map function seeds new temporary GIS-
based points across the building’s spatial extent to achieve a 
minimum of 1 point per square (Figure 4b - red points).

In the next subtask, the Map function emits key/value (fea-
ture id, square coordinates) pairs, where the key represents 
the identification name of a feature, and the value represents 
the southwest corner coordinates (eastings, northings) of the 
grid square where the point in question belongs. For example, 
if a point’s coordinates are 309958.2645, 236141.9291 and d 
= D= 1m, then the Map function emits the square coordinates 
309958, 236141. The Reduce function then receives the pairs 
from the Map function and groups them to form a 2D-Grid-
Based Set with semantic data, where the grid represents all 
the geometric data (southwest corner coordinates) of the 
squares to which the points belong. The semantic data repre-
sents all the non-geometric data of the corresponding feature 
such as id, name, type, etc.    

In general, grid-based partitioning provides two advantag-
es. First, instead of accessing individual points, point group-
ing into subspaces enables the accessing of each subspace 
only once, as opposed to once for every subspace point. 

Table 2. Road classification attributes of greatest interest.

Attributes Description

Geom An array of the geometric coordinates of the 
corresponding points.    

Fclass The class type of the road such as principal, secon-
dary, service, residential, pedestrian, footway, etc.

Name The road name, which is an official name of the road 
(e.g. Stephen Street Upper)

Table 3. Building classification attributes of greatest interest.

Attributes Description

Geom An array of the geometric coordinates of the correspond-
ing points. As justified in Table 2, the coordinates are 
specified by TM75 Irish Grid coordinates. 

Fclass There is only one feature which is a building.

Name The building name.

Type Types such as commercial, university, residential, 
hospital, bank, etc. 

(a) Example of GIS features of a road (b) Example of GIS features of a building
Figure 3. Examples of the GIS features: (a) Point interpolation and 2D subspace partitioning of a road; and (b) Point 
interpolation and 2D subspace partitioning of a building.
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This assumes that neighboring points belonging to a single 
subspace belong to the same object. This improves nearest 
neighbor searching (e.g., Lee et al. 2008; Wang and Shan, 
2009), which is computationally expensive when applied in-
discriminately (Athitsos et al., 2008), hence the advantage of a 
distributed computing approach. Second, two subspaces with 
the same coordinates are considered to belong to the same 
object, even when they come from different datasets. Thus, 
using a 2D subspace from the GIS data and a 3D subspace 
from the lidar data (as described in the next Section) with 
the same coordinates facilitates the subspace matching of the 
two datasets. This can overcome problems with one-to-one 
assignments in the presence of disparate dataset granularities 
or distinctive data distributions. 

Point Cloud
For the Point Cloud data, there is no need to do any type of 
transformation, because this type of data is already expressed 
in a local reference system. Here, a series of sequential pro-
cesses are applied, as described below.

Grid-based Partitioning (Lidar Data)
While point clouds can include 3D coordinates, timestamps, 
intensity, and Red-Green-Blue (RGB) measurements (when im-
agery is co-registered), the proposed approach uses only the 
3D coordinates and the classification field. With these data, as 
with the OSM data, the same MapReduce strategy is adopted, 
except this time in three dimensions instead of two. Again, 
the Map function is used to partition the lidar point cloud 
into smaller 3D subspaces or cubes. For example, for point 
coordinates X = 2.8, Y = 0.25, Z = 1.8, and D = 1, the point 
is mapped to the cube coordinates of X = 2, Y = 0, Z = 1 (see 
Figure 5). Each cube is considered to correspond to only a 
single object. Consequently, if two neighboring points belong 
to the same cube, then they belong to the same object. As with 
the GIS data, the Map function emits Key/Value (cube id, point 
coordinates) pairs, where the key represents the cube identi-
fication (grid cube coordinates), and the value represents the 
point being processed. 

In this case, the Reduce function is used to perform two 
tasks. The first receives the previous pairs and sets them in 
groups where each group consists of the cube identification 
as a unique key and a list of values of all points that belong 
to that cube. Once a group is formed, the Reduce function 
applies a clustering classification algorithm. The main objec-
tive of this classification is to distinguish between dense and 
sparse cubes. Dense cubes are assumed to be part of an object, 
while sparse cubes are assumed to represent either vegeta-
tion, vertical walls, or noise. To achieve this classification, 

the Density-Based Spatial Clustering 
of Applications with Noise (DBSCAN) 
algorithm is used. 

The DBSCAN algorithm was intro-
duced by Ester et al. (1996) to find ar-
bitrarily shaped clusters, handle noise, 
and address data of any type in clus-
tering. DBSCAN distinguishes densely 
populated from sparsely populated 
cubes within a point cloud. Each 
dense cube contains a set of success-
fully clustered points (Figure 6a) that 
are grouped together in the cube to 
form a point dense (i.e., highly popu-
lated) sector within the cube. Impor-
tantly, the approach detects arbitrarily 
shaped clusters, which means that 
cluster formation is independent of 
the cube’s orientation and the specific 
details of the actual object. Normally, 
a dense cube forms part of the ground 

or a building object (mostly in the form of roofs). 
The second cube type is sparse, where the points within 

the cube are dispersed and occupy more space (Figure 6b). 
Typically, a sparse cube represents vegetation, because the 
discontinuous nature of the foliage combined with the laser 
scanner’s ability to penetrate gaps in the canopies, results in 
the laser pulses hitting leaves, branches, and portions of the 
ground (Slatton et al. 2008). For this reason, such results will 
generate more dispersed and less compact cubes than the first 
type. In addition, most vertical wall cubes are classified as 
sparse, because, as previously noted by Hinks et al. (2009), 
the relative position of the aircraft to the building wall and 
the large angles of incidence often limit point acquisition on 
these vertical surface, thereby leading to relatively low point 
densities in vertical wall cubes. 

(a) Point interpolation and 2D  
subspace partitioning of a road

(b) Point interpolation and 2D  
subspace partitioning of a building

Figure 4. Mapping of the GIS information features. Blue points are the original OSM 
file points; green points were generated by linear interpolation; red points were 
generated to fill the building’s footprint.

Figure 5. Lidar point cloud mapping: (a) Dense cube; and 
(b) Sparse cube.

Figure 6. Distinctive data distributions within cubes: (a) 
Dense cube; and (b) Sparse cube.
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Finally, noise and obstructions such as pedestrians, vehi-
cles, and lighting poles may also be classified as sparse cubes, 
as they represent transitory and/or less substantial things in 
the built environment. The final result of the Reduce function 
is a 3D-Grid-Based set (i.e., all the dense cubes and sparse 
cubes). This set represents the entire point cloud mapped 
onto cubes where each cube is classified as either dense 
or sparse. Based on the empirical work by Aljumaily et al. 
(2017), a threshold of 30% was adopted as the percentage of 
outlier points used to categorize cubes: a cube with less than 
30% outlier points is considered dense, while a cube with 
greater than 30% outlier points is considered as sparse.

Objects Segmentation
Many GIS datasets are incomplete in their labeling and GIS 
feature dimensions do not necessarily match the correspond-
ing real objects. For this reason, the relevant geometric data 
must be segmented from the more accurate point cloud (He et 
al., 2015). This segmentation is shown in Figure 7, where the 
process begins by splitting the 3D-Grid-Based Set provided 
from the previous process. The output is two datasets: dense 
cubes and sparse cubes.

As previously noted, because the selected cube volume 
(i.e., 1 m3) is small in comparison to the point cloud’s total 
volume, when two neighboring dense cubes exist, they are as-
sumed to belong to the same cluster. In order to identify and 
extract objects, the Neighbor Adjacent Cube Algorithm (NACA) 
(Aljumaily et al., 2017) is applied to the set of dense cubes. 
This step’s output is a ground object and the building clusters. 
The ground object is the set of all dense cubes that belong 
to the bare ground and the roads, while a building cluster is 
the set of the dense cubes that belong to the roof of a specific 
building. Assuming that two adjacent dense cubes belong to 
the same object, this algorithm starts from the highest cube in 
the dataset and moves downwards towards the lowest one. 
This continues, until all clusters are segregated from the set of 
the dense cubes. Notably, although the algorithm always starts 
with the highest cluster, this did not require a height calcula-
tion of the corresponding object, only a determination as to 
which cube has the highest Z coordinate. 

As previously mentioned, because most vertical wall cubes 
are not classified as dense cubes, empty spaces form between 
the roof building cubes and the ground cubes. This enables 
easy segregation of the building clusters and the ground ob-
ject. The building clusters obtained in this step (Figure 8a and 

8c) are then used as patterns for building 
object extraction from all the cubes in the 
3D-Grid-Based set (i.e., the full, original 
point cloud mapped into dense cubes and 
sparse cubes). The patterns help prevent 
extraction beyond a building’s boundaries 
in the horizontal direction; vertically ori-
ented extraction remained unconstrained. 
For example, if a building cluster contains 
a cube with the following coordinates 
(309958, 236141, 22) then the algorithm 
would segregate all the cubes (309958, 
236141, Z) within the 3D-Grid-Based Set, 
where Z is the range of Z coordinates with 
values starting at 22 and ending with the 
minimum value of Z. This step result in 
two point sets: Ground Object and Build-
ing Objects.

The extraction process is done directly 
on all the cubes in the 3D-Grid-Based Set 
to maximize vertical wall extraction with 
the corresponding roof components (see 
Figure 8b and 8d). However, low point 
density on these walls, the lack of a roof 
(representing a barrier wall and not a 
building), or low roof point densities (e.g., 
those with glass or other highly reflective 
surfaces) are not uncommon problems in 
vertical wall recovery. Thus, the next pro-
cess localizes and recovers the remainder 
of these walls from the sparse cubes.

Vegetation and previously unclassi-
fied walls are distinguished and extracted 
from within the set of sparse cubes by 
applying the NACA, despite the absence 
of a clear point distribution within each 
cube. To aid in this, the RANdom SAmple 
Consensus (RANSAC) algorithm proposed 
by Fischler and Bolles (1981) is first ap-
plied within each object. 

As previously mentioned, the main ob-
jective of using RANSAC is to localize and 
recover the unclassified walls. Once a wall 
is localized, it is aggregated into the set 
of building objects previously obtained. Figure 7. Proposed data flow for Object Segmentation: (a) Initial simple building 

cluster; (b) Final simple building object; (c) Initial complex building cluster; and 
(d) Final complex building object.
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RANSAC is used to find the best plane that can be fitted through 
a set of 3D points within a cube. According to this algorithm, a 
plane is calculated using three points randomly selected from 
the set. Inlier and outlier points are designated with respect 
to the threshold distance. In this work, a threshold distance 
value of 0.1m is selected and a threshold of 70% is adopted 
as a vertical wall indicator for the inlier points based on the 
empirical work by Aljumaily et al. (2017). The number of 
iterations k of the algorithm is calculated, according to the 
following formula: k =log(1-p)/log(1-(1-e)s), where parameters 
are defined as follows (p =0.99, s=3, and e =30%); p is the 
probability of finding at least one good set of inlier points in 
k iterations; s is the minimum number of points to fit into a 
model; and e is the percentage of outliers. 

Figure 9 shows an example of the application of the 
RANSAC algorithm in this incarnation. This fitting facilitates 
clear distinctions between adjacent cubes. The object shown 
in Plate 6a is labelled as vertical wall, because the percentage 
of the inlier points was (81%), while the object shown in Fig-
ure 9b is labeled as vegetation since the percentage of inliers 
(40%) is less than the defined inlier points percentage. Single 
isolated cubes with less than 70% inliers are labeled as noise. 
In the proposed approach most objects with dimensions less 
than 1m2 (e.g., small bushes, signage, fire hydrants, etc.) fall 
into this classification.

Figure 10a shows 3D grid based cubes for a tree. Once all 
the cubes of an object are extracted, the RANSAC algorithm is 
applied to the stack of cubes within the object that contains 
the greatest number of points of all the stacks in the object. Fig-
ure 10b shows the top view. The selected stack contained 526 
points. RANSAC is applied with the 70% inlier ratio criterion. 

2D-3D Grid Based Matching (Data Integration)
Next, the extracted datasets from the two datasets (A-GIS 
Data and B-Point Cloud) are integrated together for semantic 
enrichment, classifying the points in reference to the objects 
to which the belong. Integration is done by co-registering the 
2D and 3D gridding by matching the X-, Y-coordinates of the 
object cubes with the corresponding X-, Y-coordinates of the 
GIS squares. For roads, matching involves pairing the GIS road 
squares with the corresponding ground object cubes. Howev-
er, a GIS road consists of a set of adjacent squares, where adja-
cent squares have a common side or a common vertex (Figure 
4a). Thus, the GIS road width at each square is only 1m, while 
the real road (as represented by the point cloud) could span 
several meters. To resolve this discrepancy, Choi et al (2008) 
recommended employing local road standards.

To achieve enriched semantic labeling, the algorithm starts 
by matching the first square (point A in Figure 4a and 4b) of a 

GIS-labeled road with its ground object cubes. The initial 
point was the array’s first value. The first square repre-
sents the road’s beginning point within the GIS vector 
data. Once the corresponding cube is found within the 
ground object, the algorithm marks all nearest neighbor 
cubes in the ground object as part of that road. If the 
algorithm encounters an empty cube, aggregation does 
not occur. Furthermore, if the road width exceeds the 
standard average width for that road type [in this case 6 
m wide for service roads (Cavan Local Authority Road 
Design Office, 2017), then classification processing 
terminates at that location. This prevents the inclusion of 
driveways and parking lots. Although these values do not 
give an exact width, they provide useful approximations. 
For buildings, the process is easier, as correspondence 
between GIS data squares and lidar grid-based cubes is 
more straight forward. A square and a cube of the same 
X, Y coordinates belong to the same object.

When the algorithm matches X-, Y-coordinates 
of a square and a cube, all cube points are classified 

(a) Initial simple  
building cluster

(b) Final simple  
building object

(c) Initial complex  
building cluster

(d) Final complex  
building object

Figure 8. Building clusters versus building objects.

(a) High level of fitted 
points indicating a  
vertical wall (81%)

(b) Low level of fitted 
points indicating  

a tree (40%)

Figure 9. Fitted plane versus unfitted plane in previously 
uncategorized cubes.

(a) 3D grid-based set of  
cubes of a tree object

(b) Top view of the tree  
object in Figure 9a

Figure 10. Example of 3D grid based cubes of a tree object.
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according to the GIS designator employing the user-defined 
LAS fields 64 to 255 (Table 1), as per the user’s own classifica-
tion tags. While OpenStreetMap has a set of road designators 
(OpenStreetMap, 2016), tags compatible with local national 
practice are used. For Ireland, where the testing data in the 
Experiments And Evaluation Section was collected, the prin-
cipal tags are motorway, trunk, primary, secondary, tertiary, 
residential, service, track, footway, cycleway, and unclassified. 
A similar set of tags are available for buildings (e.g., residen-
tial, commercial, government, college, bank, church, hospi-
tal, hotel, university, museum, etc.). Since these values are 
difficult to unify, specific descriptions and designators of the 
classification categories should be attached as a metadata file. 
Since point cloud visualization tools such as CloudCompare 
(2017) do not support a legend for this type of information, 
colors were used to represent classifications in the demon-
strated outputs. Additionally, while the authors’ approach can 
specify the road name to which a point belongs, this facility 
was ignored as it could not be supported in the current LAS 
specification.

Finally, the last major classification is vegetation. In this 
study, vegetation classifications as proposed by Khosravipour 
et al. (2014) were assigned based on height: Low vegetation 
(0.5m<height≤2.0m), Medium vegetation (2.0m<height≤5.0m), 
and High vegetation (5.0m<height); 3, 4, and 5, respectively 
in Table 1. Height was measured as the difference of the tree’s 
top and bottom (distance between top of the uppermost cube 
to bottom of the lowermost cube using the known cube coor-
dinates, Figure 10a). Finally, the points of any remaining un-
classified cubes were assigned the value 7 of noise (Table 1).

Experiments and Evaluation
The approach presented in the previous section was evaluat-
ed using a 1.5 km2 study area in the centre of Dublin, Ireland 
(Figure 12a). A total of ~225 million points from aerial laser 
scanning were acquired in the winter of 2007 for a dense, 
urban area of Dublin, Ireland. The data were acquired using a 
FLI-MAP 2 system. The system operated at a scan angle of 60 
degrees, with an angular spacing of 60/1000 degrees between 
pulses. While the FLI-MAP 2 system can provide spectral 
data in the form of intensity and color, the color data were not 
collected due to equipment malfunction. The flying altitude 
varied between ~380 to 480m, with an average value of ~400 
m. A total of 44 flight strips were acquired and 2,823 flight 
path points were recorded, providing instantaneous aircraft 
position over time (Laefer et al., 2013). Figure 11b shows the 
corresponding road and building OpenStreetMap data.

The original 225,791,517 lidar points were mapped to 
3,248,506 cubes resulting in an average of 70 points per cube. 

Their distribution is shown in Figure 12a, where the x-axis 
shows the density in 10 point bins (e.g., the first bin repre-
sents cubes containing 1 to 10 points). The histogram peak 
of 3.95% is for cubes containing 241 to 250 points. Figure 
12b represents the generated ground object of the study area, 
which consists of 83,194,139 points (i.e. 37% of the original 
point cloud data) with approximately 200 points per cube. 
Figure 12c represents the derived building objects, contain-
ing a total of 125,224,191 points (55.5% of the original point 
cloud data) with an average of 66 points per cube. The first of 
the two peaks represents the low density vertical wall cubes. 
The second is composed of the high density cubes represent-
ing building roof cubes. Figure 12d shows the vegetation 
objects with 6,192,861 points (3% of the total points) with an 
average of 13 points per cube. Finally, approximately 4.5% of 
the points were classified as noise. 

Evaluation considered three object classes (buildings, 
roads, and vegetation) according to [1] correctness (or preci-
sion), [2] completeness (or recall) and [3] quality measure (F-
measure). These measures were calculated by comparing auto-
matically classified objects with manually classified reference 
objects (Maurya et al. 2012) as identified using CloudCompare 
(2017). Correctness is the ratio of relevant points to the total 
number of points assigned by the algorithm (Equation 1). 
Completeness is the ability to extract all relevant points for an 
object (i.e., coverage) (Equation 2). The quality is the correct-
ness and completeness in a single metric (Equation 3).
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where True Positives (TP) are the points correctly included 
in the object, False Positives (FP) are the points incorrectly 
included in the object, and False Negatives (FN) are the points 
mistakenly excluded from the object. FPs and FNs are some-
times called errors of commission and errors of omission, 
respectively (Yenigün et al., 2017). Evaluation results are 
shown in Figure 13.

After applying the proposed approach to this 2007 dataset, 
3,248,506 cubes were generated. As shown in Figure 13, the 
results showed correct classification (TP) of cubes related to 
buildings as 42%, roads as 21%, and vegetation as 9.5% of 

(a) Point cloud data (b) OpenStreetMap data
Figure 11. Study area data.
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the total cubes. Incorrect inclusion (FP) for these 3 categories 
was 6.3%, 5.5%, and 3.7%. Incorrect exclusion (FN) was 
respectively 10.6%, 1%, and 2.3%. Finally, almost 12.3% of 
the total cubes were not classified due to low data density in 
these cubes (down from 82% without this procedure).

As shown in Table 4, the approach was able to extract 
95.8% of the relevant points for the roads and 82.88% for veg-
etation objects but with lower correctness levels, 78.69% and 
71.76% respectively. However, this still resulted in a relative-
ly high-quality output: 86.4% for roads; 76.9% for vegetation. 
The building objects were much more consistent with 84.7% 
for quality and with 86.97% of the relevant points correctly 
classified (the highest performance of the three classes but 
only an 82.5% completeness of relevant points, which may be 
in part an outgrowth of the difficulty of manual extracting the 
referenced objects to generate the benchmarking dataset). 

The vegetation correctness classification was less impres-
sive (71.76%). The missing points are likely to have been 
lost because of the complexity of the manual extraction and 
because vegetation cubes do not have clear distribution pat-
terns. The approach was, however, very successful for build-
ings with complicated roof geometries and with multiple sec-
tions of varying heights, where some objects had more than 
ten adjacent components of differing heights. Figure 14 shows 
the classification results represented on the point cloud of 
the study area, where each color represents a specific object 
type (e.g., secondary roads in red and bare ground in brown 
in Figure 14a); notably, colors are not inherent to the LAS 

(a) Original point cloud distribution (225,791,517 points) (b) Road object point distribution (83,194,139 points)

(c) Building object point distribution (125,224,191 points) (d) Vegetation point distribution (6,192,861 points)

Figure 12. Distribution percentages of classification results.

Figure 13. Classification result of the 2007 Dataset.

Table 4. Classification quality of the 2007 Dataset. 

Correctness (%) Completeness (%) Quality (%)

Buildings 86.97 82.52 84.69

Roads 78.69 95.83 86.42

Vegetation 71.76 82.88 76.92

Average 82.67
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assignments. Building objects are similarly denoted (Figure 
14b). Problems arose when two buildings were joined (e.g., 
terraced housing), as the proposed approach recognized them 
as a single object. This is a well-known problem for many 
techniques, as reported by Truong-Hong and Laefer (2015), for 
which a simple solution has yet to be devised. Finally, Figure 
14c shows the vegetation objects.

To further validate the quality of the classification, the 
approach was applied to a second publicly-accessible lidar 

dataset for the same the area (Laefer et al. 2017). The new 
dataset is approximately 50% denser and was collected in 
March 2015 by a TopEye System S/N 443. The dataset con-
sists of 315,439,276 points that were mapped to 3,221,440 
cubes resulting in an average of 98 points per cube. The 
results of the classification of the second dataset are shown in 
Figure 15. 

As shown in Figure 15, with the 2015 dataset (which 
typically had a 50% increase in data density) the approach 
was able to further improve the results including reducing 
unclassified cubes from 12.3% to 8.4% possibly implying 
a dependency on data density. Overall, the results of the 
extraction quality of the 2015 dataset were slightly better 
(correctness =90.91%, completeness=86.18%, and overall 
quality=79.00%) as seen in Table 5. The difference between 
the quality is in part an outgrowth of the difficulty of manual 
extraction in sparser data sets. 

Table 5. Classification Evaluation of the 2015 Dataset. 

Correctness (%) Completeness (%) Quality* (%)

Buildings 90.66 91.16 90.91 (+6.22)

Roads 81.85 86.64 84.18 (-2.24)

Vegetation 77.81 80.23 79.00 (+2.08) 

Average 84.69 (+2.0)

*Improvement over 2007 dataset shown in parentheses

The 50% data density increase of the 2015 data over that 
of the 2007 demonstrated a mild dependency on the dataset 
for the roads and vegetation, but nearly no change in building 
detection, which is probably related to the fact that for these 
datasets every ten points on the ground generate only one 
additional point on the facade. So, typically the building fa-
cades in the 2007 dataset had less than 23 pt/m2, while those 
in the 2015 dataset had only slightly more than 34 pt/m2. This 
implies that the proposed approach may work significantly 
better with a data density that is higher than the 34 pt/m2 
available in the 2015 data. Alternatively, the dense pattern 
of buildings and their complex architecture might require 
a smaller voxel size for significantly improved results (e.g., 
0.5m3 versus the currently selected 1.0 m3, at least for those 
currently characterized as noise), or as previously mentioned, 
the benchmark data may in and of itself have to be improved. 
Furthermore, buildings that have overhangs and colonnades 
should actually have two designations along the vertical di-
rection, but this is not currently a supported feature, because 

(a) Road classification

(b) Building classification

(c) Vegetation classification

Figure 14. Object classification results using the proposed 
approach.

Figure 15. Classification results of the 2007 dataset (in gray) 
versus the slightly improved classification results of the 
2015 dataset.
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of the two-dimensional nature of the GIS tagging information. 
Despite the remaining inaccuracies, the proposed approach 
represents a major advancement in automatic metadata en-
richment.

To calculate the degree of uncertainty of the proposed ap-
proach, a standard error (SE) can be calculated (Altman and 
Bland, 2005), which can be considered as a measure of the 
precision of the sample mean and depends upon the standard 
deviation and the sample size; i.e., SE = SD/√(sample size). To 
calculate the SE of the proposed approach, both datasets (2007 
and 2015) were divided into 15 tiles of equal dimensions to 
get a set of samples for classification. After application to the 
tiles, the precision was calculated for each category (Build-
ing, Road, and Tree) within each tile (Figure 16). For example, 
each column in each category represents the correctness per-
centage of the classification of one of the 15 evaluation tiles. 
The black points represent the mean for each category. 

The SE results are compiled in Table 6, with the best being 
90.66 ± 0.76 (the building classification using the 2015 data) 
and the worst being 71.76 ± 3.75 (the vegetation classification 
using the 2007 dataset). Notably these two datasets were col-
lect with an eight-year gap between them and were collected 
by two different companies employing different sensors, which 
begins to lend credence to the robustness of the approach. 

A comparison was then done looking at only those points 
that were classified by the vendor (Table 7). Of those, only 
two labels were used: ground and vegetation. As nearly all 
of the study area was paved, the ground labeled points were 
compared to the manually extracted roads areas (Figure 1b), 
which resulted in 66.98 % correctness (which was nearly 
15% less than with the proposed approach) and a 93.19 com-
pleteness (6.55% better than the proposed approach), which 
means that almost all the manually-extracted roads were in-
cluded in the provider’s classification. Overall, however, the 
road quality measure was more than 6% less than that from 
the proposed method. Vegetation classification was even less 
successful with a difference of more than 36% between the 
two methods. Of the vendor labeled points, the total quality 
score was only 50%. When this is considered in the context 
of those that had no label, this further reduces the quality of 
the entirety of the vendor provided labeling to 11.08%.

Discussion
The proposed approach offers three notable advancements 
in the field of automatic aerial lidar point classification. The 
first is to facilitate a means for a richer set of classifications 
through a generic means to integrate GIS data for labeling, 
while benefitting from the more accurate geometric position-
ing of the lidar data. This is especially valuable where official, 
municipal GIS data are not available. Even though the OSM 
data are not fully verified and, therefore, not fully reliable in 
their geometry and may also be incomplete, this does not jeop-
ardize the final output.  This is shown in Figure 17a, where 
some of the GIS-based roads do not exactly match the corre-
sponding lidar-based roads, such as, along the bottom border 
of the study area or the diagonal line towards the area’s top-
most border. A similar issue arises with respect to the building 
objects where some buildings exist in the lidar point cloud but 
do not exist in the GIS data, as they were never recorded in the 
GIS dataset; these appear as grey areas in Figure 17b.

The second contribution is the point level (as opposed to 
the object-level) labeling. As the remote sensing community 
moves forward with more sophisticated means for auto-
mated material detection (e.g., hyperspectral imagery), this 
point-level labeling approach (as opposed to an object-level 
one) may open significantly more sophisticated and accurate 
means for small feature detection and extraction. Despite the 

high level of classification accuracy for larger objects, the as-
signment of only one value in the vertical direction precludes 
full assignment accuracy. New technologies and citizen 
science approaches may change this in future years and can 
be easily incorporated into this framework, which notably is 
fully within the existing LAS data storage format. The final im-
portant contribution is that the approach employs distributed 
computing, which will well position it for addressing the ever 
increasing point density of aerial and mobile lidar datasets.   

The computational efficiency and scalability of the ap-
proach needs to be demonstrated with respect to the execu-
tion time required for each step of the proposed approach. 
Most of execution time was consumed by Step 1 (Grid-Based 
Partitioning). In Figure 18, the Step 1 experiments were done 
by selecting three different cube dimensions (0.5 m, 1.0 m, 
and 2.0 m) of the same study area. Notably, the execution 
time using cubes with dimensions of 0.5 m were very simi-
lar to those using dimensions of 1.0 m. A value of d of 1.0 is 
recommended, however, because when the cube dimension is 
small and there are many cubes of low density with complex 

Figure 16. Correctness results of the 2007 and 2015 datasets.

Table 6. Standard Error of the proposed approach. 

2007 2015

Buildings Roads Vegetation Buildings Roads Vegetation

Mean 86.97 78.69 71.76 90.66 81.85 77.81

STD 5.09 7.74 14.52 2.95 8.80 10.02

Standard 
Error

1.32 2.00 3.75 0.76 2.27 2.59

Table 7. Classification Evaluation of the provider’s 
classification of 2015.  

Correctness 
(%)

Completeness 
(%)

Quality (%)

Category
As 

provided
As 

provided
As 

provided
Proposed 
method

Buildings
0 pts = 0%

NA NA NA 90.91

Roads
26,305,254 pts  

= 9.07%

66.98 93.19 77.94 84.18

Vegetation 
27,203,017 pts 

= 9.38%

33.84 57.89 42.71 79.0

Unclassified
236,408,815 

= 81.54%

- - - -
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architecture, the original object will unnecessarily be di-
vided into smaller objects, and this will reduce the quality 
of the clustering. If a larger cube dimension such as 2.0 m is 
selected, a cube may contain parts of different objects includ-
ing vegetation, which will result in more misclassification. 
Although the experiment was performed in a single Hadoop 
installation, the execution time of the Grid-Based Partitioning 
step can easily be improved by adding more nodes as is com-
mon for a big data platform cluster (Xu et al., 2015). 

The complexity of the DBSCAN, algorithm is O(n*logn) 
(Xu and Tian, 2015). However, to ensure the validity of the 
performance of the DBSCAN algorithm, a comparison between 
DBSCAN and K-Means has been done. The results are shown in 
Figure 19, where the DBSCAN algorithm outperformed the K-
Means algorithm. For example, in order to cluster 200,000,000 
points the DBSCAN needed less than 9 minutes, while the K-
Means required approximately 25 minutes.

Conclusions
To address the shortcomings of existing LAS-based clas-
sification techniques in an urban context, a new and fully 
automatic approach is proposed. The approach is entirely 
compatible with the current LAS specification format and 
directly deployable in a distributed computing environment 
through a MapReduce framework: something not previously 
achieved for data integration of point clouds with GIS data. 
Using this approach, semantic categories such as the types of 
roads, buildings, and vegetation categories can be included 

in the LAS specification of a point cloud as a means of point-
level enrichment. This is done by integrating a lidar point 
cloud with GIS data obtained from OpenStreetMap. The result 
is a broad-based, point by point classification system. The 
approach was tested with two datasets for the same study 
area of approximately 1 km2 reaching a typical classification 
quality level in excess of 83% for a point cloud with 225pt/
m2 data density and 85% for one with 355pt/m2 data density. 
Two prominent limitations of the approach remain: (1) objects 
smaller than 1 m3 or less are classified as noise, and (2) only 
two-dimensional tagging information is applied in a three-
dimensional context.
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for Parameterizing the Coupled Water Cloud 

Model and Advanced Integral Equation Model 
for Soil Moisture Retrieval Using Time Series 

Sentinel-1A Data
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Abstract
Soil moisture is an important state variable of the land sur-
face ecosystem. In this paper, the water cloud model (WCM) 
and advanced integral equation model (AIEM) are coupled to 
retrieve soil moisture using time series Sentinel-1A data and 
moderate resolution imaging spectroradiometer (MODIS) data. 
Normalized difference vegetation index (NDVI), enhanced 
vegetation index (EVI), leaf area index (LAI) and fraction 
of photosynthetically active radiation (FPAR), are cross-
combined to initialize the calibrated model. The calibration 
results show the following: (1) Vegetation parameters have a 
great influence on model calibration; and (2) The combina-
tion of (NDVI, LAI) is recommended to calibrate the coupled 
model, the RMSE, R² is 0.739 dB, and 0.716 for the observed 
and estimated backscattering coefficients. The soil moisture 
inversion results show that: (1) the accuracy of model calibra-
tion and soil moisture inversion are inconsistent; and (2) The 
normalized vegetation parameters, such as NDVI, EVI and FPAR, 
are suitable for WCM to describe vegetation characteristics, 
and NDVI is the optimum. When V2 is the NDVI, the average 
bias, MAE, RMSE, ubRMSE and R² are −0.007 m³/m³, 0.074 
m³/m³, 0.087 m³/m³, 0.087 m³/m³ and 0.750, respectively..

Introduction
Soil moisture is an important component of the water cycle 
and energy exchange in the global terrestrial ecosystem and 
is considered one of the core climate variables by the global 
climate observing system (Kornelsen et al., 2013). The spatio-
temporal distribution of soil moisture over the regional and 
global scales helps us to understand the process of the global 
water cycle and energy balance. Remote sensing provides 
an effective method for monitoring soil moisture at different 
spatial and temporal scales. Visible remote sensing uses the 
surface emission characteristics to estimate soil moisture, 
while thermal infrared remote sensing utilizes the soil surface 
temperature. They both have high spatial resolution and 
multiple available satellite data. However, the optical signal 
is weakly related to soil moisture and can only obtain the soil 
information at approximately 1 mm. In densely vegetated 

areas, optical remote sensing can hardly detect soil informa-
tion. In contrast, microwave remote sensing, considering its 
all-time and all-weather work capability and high sensitivity 
to soil moisture, has been widely used for soil moisture moni-
toring. In particular, the active microwave remote sensing rep-
resented by synthetic aperture radar (SAR) with its high spatial 
resolution provides an unparalleled advantage for monitoring 
soil moisture at finer scales (Aubert et al., 2013; Baghdadi et 
al., 2012; Bai et al.,2015, 2016, and 2017; Dong et al., 2013; El 
Hajj et al., 2017;).

In recent years, spaceborne SAR has continuously shifted 
from low-resolution, single-band, single polarization, fixed in-
cidence angle, and single operation mode to high-resolution, 
multiband, multi-polarization, multi-angle, and multi-opera-
tion modes. In addition, the spatial and temporal resolution 
and scanning width of the satellite systems have been greatly 
improved, which provides a possibility for obtaining fine-
scale soil moisture over large regions. Currently, satellites 
equipped with SAR include L-band ALOS-2, C-band Radar-
sat-2 and Sentinel-1A/B, and X-band TerraSAR-X, TanDEM-X, 
TecSAR, RISAT-1/2, and SeoSAR. From the perspective of sci-
ence, these SARs provide detailed observations of the surface 
parameters such as vegetation cover and soil moisture. With 
the research and practical application of satellite constella-
tions, the spaceborne SAR is gradually being transformed into 
an SAR satellite constellation with higher temporal resolution 
and continuous coverage over large areas, which will provide 
high-quality radar data for soil moisture monitoring (Breit et. 
al., 2010; Das et al., 2015; Gherboudj et al., 2011; Krieger et 
al., 2007; Malenovský et al., 2012; Rosenqvist et al., 2014;). 
The Sentinel-1, consisting of the Sentinel-1A and Sentinel-1B 
satellites, has a short revisit cycle, which can obtain repeated 
observations of the target surface over six days. This is very 
important in seasons of vegetation growth and dynamically 
changing soil moisture. Since October 2014, the Sentinel-1 
data has been accessible and freely downloadable by global 
users. Compared with other satellite data, the high spatial 
and temporal resolution, radiation stability, and coverage of 
the Sentinel-1 data provide favorable opportunities for the 
long-term monitoring of high spatial resolution soil moisture 
(Baghdadi et al., 2018; Bai et al., 2017; Gao et al., 2017; El 
Hajj et al., 2017; Pulvirenti et al., 2018).Long Wang, Binbin He, and Minfeng Xing are with the School 
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Over the past few decades, soil moisture retrieval using 
SAR data has achieved great success in bare and sparsely veg-
etated areas. Researchers have proposed several models to de-
scribe the scattering process of bare soil surfaces, such as the 
Oh (Oh et al., 1992, 1994, 2002, and 2004) model, the Dubois 
(Dubois et al., 1995) model, the Shi (Shi et al., 1995) model, 
the Baghdadi model (Baghdadi et al., 2016), the integral equa-
tion model (IEM), and the advanced IEM (AIEM) (Chen et al., 
2003; Fung, 1994; Fung et al., 1992; Wu et al., 2001). Within 
these models, the challenge of soil moisture retrieval is how 
to parameterize the surface roughness parameter. Several 
methods have been proposed to weaken the effect of surface 
roughness, such as the combined roughness parameter (a new 
surface roughness parameter combined s and l, Kong et al., 
2016; Oh et al., 2002), the calibrated roughness parameters 
and effective roughness parameters (surface roughness param-
eters are calibrated by repeated observation of different phase 
SAR data, assuming that the surface roughness parameters 
remain constant for a short period or their change is smaller 
than the soil moisture. Baghdadi et al., 2002, and 2004; Bai 
et al., 2016; Su et al., 1997), and the eliminated roughness 
parameters (the surface roughness parameter retrieved by a 
physical algorithm and SAR data, Dubois et al., 1995; Ksene-
man et al., 2013; Zhou et al., 2007) using multi-configuration 
SAR data. The feasibility of these methods has been proven in 
previous studies (Bai et al., 2015, 2016, and 2017; Beckann 
et al., 1987; Fung et al., 2010; Rahman et al., 2008; Sancer 
et al., 1969; Yu et al., 2010), and the effective roughness 
method is considered a good method for solving the rough-
ness parameters (Bai et al., 2016). In the vegetated area, the 
scattering contribution from vegetation may exceed the soil 
surface (Baghdadi et al., 2017). Parameterizing the scattering 
contribution of the vegetation has become a major problem 
in soil moisture retrieval (Bai et al., 2017; Prevot et al., 1993). 
Because of concerns about vegetation characteristics, some 
vegetation backscattering models have been established to 
describe the contribution of vegetation. The most widely used 
vegetation scattering models mainly include the ratio method, 
the water cloud model (WCM) (Attema et al., 1978), the Michi-
gan microwave canopy scattering model (MIMICS) (Ulaby et al., 
1990), and the Tor Vergata model (Bracaglia et al., 1995; Fer-
razzoli et al., 1996; Joseph et al., 2010; Saatchi et al., 2000). 
These vegetation backscattering models are often coupled 
with a bare soil backscattering model to estimate the soil 
moisture in the vegetation area (Baghdadi et al., 2016, 2017; 
Bao, 2007; El Hajj et al., 2016 and 2017). For example, the 
WCM and AIEM are generally coupled to estimate soil moisture 
because of their effectiveness and conciseness compared with 
other models (Joseph et al., 2010; He et al., 2014; Lievens et 
al., 2013; Wang et al., 2011).

However, the contentious issue in the coupled WCM and 
AIEM is quantifying the vegetation characteristics and de-
termining which vegetation parameter is more suitable for 
describing the scattering and attenuation of vegetation (Quan 
et al., 2015 and 2017). Currently, different vegetation indexes, 
such as the vegetation water content (VWC), leaf area index 
(LAI), normalized difference vegetation index (NDVI), enhanced 
vegetation index (EVI), leaf water area index (LWAI), and frac-
tion of photosynthetically active radiation (FPAR), have been 
used to parameterize the vegetation variable in the WCM (Bai 
et al., 2015 and 2017; Bajhdadi, 2016, 2017; El Hajj et al., 
2016). Generally, the scattering and attenuation indicators 
are assumed to be uniform. These vegetation parameters can 
be estimated from optical remote sensing data. In fact, there 
is no general agreement on the precise setup of the vegeta-
tion descriptor in the process of soil retrieval (Lievens, 2013). 
Selecting the vegetation parameters used as scattering and 
attenuation indicators is still a problem for modeling the 

backscatter and retrieving soil moisture. It is necessary to 
evaluate the capability of the above vegetation parameters for 
soil moisture retrieval.

In this paper, we aim to explore the performance of four 
vegetation parameter combinations, including NDVI, EVI, LAI, 
and FPAR, for parameterizing the scattering contribution of 
vegetation in the coupled model of WCM and AIEM. The imple-
mentation of this approach can be divided into five steps: (1) 
The surface roughness parameters required in the AIEM are pa-
rameterized using the effective roughness parameter; (2) The 
vegetation parameter required in the WCM is parameterized by 
the different combinations of NDVI, EVI, LAI and FPAR; (3) The 
coupled model is calibrated by minimizing the root-mean-
square error (RMSE) between the observed and the simulated 
backscattering coefficients; (4) The soil moisture is retrieved 
using a look-up table (LUT) method calculated by the calibrat-
ed model; and (5) The retrieval accuracy is computed by com-
paring the retrieved and in situ soil moisture. The structure of 
this paper is organized as follows. The next Section intro-
duces the study area, in situ soil moisture measurements, the 
Sentinel-1A data, and the moderate resolution imaging spec-
troradiometer (MODIS) data. Next the introduction of the WCM, 
the AIEM, and the method used for model calibration and soil 
moisture retrieval; followed by the calibrated results of the 
coupled model and the inversion results of soil moisture. The 
discussion is addressed, which consists of an impact analysis 
on the surface roughness parameters and on the vegetation 
parameter combinations for soil moisture retrieval accuracy, 
with conclusions are summarized in the final Section.

Materials
Study Area and In Situ Measurements
The study area is located in northern Iowa, in the Central Plains 
of the United States (Figure 1). The climate belongs to the tem-
perate continental climate with cold winters and hot summers, 
and the daily and annual temperature difference is relatively 
large. The average annual rainfall and snowfall are 711 mm and 
760 mm and are mainly concentrated in summer and winter, 
respectively. The dominant vegetation cover type is grassland, 
whose growth period is consistent with the rainy season.

The Shagbark Hills ground monitoring station (Schaefer 
et al., 2010) is sited within the study area (42.50° N, 95.75° 
W) and is one of the monitoring stations of the Soil Climate 
Analysis Network (SCAN). The SCAN supports natural resource 
assessment and conservation activities through its network of 
automated climate monitoring and data collection sites. The 
elevation is approximately 427 m, and the topography is rela-
tively flat. This monitoring station contains five components 
to monitor the local ecological and environmental indicators, 
including the wind speed and direction sensor, liquid pre-
cipitation gauge, solar radiation sensor, relative humidity and 
air temperature sensor and soil moisture and temperature sen-
sors. The soil moisture is measured by a dielectric constant 
measuring device, and the soil temperature is measured by an 
encapsulated thermistor. The precipitation is measured by a 
tipping bucket gauge, and the air temperature is measured by 
a shielded thermistor. The precipitation, air temperature, soil 
moisture with five different soil depths (5 cm, 10 cm, 20 cm, 
50 cm and 100 cm), and soil temperature were downloaded 
from the International Soil Moisture Network (ISMN) (http://
ismn.geo.tuwien.ac.at), and the data were calibrated. Consid-
ering the penetrability of microwave signals, the soil moisture 
data at 5 cm depth were used to validate the soil moisture 
inversion method. Figure 2 displays the soil moisture data at 
5 cm and the precipitation in 2015 and 2016.
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Sentinel-1A Data
The Sentinel-1A satellite is the first satellite of the ESA’s 
Copernicus plan, which was launched on 03 April 2014 
(Schubert., 2015). It is equipped with a C-band (5.405 GHz) 
SAR sensor, which can be operated in four imaging modes in-
cluding stripmap, interferometric wide swath (IW), extra wide 
swath, and wave mode with different polarization combina-
tion modes including single polarization VV or HH, and dual 
polarization VH or HV. The revisit period is 12 days when 
ascending, and descending data are included (Sentinel-1A 
Handbook; 

https://sentinel.esa.int/web/sentinel/user-guides/sentinel-1-sar).

In this paper, considering the uniformity of data and the 
insufficient number of ascending data, the Level-1 ground 
range detected (GRD) Sentinel -1A data with the IW and VV 
polarization from 01 January 2015, to 01 January 2017, were 
used, and only the descending data from 31 May 2015, to 27 
December 2016, were selected. The number of selected data 
was 23 scenes, which consisted of 8 scenes in 2015 and 15 
scenes in 2016. The dataset from 2015 was used for model 
calibration, and the remaining data were used to retrieve the 
soil moisture. The details of the acquired Sentinel-1A data are 
shown in Table 1.

The preprocessing of the Sentinel-1A data was conducted 
by SNAP software (http://step.esa.int/main/toolboxes/snap/), 
which includes radiometric correction, speckle noise filtering 

Figure 1. Geographical location of the study area and ground measurement station, which is presented on a Sentinel-1A 
pseudocolor composite image on 15 March 2015.

Figure 2. Temporal evolution of in situ soil moisture data, precipitation and backscattering coefficient from the Sentinel-1A 
satellite in the ground station location.
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(refined Lee filter (Lee, et al., 1999)), geometric correction 
with Range-Doppler terrain correction, projection transforma-
tion, and resampling (from 10 m to 1 km to match the spatial 
resolution of MODIS data). Figure 2 presents the extracted 
backscattering coefficients.

MODIS Data
In this study, we aim to compare the effects of NDVI, EVI, LAI, 
and FPAR these four vegetation parameters on soil moisture in-
version. Only MODIS provides these four data product directly 
and its quality was approved by most researchers, so we 
choose MODIS data to describe the vegetation character. 

MODIS is an important sensor for the observation of global 
biological and physical processes in the US earth observing 
system program and is conducted on the satellites of Terra 
and Aqua (Huete et al., 2002). In this paper, the 16-day syn-
thetic NDVI and EVI products with a spatial resolution of 1000 
m and 8-day synthetic LAI and FPAR products with a spatial 
resolution of 500 m were used to describe the vegetation char-
acteristics of the grassland. The LAI and FPAR products were 
first resampled to 1 km to match the Sentinel-1A data, which 
corresponds to the spatial resolution of NDVI and EVI. To 
eliminate the influence of clouds, the Savitzky-Golay smooth 
filter (Savitzky et al., 1964) was applied to smooth the original 
MODIS data. To resolve the values on the Sentinel-1A date, a 

cubic spline interpolation method was used 
to interpolate the smoothed MODIS data. The 
original and interpolated MODIS data are 
shown in Figure 3.

Methodology
In this paper, the AIEM and WCM are coupled 
to model the backscatter and then used for 
soil moisture retrieval. The roughness pa-
rameters required by the AIEM are parameter-
ized by the effective roughness parameters, 
which have been widely used for soil mois-
ture retrieval. In WCM, the scattering and 
attenuation indicators are characterized by 
different combinations of four vegetation pa-
rameters, including NDVI, EVI, LAI, and FPAR. 
The flowchart for the model calibration and 
soil moisture retrieval is shown in Figure 4. 
The detailed descriptions are introduced in 
the following sections.

Bare Soil Backscattering Modeling
The backscatter of the bare surface is mod-
eled by the AIEM, which is established based 
on the electromagnetic radiative transfer 
equation (Fung et al., 1994; Shi et al., 1995). 
This model can simulate the backscattering 
coefficient over a wide range of soil mois-
ture and surface roughness, which has been 
widely used in the simulation of microwave 
surface scattering (Bai et al., 2016; Fung et 
al., 1994; Shi et al., 1995). The formulation 
of AIEM can be conceptually expressed as

 , ,σ ε θsoil
o AIEM s l ACF f pp= ( , , , , ) (1)

where ε is the soil dielectric constant, s 
is the root mean square (RMS) height, l is 
the correlation length, ACF is the autocor-
relation function, f is the frequency of the 
Sentinel-1A satellite (5.405 GHz), θ is the 
incidence angle of the Sentinel-1A data, and 
pp is the polarization mode (VV).

Table 1. The details of the Sentinel-1A data
No. Date UTC time Incidence angle (°)
1 2015/05/31 00:21:41-00:22:06 30.519-45.893
2 2015/06/12 00:21:42-00:22:07 30.520-46.087
3 2015/06/24 00:21:43-00:22:08 30.518-46.086
4 2016/07/30 00:21:44-00:22:09 30.521-45.895
5 2015/08/11 00:21:45-00:22:10 30.519-46.086
6 2015/08/23 00:21:45-00:22:10 30.521-45.864
7 2015/09/04 00:21:43-00:22:08 30.507-46.102
8 2015/09/16 00:21:46-00:22:11 30.520-45.999
9 2016/01/26 00:21:38-00:22:03 30.522-45.968
10 2016/03/26 00:21:36-00:22:01 30.516-46.104
11 2016/04/19 00:21:29-00:21:53 30.505-45.899
12 2016/05/01 00:21:43-00:22:10 30.506-45.884
13 2016/06/30 00:21:49-00:22:14 30.501-46.076
14 2016/08/17 00:21:52-00:22:17 30.502-46.288
15 2016/08/29 00:21:52-00:22:17 30.501-46.076
16 2016/09/10 00:21:53-00:22:18 30.499-46.075
17 2016/10/04 00:21:40-00:22:04 30.496-45.893
18 2016/10/16 00:21:40-00:22:04 30.494-45.892
19 2016/10/28 00:21:40-00:22:04 30.492-45.891
20 2016/11/09 00:21:40-00:22:04 30.491-45.890
21 2016/12/03 00:21:39-00:22:04 30.489-45.889
22 2016/12/15 00:21:39-00:22:03 30.490-45.889
23 2016/12/27 00:21:38-00:22:03 30.489-45.889

Figure 3. The original and the interpolated MODIS data: (a) NDVI, (b) LAI, (c) EVI, 
and (d) FPAR
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The Dobson dielectric mix-
ing model was used to convert 
soil moisture to a soil dielectric 
constant (Dobson et al., 1985). The 
topsoil texture parameters required 
by this model were obtained from 
the Harmonized World Soil Data-
base (HWSD), which was built by 
the Food Agriculture Organization 
(FAO) and International Institute for 
Applied Systems Analysis (IIASA); 
http://webarchive.iiasa.ac.at/). The 
topsoil texture parameters in the 
Shagbark Hills ground monitoring 
station are 23% clay, 39% sand, 
38% silt, and 1.33 g/cm3 soil densi-
ty. Because the topography around 
the ground station is relatively flat, 
the exponential ACF, which is most 
widely used for smooth surfaces, 
was adopted in AIEM. (Su et al., 
1997). The s and l were parameter-
ized based on the effective rough-
ness parameters, which means 
assuming that the surface roughness parameters remain 
constant for a short period or that their change is smaller than 
the soil moisture. Additionally, we used the effective param-
eters selected from the process of model calibration with the 
dataset from 2015 using a cost function as a calibrated param-
eter to retrieve the soil moisture with the dataset from 2016 
(Baghdadi et al., 2002 and 2004; Bai et al., 2016; Su et al., 
1997). In this study, only the single scattering was considered 
in the AIEM. Therefore, for the C-band Sentinel-1A satellite, 
the effective range of s for AIEM required ks < 3.0, with k being 
the wavenumber of radar signal k = 1.11 cm-1. This means that 
s should be less than 30 mm (Baghdadi et al., 2006; Bai et al., 
2016 and 2017; Lievens et al., 2010;). There is no theoretical 
constraint for the values of l, and we chose a relatively large 
range, which has been used in previous work (Bai et al., 2016; 
Lievens et al., 2010). Therefore, the LUT is constrained within 
[0.1, 3.0] cm and [1.0, 70.0] cm, respectively, for the effective 
roughness parameters (s and l) that will be selected within the 
constrained ranges.

Vegetation Backscattering Modeling
The WCM is a semiempirical vegetation scattering model. Its 
relative simplicity makes it a good candidate for soil moisture 
retrieval. This model divides the total radar backscattering 
coefficient σO

can into three parts: the direct scattering contribu-
tions of vegetation σO

veg, the double-bounce scattering compo-
nents between the vegetation and soil surface σO

veg+soil, and the 
direct soil backscattering σO

soil attenuated by the vegetation 
layer (Bai et al., 2016). The formulations are written as:

 = +σ σ σ τ σcan
o

veg
o

veg soil
o

soil
o++

2  (2)

 σ θ τveg
o AV= −1

21cos ( ) (3)

 τ θ2
22= −exp( / cos )BV  (4)

where τ2 represents the two-way attenuation of the vegetation 
layer, V1 stands for the scattering of the vegetation, V2 stands 
for the attenuation of the vegetation, θ is the radar incidence 
angle, and A and B are empirical coefficients.

In general, the double-bounce scattering components 
between the vegetation and soil surface σO

veg+soil 
is neglected 

because of its influence on the total radar backscattering 

coefficient is relatively small compared with the other two 
parts (Bai et al., 2015 and 2016). Thus, the WCM can be writ-
ten as follows:

 
σ σ

θ

θθ θref

o o ref=
cos

cos

2

2
 

(5)

The empirical coefficients A and B can be optimized by the 
least squares method. V1 and V2 are parameterized by NDVI, 
EVI, LAI, and FPAR. The backscatter of the soil surface σO

soil is 
simulated from the AIEM.

Model Calibration and Soil Moisture Retrieval
Model calibration is very important for high-precision inver-
sion of soil moisture, which determines A and B in WCM and 
the effective roughness parameters s and l in AIEM. The model 
calibration and soil moisture estimation procedures are given 
as follows:

Step 1: Normalization of the radar backscattering coeffi-
cient. To eliminate the influence of the local incidence angle 
on soil moisture retrieval accuracy, the theoretical method 
proposed by Ulaby et al. (1986) was used to normalize the VV-
polarized backscattering coefficients.

 
σ σ

θ

θθ θref

o o ref=
cos

cos

2

2
 

(6)

where θref is the reference angle, θ is the incidence angle of the 
Sentinel-1A data, and σO

θref
 and σO

θ are the backscattering coeffi-
cients at corresponding angles. The reference angle is chosen 
as the center angle of the acquired Sentinel-1A data (41°).

Step 2: Simulation of bare soil backscattering coefficient. 
The AIEM was used to simulate the bare soil backscatter, while 
the Dobson dielectric mixing model was adopted to compute 
the soil dielectric constant using in situ soil moisture mea-
surements and soil texture parameters. The s ranges from 0.1 
to 3.0 cm with an interval of 0.1 cm, the l ranges from 1 to 70 
cm with an interval of 1 cm, and the soil moisture range from 
0.001 to 0.600 m3/m3 with an interval of 0.001 m3/m3 to match 
the in situ soil moisture data.

Step 3: Estimation of vegetation backscatter. The WCM was 
used to compute the total radar backscattering coefficients, σO

can 
and σO

soil were obtained from Step 2, and V1 and V2 are param-
eterized by different combinations of NDVI, EVI, LAI, and FPAR.

Figure 4. Flowchart for the model calibration and soil moisture retrieval.
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Step 4: Selection of the effective roughness parameters 
(s and l) and optimization of A and B. The effective rough-
ness parameters were selected by the principle of least-cost 
function, which is constructed using the root-mean-square 
error (RMSE), as shown in Equation 7. The RMSE is calculated 
by the estimated and the observed backscattering coefficients 
(σO

est and σO
obs). With the effective roughness parameters, the 

empirical coefficients also can be calculated by the 
least squares method:

 
RMSE

n est
o

obs
o= −

1 2( )σ σ∑ . (7)

Step 5: Soil moisture inversion. Based on the 
calibrated model and the Sentinel-1A observations, 
the estimated soil moisture was estimated using a 
look-up table (LUT) method. The statistical metrics 
including bias, mean absolute error (MAE), RMSE, 
unbiased RMSE (ubRMSE) (Entekhabi et al., 2010), 
and correction coefficient square (R²) were chosen to 
evaluate the accuracy of soil moisture retrieval.

 
bias

n obs est= −∑ ∑1
( )µ µ

 (8)

 
MAE

n obs est= −
1

| |µ µ∑
 

(9)

 
RMSE

n est obs= −
1 2( )µ µ∑

 
(10)

 ubRMSE RMSE bias= −2 2
 (11)
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2
2 2
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− −
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(
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)
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(12)

where μobs and μest are the observed and estimated 
backscattering coefficient or soil moisture, respec-
tively.

The observed data from 2015 was used to calibrate the 
coupled model, and the data from 2016 were adopted for 
the soil moisture estimation. The coupled model calibration 
and soil moisture inversion results are analyzed in the next 
section. The impact of different roughness parameters and 

Figure 5. Distribution of the RMSEs between the observed and simu-
lated backscattering coefficient with different roughness parameters.

Table 2. Model coefficients and selected effective 
roughness parameters with different vegetation 
parameter combinations using the data from 2015.

Vegetation 
Parameter

Model 
Coefficients

Effective 
Roughness 
Parameters

RMSE R² V1 V2 A B
s 

(cm) l (cm) 

NDVI NDVI -5.689 0.024 0.4 5 0.893 0.473
NDVI EVI -11.999 0.418 0.4 12 0.861 0.668
NDVI LAI -16.275 0.229 0.4 12 0.739 0.717
NDVI FPAR -13.237 0.425 0.4 13 0.810 0.708
EVI EVI -12.573 0.171 0.4 7 0.879 0.567
EVI NDVI -1.250 0.018 0.4 5 0.893 0.458
EVI LAI -19.464 0.121 0.4 8 0.830 0.574
EVI FPAR -13.802 0.157 0.4 7 0.857 0.586
LAI LAI -3.114 0.058 0.4 7 0.798 0.602
LAI NDVI -1.628 0.063 0.4 6 0.887 0.570
LAI EVI -1.931 0.174 0.4 8 0.850 0.684
LAI FPAR -2.105 0.152 0.4 8 0.830 0.618

FPAR FPAR -10.615 0.178 0.4 7 0.866 0.582
FPAR NDVI -12.682 -0.049 0.4 4 0.886 0.425
FPAR EVI -2.542 0.026 0.4 5 0.888 0.462
FPAR LAI -15.717 0.117 0.4 8 0.848 0.640
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vegetation parameter combinations on the accuracy of soil 
moisture inversion are discussed in a following Section. 

Results
Model Calibration Results
The calibration of the coupled model was conducted by mini-
mizing the RMSE between the observed and simulated back-
scattering coefficients to optimize the effective roughness pa-
rameters and model unknown coefficients. Figure 5 displays 
the distributions of RMSE. Table 2 lists the model coefficients, 
selected effective roughness parameters and corresponding 
statistical metrics. Figure 6 presents the temporal evolution of 
the observed and simulated backscattering coefficients from 
the calibrated model. 

Figure 5 shows that the trends of RMSE are similar when 
different vegetation parameters are used. With the increase 
of s or l, the performance of RMSE decreases first and then 
increases. This means that the effective roughness parameters 

corresponding to the minimum RMSE are almost completely 
chosen within the given range of s and l, and s is more ef-
fective to model the calibration than l. From the contours, it 
is observed that the impact of an increase in s can be bal-
anced by an increase in l. Therefore, it is possible that a set of 
roughness parameters corresponds to the minimum RMSE, and 
there may exist multiple solutions for the effective roughness 
parameters. This phenomenon was caused by an ill-posed 
AIEM, which can also be found in previous studies (Bai et al., 
2016). Although the RMSE-trend is similar, when LAI is used to 
describe the growth of the vegetation, the RMSE value is larger 
than the others and varies dramatically with the increase of 
s and l. This indicates that the selection of vegetation param-
eters can affect the calibration result of the coupled model. 
When LAI is adopted, the impact of s and l on the model cali-
bration results is enhanced. 

Table 2 shows that the results are similar between different 
vegetation parameter combinations and their RMSE range from 
0.798 dB to 0.893 dB, and their R² range from 0.425 to 0.716. 
From the perspective of statistical metrics, it can be said that 

Figure 6. Time series of the observed and simulated backscattering coefficients with different vegetation parameter combinations. 
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the calibration results of the coupled model are acceptable. 
However, the calibration result of the coupled model depends 
on the selection of the vegetation parameters. When NDVI is 
chosen as V2, the statistical results show that the calibration 
of the coupled model is the worst. When NDVI is chosen as V1, 
the statistical results show that the calibration of the coupled 
model is the best. This means that the contributions of V1 and 
V2 are different. Therefore, the proper combination of vegeta-
tion parameters should be selected in the calibration process 
of the coupled model. 

Figure 6 shows that the simulated backscattering coef-
ficients from the calibrated coupled model can capture the 
change in the observed value well. Although the estimated 
value may be higher or lower than the observed value, the 
overall trend of the estimated value can reflect the changing 
trend of the observed value in the time dimension.

Soil Moisture Retrieval Results
Based on the calibrated model, the soil moisture retrieval is 
retrieved from the remaining data. The statistical metrics, i.e., 
bias, MAE, RMSE, ubRMSE, and R², are listed in Table 3. Figure 

Table 3. The statistical metrics between the in situ and 
retrieved soil moisture using the data from 2016.

Vegetation 
Parameter bias MAE RMSE ubRMSE

R²V1 V2 (m3/m3)
NDVI NDVI -0.002 0.075 0.088 0.087 0.750
NDVI EVI -0.008 0.130 0.152 0. 152 0.315
NDVI LAI -0.037 0.169 0.197 0. 194 0.169
NDVI FPAR -0.058 0.196 0.217 0.209 0.249
EVI EVI -0.011 0.091 0.107 0.107 0.610
EVI NDVI -0.009 0.073 0.086 0. 086 0.753
EVI LAI 0.007 0.134 0.171 0.171 0.279
EVI FPAR -0.039 0.129 0.140 0.135 0.575
LAI LAI -0.001 0.113 0.152 0.152 0.338
LAI NDVI -0.015 0.078 0.093 0.093 0.728
LAI EVI -0.020 0.086 0.106 0.104 0.616
LAI FPAR -0.037 0.124 0.134 0.129 0.615

FPAR FPAR -0.028 0.113 0.123 0.120 0.663
FPAR NDVI -0.001 0.071 0.082 0.082 0.753
FPAR EVI -0.007 0.077 0.087 0.087 0.726
FPAR LAI -0.014 0.137 0.177 0.177 0.244

Figure 7. Time series of the in situ and retrieved soil moistures with different vegetation parameter combinations.
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7 shows the time series of the in situ measurements and re-
trieved soil moistures.

Table 3 and Figure 5 show that the accuracy of the soil 
moisture retrieval has an obvious difference when differ-
ent vegetation parameter combinations are used. When V2 is 
NDVI, the inversion results are the best, and when V2 is LAI, 
the inversion results are the worst. These inversion results of 
the other vegetation parameters are atypical. This means that 
NDVI and LAI play a very important role in the soil moisture 
inversion process. They can suppress the effect of other veg-
etation parameters in soil moisture inversion. This illustrates 
that different vegetation parameters have an influence on soil 
moisture inversion, and it is necessary to select optical veg-
etation parameters for high accuracy soil moisture inversion. 
Compared with RMSE and R² of the model calibration and soil 
moisture retrieval, it can be found that the model calibration 

is negatively correlated with soil moisture retrieval. This phe-
nomenon indicates that it is unwise to pursue high precision 
in the process of model calibration.

Discussion
In this paper, the WCM and AIEM are coupled to retrieve soil 
moisture. The retrieval results show that the accuracy evalu-
ation index has an obvious difference when different vegeta-
tion parameter combinations were adopted. Thus, it can be 
said that the input parameters have a very important impact 
on the soil moisture retrieval. In this section, the influence 
of different roughness parameters and vegetation parameter 
combinations on the retrieval results is discussed. 

Analysis of the Effective Roughness Parameters
Figure 5 shows that the different combinations of roughness 
parameters have a great influence on the calibration accuracy 
of the coupled model. When the coupled model is initial-
ized with different roughness parameters, the RMSE between 
the estimated and observed backscattering coefficients will 
reach 3 dB or higher. Therefore, it is very meaningful to select 
effective roughness parameters according to the cost func-
tion to minimize the influence of ground surface undulation 
on the accuracy of soil moisture inversion and to analyze the 
individual effect of the two surface roughness parameters on 
the calibration accuracy. In this paper, the control variables 
method was chosen to analyze the effects of s and l on the 
model calibration separately. Table 2 shows the effective s is 
0.4 cm and the effective l is 5 cm when NDVI is selected as the 
vegetation parameter in WCM. Thus, the effect of different l on 
the model’s calibrated accuracy is analyzed with the effective 
s, and then the effect of a different s to the model calibration 
accuracy is analyzed with the effective l. 

Figure 8 shows the analysis results of the roughness pa-
rameters with the control variables method. The two images 
above are RMSEs with different l and s when another param-
eter is fixed, and the two images below show the variation 
quality with the successive growth of l and s.

Figure 8 shows that with the independent increase of s 
or l, the trends of RMSE decrease first and then increase. This 
phenomenon indicates that the effective roughness param-
eters are within the parameter range chosen by this paper. 
This result can also be concluded based on Figure 8. When 
l is greater than 10 cm, the change rate of RMSE gradually 
slows down, and its change volume is attributed to 0 with 
the increase of l, but RMSE is very active with the change of s. 
This means that the impact of s on model calibration is more 
serious than l. This phenomenon can also be found in Bai’s 
article (Bai et al., 2016). Therefore, in the process of soil mois-
ture inversion, the selection of s is very critical to the high 
accuracy of soil moisture inversion.

It is worth noting that the selected effective roughness 
parameters are used as a tuning parameter to improve the 
accuracy of soil moisture inversion; there is no physical 
meaning for them, and they do not represent the real surface 
parameters of the study area.

Analysis of the Vegetation Parameters
In this study, a total of sixteen combinations of four vegeta-
tion parameters were used to calibrate the coupled model and 
retrieve soil moisture. The correlation of different vegeta-
tion parameters was very high, which is shown in Figure 9. 
The correlation of LAI and the other three parameters were 
exponential, the correlation of the other three parameters had 
a linear correlation, and their R² were above 0.85; this result 
can also be found in Baghdadi’s article (Baghdadi et al., 2016). 
It demonstrates that the vegetation data used in this paper 
were correct, but the accuracy of soil moisture inversion was 

Figure 8. Analysis results of roughness parameters with 
control variables method. (left: s is 0.4 cm; right: l is 5 cm. 
V1 and V2 are NDVI).

Figure 9. The correlation of different vegetation parameters.
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very different when different vegetation parameters were 
used; thus, the applicability of these vegetation parameter 
combinations need to be discussed.

Among the four vegetation parameters, LAI has a specific 
physical meaning. It represents the total area of the plant 
leaves in the unit land area. Its value varies with changes in 
surface vegetation coverage, which may be more than 1. NDVI, 
EVI, and FPAR are normalized mathematical quantities. Table 
3 shows that the accuracy of soil moisture inversion when V2 
is LAI is lower than when V2 is another vegetation parameter; 
specifically, when V2 is NDVI, the accuracy of the soil moisture 
inversion was the highest. This result also concluded in a 
previous study that the use of NDVI as the vegetation descrip-
tor allows for computation of the vegetation effects on the 
total backscattering coefficients with good accuracy (El Hajj 
et al., 2017). This means that LAI is not suitable as V2 in WCM 
to estimate the contribution of vegetation in grasslands, and 
a normalized vegetation parameter can often achieve better 
results. When the same analysis method is adopted for V1, 
it can be concluded that NDVI is not suitable as V1 in WCM to 
estimate the contribution of vegetation.

When V1 and V2 are NDVI, the bias, MAE, RMSE, ubRMSE and 
R² of soil moisture inversion are −0.002 m³/m³, 0.075 m³/m³, 
0.088 m³/m³, 0.087 m³/m³ and 0.750, respectively. Combining 
the previous conclusions indicates that the impact of V1 is 
suppressed by V2 in the computing process of vegetation con-
tribution; thus, V2 in the WCM is the decisive vegetation factor 
affecting the accuracy of soil moisture inversion. From Table 
3 and the analysis of the vegetation parameter, it can be found 
that soil moisture retrieval may vary greatly when different 
vegetation parameters are used to calculate the contribution 
of vegetation in WCM, so the selection of an optimal combina-
tion of vegetation is very important to improve the accuracy 
of soil moisture retrieval. 

Conclusions 
In this paper, the WCM and AIEM are coupled to retrieve soil 
moisture in the Central Plains of the United States using time 
series Sentinel-1A data, Terra MODIS vegetation data and in 
situ soil moisture measurements. To characterize the scatter-
ing contribution of vegetation, different vegetation param-
eters, including NDVI, EVI, LAI, and FPAR, are cross-combined 
to parameterize the coupled model. The model calibration is 
conducted by minimizing the RMSE between the observed and 
simulated backscattering coefficient. The soil moisture is re-
trieved based on the calibrated model using the LUT method. 
The results of model calibration and soil moisture retrieval 
show that the roughness parameter and vegetation parameter 
have an important influence on soil moisture retrieval, and 
model calibration is a necessary step in the process of soil 
moisture retrieval, but it is unwise to pursue high precision 
in the process of model calibration. The coupled model is 
performed with different combinations of NDVI, EVI, LAI and 
FPAR as vegetation descriptors. The use of NDVI is recom-
mended, as this resulted in the highest soil moisture retrieval 
bias, MAE, RMSE, ubRMSE and R² of -0.002 m³/m³, 0.075 m³/
m³, 0.088 m³/m³, 0.087 m³/m³ and 0.753, respectively. When 
the best vegetation parameter combination is adopted, the 
retrieved soil moisture is in good agreement with the in situ 
measurement, and the trend of ground observations is repro-
duced well using the estimated soil moisture. The impact of 
the roughness parameters and the vegetation parameter on the 
soil moisture retrieval has been discussed. These discussions 
further validate the importance of the accurate parameteriza-
tion of the surface roughness and vegetation. The results of 
this study provide a preliminary assessment for estimating the 
soil moisture from Sentinel-1A data. It is expected that this 

work will be beneficial for developing soil moisture retrieval 
methodologies for the Sentinel-1A satellites.
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Individual Tree Detection and Crown  
Delineation with 3D Information from  

Multi-view Satellite Images
Changlin Xiao, Rongjun Qin, Xiao Xie, and Xu Huang

Abstract
Individual tree detection and crown delineation (ITDD) are 
critical in forest inventory management and remote sensing 
based forest surveys are largely carried out through satellite 
images. However, most of these surveys only use 2D spectral 
information which normally has not enough clues for ITDD. To 
fully explore the satellite images, we propose a ITDD method 
using the orthophoto and digital surface model (DSM) derived 
from the multi-view satellite data. Our algorithm utilizes the 
top-hat morphological operation to efficiently extract the local 
maxima from DSM as treetops, and then feed them to a modi-
fied superpixel segmentation that combines both 2D and 3D 
information for tree crown delineation. In subsequent steps, 
our method incorporates the biological characteristics of the 
crowns through plant allometric equation to falsify potential 
outliers. Experiments against manually marked tree plots on 
three representative regions have demonstrated promising 
results – the best overall detection accuracy can be 89%.

Introduction
Forest is one of the most important land surfaces and plays an 
important role in the global ecosystem. Timely and accurate 
measurements of the forest parameters at the individual tree 
level such as tree count, tree height, and crown size are es-
sential for quantitative analysis of forest structure, ecological 
modeling, biomass estimation, and evaluation of deforesta-
tions (Mohan et al., 2017; Weng et al., 2015). Over the past 
several decades, remote sensing techniques have greatly 
improved the capability of extracting forest metrics with high 
spatial resolution imagery (Gonçalves et al., 2017; Sousa et 

al., 2015). However, the majority of these methods use spec-
tral or texture information and are limited to the radiometric 
quality which makes them vulnerable to erroneous detections, 
either over-/under- segmenting tree crowns at the individual 
plot level. 

The addition of 3D information to these forest metric 
estimations can greatly enhance the measurement accuracy. 
Recently, much attention has been given to lidar data, which 
provides an accurate 3D representation of the surface objects. 
A number of algorithms have been proposed to analyze the 
forest structure at individual tree level with this data (Ferraz 
et al., 2016; Kathuria et al., 2016; Liu et al., 2015). Many of 
the methods that are based on either lidar or photogrammetric 
3D points use the normalized digital surface model (nDSM) or 
the canopy height model (CHM, for the forest applications), 
which can naturally highlight the treetops and directly offer 
the tree heights (Liu et al., 2015; Lu et al., 2014). The CHM 
can be generated by subtracting the digital terrain model 
(DTM) from the digital surface model (DSM). Similar to the 2D 
image-based methods, the CHM-based methods use proce-
dures such as image smoothing, local maximum localization, 
and template matching to detect the individual trees and 
their boundaries (Koch et al., 2006; Popescu et al., 2002). In 
Strîmbu and Strîmbu (2015), they used graph theory to model 
the forest topological structure and correct two potentially 
over-identified treetops. Also, multi-scale segmentations have 
been proposed to dynamically select the best set of apices 
and generate the final segmentation (Véga et al., 2014). For 
tree crown delineation, image segmentation methods such as 
valley following, region growing, and watershed segmentation 
can be directly used on CHM (Ferraz et al., 2016; Kathuria et 
al., 2016; Strîmbu and Strîmbu, 2015). Among these meth-
ods, the watershed segmentation is the most popular as it can 
naturally and efficiently model the treetops and crowns, for 
example, Liu et al. (2015) proposed the Fishing Net Dragging 
(FND) method which uses the watershed segmentation with 
the Gaussian filtering to find the boundaries of trees. Even 
though these methods have demonstrated great successes in 
their applications, they are limited by the cost of lidar survey-
ing making them impractical for repetitive acquisition of at 
large scales (Wulder et al., 2013). Also, lidar systems offer-
ing compensatory spectrometers are not widely available to 
provide additional spectrum data for more advanced analysis, 
such as LAI (leaf area index), NDVI (normalized difference veg-
etation index) for vegetation classification. A demand for such 
data normally requires an additional light for multi-/hyper-
spectral data acquisition while which subsequently brings in 
registration issues.
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Considering the merits of both 2D spectral and 3D struc-
ture data, for the first time, we propose to use multi-view 
high-resolution satellite imagery to perform forest parameters 
retrieval at the individual tree level. With the growing num-
ber of high-resolution satellite sensors, the chances of a spot 
being viewed multiple times with multiple angles are greatly 
increased. These multi-view images can facilitate many 
remote sensing tasks, for example, Liu and Abd-Elrahman 
(2018) used multi-view images in a deep convolutional neural 
network for the wetlands classification. Also, the develop-
ment of the advanced image matching algorithms makes it 
possible to produce comparably dense 3D measurements 
as lidar, while with much lower cost, higher flexibility in 
acquiring information in a large geographical region. With 
the highly accurate 3D digital surface models (DSM) and true 
orthophotos generated from these multi-view satellite images, 
we expect it will significantly enhance the performance of 
individual tree detection and crown delineation (ITDD). 

The terrain data is critical for many 3D points based ITDD 
methods. However, for DSM generated from satellite images, 
terrain data under the forest canopy might not be captured. 
Moreover, considering that the accuracy of image-based DSM 
is normally lower than those from lidar, it can be particularly 
challenging to directly use the point cloud based methods 
on this DSM. Hence, to fully explore the multi-view satellite 
imagery based data, we propose a novel algorithm that utilizes 
both 2D spectral and 3D structural information with the ortho-
photo and DSM. Based on the assumption that tree crowns are 
normally well rounded in shape with a single maximum as the 
treetops, we propose to use morphological top-hat by recon-
struction (THR) to detect treetops. Compared to other local max-
imum detectors, for example, window-based local maximum 
filters (Pouliot and King, 2005; Wulder et al., 2000), the THR 
detector is less sensitive to the window or filter size. For the 
crown delineation, we adopt a modified superpixel segmenta-
tion framework to generate compact segments that leverage the 
boundary of crowns based on the DSM and multispectral infor-
mation, thus are able to account for crown delineation in both 
sparsely and densely forested area. Compared to the previous 
methods, for instance, valley following, region growing, and 
watershed segmentation (Gougeon and Leckie, 2006; Ke and 
Quackenbush, 2011), the modified superpixel segmentation is 
similar to region growing, but with an extra spatial constraint 
which ensures more compact shapes for 
trees. The tree crowns are complex in their 
3D structure, including overlapping cano-
pies, adjacent crowns reflecting similar spec-
trums but different in height, and smooth 
crowns. Hence, the combination of both 2D 
spectral and 3D structural information would 
greatly help to identify the individual trees. 

To the authors’ best knowledge, this work 
contributes to the community as the first 
to demonstrate and offer the use of multi-
view high-resolution satellite imagery as an 
alternative data source for the forest param-
eter retrieval at the individual tree level. In 
addition, the contributions include the de-
velopment of a novel top-hat and superpixel 
based detection framework that is able to (1) 
accommodate multi-modal data for segment-
ing objects under complex scenarios; (2) uti-
lize biometric characteristics of trees through 
the allometric equation to constrain size and 
shape of tree segments; and (3) achieve high 
accuracy in areas with different canopy den-
sities. In particular, the proposed method is 
able to account for densely forested regions, 
even without a high precision DTM.

Study Area and the Data Processing
The study area is located in Don Torcuato, a small city on the 
west side of Buenos Aires, Argentina. In this area, we choose 
three experimental sites with tree plots at different levels of 
density as illuminated in Figure 1 and Figure 2. Site A, cover-
ing an area of 0.30 × 0.30 km2, which we treat as the sparsely 
forested area mainly consists of sparsely distributed trees, 
wild shrubs, and grasslands. In the densely forested site B, 
covering 0.25 × 0.34 km2, different types of trees at different 
heights intersect with each other and only a small part of it 
being ground surface. Site C is part of a small town, covering 
an area of 0.30 × 0.30 km2, the surface objects of which are 
complicated: trees at the courtyard or around buildings with 

Figure 1. The study area near Buenos Aires, Argentina. The 
two large solid rectangles mark the areas where we have 
generated the DSM and orthophoto and A, B, C mark the 
experimental sites. 

Figure 2. The three experimental sites in the study area. From left to right are 
the orthophoto (upper) and the DSM (lower) of Site A, B, and C with different 
surfaces.
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different crown sizes and heights; shrubs on the street sides 
mixed with trees at different heights.

The satellite images in this work are from the multi-view 
benchmark dataset provided by John’s Hopkins University 
Applied Physics Lab (JHUAPL) (Bosch et al., 2016; Bosch et 
al., 2017). The data contains 8 bands Worldview2/3 images 
with the ground resolution around 0.3 meters. To derive an 
accurate DSM, we selected five pairs of the on-track stereo im-
ages captured in December 2015, with the maximal off-nadir 
angle between 7-19 degrees and the average intersection 
angle between 15-21 degrees. We applied a fully automated 
pipeline (Qin, 2017) that consists of (1) pansharpening, (2) au-
tomatic feature matching, (3) pair-wise bundle adjustment, (4) 
dense matching, and (5) a bilateral-filter based depth-fusion, 

to generate a high-quality DSM and subsequently true ortho-
photo. Comparing to the ground truth lidar data, the root-
mean-square errors (RMSE) of the DSM are varying between 
2.5-4 meters which is absolute accuracy at checking points 
which do not represent the relative accuracy of the object re-
construction. More details about the method and the accuracy 
evaluation can be found in Qin (2017) and Figure 2 shows the 
cropped orthophoto and DSM of the three experimental sites.

Methodology
The proposed method includes several steps summarized in 
Figure 3: After the generation of an orthophoto and DSM, the 
vegetated area and terrain area are extracted to facilitate the 
treetop detection which is based on the local maximum of 
DSM through top-hat by reconstruction (THR) operation (Qin 
and Fang, 2014). To further improve the detection quality, we 
use above ground height check and non-maximum suppres-
sion with the allometric equation to eliminate the short and 
redundant detections. From the treetops, a modified super-
pixel segmentation that combines the 2D spectral and the 3D 
structural information is proposed to effectively delineate the 
tree crowns. Finally, a postprocessing for the crown refine-
ment is used to further improve the detection accuracy.

Vegetation and Terrain Detection
To identify the vegetation areas, we use the Normalized 

Difference Vegetation Index (NDVI) as the index and take the 
areas where their NDVI > µ to be the vegetation area. µ is em-
pirically set as 0.3 leveraged based on our experiments.
Digital terrain model (DTM) is a useful source for the individ-
ual tree detection, and there have been several methods pro-
posed to extract the DTM from 3D points (Gevaert et al., 2018; 
Hu et al., 2014). Such as in Hu et al. (2014), they proposed 
an adaptive surface filter (ASF) that the threshold can vary 
according to the terrain smoothness to efficiently classify the 
airborne laser scanning data. DTM is used to offer the height 
information as normalized DSM (nDSM) or CHM (for forest appli-
cation). However, in some densely forested areas, it may not 
be feasible to extract the DTM from DSM produced by images. 
Fortunately, the proposed method is not heavily depended on 
the tree height information. The treetop detection and crown 
delineation are mainly decided by the relative height. The 
absolute tree height is an extra cue to refine detections which 
will be discussed with more details in the experiments. 

Our method does not explicitly generate the nDSM or CHM. 
Instead, we focus on the height gradients and estimate the 
above ground tree height with an effective terrain detection 
method. By converting the pixels in DSM map as grid point 
cloud, we apply the cloth simulation filter (CSF) (Zhang et al., 
2016) that based on the height and surrounding information 
to classify the points into two categories: terrain and off-
terrain points. The above-ground heights of trees which are 

subsequently used for crown size estimation 
can be estimated by subtracting the terrain 
height around it, and more details can be 
found in the next section. In the experi-
ments, we used the open source software 
CloudCompare® as the segmentation tool, 
and an example can be found in Figure 4.

Treetop Detection
Detection of Local Maximum Points 
Similar to lidar-based treetop detection, we 
naturally assume that the local maximum in 
the DSM is the treetop. However, since the 
filter-based method requires a careful tuning 
of window size, we adopt the grey-level 
morphological top-hat by reconstruction 

Figure 3. The flowchart of the proposed method. The main 
processing steps are in bold and the details are explained in 
the next sub-sections.

Figure 4. The vegetation and terrain detection of site C. From left to right are 
the 3D visualization of the textured DSM, the vegetation area, and the detected 
terrain area.
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operator (THR) to find the local maximum, as it is an effec-
tive method of detection blob-like shapes and less sensi-
tive to window size (Qin and Fang, 2014). In the detection, 
a disk-shaped structuring element (SE)  is used to perform 
the grey-level morphology erosion on the DSM to generate 
a marker image ε(DSM, e), where the erosion operation only 
keeps the minimum value of all the pixels in the structuring 
element. The morphological reconstruction mask Bε(DSM, e) is 
then generated through an iterative procedure in which the 
dilation operation that keeps the maximum value is utilized 
on the marker image. Finally, by subtracting Bε(DSM, e) from the 
DSM, the peaks on the DSM can be extracted as blob-shaped 
peak regions with respect to the local maximum. 

To locate the local maximum at the pixel level, we first use 
the morphological opening operation to remove the weakly 
connected parts thus to separate a big region into several 
small ones. Then, for each region, we keep the highest point 
as the final treetop candidate. Figure 5 shows an example of 
the local maximum detection with two SEs (4 and 8 pixels). 
The detected local maximum regions with different SE sizes 
are shown as white and red dots (with a shift) in the rightmost 
image of Figure 5. As we can observe they are almost identi-
cal indicating the proposed THR operation is less sensitive to 
the size of SE. 

Figure 5. Illustration of the local maximum detection with 
different SE sizes. From image (a) to (d) are the orthophoto, 
the vegetated area, the DSM, and the local maximum (with 8 
pixels SE). Image (e) is the non-vegetation removed results 
of two SEs (4 and 8 pixels) at the rectangle area in image (d). 

Refinement with Above Ground Height Check and Non-Maximum Suppression
To eliminate lower local maximum, we calculate per-point 
above ground height by subtracting its DSM height with nearby 
terrain height:
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,

= ( ) − ( )
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∑ , (1)

where H(s) is the above ground height of point s; DSM(s) and 
DSM(p) are the height values at point s and p. N is the total 
number of the terrain points in the predefined search window 
Ai centered at s, and T is the extracted terrain area as previ-
ously described. 

To remove the redundant maximum points in one tree, 
a common practice is to use non-maximum filters to locate 
the true maximum within a window. The filter is expected to 
achieve the best performance when the window size is close to 
the crown size. However, the crown size of different types of 
trees may vary significantly. Given that the allometric equa-
tions describe the biological relationships between the tree 

height and its crown size (Garrity et al., 2012), it can be of a 
great value to use such cue to determine an optimal window 
size accountable for crown variations. While in general larger 
window is able to encapsulate small crowns, we consider to a 
type with a large crown/height ration to obtain a good estimate 
as for removing non-maximum. Hence, we adopt the allome-
tric equation for the deciduous tree (Desktop, 2011) to estimate 
the crown size (or filter window size) χ for each treetop as:

 χ( ) . . * ( )s h si t i= +3 09632 0 00895 2 , (2)

where ht represents the above ground height of the treetop si. 
Figure 6 gives an example of the refinement of the local maxi-
mum (red dots), many (yellow circle marked) of which are not 
treetops to the final refined treetops (stars with a blue dot in 
the center). Also, in the same figure, the rectangles mark the 
non-maximum suppression window for each potential treetop 
and we can observe that they are associated with a sizeable 
window which is able to account for crown size variation. 

Figure 6. Treetop refinement. The initial detections 
are filtered by the above ground height check and non-
maximum suppression with adaptive windows.

Crown Delineation
The crown boundaries are usually indistinct in canopy density 
area and the texture information is normally not sufficient for 
the crown delineation. To utilize the 3D structure information 
of the DSM, we propose a modified superpixel segmentation 
utilizing multi-modal data to detect crown regions. The super-
pixel algorithm can provide a compact and homogenous rep-
resentation towards all segments which naturally matches the 
shape of trees. In contrast to the original superpixel (Felzensz-
walb and Huttenlocher, 2004), the modified version considers 
both 2D and 3D information in its kernel distance function:
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(3) 

where D(si, tj) measures the spatial and spectral difference 
between treetop si and the test pixel tj. Dh , Dv , and Dc are both 
the Euclidean distance used to measure the horizontal, vertical 
distance and the spectral differences (8 bands) and normalized 
based on the statistical maximum and minimum range of tree 
crown size (estimated by allometric equation), tree height, 
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and the vegetation spectrum. Wh, Wv , Wc are the associated 
weights for different component which we empirically set as 
0.8, 1, 0.5, emphasizing spatial distance especially the verti-
cal one. The lower D(si, tj) means higher similarity between 
the treetop and the test pixel, but if the smallest difference 
between a pixel and all the treetops is still larger than a certain 
threshold value θ, the pixel will be abandoned as non-tree area. 
The θ gives an extra constraint on the assignment of pixels 
that may not belong to trees. Smaller θ regulates the delineated 
crown to be more compact and closer to the treetop, but may 
lose part of the true crown. On the contrary, larger θ would 
reduce the restriction and let the delineation cover a larger area 
which may contain non-tree part. Hence, in the experiment, 
the θ is carefully selected as the maximum difference value the 
Equation 3 could have, for example, the difference between 
the treetop and the leaf at the farthest crown. The idea of the 
revised superpixel is similar to the supervoxels (Papon et al., 
2013) used for full 3D data like those from terrestrial lidar. 
However, unlike the full 3D points, the DSM only represents 2.5 
D information that only the surface points have height infor-
mation. If using supervoxels, the facades (which were assumed 
to be cut-off planes) will be considered for segmentation which 
is unwanted. Besides, we have fixed the segmentation seeds at 
the treetops and the goal is to create a boundary delineation in 
the planar map. Hence, it is more appropriate to use this modi-
fied superpixel than the supervoxels. 

Postprocessing Using the Crown Shape and Size Constraints
In this study, we set two criteria to further verify the cor-
rectness of the crown’s shape and size. The first criterion is 
that the treetop should be near the center of the crown. In 
the experiment, the one-third of the largest diameter of the 
segment is set as the maximum tolerance range. The falsely 
detected treetops that are far from the segment center are of-
ten the local maximum at the edge of the crowns and they are 
usually caused by the limited precision of the DSM. The other 
criterion is the coherence of the crown size. Normally, a tree 
and its neighbors belong to the same species and should share 
common biological features (e.g., the height-crown ratio). 
Therefore, we use the average crown size of the neighborhood 
as the reference crown size to remove abnormal crowns with 
the three-sigma rule.

Experiments and Discussion
Accuracy Assessment Measure
To quantitatively validate the individual tree detection and 
crown delineation accuracy, we use true positives (TP), false 
positives (FP) and false negatives (FN) to compute the detec-
tion accuracy (DA) and recall (r), commission error (ecom) and 
the omission error (eom):
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where nTP, nFN and nFP are the number of trees in TP, FN and FP 
category. N is the total number of the reference trees. Also, the 
precision (P) and F-score(F) are derived as:
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These are normally effective in pixel-wise comparison or 
detection of trees in the sparsely vegetated area. However, it 
might be problematic when we are validating the algorithm 
in the densely vegetated area: one predicted tree may have 

several reference trees nearby. Thus, it is hard to pair the 
predictions and references. To enforce a one-to-one corre-
spondence, we wish only match the pair that has the larg-
est overlapping area to each other. Therefore, following the 
measurement employed by Pascal visual object classes (VOC) 
challenge (Everingham et al., 2010), we calculate the overlap 
ratio (OR) between all reference and predicted tree crowns to 
estimate how well they matched:
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where Ao, Ar, and Ap are the size of overlapped, reference and 
prediction crown, respectively. However, if the corresponding 
trees have small overlap ratio than γ, we will discard this pair. 
We adopt γ=0.3 as the threshold as it used in Yin and Wang 
(2016). For cases that: (1) one with no corresponding refer-
ence, it will be counted as a false positive; (2) one reference 
tree does not correspond to a predicted tree, it will be counted 
as a false negative. Finally, for the crown delineation accura-
cy, we estimate the average overlap ratio of the matched pairs:
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where CA is the crown accuracy, OR(TPi) is the overlap ratio 
of correctly matched reference and prediction crowns.

Results
In this work, we are limited to collect field samples and we 
generated the reference data by labeling the individual trees 
and their crowns with visual inspection as some previous 
studies did in their works (Zhen et al., 2014). The three 
experimental sites variably include densely forested area, 
sparsely forested area, and urban area, respectively. For each 
site, we calculated the detection accuracy (DA), commission 
error(ecom), omission error (eom) and crown accuracy CA, as 
well as the precision P and F-scores. 

To demonstrate the advantage of the top-hat local maxi-
mum detector that is less sensitive to filter size, we imple-
mented several local maximum filter based treetop detectors 
described in Wulder et al. (2000). These include fixed-win-
dow filters with sizes of 3,7,11,15,19 pixels corresponding to 
1-6 meters and the filter with a variable size calculated by the 
slope breaks (SB) (Wulder et al., 2000). In the experiment, we 
test these filters on the DSM in our comparative study while 
keeping all the other steps as the same and the final results 
can be found from Table 1 to Table 3.

As shown in Table 1 to Table 3, the proposed top-hat detec-
tor has the majority of highest performances across the three 
test sites. We believe this is due to the top-hat’s characteristics 
of robustness and filter size insensitivity. For the fixed-window 
filters, the window with 7 pixels has better performance in 
the sparsely vegetated area, while the window with 11 pixels 
has better performance in the other two test sites. This shows 
that the performance of a fixed-window is dependent on the 
compatibility of the window size and the scenario. However, 
a suitable filter size cannot be predicted, and it is not possible 
to find a single filter suitable for all scenarios. And in general, 
the larger windows miss more small trees resulting in higher 
omission errors. Compared to the fixed-window detector, the 
proposed top-hat detector produces reliable treetop in all sce-
narios independent of the SE size. On the other hand, the vari-
able-window filter based on the slope break obtains the worst 
results. This could be due to that the slope break distance is 
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sensitive to its 
nearby environ-
ment and cannot 
accurately reflect 
the crown size.

To understand 
the improve-
ment of includ-
ing 3D geometric 
information, we 
performed the 
treetop detection 
and superpixel 
segmentation 
without DSM. Fol-
lowing the idea 
in Wulder et al. 
(2000), we use 
the red channel 
which has the best performance with the same detection pro-
cesses excluding the 3D information. In Equation 3, the verti-
cal distance  is removed and the other parameters are tuned 
to obtain the optimal results which can be found in Table 4. 
Since the spectral-only based method solely considers the 
reflection variations of light off of trees, it is difficult to dis-
tinguish trees from other objects. Even with the help of NDVI 

which can remove the non-vegetation area, the grassland and 
bushes can still be treat as part of the trees. As we can observe 
the results in the sparsely forested area and the urban area 
in Table 4, both of them have significantly high commission 
error (ecom) due to the grasslands being identified as forests. 
Also, without the DSM, all the performances have significantly 
decreased which demonstrates the importance of including 
the 3D information. 

As shown in Table 1 and Figure 7, at the sparsely forested 
area, the proposed algorithm predicted 355 trees comparing to 
307 reference trees. The detection accuracy (DA) can reach as 
high as 0.89. For the one-to-one correctly matched trees, their 
average overlap is 0.64, which is better than the perfect match 
defined as 0.5 in Yin and Wang (2016). 

Figure 8 shows examples of errors such as false negatives 
(diamond) and false positives (rectangle), as well as the miss-
segmentations (circle), which are mainly caused by incor-
rectly detected treetops. The false negatives mainly exist in 
the short trees which are filtered by the above ground height 
check and non-maximum suppression that were previously 
described. Errors resulting in over-detection (circle in Figure 
8) are mainly caused by the fact that grass near a short tree is 
confused as part of the crown. 

In the densely forested area, the trees are highly overlapped 
with each other making it extremely difficult to distinguish 
individual crowns even by visual identification. As observed 
in Figure 9, the algorithm extracted the trees with a detec-
tion accuracy of 0.89 (Table 2). As compared to the sparsely 

Table 1. The experiment results in the sparsely forested area 
which has total 307 reference trees.  Np refers to the number 
of the prediction. TH is the proposed top-hat treetop detector, 
while F_3, F_7, F_11, F_15, and F_19 represent the window 
filters with different sizes and SB stands for the variable 
window by slope breaks. The best numbers are bolded while 
other notations are the detection accuracy (DA), commission 
error (ecom), omission error (eom) and crown accuracy (CA), 
precision (P) and F-scores (F).

Detector Np DA ecom eom CA P F

TH 355 0.89 0.23 0.12 0.64 0.76 0.82
F_3 410 0.90 0.32 0.10 0.63 0.68 0.77
F_7 386 0.90 0.28 0.09 0.64 0.72 0.80

F_11 525 0.90 0.47 0.10 0.58 0.53 0.66
F_15 355 0.83 0.27 0.16 0.62 0.72 0.78
F_19 280 0.77 0.14 0.22 0.64 0.85 0.81
SB 219 0.67 0.05 0.32 0.56 0.95 0.79

Table 2. The experimental results in the densely forested area 
where has total 945 reference trees. The notations are the same 
as Table 1.

Detector Np DA ecom eom CA P F

TH 1442 0.89 0.41 0.11 0.59 0.58 0.70
F_3 349 0.24 0.34 0.76 0.58 0.66 0.36
F_7 1193 0.82 0.35 0.18 0.58 0.65 0.73

F_11 1330 0.83 0.41 0.17 0.58 0.59 0.69
F_15 1009 0.74 0.30 0.26 0.58 0.70 0.72
F_19 684 0.59 0.19 0.41 0.58 0.81 0.68
SB 543 0.51 0.12 0.50 0.59 0.88 0.64

Table 3. The experimental results in the urban area where has 
total 187 reference trees. The notations are the same as Table 1.

Detector Np DA ecom eom CA P F

TH 149 0.53 0.34 0.47 0.59 0.66 0.59
F_3 194 0.52 0.49 0.48 0.58 0.51 0.51
F_7 158 0.51 0.39 0.49 0.58 0.61 0.56

F_11 170 0.53 0.41 0.46 0.58 0.59 0.56
F_15 131 0.49 0.31 0.51 0.59 0.70 0.57
F_19 107 0.42 0.27 0.58 0.61 0.73 0.53
SB 69 0.29 0.21 0.71 0.61 0.78 0.42

Figure 7. The elaboration of the results in the sparsely forested area. From the left to right are the terrain 
mask, the treetops detection and the crowns delineated by the algorithm.

Figure 8. The presence of errors in the results.
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forested area, the commission error (ecom) is relatively large, 
indicating relatively more false detections. This may due to 
that the dense canopies make the incorrectly detected treetops 
passed the postprocessing and identified as real trees. Fur-
thermore, the low crown precision may be caused by partial 
detection and errors in the DSM. The partial detection refers to 
the detection that some branches of the tree are not included 
in the crown. For example, several treetops may be incorrectly 
detected in a large tree causing some branches could be misas-
signed to them. However, the post-processing may remove 
these incorrect detections and causes the true treetop only be 
assigned part of the crown. On the other hand, in the densely 
forested area, it is easy to mismatch feature points which are 
used to generate DSM from multi-view images. Hence, in this 
area, the 3D structure information for treetop detection may be 
not correct and further affect the superpixel segmentation. 

One consideration in this area is that the terrain area is 
too limited to offer an accurate estimation of the tree height. 
To investigate the situation without the DTM, we conducted 

two additional 
tests: (1) giving a 
constant height, 
here we use 10 
meters (C_10), 
to all trees as an 
assumption., and 
(2) using the low-
est point in the 
test area as the 
ground to calcu-
late tree height. 
For the second 
test, we constrain 
the maximal tree 
height to avoid 
picking up the 
artifacts. Since 
the size of non-

maximum suppression in the treetop refinement is related 
to the tree height and can further affect the final detections, 
we evaluated two maximal tree height constraints, 13 meters 
(L_13) and 15 meters (L_15). 

The results of these tests can be found in Table 5, and 
they show that the performances in all cases are relatively 
consistent (the worst decrease of DA is 0.08 of L_15). For the 
constant height (C_10), the performance of detection accu-
racy (DA) and omission error (eom) has even slightly increased 
(0.01) as this particular threshold results in more tree seg-
ments. However, some of these new trees are incorrect which 
increase the commission error (ecom) and decrease the preci-
sion. Comparing the next two tests that set the lowest point 
as ground, the L_13 has higher DA (0.07) than the L_15. From 
the Table 6 which presents the number of treetops after each 
processing, we can find the main difference between L_13 
and L_15 is in the non-maximum suppression step whose 
filter size is dynamically determined by the tree height. From 
the results, we can infer that by subtracting the lowest point, 
plenty of trees have reached the maximal tree height and a 
higher maximal value offers a larger non-maximum suppres-
sion size thus filtered more potential trees. Comparing the 
DTM based height and the assumed height, the main difference 
is in the above ground height check previously described. 
Since the DTM can offer more accurate above ground tree 
height estimation, some lower trees or vegetation would be 
removed in the height check while with the assumed heights, 
all the treetops are passed. However, with a suitable tree 
height assumption, the abnormal low treetops can be eliminat-
ed by the non-maximum suppression such as the comparable 
performances shown in the Table 5. Hence, we can see that 
the proposed algorithm is able to maintain a high performance 
even without accurate DTM in the densely forested area.

At the test site C, the surface objects are complicated. 
However, as shown in Figure 10, the proposed algorithm still 
detected most of the trees even though they have different 
crown sizes and heights. With the help of 3D structural and 
spectral information, the proposed algorithm is able to dis-
tinguish the trees from confusing objects such as bushes and 
man-made objects. From Table 3, we can observe the ecom is 
large (0.47) and from Figure 11 we can find that the trees with 
small crown size or nearby buildings are not detected. We 
believe this is mainly caused by the limited precision of the 
DSM. The trees that are too thin or too close to other objects 
may not be completely represented in the DSM, as Figure 11 
shows below. 

The resolution of the DSM is critical and the 0.3 meters 
GSD may be insufficient to represent the details of small trees. 
In addition, the generation may introduce geometric errors 

Figure 9. The elaboration of the results in the densely forested area. From the left to right are the terrain 
mask, the treetops detection, and the crowns delineated by the algorithm.

Table 4. The results with (S_3D) and without (S_2D) 3D 
information at the sparsely forested area (site A), densely 
forested area (site B), and the urban area (site C). The 
notations are the same as Table 1.

Site method Np DA ecom eom CA P F

A
S_3D 355 0.89 0.23 0.12 0.64 0.76 0.82
S_2D 2439 0.70 0.91 0.30 0.49 0.09 0.16

B
S_3D 1442 0.89 0.41 0.11 0.59 0.58 0.70
S_2D 2053 0.84 0.61 0.16 0.52 0.39 0.53

C
S_3D 149 0.53 0.34 0.47 0.59 0.66 0.59
S_2D 143 0.18 0.76 0.82 0.53 0.24 0.21

Table 5. The detection results in the densely forested area 
with/without DTM information. 

DA ecom eom CA P F

DTM 0.89 0.41 0.11 0.59 0.58 0.70
C_10 0.90 0.52 0.10 0.58 0.48 0.63
L_13 0.88 0.47 0.12 0.58 0.53 0.64
L_15 0.81 0.39 0.19 0.58 0.61 0.69

Table 6. The numbers of treetops after each processing step.

Initial Height 
Check

Non-Maximum 
Suppression

Post-
Processing

DTM 2753 2491 1515 1442
C_10 2753 2753 1801 1759
L_13 2753 2753 1627 1588
L_15 2753 2753 1278 1253
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during the dense 
matching pro-
cess, such as in 
specular reflec-
tion and texture-
less regions. 
Hence, we believe 
a better DSM can 
further improve 
the performance 
of the proposed 
method.

Conclusions 
In this paper, we 
developed a novel 
and automated 
method to fully utilize the multi-view high-resolution satellite 
images for ITDD. As compared to previous image-based meth-
ods, we adopt the DSM (digital surface model) derived from 
the multi-view satellite images and combine the multi-spec-
tral information to identify treetops and their crowns in areas 
with varying canopy densities. A quantitative evaluation of 
three different sites shows that the proposed method is able to 
detect individual trees in different regions with various sur-
face covers. The algorithm had its highest performance in the 
sparsely forested area with 89% detection accuracy, 0.23 com-
mission errors and 0.12 omission errors. Even for the densely 
forested area, traditionally deemed as particularly challeng-
ing, the algorithm still achieved 89% detection accuracy with 
the slightly larger commission and omission errors. 

Despite the superior results achieved by our methods, we 
are aware that significant vulnerabilities still exist, mainly 
due to the complicated surfaces of overly dense forests as 
well as propagated DEM errors. Detection in highly hetero-
geneous forests with multiple layers is challenging for even 
manual identification. The variations of trees and man-made 
objects in close proximity to the vegetation in urban areas cre-
ate a very complicated scenario for individual tree detection. 
In the future, we plan to include dynamically adjusted tree 
templates of various scales in both 2D and 3D to increase the 
robustness to DEM errors and reduce overdetection in dense 
forest regions.
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The Potential of Multispectral Vegetation Indices 
Feature Space for Quantitatively Estimating the 
Photosynthetic, Non-Photosynthetic Vegetation 

and Bare Soil Fractions in Northern China
Guoxiong Zheng, Anming Bao, Xiaosong Li, Liangliang Jiang, Cun Chang, Tao Chen, and Zhihai Gao

Abstract
Non-photosynthetic vegetation (NPV) is widely distributed in 
the arid and semi-arid area, especially in the sandy areas. 
The hyperspectral-based cellulose absorption index (CAI) is 
an accepted method for estimating the cover fractions of NPV. 
However, the spaceborne hyperspectral data currently avail-
able to us are very limited. In this study, we tried to identify 
one or more combinations based on the multispectral vegeta-
tion indices feature space model to quantitatively estimate 
the PV, NPV and bare soil fractions of the Otindag Sandy Land 
in northern China. Three frequently-used green vegetation 
indices, NDVI, EVI and OSAVI, and nine multispectral-based 
indices sensitive to NPV were used to examine the spatial 
patterns based on the field measured endmember spectra 
and non-growing and growing season Landsat-8 OLI image 
reflectance spectra. The capabilities of these different com-
binations were tested in this study area using mosaicked 
Landsat-8 OLI imagery. The results show that the feature 
space of different combinations based on the field measured 
spectra and image reflectance spectra has good consistency. 
The separability of feature space determines the availability 
of this model. The normalized difference senescent vegeta-
tion index (NDSVI) and brightness index (BI) were found to 
have greater potential to combine with the three selected 
green vegetation indices for simultaneous estimation of the 
fractional cover of PV, NPV, and bare soil in the Otindag 
Sandy Land because of their clear and separable feature 
space. We obtained the best and medium-precision estimates 
for NDVI-NDSVI (fPV: RMSE=0.26; fNPV: RMSE=0.17) and OSAVI-BI 
(fPV: RMSE=0.27; fNPV: RMSE=0.25) for 104 field observations.

Introduction
Remote sensing of vegetation coverage and condition is needed 
to understand the impacts of land degradation resulting from 
climate change in sandy regions, which is caused by continued 
deterioration of dryland ecosystems characterized by a land-
scape mosaic of sparse trees, shrubs, and grasses co-existing at 
fine spatial scales (Yang et al., 2012). In these regions, non-pho-
tosynthetic vegetation (NPV) is as important as photosynthetic 
vegetation (PV) in reducing water and soil erosion, conserving 
biodiversity, promoting nutrient cycles, and increasing carbon 
storage (Xu et al., 2014). Scientifically robust and consistent in-
formation on the fractional cover of photosynthetic vegetation 
(fPV) and non-photosynthetic vegetation (fNPV) is critical when 
assessing land use and monitoring desertification processes 
(Guerschman et al., 2015). Over large areas, e.g., on a global 
scale, the measurement of these fractions remains a challenge 
for land use managers because of the associated spatial extent 
and the difficulty of collecting this information in the field 
(Meyer and Okin, 2015). Remote sensing offers enormous po-
tential to estimate these fractions at a large scale that might be 
costly, labor-intensive, and spatially discontinuous using only 
field measurements (Gitelson et al., 2002).

Many methods have been devised to measure PV, NPV, and 
bare soil cover fractions in different ecological environments 
using remote sensing data (Asner et al., 2005; Hill et al., 2016; 
Jackson and Prince, 2016; Meyer and Okin, 2015; Verrelst et 
al., 2007). In general, they can be classified into two categories. 
One tends to use specific spectral regions to detect PV, NPV, 
or bare soil components, and has developed many vegetation 
indices (VIs), such as the normalized difference vegetation in-
dex (NDVI) for green vegetation (Rouse, 1973) and the cellulose 
absorption index (CAI) for plant litter or crop residues (Daugh-
try et al., 2004; Nagler et al., 2003). However, these VIs only 
provide information on one ground cover component (Xu et 
al., 2014). Another method, termed spectral mixture analysis 
(SMA), contributes to the assumption that a mixed pixel can be 
resolved into a group of spectral endmembers and represented 
as a linear or nonlinear combination of these spectral end-
members weighted by their sub-pixel fractional cover (Adams 
et al., 1986). This method is a well-established and effective 
technique to address the spectral mixture problem (Somers et 
al., 2011), but the estimation results largely depend on end-
member selection and its ability to account for temporal and 
spatial variability (Peterson et al., 2015; Somers et al., 2011). 
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On the basis of a previous study (Daughtry et al., 2006), 
Guerschman et al. (2009) proposed a new unmixing method 
for fPV and fNPV estimation using the two complementary indi-
ces NDVI and CAI, and successfully applied it to the Australian 
tropical savannah region and also validated it in the semi-arid 
grasslands of northern China using EO-1 Hyperion data (Li et 
al., 2015). In addition, Guerschman et al. (2009) found that a 
simple ratio of moderate-resolution imaging spectroradiom-
eter (MODIS) bands 7 and 6, also termed SWIR32, could be a 
surrogate for CAI to resolve the fractions of PV, NPV, and bare 
soil in the same area of Australia. However, recent research 
has suggested that SWIR32 could be limited in approximating 
the CAI in some more sparsely vegetated savannah regions 
such as the Australian savannah region and more complex 
savannah systems such as those of southern Africa (Hill et al., 
2016; Zhou et al., 2016).

Hyperspectral data is an ideal tool for estimating the frac-
tional cover of PV and NPV simultaneously because the spec-
tral resolution allows for the detection of cellulose and lignin 
absorption features (Peterson et al., 2015), which can be used 
to separate NPV from PV and the bare soil background. How-
ever, hyperspectral data are still not available in most regions 
around the world because of the limited number of sensors 
and their narrow swath (Xu et al., 2014). In contrast, abun-
dant multispectral data have been collected across the Earth’s 
surface in a long time series. How to make use of the temporal 
and spatial advantage of these data for estimation of fPV and 
fNPV over larger regions, particularly in sandy areas, becomes 
more important. Although it is still a challenge for multi-
spectral data, several multispectral-based non-photosynthetic 
vegetation indices (NPVIs), such as the Landsat TM-based 
normalized differences senescent 
vegetation index (NDSVI) (Qi et al., 
2002), modified soil adjusted crop 
residue index (MSACRI) (Bannari et 
al., 2000), ASTER-based shortwave 
infrared normalized difference 
residue index (SINDRI) (Serbin et 
al., 2009) and MODIS-based dead 
fuel index (DFI) (Cao et al., 2010), 
have been developed to extract the 
fraction of the NPV component. 

The main purpose of this study 
was to identify which multispec-
tral-based NPVI can provide the 
best estimation of fPV and fNPV in the 
Otindag Sandy Land by combining 
with three selected photosynthetic 
vegetation indices (PVIs). This study 
was divided into two parts. First, an 
endmember spectral library of PV, 
NPV, and bare soil collected from 
field measurements and surface re-
flectance data collected in the EO-1 
Hyperion and Landsat-8 OLI images 
were used to validate whether the 
endmember spectral features of 
PV, NPV, and bare soil satisfies the 
assumption of the triangular linear 
distribution of the vegetation index 
feature space model. 

Second, the mosaicked Land-
sat-8 multispectral surface reflec-
tance imagery covering the entire 
Otindag Sandy Land and site data 
from the sampling work was used 
to (1) map the fractional cover of 
PV, NPV, and bare soil using a linear 

unmixing method based on different PVI-NPVI combinations, 
and (2) evaluate the accuracy of the model estimation com-
paring it to the site data.

Study Area
Otindag Sandy Land is among the top ten deserts of China in 
terms of area. It is in central-eastern Inner Mongolia in north-
ern China (Figure 1), and occupies an area of ~ 52,000 km2 
with elevations of 1100 to 1400 m above sea level decreasing 
from southeast to northwest (Liu et al., 2008; Wang et al., 
2014). The Otindag Sandy Land is within the East Asia mon-
soon climatic region. During summer, the prevailing south-
easterly wind pushes humid air masses from the Pacific Ocean 
over the region. In contrast, the dominant wind during winter 
is northwesterly and frequent dust storms usually occur dur-
ing spring (Gong et al., 2013; Li et al., 2002). The average an-
nual precipitation is between 200 mm and 400 mm. Approxi-
mately 80 to 90% of the precipitation falls between July and 
September. The precipitation also shows a spatial difference 
in the region. The annual precipitation in the southeast part 
can reach 350 mm and even 400 mm, while it is only 200 mm 
or less in the northwest part (Zheng et al., 2006). The aver-
age annual temperature is 0 to 3 °C. The average annual wind 
speed is 4 to 5 m/s, mainly occurring during spring (Zhou et 
al., 2008). The average annual evaporation is 2,000 to 2,700 
mm, which is 7 to 10 times the rainfall. The average annual 
hours of sunshine are 3,000 to 3,200 h and the cumulative 
time the temperature is above 10 °C is 2,400 to 2,600 h.

Vegetation species of the Otindag Sandy Land are diverse 
and are characterized by shrubland prairie and meadow 

Figure 1. Map showing the location of Otindag Sandy Land in northern China. The gradual 
red circles are the locations of 104 field sites. H_xxyy indicates Hyperion images and its 
imaging date. Photos were taken in the period of field investigation depict the landscape 
changes in Otindag Sandy Land from east to west resulted from the reduced rainfall.

66 J anuar y  2019  PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING



prairie in the east, semi-arid grassland in the central area, 
and desert prairie in the west. A total of 952 flowering plant 
species have been recorded, from 75 families and 348 genera. 
The two largest families are Compositae and Gramineae, with 
48 genera and 150 species and 42 genera and 124 species, re-
spectively, (Zheng et al., 2006). The NPV component is preva-
lent in the Otindag Sandy Land because of its unique climatic 
conditions and geographical location (Zheng et al., 2016). 
Dunes are mostly semi-stabilized to stabilized, and dune 
fields extend from the northwest to southeast, with heights 
ranging from 10 to 30 m. Stabilized linear dunes mainly occur 
in the northwest, while parabolic to barchan dunes occur in 
the southeast (Gong et al., 2013).

Materials and Methods
Datasets
Remotely Sensed Data
Three EO-1 Hyperion images and six Landsat-8 OLI images 
were employed in this study (Table 1). Their acquisition time 
is broadly in line with the date of the field investigation. All 
images were downloaded from the U.S. Geological Survey 
(USGS) Earth Explorer website (http://earthexplorer.usgs.
gov/). The Hyperion data were acquired on 05 April, 26 July, 
and 06 August, 2014. It has 242 spectral bands with a swath 
185 km in length and 7.5 km in width at 30 m spatial resolu-
tion. The flight time of the selected Landsat-8 OLI images is 
almost the same as that of the Hyperion scenes (Table 1), and 
they have nine multispectral bands (with the exception of pan-
chromatic and cirrus bands in this study) with the same pixel 
size as that of the Hyperion images, but a broader spatial ex-
tent of 185 km × 185 km. The product level is Level 1T for all 
with a primary precision and terrain correction. The Hyperion 
images are used to validate the spatial distribution of NDVI-CAI 
and construct other corresponding PVI-CAI feature space as a 
reference for multispectral index-based feature space.

The Hyperion 1–7, 58–76, and 225–242 bands were 
already set to values of zero when it produced (Barry, 2001), 
and the other bands of 121–126, 167–180, and 222–224 have 
severe noise because of strong water vapor absorption (Datt et 
al., 2003). These bands were typically removed from process-
ing at first. Then, the Hyperion images were radiometrically 
calibrated to spectral radiance using gain and offset informa-
tion in the image header file, and further calibrated to appar-
ent surface reflectance using the MODTRAN4 radiation transfer 
code (developed by Spectral Sciences, Inc.) to correct images 
for atmospheric water vapor, oxygen, carbon dioxide, meth-
ane, ozone absorption, and molecular and aerosol scattering. 
Correcting for atmospheric effects is particularly important for 
hyperspectral sensors. Finally, the atmospherically corrected 
Hyperion images were further geometrically rectified using 
the corresponding Landsat-8 OLI images. 

The Landsat-8 OLI imagery was also calibrated from digital 
values to radiance values using the gains and offsets for each 
band, and further converting the radiance values to surface 
reflectance values. Four Landsat-8 OLI surface reflectance im-
ages acquired on 01 August, 26 August, 04 September, and 09 
September, 2014, were mosaicked to cover the entire Otindag 
Sandy Land, and the mosaicked imagery was subsequently 
subset from the boundary of the Otindag Sandy Land.

Endmember Spectra Collection
The endmember reflectance spectra collection of PV, NPV, and 
bare soil was conducted on 27 July, 13 July, 07 August, and 
11 August 2014, using a portable spectrometer (Analytical 
Spectral Devices Inc., Boulder, Colorado) at 1.4-nm inter-
vals in the visible and near-infrared (350–1100 nm) and at 
2.2-nm intervals in the near-infrared to shortwave infrared 
(1100–2500 nm) using a 25° sensor fore optic. Figure 1 shows 
the locations of the endmember reflectance spectra collection. 
A total of 19 reflectance spectra of PV, 8 reflectance spectra 
of NPV, and 10 reflectance spectra of bare soil were collected 
across the study area. All measurements were taken between 
10:00 am and 2:00 pm of local solar noon under cloudless 
skies. The detector was held at 1 m above the top of the PV or 
NPV canopy or bare soil surface in the nadir position. Before 
each measurement, the spectroradiometer was calibrated to 
a Spectralon white reference target. Based on the spectral 
response function of the Landsat-8 OLI sensor, the field mea-
sured endmember spectra were resampled to Landsat-8 OLI 
band ranges. Figure 2 shows these resampled field reflectance 
spectra curves of PV, NPV, and bare soil endmember and their 
mean reflectance spectral curves.

Table 1. Data details used in this study: Three EO-1 Hyperion 
scenes and three corresponding region Landsat-8 OLI images 
(marked as a single asterisk) were used for the feature space 
analysis of the selected PVIs and NPVIs. The multispectral 
imagery of Otindag Sandy Land was mosaicked by the 
Landsat-8 OLI images acquired on 01 August 2014, and other 
three scenes in the list below.

Satellite 
& Sensor

Acquisition 
Time

WRS2 
Path/Row

Cloud 
Cover 

(%)

Pixel 
Size 
(m)

E
O

-1
 

H
yp

er
io

n 05 April 2014 02:21:06PM 124/030 0 to 9

3026 July 2014 02:12:10PM 124/030 10 to 19

06 August 2014 02:22:52PM 125/030 10 to 19

L
an

d
sa

t-
8 

O
L

I 04 April 2014 02:59:06PM* 124/030 0.24

30

25 July 2014 02:58:47PM* 124/030 8.71

01 August 2014 03:05:03PM* 125/030 0.01

04 September 2014 02:52:51PM 123/030 0.00

26 August 2014 02:58:59PM 124/030 0.32

09 September 2014 03:11:24PM 126/030 0.36

Figure 2. Field reflectance spectra of PV, NPV and bare soil endmembers collected during July and August 2014 in the Otindag 
Sandy Land. All of the spectra have been resampled to the Landsat-8 OLI spectral ranges using the spectral response function 
produced by NASA. Their average spectral curves were also plotted using simple straight line and scattered points.
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Field Measurements
Field measurements of fractional cover were obtained at 104 
sites across the entire study area (Figure 1). The observations 
were carried out from July 26 to August 18, 2014, the maxi-
mal growing season of the Otindag Sandy Land. Sites were 
selected following three principles:(a) they had representative 
vegetation (including grassland; shrub; grassland and shrub; 
grassland and tree; and grassland, tree, and shrub types); (b) 
they had PV, NPV, and BS components as much as possible; 
and (c) they had percentage ground cover for vegetation (PV 
and NPV) classified as low, medium, and high. All sites were 
30 m × 30 m to correlate with the spatial resolution of the 
EO-1 Hyperion and Landsat-8 OLI images. In addition, to avoid 
the influence of the position deviation of image pixels and 
plots on the results, plots that were homogeneous with the 
surrounding surface were selected when determining their 
positions. A sampling procedure of two 30 m transects inter-
secting at a center point distributed at 90-degree intervals, 
resulting in a quadratic shape, was used for field measure-
ments. Before the measurement, a compass was used to deter-
mine due north, then a 30 m transect was established along a 
north-south direction using a steel ruler after another orthogo-
nal transect was established using the same method in an 
east-west direction. The center point positions were recorded 
using a sub-meter level portable differential GPS receiver 
(Trimble Geo XT 3000). Along the two transects, the presence 
of surface land cover types (PV, NPV, and BS) was recorded at a 
1 m interval directly under a thin tape. For trees and shrubs, 

their cover was also recorded looking up at the meter point. 
To avoid measurement errors caused by subjective factors, all 
observations were recorded by the same person. The frac-
tions of each type were calculated by dividing the number of 
counts of a particular cover type by the total number of counts 
(60). In addition, topography, wind and water erosion, slope 
and aspect, and the serial number of the digital photos from 
different views of each site were recorded simultaneously for 
later analysis and calibration.

Methods
Selected Multispectral Vegetation Indices
Three multispectral-based photosynthetic vegetation indices 
(PVIs) including NDVI, EVI and OSAVI and nine multispectral-
based non-photosynthetic vegetation indices (NPVIs) including 
BI, NDI5, NDI7, NDSVI, NDRI, STI, NDTI, SWIR32, and DFI were used 
for evaluating and testing the potential of their combinations 
to retrieve the fractional cover of PV, NPV and bare soil in the 
Otindag Sandy Land. The detailed information regarding 
these vegetation indices is listed in Table 2. NDVI is universal-
ly used to measure the healthy and green vegetation. How-
ever, it can saturate in dense vegetation conditions when the 
leaf area index (LAI) becomes high. The EVI was developed to 
improve the NDVI by optimizing the vegetation signal in LAI 
regions. It corrects soil background signals and reduces atmo-
spheric influences by adding the blue reflectance band. The 

Table 2. The photosynthetic vegetation indices (PVIs) and non-photosynthetic vegetation indices (NPVIs) used for evaluating the 
potential of vegetation indices feature space to estimate the fractional cover of PV, NPV, and bare soil.

Vegetation Index Equation Citation

Normalized difference vegetation index NDVI TM TM TM TM= −( ) +( )R R R R4 3 4 3/ Rouse (1973)

Enhanced vegetation index EVI TM TM

TM TM TM
= ×

−
+ × − × +

2 5
6 7 5 1

4 3

4 3 1
.

.
R R

R R R
Huete et al. (2002)

Optimized soil adjusted vegetation index OSAVI TM TM TM TM= − + +( ) / ( .R R R R4 3 4 3 0 16 Rondeaux et al. (1996)

Cellulose absorption index CAI = × +( ) −0 5 2 0 2 2 2 1. . . .R R R Daughtry (2001)

Brightness index BI TM TM TM TM= + + +R R R R1 2 3 4 Major et al. (1990)

Normalized difference index 5
  

NDI TM TM TM TM5 4 5 4 5= −( ) +( )R R R R/
McNairn and Protz (1993)

Normalized difference index 7
  

NDI TM TM TM TM7 4 7 4 7= −( ) +( )R R R R/

Normalized difference senescent vegetation index
  

NDSVI TM TM TM TM= −( ) +( )R R R R5 3 5 3/ Qi et al. (2002)

Normalized difference residue index
  

NDRI TM TM TM TM= −( ) +( )R R R R3 7 3 7/ Gelder et al. (2009)

Soil tillage index STI TM TM= R R5 7/
van Deventer et al. (1997)

Normalized difference tillage index
  

NDTI TM TM TM TM= −( ) +( )R R R R5 7 5 7/

Shortwave infrared ratio SWIR MODIS MODIS32 7 6= R R/ Guerschman et al. (2009)

Dead fuel index DFI MODIS

MODIS

MODIS

MODIS
= × −







×






100 1 7

6

1

2

R
R

R
R

Cao et al. (2010)

Here, the wavelength ranges R2.0, R2.1, and R2.2 are given in Table 3. RTM1-RTM7 is the reflectance value of Landsat TM bands, except for the 
sixth thermal infrared band, and the RMODIS1, RMODIS2, RMODIS6, and RMODIS7 is the reflectance spectra of MODIS red (620–670 nm), near-infrared 
(841–876 nm) and two short-wave infrared bands (1628–1652 nm, 2105–2155 nm) respectively.
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OSAVI is based on the soil adjusted vegetation index (SAVI). It 
can provide greater soil variation than SAVI for low vegetation 
cover while demonstrating increased sensitivity to vegeta-
tion cover greater than 50%. It is best used in areas with 
relatively sparse vegetation where the soil is visible through 
the canopy. BI is calculated as the sum of the first four bands 
of Landsat TM and is dependent on the optical properties of 
bare soil. NDI5, NDI7, NDSVI, NDRI, and NDTI are based on the 
same concept as the NDVI but using different spectral ranges. 
These multispectral indices introduce the shortwave infrared 
bands (SWIRs) which contain the spectral ranges of lignin 
and cellulose absorption and are prone useful to predict the 
percentage of crop residue cover. The STI was defined as the 
ratio of the Landsat TM bands 5 and 7. The SWIR32 was origi-
nally defined as the ratio of the MODIS bands 7 and 6 and was 
used to substitute the CAI in the NDVI-CAI model to estimate 
the fractional cover of PV, NPV and bare soil in the Australian 
tropical savanna region. DFI was designed to separate the dead 
fuel from green vegetation and soil background in the north of 
the Asian steppe area based on MODIS bands 1, 2, 6 and 7.

Extended PVI-NPVI Feature Space Model
In line with the assumption of the NDVI-CAI conceptual model, 
the PVI-NPVI feature space model also hypothesized that all 
pixels consist of a PV, NPV, and BS component (Guerschman 
et al., 2009). These components can approximately form a dis-
tinguishable triangular feature space when the x-axis repre-
sents the PVI values and the y-axis represents the NPVI values 
of the three components. In the scatterplot of PVI and NPVI 
reflectance spectra, the endmembers occur at the vertexes of 
the approximate triangle. PV has a high PVI value and different 
NPVI values based on the selected vegetation index. NPV and 
BS have lower PVI values and different NPVI values because 
of their different equations. If the formed triangle is obvious 
and separable, the cover fractions of each component can be 
unmixed using the following equations:

 P = ∑fi Pi = fPVPPV + fNPVPNPV + fBSPBS (1)

 N = ∑fi Ni = fPVNPV + fNPVNNPV + fBSNBS (2)

 ∑fi = fPV + fNPV + fBS = 100 (3)

where P and N are the PVI and NPVI values in a given pixel 
and fPV, fNPV and fBS are the fractions of PV, NPV and bare soil, 
respectively, in this pixel. The PPV, PNPV and PBS are the PVI 
values of the three endmembers and the NPV, NNPV and NBS are 
the corresponding NPVI values. The sum of the cover fractions 
of the three components is constrained to a value of 100. The 
abnormalities are eliminated using the following rules:

Nx = 100, Ny = Nz = 0 (100 < Nx ≤ 120) (4)

Nx = 0 (–20 ≤ Nx < 0) (5)

Ny = Ny /(Ny + Nz) × 100 (–20 ≤ Nx < 0) (6)

Nz = Nz /(Ny + Nz) × 100 (–20 ≤ Nx < 0) (7)

Nx = Ny = Nz = 0 (Nx > 120 or Nx < –20) (8)

where Nx is the fraction of the endmember that falls outside 
of 0 to 100, and Ny  and Nz are the fractions of the other two 
endmembers. If Nx is lower than –20 or higher than 120 the 
corresponding three fractions are all assigned to a value of 
zero, which means it is an outlier.

Validating Estimated Cover Fractions
To validate the estimated cover fractions of PV, NPV, and bare 
soil, field measurements and image-estimated values were com-
pared using the coefficient of determination (R2) and errors of 
estimate were quantified using the root mean square error (RMSE) 
statistic. RMSE was calculated using the following equation:

 
RMSE =

−( )
=∑ i

n
i iE M

n
1

2

 (9)

where Ei is the estimated value of sample i, Mi is the mea-
sured value of the sample i and n is the number of sample. 
The RMSE indicates the magnitude of the average error pro-
duced by a model. This error is reported in the same units as 
the estimated and measured values. Scatterplots displaying 
estimated and measured variables were also generated to help 
evaluate and analyze the relationship between the variables.

Results and Analyses
Feature Space Based on Field-Measured  
Endmember Reflectance Spectra
The NDVI, EVI, OSAVI, CAI, BI, NDI5, NDI7, NDSVI, NDRI, DFI, NDTI, 
STI, and SWIR32 values of each endmember were calculated 
first using field reflectance spectra based on the formulae 
listed in Table 2 and wavelength ranges defined in Table 3. 
Then, the two-dimensional scatterplots of PVIs-CAI and each 
PVI-NPVI were plotted.

Table 3. Wavelength ranges and channel numbers used for 
calculating the PVIs and NPVIs with field measured, EO-1 
Hyperion and Landsat-8 OLI reflectance spectra.

Field endmember 
reflectance spectra  
(ASD) min - max [nm] 
and number  
of channels

EO-1 Hyperion 
min - max [nm]  
and number of 
channels

Landsat-8 
OLI central 
wavelength 
[nm] and 
number of 
channels

RBlue

RGreen

RRed

RNIR

RSWIR1

RSWIR2

R2.0

R2.1

R2.2

465 - 475 (11)
545 - 555 (11)
646 - 656 (11)
859 - 869 (11)
1649 - 1669 (21)
2193 - 2213 (21)
2007 - 2037 (31)
2088 - 2118 (31)
2179 - 2208 (30)

468 (1)
549 (1)
651 (1)
864 (1)
1649 - 1669 (3)
2193 - 2213 (3)
2022 - 2032 (2)
2093 - 2113 (3)
2184 - 2204 (3)

483 (1)
561 (1)
655 (1)
865 (1)
1609 (1)
2201 (1)

PVI-CAI Feature Space
Figure 3 a1, b1, and c1 show the spatial distribution of 
NDVI-CAI, EVI-CAI and OSAVI-CAI with PV, NPV, and bare soil 
endmembers respectively. The solid black lines are linked 
to the three vertices denote the simulated triangular shape, 
which matched well with the assumption of the conceptual 
model (Guerschman et al., 2009; Hill et al., 2016). The feature 
space of the three models has a great similarity. PVs occur on 
the right side of the triangle, with a high average PVI value of 
0.80, 0.58, and 0.57 for NDVI-CAI, EVI-CAI and OSAVI-CAI model, 
respectively, and an intermediate average CAI value of zero. 
NPVs are situated at the top left corner of the triangle, with 
a high average CAI value of 0.02 and a low average PVI value 
of 0.21, 0.11, and 0.13 for the three models. BSs, with a low 
average CAI value of −0.02 and lower average PVI value of 0.09 
for NDVI-CAI and 0.7 for EVI-CAI and OSAVI-CAI, occupied the 
bottom left corner of the triangle.
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PVI-NPVI Feature Space
The rest of the graphs in Figure 3 show the scatterplots of the 
different combinations of PVI-NPVI calculated from ground 
measured endmember reflectance spectra of PV, NPV, and bare 
soil. Similar to the PVIs-CAI, the feature space corresponding to 
various combinations of the three selected PVI and nine NPVIs 
has good similarities. The spatial distribution of PVI-BI, NDI5, 
NDI7, NDSVI, NDRI, and DFI, to some extent, show separability 
for PV, NPV, and bare soil, and form an approximately triangu-
lar shape (Figure 3a2-a7, b2-b7, and c2-c7). However, PVI-DFI 
may confuse NPV and bare soil because of the spectra mixing, 
e.g., the circles drawn in Figure3a7, b7, and c7 show sand 
sagebrush have been mixed with bare soil. The PVIs-NDTI, STI, 
and SWIR32 are not in conformity with the hypothesis of the 

PVI-NPVI feature space model, but they can separate PV from 
a mixed surface (Figure 3a8-a10, b8-b10, and c8-c10). The 
PVI-NDSVI feature space has the similar vertex distribution as 
that of the PVI-CAI feature space and PVI-BI, NDI5, NDI7, and NDRI 
have inverse locations to those of NPV and bare soil.

Feature Space Based on Image Reflectance Spectra
Figure 4a1, b1, and c1 present the pixel distribution of the 
NDVI-CAI, EVI-CAI and OSAVI-CAI feature space during the 
non-growing season (05 April 2014) and growing season (26 
July 2014 and 06 August 2014). The feature space of the two 
growing seasons showed obvious separability with a similar 
spatial pattern as that measured for the spectral-based PVIs-CAI 
feature space. The pixels are only distributed on the left side 

Figure 3. Spatial distribution of the PVIs-NPVIs calculated with the ground measured endmember spectra of PVs, NPVs and bare 
soils. The average values of PVIs and NPVIs for three endmembers were marked as solid intertinctus geometrical figures (see 
Table 4), and the black triangle represents the approximate spatial shape of each combination.
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of the scatterplot during the non-growing season because of 
the small amount of green vegetation during that period.

The pixel distribution of PVIs-NPVIs derived from three 
Landsat-8 OLI scenes acquired at the three corresponding 
dates with EO-1 Hyperion images is also shown in Figure 4a2-
a10, b2-b10 and c2-c10. They show a similar spatial pattern to 
the field reflectance spectra-based PVI-NPVI response. In these 
scatterplots, dark red point clouds beneath the layer denote 
the spatial distributions of PVI and NPVI pixels during the non-
growing season, and dark green and dark blue point clouds 
on the top and middle layer indicate the spatial pattern of PVI 
and NPVIs during the growing season. During the non-growing 
season of the Otindag Sandy Land, the earth surface has al-
most no green vegetation because of the dry and rigorous cli-
mate. Hence, the pixel clouds during the non-growing season 

only include a NPV and bare soil component. In contrast, 
green vegetation, dry or dead materials, and bare soil widely 
co-exist after the start of the growing season, usually dur-
ing April, and reaching a peak of growth during September. 
From the graph shown in Figure 4, the distribution of PV can 
be readily observed, but the features of NPV are not apparent 
during the growing season because of the increased photosyn-
thetic function of the green vegetation.

Combined with the distribution features of the non-grow-
ing and growing seasons, the spatial shape corresponding 
to the conceptual model can be found when the three white 
circles (approximate locations of endmembers) are linked us-
ing a straight line.

Figure 4. The distribution of pixels in the two-dimensional space defined by the selected PVIs and NPVIs calculated from EO-1 
Hyperion and Landsat-8 OLI images acquired both in growing season and non-growing season of Otindag Sandy Land. The 
white solid point shows the approximate position of PV, NPV, and bare soil endmember, and the black triangle represents the 
probable spatial shape constructed with the three endmembers.
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Table 4. The average value of selected PVIs and NPVIs corresponding to the three endmembers obtained from the ground 
measured reflectance spectra. The computational formulae are listed in Table 2.

NDVI EVI OSAVI CAI BI NDI5 NDI7 NDSVI NDRI DFI NDTI STI SWIR32

PV 0.80 0.58 0.57 0.00 0.50 0.37 0.66 0.61 -0.29 6.28 0.39 2.27 0.44

NPV 0.21 0.11 0.13 0.02 0.42 -0.29 -0.21 0.47 -0.40 10.19 0.09 1.19 0.84

BS 0.09 0.07 0.07 -0.02 1.07 -0.12 -0.07 0.20 -0.16 7.66 0.05 1.10 0.91

Figure 5. Estimated results of fPV, fNPV, and fBS based on the PVI-NPVI models and the SMA method using the Landsat-8 OLI 
multispectral imagery of Otindag Sandy Land in the growing season of 2014. The proportions of the fractional cover are shown 
in RGB as indicated in the color legend. The subgraph (d) show the original Landsat-8 OLI false color composite imagery.
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Definition of PV, NPV, and Bare Soil Endmembers  
for selected PVIs and NPVIs
The determination of PV, NPV, and BS endmember value for 
selected PVIs and NPVIs is crucial for successful model unmixing 
and accurate estimation of fPV and fNPV. In this study, the field-
measured average reflectance spectrum of each endmember 
was used to calculate these values. The definition of three end-
member values of each selected PVI and NPVI was determined 
using the formula listed in Table 2 and the wavelength ranges 
defined in Table 3, and the values were summarized in Table 4.

Landsat-8 OLI Multispectral Unmixing
To validate the results mentioned above, we applied all 
combinations of the three PVI and nine NPVI to the mosaicked 
Landsat-8 OLI imagery of the Otindag Sandy Land. The results 
demonstrate that the combinations of three PVI and BI, NDI5, 
NDI7, NDSVI, and NDRI can separate the three components. PVI-
DFI could lead to confusion regarding the NPV and BS compo-
nent, and PVI-NDTI, STI, and SWIR32 were unable to distinguish 
between NPV and BS. The results of the fractional cover of PV, 
NPV, and bare soil obtained from the PVI-BI, NDI5, NDI7, NDSVI, 
NDRI and DFI methods are shown in Figure 5a1-c6, respectively.

Figure 5d shows the Landsat-8 OLI standard false color 
composite image of the study area. Visual determination of 
the unmixing results on a large scale shows a good match 
with the original satellite imagery. It presented the same trend 
for all of the unmixing results that were mainly covered by 
NPV and sandy soil in the western region and dominated by 
the mixed distribution of PV, NPV, and bare soil in the central 
and eastern regions of the Otindag Sandy Land. In addition, 
the RGB composite image of the three PVI-DFI models clearly 
shows the difference from other results and the confusion for 
NPV and bare soil.

Accuracy Validation and Comparison to the SMA Method
A total of 104 field sites were used to evaluate the capacity of 
the selected PVI-NPVI models to estimate the fractional cover 
of PV, NPV, and bare soil in the Otindag Sandy Land. Figure 
6a1-c6 show the validation results of the estimated fPV, fNPV, 
and fBS versus field observations. All of the methods show 
similar results of over-estimation of fNPV and under-estimation 
of fPV. For fPV, all the combinations show a moderate and close 
coefficient of determination (R2≥0.50) and RMSE (the minimum 
value of 0.26 for NDVI- and OSAVI-NDSVI, the maximum value 
of 0.31 for NDVI-NDI7) except the PVI-DFI models. For fNPV, the 
PVI-BI and PVI-NDSVI methods have slightly better results than 
those of the other three methods, as the highest determina-
tion coefficient of 0.51 for NDVI-BI and lowest RMSE of 0.17 for 
NDVI-NDSVI. The PVI-NDSVI method has the lowest RMSE for the 
estimation of fNPV compared to other combinations. For fBS, the 
three PVI-BI models showed the best estimation with the high-
est R2 of 0.60 and the same and lowest RMSE of 0.18.

For comparison with the vegetation index-based feature 
space methods, the traditional SMA method was also used to 
retrieve the fractional cover of PV, NPV, and bare soil in the 
Otindag Sandy Land. The mosaicked Landsat-8 OLI surface 
reflectance image except for the panchromatic band and the 
resampled average spectra of PV, NPV, and bare soil endmem-
ber were utilized to perform the spectral mixture unmixing. 
Figure 5e shows the RGB composite result of the three cover 
fractions derived from the SMA method. It can be observed 
there has a similar spatial distribution to the PVI-NPVI estimates 
and it is approximately consistent with the true distribution of 
surface vegetation of the study area (Figure 5d). The accuracy 
validation results (Figure 6d, see next page) show that the 
accuracies of the fPV and fNPV estimates using the SMA method 
are near those estimated using the PVI-NPVI models. However, it 
has the highest coefficient of determination (R2=0.61) and the 
same and lowest RMSE as that of the PVI-BI method (RMSE=0.18) 
for fBS.

Discussion
This study was undertaken to evaluate the potential of mul-
tispectral remote sensing vegetation indices for quantitative 
estimation of the fractional cover of PV, NPV, and bare soil in 
the Otindag Sandy Land. The results showed that fPV, fNPV, and 
fBS can be resolved in this area by combining a linear unmix-
ing approach with the three selected PVI and suitable NPVI. Al-
though the estimation accuracy of fPV and fNPV is not high, the 
results indicated that these multispectral index-based feature 
space models have great potential for distinguishing NPV from 
PV and soil background in the studied sandy region. 

Hyperspectral image has many advantages in discriminat-
ing different materials because of its narrow band width and 
abundant band numbers. The distinct absorption feature of 
dry plants in the 2000 to 2200 nm regions because of lignin 
and cellulose make hyperspectral-based CAI an ideal tool for 
discriminating NPV from PV and bare soil background (Nagler 
et al., 2003; Serbin et al., 2010). However, we did not have 
more spaceborne hyperspectral data that could be used until 
now. In contrast, abundant multispectral images have been 
collected during the past several decades. The main limita-
tions of multispectral data are their limited sensitivity and 
non-ideal band width and locations in the SWIR bands (Figure 
7), where the discrimination of bare soil and senescent or dry 
vegetation is most effective (Asner and Lobell, 2000). There-
fore, the spectral resolution of satellite images plays a more 
important role in estimating the cover fractions of surface veg-
etation, especially for distinguishing between NPV and bare 
soil. In addition, images with higher spatial resolution can 
provide more features and details on surface materials and are 
conducive to collect purer image-based endmember spectra. 
However, it is more suitable for small-scale vegetation moni-
toring because it will result in a large amount of data and 
cost when it is used in a larger area due to its relatively small 
imaging swath and expensive price. In general, images with 
medium-high spatial resolution (such as Landsat, Sentinel-2, 
and Chinese Gaofen-1) are more appropriate for large-scale 
vegetation monitoring, whereas the impacts of the spatial res-
olution on the estimation accuracy of the fractional cover of 
PV, NPV, and bare soil needs further research. More advanced 
multispectral and hyperspectral satellites launched in recent 
years, such as Landsat-8 with nine multispectral bands, Sen-
tinel-2 with 13 multispectral channels and Chinese Geofen-5 
hyperspectral satellite launched on 09 May 2018 with 330 
spectral channels at a spectral resolution of 5 nm for V-NIR 
bands and 10 nm for SWIR bands and a spatial resolution of 

Figure 7. Field-measured mean endmember reflectance 
spectrum of PV, NPV, and bare soil and the wavelength 
ranges of Landsat-8 OLI bands that marked in grey columns. 
CW, FWHM represent the center wavelength and full width 
half maximum of Landsat-8 OLI sensor, respectively.
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30 m, will provide more opportunities and great potential in 
detection of surface vegetation and other materials. 

Proper endmember selection is one of the crucial factors 
to a successful and accurate estimation of fPV and fNPV. End-
member selection involves identifying the number and type 
of endmembers and their corresponding spectral signatures 
(Somers et al., 2011). The endmember spectra of selected land 
cover types may be derived from existing spectral libraries 
or obtained from field measurements using portable spectro-
radiometers. Field-based endmember spectra collection 

requires considerable efforts and suitable weather conditions. 
This approach can obtain more complete and purer spectral 
signatures of endmembers in a specified region. In addition, 
endmember reflectance spectra derived directly from the im-
ages themselves or simulated using some radiative transfer 
models is another commonly used method (Hill et al., 2016; 
Zhou et al., 2016). A number of advanced techniques to locate 
and extract endmembers from images have been proposed 
and applied to many studies. Image-based endmember spectra 
can better match the image. However, the correctness of the 

Figure 6. The accuracy validation of fPV, fNPV, and fBS estimation using different PVI-NPVI models and the SMA method.
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endmember spectra largely depends on the technique used, 
and the number and the type of endmembers can be restricted 
due to the poor image quality.

In this study, both the PVI-NPVI models and the SMA method 
significantly overestimated fNPV and underestimated fPV. A lot 
of factors can result in such an estimation bias. Endmember 
variability and poor representation may be the main reasons. 
The average spectra of the selected endmembers were used to 
calculate the values of PVI and NPVI of the three endmembers 
when unmixing the pixels. If the average endmember spectra 
are not appropriate, it will directly lead to a deviation in the 
estimation results. In addition, the use of an invariant end-
member to simulate all the pixels will inevitably produce an 
unmixing error, which will further lead to bias in the estima-
tion results. To reduce the impacts from endmember variabili-
ty, the multiple endmember spectral mixture analysis (MESMA) 
(Roberts et al., 1998) and automated Monte Carlo unmixing 
(AutoMCU; Asner and Lobell, 2000) methods were proposed 
based on the variable endmember selection strategies. MESMA 
allows both the number and the type of endmember to vary 
on a per-pixel basis and assigns the best-fit model (i.e., the 
lowest RMSE) to each pixel based on a spectral database of 
hundreds of spectra. Unlike MESMA, AutoMCU utilizes statisti-
cal knowledge (i.e., mean spectra) to calculate the sub-pixel 
fractions for each pixel by random selection of endmember 
spectra from a spectral library. When using the same end-
member spectra to unmix the GF1-WFV images in the Otindag 
Sandy Land, Li et al. (2016) found that the SMA and MESMA 
methods also showed the same estimation bias of fPV and fNPV 
as the present study. This is primarily because the SMA meth-
od uses only a set of invariant endmember spectra as input, 
whereas the endmember spectra of bare soil in this area have 
large intra-variability when compared to the NPV endmember 
spectra and the similarity between bare soil and NPV spectra 
can actually lead to errors in MESMA as some NPV/BS combina-
tions may be mistaken as combinations of other NPV/BS. The 
AutoMCU method can obtain more accurate estimates because 
of its better performance addressing endmember variability. 
Moreover, regardless of the fact that we have tried our best to 
avoid the influence of sample position and image-matching 
deviation, it will inevitably have an impact on the estimation 
results. Field measurement methods, observer bias, and time 
differences between field observation and image acquisition 
could also influence the results.

Conclusions
In this study, we assessed the potential of multispectral 
vegetation indices feature space for simultaneous estimation 
of fPV, fNPV, and fBS in a sandy region of northern China, and 
tried to identify one or a set of multispectral-based NPVIs to 
combine with the selected NDVI, EVI, and OSAVI for estimating 
the fractional cover of PV, NPV, and bare soil. The results show 
that the spatial distribution of pixels defined by the three PVIs 
and nine NPVIs obtained from image reflectance spectra shows 
good consistency with that of the corresponding PVI-NPVI 
feature space based on field reflectance spectra of the PV, NPV, 
and bare soil endmembers. The feature spaces of PVI-BI, NDI5, 
NDI7, NDSVI, and NDRI shows the obvious spatial separability 
and PVI-DFI may confuse the NPV with bare soil, and PVI-NDTI, 
STI, and SWIR32 may not be able to separate NPV from bare 
soil. The clear or separable spatial pattern of PVI-NPVI plays a 
decisive role in model decomposability. Regarding the Otin-
dag Sandy Land, the selected PVI-BI and PVI-NDSVI are the best 
models to estimate the cover fractions of PV, NPV, and, bare 
soil synchronously.
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