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MANUAL OF REMOTE SENSING
Fourth Edition

edited by: Stanley A. Morain,
Michael S. Renslow and Amelia M. Budge

ASPRS Announces the 4th Edition of the Manual of Remote Sensing!
The Manual of Remote Sensing, 4th Ed. (MRS-4) is an “enhanced” electronic publication available 
online from ASPRS.  This edition expands its scope from previous editions, focusing on new and up-
dated material since the turn of the 21st Century.  Stanley Morain (Editor-in-Chief), and co-editors 
Michael Renslow and Amelia Budge have compiled material provided by numerous contributors who 
are experts in various aspects of remote sensing technologies, data preservation practices, data ac-
cess mechanisms, data processing and modeling techniques, societal benefits, and legal aspects such 
as space policies and space law.  These topics are organized into nine chapters. MRS4 is unique from 
previous editions in that it is a “living” document that can be updated easily in years to come as new 
technologies and practices evolve.  It also is designed to include animated illustrations and videos to 
further enhance the reader’s experience.

MRS-4 is available to ASPRS Members as a member benefit or can be purchased
by non-members. To access MRS-4, visit https://my.asprs.org/mrs4. 

NOW AVAILABLE!
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INDUSTRYNEWS To have your press release published in 
PE&RS, contact Rae Kelley, rkelley@asprs.org.

ANNOUNCEMENTS

The city of Newark, Ohio, has contracted with Woolpert 
to provide survey, design and right-of-way services for a 
multiuse trail that will connect the existing multiuse trail 
on University Drive at the Ohio State University Newark 
campus to North 21st Street, where many students live, and 
provide a connection to the T.J. Evans Trail. The 10-foot-wide 
multiuse trail will be 0.86 miles long and follow the north 
side of Granville Road.

Woolpert Transportation Engineer and Project Manager 
Paul Denny said the connector will be designed to meet 
the needs of the community—including students, families 
and recreational users—and will focus on sustainability 
and safety. Engineers will locate the trail next to Granville 
Road, retrofit the bridge across the Log Pond Run Diversion 
Channel and improve intersections where needed. 

“Safety is key to any trail design, and that will be our top 
priority,” Denny said. “Many of the engineers on this project 
are also avid cyclists, so we understand what’s needed and 
what’s desired from a professional and personal perspective. 
We’ll provide innovative infrastructure and sound engineer-
ing to create a versatile trail that pedestrians and cyclists are 
sure to enjoy.”

The trail will support the vision of the Licking County Area 
Transportation Study (LCATS), which plans, programs and 
secures funds to develop an efficient transportation system 
for the Newark urbanized area. It also is in line with the 
county’s efforts to improve the bicycle and pedestrian net-
work through the Active Transportation Plan for the cities of 
Newark and Heath.

“This trail is the most recent addition to the region’s efforts 
to extend the bicycle and pedestrian network, which supports 
the health of our residents and offers greater access to the 
county’s rich beauty and history,” Newark City Engineer 
Brian Morehead said. “This trail will improve access to the 
T.J. Evans Trail and will provide a highly useful connector for 
people of all ages.”

Right-of-way support will be provided by O.R. Colan 
Associates. This project is now underway.

Teledyne Optech, a Teledyne Technologies company and 
global leader in advanced lidar sensors is pleased to open 
a new customer service center dedicated to the service of 
equipment for their European clients.

Located in the Netherlands, the new service center will be 
a European hub for clients to have their airborne, mobile and 
static 3D sensors serviced augmenting its existing in-field 
service and providing quick turnaround on repairs.

“We are proud of our customers and inspired by the work 
they do with our sensors and we are equally invested in 
their success. It is exciting for us to expand our world-class 

customer service by providing a local service center for our 
European clients,” said Michel Stanier, Executive Vice-
President and General Manager of Teledyne Optech.

The new service center will support more than one hun-
dred clients in Europe and the Middle East and will provide 
repairs and replacement parts with quick turnaround time 
and plans to include a full-time service manager and loaner 
pool.

CALENDAR

• 19 January and 26 January, Hyperspectral Data for 
Land and Coastal Systems, 11:00-12:30 EST (Session 
A) or 16:00-17:30 EST (Session B). For more information, 
visit https://appliedsciences.nasa.gov/join-mission/
training/english/hyperspectral-data-land-and-coastal-
systems.

• 28 January - 4 February, 43rd COSPAR Scientific 
Assembly, Sydney, Australia. For more information, 
visit https://www.cospar2020.org/. 

• 2 February, Hyperspectral Data for Land and 
Coastal Systems, 11:00-12:30 EST (Session A) or 
16:00-17:30 EST (Session B). For more information, visit 
https://appliedsciences.nasa.gov/join-mission/training/
english/hyperspectral-data-land-and-coastal-systems.

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

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

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

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

mailto:rkelley@asprs.org
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21 SIP-Based Inversion Model of Mining-Induced 3D Deformation
Fuquan Tang, Jingcai Huang, Longkai Dong, Pengfei Li, and Zhaocun Yan

Underground mining causes many forms of surface deformation, including vertical subsidence 
as well as strike and dip horizontal displacement. Differential interferometric synthetic-
aperture radar (D-InSAR) has become a widely applied technique for precise and detailed 
mapping of the Earth’s surface deformation caused by underground mining. However, the 
technology can only detect a one-dimensional displacement in the satellite’s line of sight. To 
address this deficiency, we propose an improved three-dimensional displacement inversion 
model based on symmetry characteristics (imDIMSC) of a mining subsidence basin by the 
stacking technology of multiple single-track InSAR pairs. 

33 Building Extraction from Lidar Data Using Statistical Methods
Haval Abdul-Jabbar Sadeq

In this article, a straightforward, intuitive method for lidar data classification and building 
extraction, based on statistical analysis, is presented. The classification of the point cloud into 
ground and nonground is begun by individually testing each point within the point cloud using 
the statistical mean height.

43 Georeferencing with Self-Calibration for Airborne Full-
Waveform Lidar Data Using Digital Elevation Model
Qinghua Li and Jie Shan

Precise georeferencing of airborne full-waveform lidar is a complex process. On one hand, 
no ground control points are visible due to heavy canopy. While on the other hand, precise 
georeferencing relies on ground control. The mathematical framework minimizes the 
difference between the lidar DEM and the reference DEM. Our solution consists of two steps: 
initial optimization to find reliable ground points through iterative filtering and georeferencing, 
and fine optimization to achieve precise georeferencing and lidar system calibration.

53 An Improved Approach Based on Terrain-
Dependent Mathematical Models for 
Georeferencing Pushbroom Satellite Images
Behrooz Moradi, Mohammad Javad Valadan Zoej, and Sayad Yaghoobi

Recently, linear features in remotely sensed imagery have gained much attention because 
of their unique characteristics compared to other control features. For georeferencing 
high-resolution satellite images, the observations in the mathematical equations (slope and 
y-intercept) of the corresponding control lines in the two spaces are considered the same 
based on recent studies. However, the use of such assumptions causes error and reduces the 
accuracy of registration. The aim of this article is to present a methodology based on a quasi-
observation assumption in the mathematical equations in the process of georeferencing.

61 Dynamic Spatial Fusion of Cloud Vertical Phase 
from CALIPSO and CloudSat Satellite Data
Zhenting Chen, Junfeng Wang, Dongyang Gao, Bing Xu, Wenjie Yu, and Min Yang

Cloud phase is a core parameter of inversion of cloud characteristics. The accuracy of cloud 
phase affects the results of cloud optical and microphysical characteristics. In this article, the 
cloud vertical phase (CVP) products of CALIPSO and CloudSat satellites is obtained. Then a 
dynamic spatial fusion algorithm for the fusion of the two products is put forward. A series of 
spatial optimal CVP fusion rules is presented for dual-source data, and CVP fusion is realize 
using these rules.

C O L U M N S
9 GIS Tips & Tricks
11 Book Review—Remote Sensing. Principles,
 Interpretation and Applications, Fourth Edition
13 Grids and Datums Update

This month we look at The Hellenic Republic

16 Signatures
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 Join us in welcoming our newest members to ASPRS.
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Along with the plentiful harvest of crops in North America, one of the gifts of autumn is 
the gorgeous palette of colors created by the chemical transition and fall of leaves from 
deciduous trees. It is an aesthetic wonder from the ground, from the mountaintop, and 
from satellites.

The folded mountains of central Pennsylvania were past peak leaf-peeping but still 
colorful when the Operational Land Imager (OLI) on the Landsat 8 satellite passed over 
on November 9, 2020. The natural-color images above show the hilly region around 
State College, Pennsylvania; the one below shows the same scene overlaid on a digital 
elevation model to highlight the topography of the area.

The region of rolling hills and valleys is part of a geologic formation known as the Valley 
and Ridge Province that stretches from New York to Alabama. These prominent folds of 
rock were mostly raised up during several plate tectonic collisions and mountain-build-
ing episodes in the Ordovician Period and later in the creation of Pangea—when what is 
now North America was connected with Africa in a supercontinent. Those events creat-
ed the long chain of the Appalachians, one of the oldest mountain ranges in the world. 
The Appalachians once stood as tall at the Rockies and Alps, but hundreds of millions of 
years of erosion have worn them down.

The close-up and oblique satellite views capture Mount Nittany, State College, and 
University Park, home of The Pennsylvania State University. The mascot of the university 
and several other groups in the area is the Nittany Lion, a localized name for the 
now-extinct eastern cougar.

The river valleys between and beside these mountains are quite popular with fishermen. 
Spring Creek is considered one of Pennsylvania’s best trout fisheries and is a popular 
destination for fly fishing. Fishermans Paradise was the first special regulation area for 
trout in the United States, and Penn State was the first university in America to offer 
credited courses in fly fishing.

To see the images in detail, visit https://landsat.visibleearth.nasa.gov/view.
php?id=147580.

NASA Earth Observatory images by Joshua Stevens, using Landsat data from the U.S. 
Geological Survey and data from NASA/METI/AIST/Japan Space Systems, and the U.S./
Japan ASTER Science Team. Story by Joshua Stevens and Michael Carlowicz.

State College

Mount Nittany

State College

Fishermans 
Paradise

Spring Creek

Rothrock State 
Forest
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B. Osmanoglu, NASA Goddard Space Flight Center, F. J. Meyer, 
University of Alaska Fairbanks, H. Caumont, Terradue Srl

The Future of SAR Processing is in the Cloud 

Overview
Synthetic Aperture Radar (SAR) is an Earth observation tool 
growing in popularity because of an increase in free-and-open 
data and by the emergence of new sensing systems with glob-
al and regular observation strategies. Today SAR analyses 
can take advantage of growing image time series containing 
hundreds of regularly sampled and cloud-free images, creat-
ing new possibilities and new challenges for the radar remote 
sensing community.  With each image being more than 1GB 
in size, it is becoming more and more difficult for end-users to 
manage the onslaught of SAR data on their personal comput-
ers and local storage devices. Hence, cloud computing plat-
forms are starting to play a more prominent role as a conve-
nient means for data processing and access. In this column 
we consider the underlying reasons for this transition to the 
cloud.

The volume of SAR data has been increasing, mainly due to 
the larger coverage and higher resolution of SAR products. 
There are also more SAR satellites collecting data – both from 
international civilian SAR agencies, and the commercial sec-
tor. Cloud computing costs are trending lower, while the costs 
of local server infrastructure have remained the same.

There are several SAR data processing platforms in develop-
ment such as the European Space Agency’s (ESA) Thematic 
Exploitation Platforms (TEP), Jet Propulsion Laboratory’s 
(JPL) Advanced Rapid Imaging and Analysis (ARIA), and 
Alaska Satellite Facility (ASF) OpenSARLab and Hybrid 
Pluggable Processing Pipeline (HyP3) environments.

Trends
Looking at today’s state-of-the-art and trends extrapolated 
from available data, one can begin to outline some expecta-
tions for the near future, while noting that predicting the fu-
ture of any technology is difficult.

Volume of SAR Data
The volume of spaceborne SAR data has been growing as data 
downlink capabilities and sensor designs improve, allowing 
more regular global coverage at higher spatial resolutions. In 
Figure 1 we estimate the stripmap image size given instru-
ment parameters, such as range and azimuth ground sam-
pling, image swath and length, and single look complex (SLC) 

byte size. It must be noted that the Sentinel-1 and NISAR 
routinely use beam-steering methods for wider area coverage, 
and they are not stripmap in the strict sense of the word. The 
beam steering methods allow imaging at multiple look angles 
increasing swath width, without sacrificing resolution. It is 
also important to note that both polarizations of Sentinel-1 
SLC are packaged together, resulting in doubling of the file 
size. Similarly, dual polarization NISAR data will be placed 
in a single HDF5 file, also resulting in the doubling of the file 
size. [Figure 1] shows that an exponential trendline fits the 
distributed file size rather well.

There might be minor differences between the data size re-
ported here as we are not considering the metadata, or vary-
ing pixel size in radar geometry. The calculation is purely 
based on the coverage, pixel size, data format, and number of 
bands in the product ignoring data compression:

where Σaz and Σrg are the nominal size of imagery in meters 
for azimuth and range directions, Δaz and Δrg are the nom-
inal sizes of azimuth and range pixels (i.e. sample distance, 
not resolution), Q is the number of bytes needed to represent 
the data type for each complex value (e.g. 8 bytes for Complex 
Float32), and B represent the number of imaging bands in the 
data package (e.g. 1 for single polarization data and 2 for dual 
polarization data).

Number of SAR Missions
Until 2000 there were one or two active SAR satellites in space, 
today there are at least ten SAR sensors collecting data. In-
cluding the commercial satellites, there will be many more in 
the near future. Furthermore, constellations and shorter re-
peat intervals will result in increased imaging opportunities. 
Figure 2 shows the time lines for various SAR programs from 
1991 to 2025. ALOS-4 is expected to be launched in the next 
few months.  Beyond that, ESA’s BIOMASS, Sentinel-1C and 

Photogrammetric Engineering & Remote Sensing
Vol. 87, No. 1, January 2021, pp. 5–8.

0099-1112/20/5–8
© 2021 American Society for Photogrammetry

and Remote Sensing
doi: 10.14358/PERS.87.1.5
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-1D are expected to launch in 2022, and NISAR is expected 
to launch in 2023. There are also future missions in planning 
stages such as ROSE-L (ESA), TanDEM-L (DLR). 

Many commercial SAR companies are also planning constel-
lations with many satellites. For example, as of November 
2020 ICEYE has four satellites in orbit and is planning to 
have potentially 18 satellites. Capella Space has one satellite 
in orbit and is planning to have a constellation of 36 satellites. 
Timelines for deployment of complete constellations depend 
on funding.  Availability of commercial SAR platforms will 
lead to more frequent observations anywhere on earth, which 
can especially be important for urgent response activities.

Cloud Computing Costs
In addition to increasing file size, cloud computing costs have 
been declining over time and seem to follow an exponential 
relationship (Figure 3). Looking at the on-demand cost for 

general purpose instances on Amazon, we see that the hour-
ly cost on an m1.large instance reduced ~50% in a decade 
(1). This is likely due to competition and the lowering cost 
of hardware over time  (e.g., technological advances in com-
putational power). Both data upload and download from the 
cloud incur costs, the former usually being far cheaper. Data 
download costs can be significant, but strategic placement of 
data processing algorithms in the same cloud location as the 
data allows for the end-users to download only the final re-
sult, without incurring the cost of egress (downloading) of the 
SAR data.

Cloud Computing Software
Several SAR processing software elements (ISCE, SNAP, 
GAMMA, etc.) (2–4) are being implemented in cloud plat-
forms, such as JPL’s ARIA, ESA’s TEP, ASF’s HyP3 and 
OpenSARLab. JPL’s ARIA is a cloud-based processing system 
with a web interface designed for rapid mapping of solid earth 
deformation. For event response, the results can be accessed 
anonymously at the ARIA-Share site. ARIA is also capable of 
creating standing orders for an area of interest and can also 
trigger processing of interferograms using the USGS shake 
map (5). Standard data products are accessible through the 
ARIA-products website.

ESA’s Geohazards TEP (Thematic Exploitation Platform) is 
one of the several TEPs supported by ESA to allow for the 
sharing of data and algorithms among users (6). Geohaz-
ards-TEP or GEP, houses a collection of SAR data processing 
workflows. These workflows span a wide spectrum of applica-
tions such as simple interferometry, deformation time series, 
false color band combinations along with optical processing 
algorithms. There is also a social aspect of the platform as re-
sults and algorithms can be shared with other users. The TEP 
allows users to upload data and provides developer sandbox 
environments as virtual machines, including software frame-
works such as JupyterLab and SDKs for standardized data 
discovery and access, for the integration of additional work-
flows “As-a-Service”.

Figure 1. The calculated file size vs. launch date of the missions show a clear trend 
towards larger files. In the table Δ is resolution, Σ is swath size, az is azimuth, rg is 
range Q is the number of bytes used to represent each pixel and B denotes number of 
channels in the package. TerraSAR-X uses Float16 and all others use Float32.

Mission Length Future Launch

To
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Figure 2. The timeframe of civilian space agency SAR missions show the increase 
in number of operational satellites. Number of satellites in missions are shown in 
parenthesis if more than 1. Number of operational satellites for each period are shown 
at the top.

Figure 3. On demand pricing for Amazon Web Services platform indicates a decreasing 
trend in processing costs. 
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ASF’s HyP3 has an easy-to-use web interface for several SAR 
data processing workflows (7). Similar to ARIA and TEP, it 
can generate single interferograms or time-series along with 
radiometric terrain corrected intensity time-series for change 
detection applications. ASF also provides OpenSARLab, 
where developers can author Python Notebooks to do their 
own analysis and go beyond what HyP3 currently offers. Such 
notebooks can be shared with other users through public 
GitHub repositories (8,9).

As noted above there are some similarities between ARIA, 
GEP and HyP3. They all provide a web interface to the cloud 
infrastructure that handles the SAR processing, and they all 
can create standing orders. Also, to some extent they use Py-
thon language for data analysis, even though underlying algo-
rithms might also use other languages. Both GEP and HyP3 
provide users with a mechanism to bring their own algorithm 
to the cloud. JPL is also working on a mechanism to allow 
users to bring their algorithms to the cloud, where massive 
NISAR data will be located (10).

Going Further
There are still ways to improve the user experience with cloud 
processing. Python is emerging as the de facto programming 
language with GEP and OpenSARLab already supporting py-
thon notebooks. GitHub is also a common denominator as all 
three platforms use GitHub for development. With a common 
data handling library, developers would be able to easily port 
algorithms between different cloud services. This common li-
brary would also allow for combining processing flows from 
different platforms.

One of the potential challenges faced using multiple cloud-
based platforms jointly is the data egress cost. Both JPL and 
ASF are leveraging Amazon Web Services while GEP is using 
a Hybrid Cloud strategy. GEP uses Terradue Cloud Platform 
for the processing services’ integration resources, and well-es-
tablished Cloud Providers (AWS, Google Cloud, and in Eu-
rope the Copernicus DIAS, Hetzner, etc.) opportunistically for 
the processing services’ production resources. For user con-
venience it is important to have a cloud-to-cloud data trans-
fer mechanism, so that users do not have to download data 
or interim results to a personal computer. It must be noted 
that egress costs are not always paid by the end-user. Down-
loading data from a space agency results in the space agency 
incurring costs. Furthermore, moving data across buckets in 
the same lake (large data holding) does not incur egress costs. 
Therefore, developing processing algorithms that can work 
without downloading the data, or subsetting algorithms that 
can extract only the necessary part of the data files can fur-
ther reduce costs.    

There are also many other datasets beyond SAR that are be-
ing staged on the cloud that could help with analysis. Many 
earth science datasets (e.g., optical imagery, weather models) 
are already in the cloud, and their combination with SAR data 

is a very active research area for many applications. Final-
ly, providing adequate training to users of cloud processing 
is necessary to get the most out of the cloud processing plat-
forms. In the end, a tool is only as good as the hands that 
wield it.  

COnClusiOn
Given the increasing amount of data SAR data analysis 
routinely uses these days, it is likely that the future of SAR 
processing will be in a cloud computing environment. ARIA, 
Hyp3, and GEP are three cloud-based processing environ-
ments to achieve this. They all try to provide the users a con-
venient interface for SAR processing for different workflows. 
Working towards a common data handling library to allow 
developers to generate common workflows and even allowing 
users to combine workflows from multiple platforms could fur-
ther accelerate user adoption. 
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GIS &Tips     Tricks By Dave Maune, Ph.D., CP, GS, PS, 
and Al Karlin, Ph.D, CMS-L, GISP

GIS Display Slowing you Down?
No matter whether you use GIS in the private, public, or 
education sector, the system is never fast enough.  Whether 
you need a faster video card, more RAM, a faster CPU, there 
is always something slowing you down.  And to be very hon-
est, how many times have you wished that ArcGIS, either 
the Desktop or ArcGIS Pro was running faster?  While there 
is not much that we can do through this column to upgrade 
your hardware, here are a couple of tips to help you optimize 
your video/display settings and hopefully increase your pro-
ductivity.  Although the tips are directed at the Esri suite of 
software, productivity in most GIS packages can decrease as 
a result of similar issues.

Tip #1: Clear your Display Cache—The display cache 
is a local disk cache on your computer that stores data for 
basemap layers, tiled images from cached map services from 
ArcGIS for Server, tiled images from other Internet map 
services, and the ArcGIS globe cache. ArcGIS for Desktop 
uses this display cache to help manage and improve display 
performance in ArcMap. Over time, the contents in your lo-
cal cache can become out of date and the local display cache 
can consume significant disk space on your local computer 
which can slow down performance. 

To clear the Display Cache, on the ArcMap Toolbar, go to 
Customize | ArcMap Options:

Then use the Display Cache Tab to manage the Display 
Cache Memory. 

If the “Currently Used:” is reporting more than a gigabyte or 
so, use the “Clear Cache” button to clear the memory.  

NOTES:  
1. If you want to direct the Display Cache to a specific 

folder, you can use the “Cache Path:” browser to specify 
that folder.

2. Be careful to save your document BEFORE clearing the 
Display Cache or specifying an alternate cache path as 
clearing the cache may freeze your ArcMap session.

Tip #2:  Set a Display Clip on your map—The Display 
Clip restricts what ArcMap draws in your map.  This does 
NOT actually “clip” your data; it just filters the data out of the 
map frame using a geographic boundary.  It is best to have 
that geographic boundary as either a shapefile or a feature 
class.  To set a Display Clip:

1. Select the shapefile or a set of tiles (if you are work-
ing with tiled data) to be the geographic extent of the 
display data (for this example, I made a shapefile called 
“DisplayClip.shp”),

2. Select the Data Frame Properties | Data Frame Tab 
and notice the “Clip Options”. It will most likely indi-
cate “No Clipping” as below:

Al Karlin, Ph.D, CMS-L, GISP, and 
Siddharth Pandey, CSM

continued on page 12
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STAND OUT FROM THE REST
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Raciel Perez, Certification # R1590CP
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Patrick Cowan, Certification # R1586CP
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Christian Bray, Certification # R1591CP
Effective November 12, 2020, expires November 12, 2025

Brian J. Mayfield, Certification # R1276CP
Effective November 2, 2020, expires November 2, 2025

Kurt Lutz, Certification # R1270CP
Effective August 8, 2020, expires August 8, 2025

Andrew F. Pickford, Certification # R1452CP
Effective June 28, 2020, expires June 28, 2025

Steven Schouten, Certification # R1423CP
Effective October 30, 2019, expires October 30, 2024

Marvin Miller, Certification #R1025CP
Effective August 7, 2019, expires August 7, 2024

Scott Wilson, Certification #R1473CP
Effective December 15, 2020, expires December 15, 2025            

Mark Hammond, Certification #R966CP
Effective September 19, 2020, expires September 19, 2025

Phillip Blaine Merrill, Certification #R1284CP
Effective January 1, 2021, expires January 1, 2026    

CERTIFIED MAPPING SCIENTIST LIDAR
Unal Okyay, Certification # CMSL059

Effective December 2, 2020, expires December 2, 2025

CERTIFIED LIDAR TECHNOLOGIST
Jesse Pinchot, Certification # LT057

Effective October 30, 2020, expires October 30, 2023

Andrew Ericson, Certification # LT058
Effective December 2, 2020, expires December 2, 2023

RECERTIFIED MAPPING SCIENTIST REMOTE SENSING
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RECERTIFIED MAPPING SCIENTIST GIS/LIS
Emilly Magen Foster Baechle, Certification # R230GS

Effective October 31, 2020, expires October 31, 2025

CERTIFIED UAS TECHNOLOGIST
Byung Chan Choi, Certification # UAST036 
Effective December 2, 2020 , expires December 2, 2023

RECERTIFIED UAS TECHNOLOGISTS
James DeCarolis, Certification # R010UAST
Effective November 2, 2020, expires November 2, 2023

Francis Keng-Fan Lin, Certification # R012UAST
Effective November 2, 2020, expires November 2, 2023

GEOSPATIAL INTERNS
Sanjay Shenoy , Certification # GI 001

Effective November 13, 2020, expires November 13, 2023            

Nathan Mangsen, Certification # GI 002
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ASPRS Certification validates your professional practice and experience. 
It differentiates you from others in the profession. For more information 
on the ASPRS Certification program: contact certification@asprs.org, 
visit https://www.asprs.org/general/asprs-certification-program.html.
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BOOKREVIEW

Remote Sensing. Principles, 
Interpretation and Applications, Fourth 
Edition 
Floyd F. Sabins, Jr. and James M. Ellis
xiv+524 pages, black and white figures, color plates. 2020. 
Waveland Press, Inc. Long Grove, IL. ISBN-13: 978-1-4786-3710-3  
ISBN-10: 1-4786-3710-2. Paperback and eBook: $89.95; Kindle: 
$67.46.

Reviewed by Demetrio P. Zourarakis, PhD, GISP, CMS 
(GIS, RS, Lidar), Adjunct Assistant Professor, Dept. of 
Plant and Soil Sciences - University of Kentucky.

Voluminous (3 pounds; 8.5 x 11 inches) but handy, this 
remote sensing textbook provides a comprehensive and a 
didactic snapshot of the state-of-the-practice. This work is 
the result of a drastic update necessary to create this new 
edition - which as expected covers a broad range of top-
ics, and systematically addresses the fundamentals of the 
underlying sciences and technologies, while maintaining 
a constant focus on specific and well-illustrated real-world 
applications. 

This is the fourth edition of the book, and twenty-three 
years have elapsed since its last edition. A brief memorial 
in remembrance of the book’s first author, Dr. Floyd F. Sa-
bins, Jr., appears at the beginning. The authors embarked 
on a substantial and successful effort to cover all the devel-
opments in the science, technology, and art of remote sens-
ing that happened in the last quarter-century. Thus, the 
book has six new chapters, and more than half of its 500 
figures and color plates are new. A few examples of current 
topics of remote sensing applications incorporated in this 
work are the monitoring of the effects of climate change 
(Chapter 16), the processing of sensor data from unmanned 
aerial systems (Chapter 8), and the emergence of new lidar 
technologies (Chapter 7).

The book sports a clear exposition without any noticeable 
typographic errors or grammatical issues. It is divided into 
seventeen chapters: Chapter 1—Introduction to Concepts 
and Systems; Chapter 2—Aerial and Satellite Photographs; 
Chapter 3—Landsat Images; Chapter 4—Multispectral 
satellites; Chapter 5—Thermal Infrared Images; Chapter 
6—Radar Images; Chapter 7—Digital Elevation Models and 
Lidar; Chapter 8—Drones and Manned Aircraft Imaging; 
Chapter 9—Digital Image Processing; Chapter 10—Geo-
graphic Information Systems; Chapter 11—Environment; 
Chapter 12—Renewable Resources; Chapter 13—Nonrenew-
able Resources; Chapter 14—Land Use/Land Cover; Chap-
ter 15—Natural Hazards; Chapter 16—Climate Change; 
and Chapter 17—Other Applications. Fifty-five full-color 
plates cover sixteen pages inserted between Chapter 10 and 
Chapter 11; black-and-white figures are distributed within 
each chapter, throughout the book. Each chapter includes 
a section with questions and a reasonable and manageable 
number of references, available to the reader’s further 
exploration. An extensive glossary is provided at the end of 
the book, appearing before the index.

Being earth sciences (i.e. geology) at the heart of the 
authors’ background, it should not surprise us that the 
book draws rather strongly from their combined wealth of 
professional career experiences on the use of remote sens-
ing in geology. This is noticeable particularly in the longest 
chapters of the book; Chapter 6 (Radar Images), Chapter 13 

(Nonrenewable resources), and Chapter 15 (Natural Haz-
ards), all of which span about forty pages each, in contrast 
with the median chapter length of twenty-eight pages. In 
fact, the land use/land cover chapter (Chapter 14) is one of 
the shortest ones at eighteen pages long. Appendix A pro-
vides the reader with a brief primer on the basic principles 
of geology with a focus on remote sensing. Hence, while it is 
unavoidable to encounter examples of use cases that have a 
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BOOKREVIEW

geological slant throughout the book, this should in no way 
be considered a flaw or a deterrent to its use.

The authors present the reader with a good education-
al tool, developing the topics in such a way to whet one’s 
appetite for deeper knowledge. It is innovative in that the 
examples of applications are obviously derived from proj-
ects. This fresh, project-centric feel is contextualized as the 
locations of examples of use cases illustrated throughout 
the book are shown in maps on Appendix B. The material 
lends itself to be organized in the fashion of a story map, 
thus offering the opportunity to contribute to the integra-
tion of GIS and remote sensing as part of the curriculum. 
Abundant, on-line companion materials are made available 
to support the docent planning to utilize this textbook in 
his/her classes. Appendix C in the book informs the read-
er of the Remote Sensing Digital Database. In addition to 
that resource, a Digital Image Processing Lab Manual, and  
Introductory and Instructional Videos and Answer Keys can 
be found at: http://waveland.com/Sabins-Ellis. 

Possibly, this textbook could be used in more than one 
introductory course in remote sensing at the college or 
university level– with the caveat that the eBook version 
may be more manageable than the printed one. Its use 
may have to be complemented and/or expanded with more 
subject-specific materials, particularly if the emphasis on 
geology is found to be sidetracking or distracting. Alterna-
tively, when in the library of a professional, this book can 
be a valuable resource to be used in outreach to, and profes-
sional development of practitioners in either the geospatial 
domain or other fields.

3. Select the “Clip to Shape” from the dropdown and speci-
fy the shape

4. Use the “Outline of Features” button and select the geo-
graphic boundary from the layer dropdown (remember I 
made a shapefile called “DisplayClip.shp”.)

5. Press the “OK” and “Apply” to closeout the dialogs.  Now 
ArcMap will only display the features in your map that 
fall inside your selected area.

NOTES:  
1. If there is some layer that you want to be excluded from 

being clipped, you can return to the “Clip Options” dia-
log and use the “Exclude Layers…” to specify those map 
layers to exclude from the Display Clip.

2. The Display Clip settings are persistent, so when you 
are finished with the ArcMap session, remember to 
return to the Data Frame Properties |Data Frame Tab 
and turn off the Display Clipping by returning the Clip 
Options to “No Clipping” or you might be surprised as to 
why you are not seeing the entire map the next time you 
open the map document.

Of course, these tips may not speed up your display as much 
as an upgraded video card, but they are a lot less expensive 
and well worth a try.  They might even increase your produc-
tivity.

Al Karlin, Ph.D., CMS-L, GISP and Siddharth Pandey, 
CSM are with Dewberry’s Geospatial and Technology Services 
group in Tampa, FL and Fairfax VA.  As a Senior Geospatial 
Scientist, Al works with all aspects of Lidar, remote sensing, 
photogrammetry, and GIS-related projects.  Sid is a Dewberry 
Associate who works with all aspects of geospatial analysis, 
data visualization and development.

GIS Tips & Tricks
continued from page 9

http://waveland.com/Sabins-Ellis
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by Clifford J. Mugnier, CP, CMS, FASPRS

The Grids & Datums column has completed an exploration of 
every country on the Earth. For those who did not get to enjoy this 
world tour the first time, PE&RS is reprinting prior articles from 
the column. This month’s article on The Hellenic Republic was 
originally printed in 2002 but contains updates to their coordinate 
system since then.

THE 

HELLENIC
 REPUBLIC

The region of present-day Greece was occupied 
in the Paleolithic period, and Indo-European 
invasions began about 2000 B.C. Ancient 

Greece was never unified, but the city-states of 
Athens and Sparta dominated while other cities 
shifted alliances over the centuries. Alexander the 
Great conquered most of the Mediterranean region 
and spread Greek culture throughout the known 
world. However, Greece was conquered by Rome in 
146 B.C., and by 1456 A.D. Greece was completely 
under the Ottoman Turk Empire. Greece won its 
independence from Turkey in the war of 1821-1829, 
and celebrates its Independence Day on 25 March 
(1821). The former Kingdom of Greece is now a 
parliamentary republic; the monarchy was rejected 
by referendum on 08 December 1974. Greece is 
slightly larger than the state of Alabama, and it is 
bordered by Albania (282 km), Bulgaria (494 km), 
Turkey (206 km), and Macedonia (246 km). The 
lowest point in Greece is the Medi-terranean Sea, 
and the highest point is Mount Olympus (2,917 m).

In 1889, the Greek Army Geo-graphical Service was formed, 
and classical triangulation commenced immediately. The 
agency name was later changed to the Hellenic Military Geo-
graphical Ser-vice (HMGS). The initial starting point for the 
triangulation was the Old Athens Observatory where Φo 
= 37° 58´ 20.1˝ North, Λo = 23° 42´ 58.5˝ East of Greenwich, 
and was referenced to the Bessel 1841 ellipsoid where the 
semi-major axis a = 6,377,397 155 meters and the reciprocal 
of flattening 1/f = 299.1528128. The Yeografikí Ipiresía Stratoú 
map series at 1:20,000 scale was produced from 1926 through 
1947, and had the Greek Military Grid shown on some sheets. 
The series covered the northern border and scattered strategic 
areas through-out Greece. The Greek Military Grid was based 
on the Hatt Azimuthal Equidistant projection, a system origi-
nally presented on the sphere by Guillaumme Postel.

Hatt was the hydrographer of the French Navy, and later 
taught at a university in Paris. Apparently he made quite an 
impression on a Greek student because the Hatt projection, 
used by the French Navy for local grids of hydrographic sur-
veys, became the national grid system of Greece in the 20th 
century. The Hatt projection is quite similar to the Azimuthal 
Equidistant projections used in Yemen, Guam, and Microne-
sia; the differences are based on the mathematics used to com-
pute the ellipsoidal geodesic for the direct and inverse cases. 
Gougenheim, another French hydrographic engineer, later 
published a number of treatises on the geodesic that were 
later picked up by Paul D. Thomas who published a treatise 
for the U.S. Navy on the same subject in the 1970s. Thomas 
presented extensive computational proofs of Gougenheim’s 
work that established the standard for “hand and mechanical 
calculator” solutions of the geodesic for global ap-plications of 
the U.S. Navy. In the 1980s, Thomas’ work inspired my re-
search partner at the University of New Orleans, Dr. Michael 
E. Pittman, to publish his original solution of the “Principal 
Problem of Geodesy” in the Surveying and Mapping journal of 
the ACSM. The other projection variants mentioned above for 
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Yemen and Guam used the ellipsoidal geodesic solutions de-
veloped by Puissant and by Andoyer-Lambert. The Azimuthal 
Equidistant for Micronesia was developed by the late John P. 
Snyder using the “Clarke Long Line Formula” originally de-
veloped by Colonel A. R. Clarke of the British Royal Engineers 
(PE&RS, February 1999). Hatt’s projection was an enormous 
influence on Euro-pean cartography world-wide for many de-
cades, and I am often amused to see con-temporary software 
packages list unknown projections and grid systems as “Sys-
témé Rectangulaire Usuel” with no further information. That 
“Usual Rectangular System” found worldwide is the Hatt 
projection! Nevertheless, the only country that adopted the 
Hatt Azimuthal Equidistant projection as the national grid 
was Greece. In 1980, Brigadier General Dimitri Zervas, com-
mander of the Hellenic Military Geographical Institute, sent 
a treatise to me entitled Η ΑΖΙΜΟΥΘΙΑΚΗ ΙΣΑΠΕΧΟΥΣΑ 
ΠΡΟΒΟΛΗ ΤΟΥ ΗΑΤΤ, 1963 (HATT AZIMUTHAL EQUI-
DISTANT PROJEC-TION). The 21-page tome was written 
entirely in Greek by John Bandecas, but General Zervas mer-
cifully penciled-in English translations of paragraph headings 
so that I could understand the mathematics presented. That 
was my one and only experience with Greek geodesy in which 
the only thing I could comprehend was the Greek symbols for 
standard geodetic terms in the math!

Coordinates later published for the Datum Origin were 
Φo = 37° 58´ 18.680˝ North and Λo = 23° 42´ 58.815˝ East of 
Greenwich, but curiously the National Topo-graphic Series 
published by the Greek Military used the Athens Observatory 
as their national prime meridian. The map series at various 
scales were based on integer minute differences from the Ath-
ens meridian. The basic series were based on 30- by 30-minute 
blocks with latitudes of 36° 30´ N to 42° 00´ N and longitudes 
of 4° 30´ W of Athens to 3° 30´ E of Athens (23° 42´ 58.815˝ 
East of Greenwich).

The “Revised Military Grid” used in some national applica-
tions after WWII was based on the Lambert Conformal Conic 
projection. Using the same central meridian as the Athens Ob-
servatory, the three tangent zones had latitudes of origin of 35°, 
38°, and 41°with False Eastings of 1,500 km, 2,500 km, and 3, 
500 km, respectively, and all three zones had False Northings of 
500 km. The “Old Military Grid” used from 1931 to 1941 had the 
same parameters except that there were no false origins.

From 1925 to 1946, there were two “British Grids” used by 
the Allied Forces. The Mediterranean Zone was a secant Lam-
bert Conical Orthomorphic where the central meridian was 
29° East of Greenwich, and the latitude of origin was 39° 30´ 
N, the scale factor at origin was 0.99906, the False Easting 
was 900 km, and the False Northing was 600 km. The Crete 
Zone was a tangent Lambert Conical Orthomorphic where the 
central meridian was Athens (24° 59´ 40˝ East of Greenwich), 
the latitude of origin was 35° N, the scale factor at origin was 
1.0 (by definition of a tangent zone), the False Easting was 200 
km, and the False Northing was 100 km.

There is a new reference system used in Greece nowadays. It 
is called the Greek Geodetic Reference System of 1987 (GGRS87) 

where Φo = 38° 04´ 33.8107˝ North, Λo = 23° 55´ 51.0095˝ East 
of Greenwich, No = 7.0 m, and the new Greek Grid is based on 
the Transverse Mercator projection (presumably Gauss-Krüger) 
where fo = 0°, lo = 24° E, the False Easting = 500 km, and 
the scale factor at origin (mo) = 0.9996. Generally, I have seri-
ous doubts concerning any “new” grid system that uses some 
non-standard variant of the UTM Grid, but I understand that 
this particular one was devised by Professor Veis of the Techni-
cal University of Athens. If Professor Veis ap-proved of this new 
grid, then there certainly must be a valid technical reason for the 
curious parameters chosen. Thanks for the above parameters go 
to Yannis Yanniris, a photogrammetrist in Athens.

The National Imagery and Mapping Agency (NIMA) has 
published datum shift parameters from the European Datum 
of 1950 in Greece to the WGS84 Datum where ∆X = –84 m, ∆Y 
= –95 m, and ∆Z = –130 m; however, this solution is based on 
only two points and the accuracy of the components is stated 
to be ±25 m. Users interested in geodetic applications of GPS 
in Greece should read the NIMA notice published next to my 
column in PE&RS October, 2002. The European Petroleum 
Studies Group has published shift parameters from GGRS87 
to WGS84 as being ∆X = –199.87 m, ∆Y = +74.79 m, and ∆Z 
= +246.62 m. The EPSG published no accuracy estimates for 
their parameters, so caveat emptor.

The Hellenic Republic Update

The Hellenic Positioning System (HEPOS) is based on 98 
GPS Continuously Operating Reference System (CORS) 
sites operated by the commercial organization KTIMA-
TOLOGIO, S.A.  The Hellenic Terrestrial Reference 
System 2007 (HTRS07), based on the ETRS89/ETRF05 
reference frame underlies HEPOS, and an evaluation of 
2,430 geodetic benchmarks revealed that the  accuracy 
level is better than 10 cm in terms of the rms value for 
the total transformation error.
Katsampalos, K., Kotsakis, C., Gianniou, M., Hellenic 
terrestrial reference system 2007 (HYTS07): a regional 
realization of ETRS89 over Greece in support of HEPOS, 
Bollettino di Geodesia e Scienze Affini, Instituto Geograf-
ico Militare, Vol. LXIX, N.2-3, May/December 2010.
A recent publication addressed two-dimensional carto-
metric transformations of old Greek topographic maps to 
the HTRS87 Datum as discussed in the original Grids 
and Datums column.
Moschopouos, G., Demirtzoglou, N., Mouratidis, A., Per-
peridou, G., Ampatzidis, D., Transforming the old map 
series to the modern geodetic reference system, Coordi-
nates, Vol. XVI, No.7, July 2020.

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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In Memoriam

David Allen Landgrebe David Allen Landgrebe 
1934-2020

Remembering David Landgrebe
This month, the world lost a giant in the 
world of quantitative remote sensing. 
David A. Landgrebe passed away on No-
vember 21, 2020 at the age of 86.

Landgrebe was a pioneer of digital 
remote sensing and data processing. He 
and his team at Purdue’s Laboratory for 
Applications of Remote Sensing (LARS) 
developed data processing, digital anal-
ysis, and pattern recognition techniques 
that are still regularly used today in the 
field of remote sensing.

Landgrebe’s career was in many ways 
entwined with the Landsat program. 
He was there from the very beginning. 
Prior to Landsat 1’s launch, Landgrebe 
chaired a sensor panel for the Nation-
al Academy of Sciences that convinced 
decision-makers that digital multispec-
tral scanning held a wealth of informa-
tion and was worthwhile flying on the 
Earth-observing satellite that was to 
become Landsat.

He also chaired the seminal 1975 
NASA Thematic Mapper Working Group 
that defined the spectral bands for the 
second-generation Landsat sensors (ver-
sions of those bands are still part of cur-
rent-generation Landsat 8 and 9 sensors).

Throughout this time his research 
yielded important digital image pro-
cessing techniques for quantitatively 
analyzing multispectral imagery. His 
lab was also involved in early remote 
sensing training and technology trans-
fer, creating some of the very first re-
mote sensing short courses.

Landgrebe published hundreds of 
scholarly papers during his career in-
cluding a summary of “The Evolution of 
Landsat Data Analysis.” 

The Landsat Legacy Project Team 
was fortunate enough to interview 
Landgrebe in April 2009 for a round-ta-
ble Landsat oral history discussion.

~ Laura E.P. Rocchio,
 Landsat Legacy Project Team

Dave Landgrebe, 86, 
passed away Novem-
ber 21, 2020. He leaves 
behind friends, col-
leagues, and family who 
will miss his love, in-
tellect, and humor. He 
was born and raised in 
Huntingburg, Indiana 
by parents Albert and 
Sarah Landgrebe with 
his brother John, who 
is also deceased. After 
graduating from Huntingburg High 
School in 1952, he went to Purdue Uni-
versity where he earned his BS, MS, 
and PhD degrees and where he spent 
his career teaching and doing research 
in Electrical and Computer Engineer-
ing (ECE). He served as Department 
Head of ECE and as Associate Dean of 
Engineering.

Dave married his wife Margaret Ann 
in 1959, and they were inseparable for 
56 years until her death in 2016. They 
are survived by daughters Carole of 
Cincinnati, Mary of Norfolk, Virginia 
and by son J.D. and his wife Sue of Cin-
cinnati. Dave will be remembered by 
his family for his loyalty and love and 
as someone who was a teacher to many, 
always kept the focus on doing the right 
thing, and insisted on helping others. 
Dave’s work ethic, which began in his 
childhood working in his family’s cloth-
ing store, built foundations on which 
others could stand and grow. Dave’s ex-
ample lives on to influence his grandson 
Chris Landgrebe, his granddaughter, 
Katie Marshall, her husband Colin, and 
their baby daughter.

Dave’s career at Purdue was a dis-
tinguished one. He led pioneering re-
search in the field of remote sensing. 
This built understanding of how to an-
alyze the earth from space and was a 
foundation of NASA’s ongoing Landsat 

program where the leg-
acy of Dave’s research 
is still influential today. 
The Institute of Electri-
cal and Electronics En-
gineers’ (IEEE) lifetime 
achievement award is 
named after Dave in 
the field of Geoscience 
and Remote Sensing. 
At Purdue, Dave was a 
collaborator and lead-
er. He directed a lab 

that grew to more than 120 people and 
which brought together researchers 
from fields as diverse as geology and 
forestry. He authored several books 
and received numerous awards and 
accolades including NASA’s Excep-
tional Scientific Achievement Medal. 
At the time of his death, he was one of 
22 current and retired Purdue faculty 
who had been inducted into the Na-
tional Academy of Engineering. These 
honors were grounded in authoring 
hundreds of scientific journal articles 
and mentoring dozens of students to 
their PhDs - launching them into their 
own distinguished careers that ranged 
from professor to groundbreaking en-
gineer to even diplomat and foreign 
minister of their country. Dave was 
especially proud of the recognitions 
he received for excellence in teaching 
Electrical Engineering to undergradu-
ate students. These came in the form 
of multiple “best teacher” awards from 
his ECE department and from Purdue 
Engineering as a whole.

Dave loved the community of the La-
fayette Rotary Club where he served 
in several positions, including Trea-
surer. In later years, Dave enjoyed the 
community at University Place where 
he and Ann lived in West Lafayette. 
Dave was active in Faith Presbyterian 
Church.
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ASPRS STUDENT ADVISORY COUNCIL

YOUSSEF KADDOURA
COUNCIL CHAIR

EVAN VEGA
DEPUTY COUNCIL CHAIR

JASON MCGLAUGHLIN 
EDUCATION COUNCILOR

GERARDO ROJAS
DEPUTY EDUCATION COUNCILOR

TERRA MCKEE
COMMUNICATIONS COUNCILOR

JEFF PU
DEPUTY COMMUNICATIONS COUNCILOR

MADISON FUNG
SOCIAL MEDIA COMMITTEE CHAIR

AUSTIN STONE
NETWORKING COUNCILOR

VICTORIA SCHOLL
DEPUTY NETWORKING COUNCILOR

LAUREN MCKINNEY-WISE
CHAPTERS COMMITTEE CHAIR

DAVID LUZADER
SAC ECPC LIASON

GREETINGS FROM THE ASPRS STUDENT ADVISORY 
COUNCIL (SAC)!

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

their continued commitment to emerging technology, education, engagement, and 
fellowship.  Go Gophers!
The University of Minnesota ASPRS 
Student Chapter is made up of graduate 
students interested in remote sensing 
and geospatial education, research, 
and outreach advised by Dr. Joseph 
Knight. The current chapter has a great 
diversity of disciplines represented with 
students affiliated with the Department 
of Forest and Natural Resources; the 
Polar Geospatial Center; the Department 
of Soil, Water, and Climate; and the 
Department of Agronomy and Plant 
Genetics among others. 

The UMN Chapter was renewed by a 
group of graduate students who began to 
discuss their own research after an Advanced Remote Sensing class 
taught by Dr. Knight. Today, the chapter’s main mission embodies the 
spirit of the after-class discussions: to help further graduate student 
knowledge in remote sensing and geospatial sciences through student 
connection. In sharing and critiquing one another’s research, members 
have the opportunity to engage in problem solving for current on-
going research projects and learn new analysis techniques from one 
another. Students also use Chapter meetings to share presentations of 
their research to prepare for conferences or events. 

In addition to peer review of research projects, members also broaden 
their perspectives with reviews of journal articles covering new 
or relevant research to the field. To encourage engagement with 
community and networking, the ASPRS student chapter participates 
in regional events and various conferences. In the future, the UMN 
ASPRS Chapter plans to increase its networking opportunities with 
hosted guest speakers from industry members and academics. 

Dr. Joe Knight Connor  Anderson Cadan Cummings Leanna Leverich

Faculty Advisor President Vice President Secretary

Remote Sensing PhD Student MS Student PhD Student

Directs the Remote 
Sensing and Geospatial 

Analysis Laboratory 
at UM

Natural Resources 
Science and 
Management

Land and Atmospheric 
Sciences

Land and Atmospheric 
Sciences (m. 

Geographic Information 
Sciences)

Graduate student Tyler Nigon flying a drone equipped with a hyper-
spectral camera over wheat plots for development of remote sensing 
technique for disease detection (credit: Stacy Nodstrom, Department of 
Soil, Water and Climate).
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Region: Western Great Lakes

Faculty Advisor: Dr. Joe Knight, jknight@umn.edu

Current President: Connor Anderson, and03010@umn.edu

Social Media: https://www.facebook.com/asprs.umn.edu/

Graduate Student Cadan Cummings flying a DJI Matrice and TetraCam MCAW 
sensor over irrigation plots for detection of moisture stress in Becker, MN.

Research by Leanna Leverich utilizes the Quantix Drone equipped with a 
multispectral sensor to measure differences in canopy closure among a range of 
soybean seeding densities. Pictured above are three lab assistants from the Naeve 
Soybean Lab with the AeroVironment Quantix System: Maykon Junior da Silva, 
Carlos Sanchez, and Rafael Santana (left to right)

Save the 
Date!
Introducing 
the SAC 
Professional 
Development 
Series

mailto:jknight@umn.edu
https://www.facebook.com/asprs.umn.edu/


18 J anuar y  2021  PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING

ASPRSNEWS

Editor-In-Chief
Alper Yilmaz, Ph.D., PERSeditor@asprs.org

Associate Editors
Rongjun Qin, Ph.D., qin.324@osu.edu

Michael Yang, Ph.D., michael.yang@utwente.nl
Petra Helmholz, Ph.D., Petra.Helmholz@curtin.edu.au

Bo Wu, Ph.D., bo.wu@polyu.edu.hk
Clement Mallet, Ph.D., clemallet@gmail.com

Jose M. Pena, Ph.D., jmpena@ica.csic.es
Prasad Thenkabail, Ph.D., pthenkabail@usgs.gov

Ruisheng Wang, Ph.D., ruiswang@ucalgary.ca
Desheng Liu, Ph.D., liu.738@osu.edu 

Valérie Gouet-Brunet, Ph.D., valerie.gouet@ign.fr
Dorota Iwaszczuk, Ph.D., dorota.iwaszczuk@tum.de

Qunming Wang, Ph.D., wqm11111@126.com
Filiz Sunar, Ph.D., fsunar@itu.edu.tr
Norbert Pfeifer, np@ipf.tuwien.ac.at

Jan Dirk Wegner, jan.wegner@geod.baug.ethz.ch
Hongyan Zhang, zhanghongyan@whu.edu.cn
Dongdong Wang, P.h.D., ddwang@umd.edu

Zhenfeng Shao, Ph.D., shaozhenfeng@whu.edu.cn
Ribana Roscher, Ph.D., ribana.roscher@uni-bonn.de

Sidike Paheding, Ph.D., spahedin@mtu.edu

Contributing Editors

Highlight Editor
Jie Shan, Ph.D., jshan@ecn.purdue.edu

Feature Articles
Michael Joos, CP, GISP, featureeditor@asprs.org

Grids & Datums Column 
Clifford J. Mugnier, C.P., C.M.S, cjmce@lsu.edu

Book Reviews 
Sagar Deshpande, Ph.D., bookreview@asprs.org

Mapping Matters Column 
Qassim Abdullah, Ph.D., Mapping_Matters@asprs.org

Sector Insight
Lucia Lovison-Golob, Ph.D., lucia.lovison@sat-drones.com
Bob Ryerson, Ph.D., FASPRS, bryerson@kimgeomatics.com 

GIS Tips & Tricks
Alvan  Karlin,  Ph.D., CMS-L, GISP akarlin@Dewberry.com

ASPRS Staff

Assistant Director — Publications 
Rae Kelley, rkelley@asprs.org

Electronic Publications Manager/Graphic Artist 
Matthew Austin, maustin@asprs.org

Advertising Sales Representative 
Bill Spilman, bill@innovativemediasolutions.com

Journal Staff

New ASPRS Sustaining Member | 
Michael Joos Named as Feature Editor 

JOIN ASPRS IN WELCOMING GEOGRAPHIC 
IMPERATIVES LLC TO OUR FAMILY OF 
SUSTAINING MEMBER COMPANIES 

Geographic Imperatives LLC (GILLC) ….GILLC provides 
management consulting to organizations producing and 
selling Geospatial Technologies including sales, business 
development, and marketing consultation on company and 
product acquisitions, product strategies, segmentation, 
targeting, positioning and, international and US-based 
partner engagements. GILLC also provides advice and 
execution of sales strategies and tactics including resource 

deployment, partner and reseller engagement and sales incentives and 
compensation programs. Clients include companies providing products and 
services to the GeoInt, Public Safety, Criminal Justice, Infrastructure and 
other geospatial user communities and market sectors. GILLC was initiated in 
September 2002 and has been on-going ever since. Also, a 501 (c) (3) affiliate 
will be formed early in 2021 to support archiving and preservation of geospatial 
assets which are of geographic, cultural, prehistoric, and/or historic significance. 

“After many years as an individual and corporate affiliate member of ASPRS, 
we are excited to become a Sustaining Member. We believe ASPRS provides 
Sustaining Members like GILLC with a foundation for networking, research, 
business access, methods and techniques forums, technical exchanges, continuing 
education, community contributions, geospatial standards, and professional 
development including certifications“ said Jeffrey M. Young, Managing Director. 

LinkedIn references: https://www.linkedin.com/in/jeff-young-685b353/ 

https://www.linkedin.com/company/geographic-imperatives-llc/

Website link: http://geographicimperativesllc.com/ 

MICHAEL JOOS NAMED NEW PE&RS 
FEATURE EDITOR

Michael Joos, CP, GISP has been selected to serve 
as the new Feature Editor for Photogrammetric 

Engineering & Remote Sensing (PE&RS), effective 
December 1, 2020.  PE&RS is the official journal of the 
American Society for Photogrammetry and Remote 
Sensing (ASPRS).  

Joos, an ASPRS Certified Photogrammetrist and GISCI 
Certified GIS Professional, has more than 34 years of 
geospatial information and technology experience. Currently, 
Joos is the Director of Business Development with T3 Global 
Strategies.  He is also the Vice President of the Eastern 
Great Lakes Region of ASPRS and is a Past President of 
the Central Appalachia Chapter of the Urban and Regional 

Information System Association (URISA). Other participation in ASPRS 
includes serving on the Conference Planning Committee for the 2007 

mailto:PERSeditor@asprs.org
mailto:jshan@ecn.purdue.edu
mailto:cjmce@lsu.edu
mailto:bookreview@asprs.org
mailto:Mapping_Matters@asprs.org
mailto:rkelley@asprs.org
mailto:maustin@asprs.org
http://
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NEW ASPRS MEMBERS
ASPRS would like to welcome the following new members!

At Large
Gianni Xavier Cruz

Sean R. Lackie
Manu Sharma
Eni Xhaferaj

Cascadia
Erzhuo Che

Nicholas P. Kohler, PhD
Taylor Rife

Eastern Great Lakes
John M. Green

Mary Ellen Miller, PhD

Florida
Ali Alruzuq

Eldris C. Ferrer
Taylor Marie Whidden

Heartland
Anthony L. Nguy-Robertson

Mid South
Leila Donn

Bethany Grace Foust
Janiei B. Cantrell

Cole Crews
Yanan Duan

Nicholas Enwright

Joshua Hawley
Mitchell Sims Henry

Smriti Kandel
Nathan Kurtz

William Christopher Lyons
Lana L. Narine, PhD

Victoria G. Stack

North Atlantic
Hans Gehman

Pacific Southwest
Chandler Ross

Potomac
Jacqueline Carr
James D. Fraser

Patrick Clifton Gray
Matthew Hutchinson, PhD

Kerry L. Mapes
Jeffrey Douglas Morris

Rocky Mountain
Laura Collins

Raymond V. Sumner
Caroline Tyra

Western Great Lakes
Phillip Blaine Merrill, CP

FOR MORE INFORMATION ON ASPRS MEMBERSHIP, VISIT 
HTTP://WWW.ASPRS.ORG/JOIN-NOW

Your Path To Success In The Geospatial Community

Annual Conference in Tampa, FL, as well as moderating 
and presenting at several other ASPRS conferences. He 
is currently a member of the Pennsylvania Society of 
Land Surveyors (PSLS), the American Society of Highway 
Engineers (ASHE), and the American Council of Engineering 
Companies (ACEC), where he currently serves on the 
Legislative Outreach Committee. 

As Feature Editor, Joos will liaise with ASPRS Sustaining 
Member Companies and the PE&RS Production Team in 
publishing ASPRS Sustaining Member Companies articles in 
PE&RS. “Michael beings a strong well-rounded background 
in geospatial technology to the Feature Editor position,” said 
Rae Kelley, Director of Publications.  “PE&RS has always 
been a valuable resource to geospatial professionals. Michael 
will assist ASPRS Sustaining Members with publishing 
articles which demonstrate how their technology is being 
used in the industry.”

ASPRS ANNOUNCES THE 2021 
FELLOWS CLASS

2021 Recipients: Alper Yilmaz, John McCombs and 
Ramesh Sivanpillai 

Alper Yilmaz is a Professor in the Civil, Environmental 
and Geodetic Engineering Department at The Ohio State 
University. Dr. Yilmaz’s recent research focusses on AI 
based biomimetic navigation systems for unmanned systems 
for which he was inducted to the US National Academy of 
Inventors. He has over 180 publications and patents that 
received over 11,000 citations (according to Google Scholar). 
Among other honors, Dr. Yilmaz was awarded the Innovator 
of Year (OSU) in 2020, Presidential Citation in 2019 from 
ASPRS, honorable mention for the Masao Horiba Award 
(Japan) in 2016, the Lumley Interdisciplinary Research 
Award (OSU) in 2015, and the Lumley Research Award 
(OSU) in 2012.

Dr. Yilmaz chairs the Working Group 5 on Dynamic 
Scene Understanding of the ISPRS Technical Commission 
II. He has organized several conferences in the fields of 
Photogrammetry, Remote Sensing and Computer Vision. 
He is currently serving as Editor-In-Chief for the ASPRS 
Journal, Photogrammetric Engineering and Remote Sensing 
(PE&RS). During his leadership, the impact factor of PE&RS 
has increased to its highest point since its first volume. In 
2019, PE&RS was ranked 19th most downloaded journal 
among all 11,000 titles on the Ingenta Connect Platform. 

John McCombs has been a contractor with the NOAA 
Office for Coastal Management in Charleston, SC since 2003 
and is the Southeast and Caribbean Regional Geospatial 
Coordinator.  In that role he helps provide geospatial support 
for the coastal community, and acts as a point of contact 
for the NOAA Digital Coast. Prior to this, he served as the 
production lead for the Coastal Change Analysis Program, 
NOAA’s land cover and land cover change mapping program 
for 16 years.  During this time, he oversaw the production, 
quality assurance, and accuracy assessment of five eras of 
nationwide coastal land cover data sets, and many other data 
sets for targeted regions. Prior to coming to NOAA, John 
helped oversee two remote sensing labs in the Department 
of Forestry at Mississippi State University.  While at 
Mississippi State, John created the initial statewide National 
GAP Analysis land cover map, advised and helped multiple 
graduate students, and established the MSU Student 
Chapter of ASPRS.

John received a BS degree from Michigan State in Fisheries 

New ASPRS Members | 2021 ASPRS Fellows Class

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


20 J anuar y  2021  PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING

ASPRSNEWS
and Wildlife Management, a MS degree from Virginia Tech 
in Wildlife Management, and took additional graduate level 
course work at Mississippi State in Forestry and Remote 
Sensing.

John has been a member of ASPRS since 1999.  He served 
as the lead for the review and editing of remote sensing 
terms for the ASPRS Glossary of the Mapping Sciences, 
was the Climate Change Committee lead for the Remote 
Sensing Applications Division (RSAD), Assistant Director and 
Director of RSAD, Assistant Chair and Chair of the Technical 
Division Directors Council, ASPRS Board of Directors 
Member, and Technical Program lead for multiple ASRPS 
annual conferences.

Ramesh Sivanpillai is a remote sensing scientist with 
the Wyoming Geographic Information Science Center at 
University of Wyoming (UW) where he teaches remote 
sensing courses and directs the WyomingView program.  
In his native India, he received his BSc in Physics from 
PSG College of A&S, MSc in Environmental Studies from 
Cochin University of S&T, MPhil in Environmental Sciences 
from Bharathiar University, and in the US, an MS in 
Environmental Sciences & Policy from the University of 
Wisconsin, Green Bay, and his PhD in Forestry from Texas 

A&M University. At UW he teaches an applied remote 
sensing course and advises undergraduate students on 
research projects. Since 1992, he has been working with 
aerial photos and on digital processing of remotely sensed 
data for applications in forestry, rangeland, agriculture, 
water bodies, disaster assessment, and land cover/land use 
mapping. He has worked with national and international 
agencies, and academic institutions in India, the US, Mexico, 
Mali, Nicaragua, Kazakhstan, Uzbekistan, Russia, Kenya, 
and Australia.  He has served on the Board of Directors of 
AmericaView and is a member in the board of the ASPRS 
Rocky Mountain Region.  He is serving as associate editor for 
the Journal of Applied Remote Sensing, a position he has held 
since 2008 and Frontiers of Earth Science since 2014.

The designation of Fellow is conferred on active mid-career 
members of the Society who have performed exceptional 
contributions in advancing the science, technology and use of 
the mapping sciences in service to ASPRS continuously for at 
least the last 10 years. 
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SIP-Based Inversion Model of 
Mining-Induced 3D Deformation

Fuquan Tang, Jingcai Huang, Longkai Dong, Pengfei Li, and Zhaocun Yan

Abstract
Underground mining causes many forms of surface defor-
mation, including vertical subsidence as well as strike and 
dip horizontal displacement. Differential interferometric 
synthetic-aperture radar (D-InSAR) has become a widely 
applied technique for precise and detailed mapping of the 
Earth’s surface deformation caused by underground mining. 
However, the technology can only detect a one-dimensional 
displacement in the satellite’s line of sight. To address this 
deficiency, we propose an improved three-dimensional dis-
placement inversion model based on symmetry characteris-
tics (imDIMSC) of a mining subsidence basin by the stacking 
technology of multiple single-track InSAR pairs. In this study, 
both field-observed surface displacement and simulated data 
were applied to calibrate and validate the proposed imDIMSC 
model. A methodology and algorithm were then developed to 
determine the symmetrical center for the two special mining 
circumstances. Comparison of the field-observed data, the 
proposed methodology, and the imDIMSC model provided 
significantly more accurate 3D displacement estimations.

Introduction
China is one of the world’s leading countries in the develop-
ment of coal resources, boasting an annual output of nearly 
four billion tons, 95% of which comes from longwall mining 
(L. Q. Wang and Yang 2005). Over the years, this large-scale 
and high-intensity underground coal mining has unfortunate-
ly led to widespread surface subsidence and various deriva-
tive disasters. Therefore, monitoring the surface deformation 
caused by underground coal mining has become a routine 
process in environmental protection research. Global posi-
tioning systems, traverse, leveling, and other conventional 
methods are commonly utilized in the monitoring of surface 
deformation near mining areas. In recent years, new technolo-
gies such as UAV photogrammetry, 3D laser scanning, and 
radar remote sensing have also been promoted. Compared to 
these traditional deformation detection methods, however, 
spaceborne repeat-pass interferometric synthetic-aperture 
radar (InSAR) has the advantage of being acquired during 
both day and night. Using InSAR technology, we are able to 
acquire continuous planar deformation data instead of only 
spot-station information (Lu et al. 2002; Liao and Lin 2003); 
InSAR technology is a form of noncontact monitoring which 
is characterized by continuous large spatial coverage, high 
automation, and high precision over short time periods. Its 
monitoring precision can reach centimeter or even millimeter 

accuracy, and the processing of SAR data is highly automated 
(J.J. Zhu et al. 2011). In recent years, this technology has seen 
widespread use in the fields of ground subsidence monitoring 
and geological disaster prevention (Massonnet et al. 1993; Hu 
et al. 2012; Ji et al. 2019).

In contrast to conventional ground subsidence, a regular 
and symmetrical surface subsidence basin caused by longwall 
mining will be formed above the working face, because the 
surface subsidence process is highly dependent on under-
ground mining. The surface deformation process includes not 
only vertical subsidence but also significant horizontal move-
ment. Moreover, the horizontal displacements at the edge of 
the subsidence basin are even larger than the corresponding 
vertical subsidence. However, because traditional differential 
InSAR (D-InSAR) techniques can only measure 1D deformation 
of mining areas along the radar line-of-sight (LOS) direction, 
their use in monitoring mining subsidence is very limited. In 
recent years, research has been conducted on retrieving 3D 
displacement by single-track InSAR pair (SIP). Since those stud-
ies simply project SIP-acquired LOS displacement in the direc-
tion of subsidence, movement in the horizontal direction, 
which has an important influence on the surface subsidence 
basin, is ignored.

Some approaches have also tried utilizing multi-SAR im-
ages acquired from different multi-orbits to establish a set of 
equations for LOS displacement and 3D deformation (Liu et al. 
2012; Zhang and Wang 2014; Fan et al. 2017). Those equa-
tions are then used to estimate the 3D displacement of the 
surface subsidence basin using the least-squares or weighted 
least-squares method. Though this method does not need to 
assume that there is a mathematical relationship between 
horizontal displacement and vertical subsidence of ground 
points, it requires more than two InSAR pairs with significant 
geometric differences, which is hard to acquire practically. 
Since it is difficult for InSAR pairs of different radar satel-
lite platforms to maintain the same orbiting time, different 
systematic errors of LOS displacement measured in differ-
ent orbits result. Hence, it is difficult to meet the accuracy 
requirements needed to properly estimate 3D displacement.

In recent years, a method for predicting 3D mining-in-
duced displacements based on the InSAR technique and prob-
ability integral method was proposed by Yang et al. (2016). 
Using a probability integral function relationship between 
vertical subsidence and horizontal displacement in the stable 
state of the surface, the vertical subsidence was described as a 
function of horizontal displacement. Yang et al. (2017, 2018) 
have also retrieved the 3D displacement of a mining area by 
using an offset-tracking and single-amplitude pair technique. 
This method assumes that the horizontal displacement gradi-
ent of any surface point on a mining surface has a proportion-
al relationship with the subsidence gradient. Therefore, the 
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horizontal displacement of each pixel in the subsidence basin 
can be calculated from the corresponding amount of physical 
ground subsidence to retrieve the 3D displacement inver-
sion in the mining area. However, multiple field measure-
ments have indicated that subsidence gradient and horizontal 
displacement have a much more complicated relationship. 
Therefore, the probability integral method and other simpli-
fied mathematical models cannot be used to comprehensively 
describe this relationship. In addition, the surface is subject to 
continuous deformation processes during a mining operation, 
so the dynamic distribution characteristics of surface subsid-
ence and horizontal displacement are very complex. Because 
of these complexities, existing mining subsidence theory does 
not support the construction of a mathematical expression to 
accurately describe the dynamic deformation process. These 
previous attempts at retrieving 3D displacement based on the 
assumption of a functional relationship between the verti-
cal subsidence and horizontal displacement of a mining area 
have certain limitations as well.

According to current mining subsidence theory, the 
surface moving basin has distinct symmetrical characteristics 
underneath the mining condition of its flat longwall face (Cao 
et al. 2006). So we have proposed a 3D displacement inver-
sion model based on symmetry characteristics (DIMSC) with 
SIP in the mining area (Tang et al. 2019). This method first 
searches for two symmetrical points in the subsidence basin, 
after which it sets up the geometric equations concerning the 
LOS displacement and the 3D displacement of the symmetri-
cal points. Finally, the 3D displacement of the ground points 
is calculated and derived from the equations. In this method, 
horizontal displacement and subsidence are the independent 
variables, which is in accordance with the basic principle of 
subsidence in the near-horizontal mining working face. This 
method provides us with a new way to retrieve 3D displace-
ment in the mining area by SIP. However, it is subject to 
apparent limitations. It only uses the LOS observation values 
of two symmetrical points to establish a function containing 
two independent variables of horizontal displacement and 
subsidence. Once the horizontal displacement vector has 
been solved, the direction of the horizontal displacement 
is assumed to point to the center of maximum subsidence, 
and this assumption is used to resolve the dip and strike 
horizontal displacement on the working surface. In fact, the 
three components of subsidence and strike and dip horizontal 
displacement at any point in the surface subsidence basin of 
flat seam mining are independent of each other. Therefore, er-
rors are still expected in the 3D displacement decomposed by 
this simplified processing method. According to the mining 
subsidence law, the surface moving basin of flat seam min-
ing can be divided into four symmetrical areas, and there are 
four deformation symmetry points. Therefore, the functional 
relationship can be established between the LOS observation 
values of the four symmetrical points and the three indepen-
dent variables (subsidence and strike and dip horizontal dis-
placement). The least-squares (LS) principle is used to solve 
the three unknown components. The new method is of greater 
universality through making full use of the symmetry charac-
teristics of the surface moving basin and the independence of 
the three displacement components.

This article first introduces the principle of the improved 
DIMSC (imDIMSC) method. Then the 3D displacement results are 
obtained based on simulated LOS data and real SAR data of the 
Yushen mining area in China. In addition, a further discussion 
is undertaken on the symmetry characteristics of the surface 
movement, the method of determining the center of sym-
metry, and the influence of the LOS displacement error on 3D 
displacement, to justify the robustness of the imDIMSC method.

The InSAR-Based imDIMSC Method
The Basic Characteristics of Mining Subsidence
In China, longwall (rectangular) face caving mining is by far 
the most popular retreat mining technique. According to min-
ing subsidence theory, the overlying strata of horizontal coal 
seams are geometrically and physically isotropic. So with a 
simple rectangular and nearly horizontal coal-mine excava-
tion, a surface movement basin should follow a regular sym-
metrical distribution. Moreover, the symmetry axis should 
pass through the center of the goaf section and parallel to the 
main section of the working face. The result is that the center 
of the surface movement basin will be directly above the goaf 
center while the subsidence and horizontal displacement 
of any point will be symmetrical to the strike and dip main 
section (He et al. 1991). Therefore, based on these features 
always being symmetrical, a set of observation stations only 
needs to be set up on one side of the open cut. The field data 
collected by those stations will be utilized to describe the 
whole movement basin.

Figure 1 illustrates the deformation characteristics of a hor-
izontal coal seam excavation. The symmetrical center of the 
surface moving basin is located at the maximum subsidence 
point O, which is right above the goaf center. The symmetry 
axis passing through point O is parallel with the main section 
Z1–Z2 as well as the dip main section Q1–Q2. Thus, the surface 
moving basin can be divided into four symmetrical regions (I, 
II, III, and IV), and further generates a set of four symmetrical 
points. In the set of four symmetrical points (P1, P2, P3, and 
P4), the vertical subsidence and horizontal displacement are 
equal while the movement in the horizontal direction points 
to the center O. Therefore, four equations can be developed 
to describe the relationship between LOS displacement and 
3D deformation. Using the LS method, the three variables of 
subsidence and strike and dip horizontal displacement of the 
symmetrical points can be solved. In Figure 2, subsidence 
curves (1) and horizontal displacement curves (2) represent 
the deformation of the strike main section Z1–Z2 and the dip 
main section Q1–Q2 in Figure 1, respectively. As can be seen 
from Figure 2, the subsidence and horizontal displacement 
on the main section are symmetrical to point O (Deng et al. 
2014).

Geometric Relationship Between LOS Displacement and 3D Deformation
The horizontal displacement is usually the sum of the hori-
zontal displacement in the east and north directions. This 

Figure 1. Symmetrical characteristics of a surface moving 
basin in the mining area.
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means that LOS displacement can be expressed as the sum of 
horizontal displacement (east–west and south–north hori-
zontal displacement) and subsidence (Rodriguez and Martin 
1992; Hanssen 2001; Y. Wang et al. 2014).

The functional relationship between LOS displacement and 
3D displacement (Figure 3) can be expressed as

d W U ULOS N h E h= − −( ) + −( ) cos sin cos / sin /θ θ α π α π3 2 3 2 , (1)

where dLOS is the LOS displacement of the ground point, with 
positive direction from the ground target to the aircraft; UE, 
UN, and W are the east–west horizontal displacement, south–
north horizontal displacement, and subsidence, respectively; 
θ is the radar incidence angle; and αh is the flight azimuth of 
the radar satellite.

For the surface movement caused by underground exca-
vation, the displacement vector of any point is the sum of 
vertical subsidence, strike horizontal displacement, and dip 
horizontal displacement. Figure 4 demonstrates the geometric 
relationship between LOS displacement dLOS, vertical subsid-
ence W, strike horizontal displacement UT, and dip horizontal 
displacement UI. The functional relationship between those 
variables is

d W U ULOS I T h T T h= − −( ) − −( )cos sin cos sin sinθ θ α α θ α α , (2)

where W is the surface subsidence, with direction is vertically 
upwards; UT is the strike horizontal displacement pointing 
to the mining direction, and is a positive value; UI is the dip 
horizontal displacement, which is perpendicular to the min-
ing direction and points to the left of the mining direction; 
αT  is the azimuth angle of the mining direction; and other 
symbols represent the same variables as in Equation 1.

The Principle of the imDIMSC Method
Illustrated in Figure 4, the four symmetrical points P1, P2, 
P3, and P4 within a movement basin were used to establish 
the four systems of Equation 3, which represent the relation-
ships between LOS displacement and 3D displacement. The 
unknown variables are W, UT, and UI. Prior to solving those 
equations, however, the SAR-image coordinates for those four 
symmetrical points must be transformed to the same coordi-
nate system as the working surface. Thus, we assigned the top 
left corner of the image to be the coordinate origin point, and 
the rows (columns) as the x′-axis (y′-axis) of the SAR-image 
coordinate system. We also use the upper left corner of the 
working face as the coordinate origin, and set the direction 
along (perpendicular to) the mining direction as the x-axis 
(y-axis) of the working-face coordinate system. After the SAR-
image coordinate system is transformed to match the work-
ing-face coordinate system, every pixel can be reassigned to 

its corresponding coordinate in the working-face coordinate 
system.

Based on Equation 2, the geometric equations of LOS and 
3D displacement of symmetrical points can be expressed by

( )d

d

d

d

LOS

LOS

LOS

LOS

T( )

( )

( )

( )

cos sin cos1

2

3

4





















=

− −θ θ α α θ α α
θ θ α α θ α α
θ

h T h

T h T h

− −( )
−( ) − −( )

sin sin

cos sin cos sin sin

cos siin cos sin sin

cos sin cos sin sin

θ α α θ α α
θ θ α α θ α α

T h T h

T h T

−( ) −( )
− −( ) − hh

I

T

W

U

U( )





















⋅















. (3)

Figure 2. (a) Horizontal displacement and subsidence curves on the strike main section. (b) Horizontal displacement and 
subsidence curves on the dip main section.

Figure 3. Relationship between line-of-sight displacement 
dLOS, subsidence W, and east and north horizontal 
displacement UE and UN.

Figure 4. Relationship between line-of-sight displacement 
dLOS, subsidence W, and strike and dip horizontal 
displacement UT and UI.
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Next, Equation 3 can be applied to the entire SAR image as

 L + Ω′ = G·X, (4)

where Ω′ is the comprehensive error for LOS displacement.
The 3D displacement for any point can then be resolved 

using the LS principle:

 
X̂ G G G L= ( )−Τ Τ1
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In these equations d(i,j) is the LOS displacement of any 
particular point; (p,q) is the coordinates of the symmetrical 
center in the working-face coordinate system; θ is the radar 
incident angle; αT is the azimuth of the excavation direction; 
αh is the azimuth of the satellite flight direction; and m and n 
are the number of range and azimuth measurements.

Algorithm Implementation and Validation of the imDIMSC Model
The Algorithm Flow of the imDIMSC Model
To utilize the algorithm of the imDIMSC model, the geometric 
parameters including the flight azimuth of the satellite αh, 
radar satellite incidence angle θ, and azimuth of excavation 
advancing direction αT have to be derived utilizing the mining 
area’s historical mining data and SAR image parameters. With 

those geometric parameters acquired, we then retrieve the 3D 
displacement as follows:
1. Read LOS displacement data and obtain the known param-

eters αh, θ, and αT.
2. Transform the LOS image from the SAR-image coordinate 

system to the working-face coordinate system.
3. Determine the coordinates of the symmetrical center (x0, y0).
4. Search out any four symmetrical points on the ground and 

establish geometric equations regarding LOS displacement 
and 3D displacement for all symmetrical points. Then 
calculate their 3D displacement (w, UI, UT) using the LS 
method.

5. Map the 3D displacement of the whole movement basin.

Verification of the imDIMSC Model
Computer numerical simulation has been widely used in 
mining subsidence research (Xie et al. 1999; Q. Wang 2014). 
To avoid interference of asymmetrical errors in the measured 
data, this study uses simulated 3D displacement under simple 
working-face conditions, with deformation data simulated 
by Fast Lagrangian Analysis of Continua in 3 Dimensions-
FLAC3D (FLAC3Din 3 Dimensions) software. The simulated 
excavation face is horizontally oriented and rectangular. Its 
mining thickness is 6 m, the mining length and width are 500 
and 300 m, respectively, the depth of the buried coal seam is 
250 m, and the average thickness of the surface loose layer is 
30 m. The ground is simplified to be flat, and the overlying 
strata are sandstone, mudstone, and shale.

Figure 5a–c shows the varying contours of simulated sur-
face dip, strike, and subsidence displacement, respectively. 
Additionally, the horizontal displacement and subsidence 
curves are drawn along the strike main section Z1–Z2 and dip 
main section Q1–Q2, respectively (Figure 6). As can be seen 
from Plates 4a–c and 5, the 3D displacement of a surface mov-
ing basin is symmetrical with the strike main section Z1–Z2 
and the dip main section Q1–Q2.

Let us assume that our radar remote-sensing satellite has a 
flight azimuth of −13° and a radar incidence angle of 39.13°. 
The simulated LOS displacement is illustrated in Figure 
5d by Equation 2. While performing our error analysis, we 
added 10 mm of white Gaussian noise into the simulated LOS 
displacement, which caused the point with the maximum LOS 
displacement to be off from the theoretical center point O of 
the surface moving basin (Figure 5). Using our algorithm and 
model as well as Equation 5, the dip horizontal displacement, 
strike horizontal displacement, and subsidence can all be 

Figure 5. (a to c) 3D displacement simulation data. (d) Simulated line-of-sight displacement data. (e to g) Inverted 3-D 
displacement results. (h) Subsidence ignoring horizontal displacement. All images were generated using the imDIMSC model.
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resolved (Figure 5e–g, respectively). These results show that 
the horizontal displacement and subsidence contour still 
have the standard symmetrical distribution characteristic, 
which is consistent with Figure 5a–c.

The simulated LOS displacement was also projected in the 
subsidence direction, to compare the effectiveness of using 
the imDIMSC method in such situations. The result in Figure 
5h shows that the maximum subsidence center is significant-
ly off from the goaf center and that the moving basin loses its 
symmetry characteristics, indicating that direct projection of 
LOS displacement will introduce a significant error.

Real Data Application
Study Area and Experience Data
In order to prove the practicability of using the imDIMSC 
model in InSAR #d deformation monitoring of mining areas, 
the ground deformation area of the Yushen comprehensive 
excavation face was selected as a research subject. The study 
area is located in the Yushen mining area, which is on the 
border of the Mu Us Desert and the loess plateau of northern 
Shaanxi. This area is one of the most important coal produc-
tion bases in China, with an annual output of 200 million 
tons of raw coal. The northwest part of this area is a hilly 
landform with low desert, which is mainly composed of 
relatively flat desert beaches. The eastern and southern parts 
of this study area are mainly girder with a very hilly terrain. 
The ground elevation of the working face is about 1210–1240 
m and is generally higher in the east and lower in the west. 
The excavation face is 300 m wide and 3200 m long, with an 
average mining depth of 250 m. Excavation on the working 
face began on February 1, 2018, and lasted until December 
1, 2018. After the underground mining process, a regular 
moving basin was formed on the surface. To collect field 
deformation data, the surface deformation on the main sec-
tion was dynamically monitored by a conventional observa-
tion station. At the same time, 30 Sentinel-1A radar images 
were acquired from January 6, 2018, to January 13, 2019. The 
range resolution for those SAR images is 5 m, the azimuth 
resolution is 20 m, and the repeat cycle is 12 days. The im-
age pair has high temporal resolution, spatial resolution, and 
coherence. Figure 7 shows the SAR-image coverage area.

(a)

(b)

Figure 6. (a) Subsidence and horizontal displacement curves 
of the strike main section. (b) Subsidence and horizontal 
displacement curves of the dip main section.

Figure 7. Geographical location of the Jinjitan coal-mining area.
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In order to obtain the long-term differential interference 
results covering the entire mining time, this article adopts the 
stacking D-InSAR method for finding LOS displacement. The 
stacking D-InSAR method is based on the superposition of mul-
tiple differential interference results, so it is first necessary to 
perform D-InSAR processing on multiple adjacent interference 
images. D-InSAR technology consists of SAR image processing—
image registration, interference image generalization, and 
image rectification using a digital elevation model—as well 
as differential interference, filtering of interferographs, and 
phase unwrapping. After the SAR images were processed with 
D-InSAR technology, we applied stacking technology to process 
them further (Zhao et al. 2008). The resulting LOS displace-
ment of the whole excavation face is illustrated in Figure 8a. 
The result demonstrates an obvious deviation between the 
deformation range and the center of the underground working 
face. Moreover, the deformation range is not symmetrical with 
the strike main section and dip main section.

Inversion Results of 3D Displacement
After decomposition of the LOS displacement using the 
imDIMSC model, the results of the surface subsidence, strike 
horizontal displacement, and dip horizontal displacement 
are shown in Figure 8b–d, respectively. The distributions of 
surface subsidence and horizontal displacement show good 
symmetry, which matches the data collected by field stations 
on the surface movement basin along its main section. Using 
a simple projection of LOS displacement, however, it was evi-
dent that the subsidence center was significantly off from the 
center of the goaf (Figure 8a). Comparing these two results, 

we believe the imDIMSC model is a more accurate estimator of 
3D displacement.

Extracting Surface Subsidence Boundaries
In consideration of the random errors that occur during field-
data collection, we defined 10 mm as the lower bound of 
subsidence measurement. Due to the millimeter-level random 
errors within SAR data, it is difficult to detect the subsidence 
basin’s edges using the basin map directly derived from the 
D-InSAR method. However, the delta of subsidence of two 
neighboring pixels near the basin boundary can significantly 
enhance the basin edge. It can be observed that the change of 
subsidence delta decreases gradually from its maximum down 
to zero while moving along the section from the center of the 
basin to the basin edge. Thus, a location with a delta value of 
zero is most likely at the edge of the basin. The blue polygon 
(Figure 9) represents the detected edge of the subsidence basin.

In past research, points with 10 mm subsidence were 
simply treated as the subsidence boundary points, with LOS 
displacement projected in the subsidence direction and the 
influence of horizontal displacement completely ignored (Li 
et al. 2017). The green polygon in Figure 9 represents the 
basin boundary derived using this simplified method. The 
horizontal displacement near the subsidence boundary is 
larger than the subsidence, and the green boundary is far from 
the actual subsidence boundary. Because horizontal move-
ment near the basin boundary is much larger, the method’s 
lack of consideration for horizontal displacement significantly 
shifted the basin boundary.

Figure 8. Line-of-sight displacement and inverted 3D displacement results. (a) Line-of-sight displacement map. (b) 
Subsidence map. (c) Strike horizontal displacement map. (d) Dip horizontal displacement map.
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Calculating the Surface Movement Parameters
Usually, field strike and dip observations are used to deter-
mine surface movement parameters, which include both 
boundary angle and movement angle. Boundary angle is the 
angle between the horizontal line and the line connecting the 
goaf boundary to the basin edge point. Movement angle is the 
sharp angle between the horizontal line and the line from a 
goaf boundary point to the critical deformation point at the 
extreme edge of a moving basin.

We set three critical deformation values: tilt deformation 
gradient = 3 mm/m, deformation curvature = 0.2 mm/m2, 
and horizontal deformation gradient = 2 mm/m. We can use 
these three parameters to determine the dangerous deforma-
tion boundary of the surface moving basin, as shown by the 
red polygon in Figure 10. The deformation profiles along the 
strike main section Z1–Z2 and dip main section Q1–Q2 are 
shown in Figure 11. The strike and dip boundary angles are δ0 
and β0, respectively, and the strike and dip movement angles 
are δ and β.

To compare the accuracy of the three different method-
ologies, we listed movement parameters as derived by the 
imDIMSC method, by the method ignoring horizontal displace-
ment, and from field-station observations. From Table 1, it is 
obvious that movement parameters estimated by the method 
ignoring horizontal displacement deviate significantly from 
the field-station observations, whereas those derived by the 
imDIMSC method closely match the field-observed results, 
indicating that the imDIMSC method can accurately extract the 
subsidence boundary, dangerous deformation boundary, and 
movement parameters of a surface moving basin.

Table 1. Comparison of the ground movement parameters 
retrieved using three different methods.

Parameter
imDIMSC 
Method

Ignoring Horizontal 
Displacement

Field-Station 
Observations

δ0 (°) 57
42

56
>90

β0 (°) 54
57

55
39

δ (°) 78
63

73
>90

β (°) 75
74

74
50

Discussion
Compared to traditional measurement methods, D-InSAR tech-
nology is a noncontact monitoring technology that has the 
advantage of being acquired at both day and night. Further-
more, it is characterized by continuous spatial coverage, high 
automation, and high precision (Lu et al. 2002; Schaefer et 
al. 2017). In recent years, this technology has become widely 
used in ground subsidence monitoring and geological disaster 
prevention (Massonnet et al. 1993; Hu et al. 2012). Based on 
the characteristics of SIP and the symmetrical characteristics 

of moving basins, our proposed imDIMSC method can accurate-
ly estimate 3D displacement of any points and determine the 
precise surface movement parameters for most common cases. 
However, due to the complexity of mining geological condi-
tions, the dynamic process of surface dynamic deformation, 
InSAR LOS displacement errors, and other factors which can 
affect the accuracy of the imDIMSC model, we want to further 

Figure 9. The blue curve is the subsidence boundary 
obtained using the imDIMSC model; the green closed 
curve is the subsidence boundary obtained by ignoring the 
horizontal displacement.

Figure 10. Subsidence boundary and dangerous movement 
boundary of the surface moving basin.

Figure 11. Schematic diagram of the boundary angle and movement angle. (a) Ground movement profile in the strike 
direction. (b) Ground movement profile in the dip direction.
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discuss how to apply our model to different mining circum-
stances, such as an asymmetrical surface moving basin caused 
by complicated geological conditions and a dynamic surface 
moving basin during the mining process.

Asymmetrical Surface Moving Basin
Typically, the surface moving basin formed by the excava-
tion of a near-horizontal rectangular coal seam has a standard 
symmetrical feature, and its center of symmetry is right above 
the geometric center of the goaf. Knowing the position of the 
mining face allows subsequent determination of the position 
of the working-face center, the strike main section, and the 
dip main section. However, because of the complexity of geo-
logical mining conditions, the actual surface movement basin 
is not perfectly symmetrical. Taking the field-station observa-
tions of the working face described earlier as an example, the 
subsidence and horizontal displacement curves of the dip 
main section are illustrated in Figure 12.

As we can see from Figure 12, though both subsidence 
and horizontal displacement demonstrate a good symmetrical 
characteristic about the center of the surface moving basin, a 
certain amount of asymmetry still exists. To analyze the sym-
metry differences, the subsidence and horizontal displace-
ment distinction of each symmetrical pair of points and the 
statistical parameters were calculated. The standard devia-
tion of subsidence is 31 mm, or 0.8% of the maximum. The 
standard deviation of horizontal displacement is 42 mm, or 
3.3% of the maximum. The asymmetry is minor, but we still 
need to consider this asymmetrical difference when calculat-
ing the 3D displacement and the critical parameters of the 
surface moving basin. Moreover, it can be observed from both 
simulated data and field-station monitoring that horizontal 
displacement is obviously greater than at the edge of the 
surface movement basin. This indicates that it is necessary to 
utilize InSAR technology when detecting moving basin bound-
aries and surface movement parameters, as well as for further 
retrieving the 3D displacement from LOS displacement.

Determination of Symmetrical Center of Surface Movement
After the surface movement is stabilized, the center of the 
surface movement basin can be directly derived using the 
geometric center of the coal face. However, a the dynamic 
surface moving basin formed by excavation processes or a 
stable surface movement basin caused by mining an inclined 
coal seam, it is hard to directly calculate the surface symme-
try center based on the geometric center of the goaf. We will 
introduce an algorithm to identify a center of symmetry for 
these circumstances.

Determination of the Center of Symmetry of a Dynamic Moving Basin
The impact of underground mining on the land surface is a 
spatiotemporal process, with the surface moving basin being 
dynamically formed by the mining process. Consequently, 
the center of the surface dynamic moving basin usually lags 
behind the center of the goaf during the mining process. The 
surface dynamic moving basin still maintains symmetrical 
characteristics in the dip direction of its flat working face, and 
its axis of symmetry is the strike main section passing through 
the center of the goaf. The subsidence of each symmetrical 
point pair on the axis of symmetry is equal, and their horizon-
tal displacements are equal as well, but in opposite direc-
tions. Based on those characteristics, we propose an algorithm 
to locate the center O of any dynamic surface moving basin 
using LOS displacement of symmetrical point pairs.

The simulated deformation data discussed earlier are 
used to explain the algorithm. Here, the image size is 79×101 
pixels, the pixel size is 10×10 m, the coordinate with the 
maximum subsidence is (51, 41), and the coordinate with the 
maximum LOS displacement is (46, 41).

Given the LOS displacement of each symmetrical point 
pair along the main section, the horizontal displacement 
and subsidence of each pixel along the main section can be 
solved using Equation 6. We know that the possible center 
for this dynamic surface moving basin must be somewhere 
on the main section, so we can take the points along the 
main section as hypothetical centers of symmetry (p = 40, 41, 
…, 60) and further calculate the subsidence and horizontal 
displacement curves using Equation 6. Figure 13 illustrates 
the subsidence and horizontal displacement curve for each 
hypothetical symmetric center.
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where W(i, j) is the subsidence of any ground point on the 
mining area; UT is the strike horizontal displacement; dLOS(i, 
j) is the LOS displacement of any ground point; p is the x-axis 
coordinate of the center of symmetry; θ is the radar incidence 
angle; αh is the azimuth angle of the flight direction; and αT is 
the azimuth of the mining direction.

As seen in Figure 13, when p ≤ 40 the direction of horizon-
tal displacement is off from the center of the goaf and points 
to one side of the coal pillar, which obviously violates mining 
subsidence theory and best practice. When p = 44, …, 48, 
there is no obvious crest along the horizontal displacement 
curve and the maximum horizontal displacement is almost 
zero, which is counterintuitive. When p > 51, the maximum 
horizontal displacement is greater than the maximum sub-
sidence, and the endpoints of the two displacement curves 
(the horizontal displacement curve and subsidence curve) 
do not touch the zero-axis. This obviously violates mining 
subsidence rules, and indicates that those points are not the 
center of symmetry. When p = 51, the direction of horizontal 
displacement points to the center of the goaf, its curve has an 
obvious crest, and its peak value is less than the maximum 
subsidence value. Additionally, the horizontal displace-
ment and subsidence at the end of a moving basin edge will 
converge to zero. Those characteristics of subsidence and 
horizontal curve for p = 51 matches mining subsidence theory 
and best mining practice. Thus, p = 51 should be the center of 
symmetry. Based on this analysis, we developed an algorithm 
to search for the center of symmetry as follows:

Figure 12. Surface subsidence and horizontal displacement 
of the actual station observations.
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1. Extract the LOS displacement of each pixel from left to 
right along the strike main section. The coordinates for 
each comprise a set.

2. Choose the point near the selected pixel that has the maxi-
mum LOS to act as the hypothetical center of symmetry. 
Let us assume that N hypothetical centers of symmetry are 
selected. Using Equation 6, N sets of horizontal displace-
ment and subsidence curves are mapped.

3. From the N sets of subsidence and strike horizontal 
displacement curves, the one that meets the following 
requirements will be selected as the most practical curve: 
the direction of horizontal displacement points to the 
center of the goaf; the horizontal displacement curve has 
an obvious wave peak; the peak value is less than the 
maximum subsidence; and the ending points of both the 
horizontal displacement and subsidence curves are close 
to zero.

4. The hypothetical center, which is used to map the best 
practical curve, is the center of symmetry of the surface 
dynamic moving basin.

Determination of the Center of Symmetry of Surface Moving Basins in 
Inclined Coal-Seam Mining
According to mining subsidence rules, the strike main section 
of a surface moving basin is symmetrical about the center 
of the goaf under the conditions of an inclined coal-seam 
excavation, and is similar to the mining subsidence character-
istics of a near-horizontal coal seam. However, the maximum 
subsidence point along the dip main section is no longer right 
above the center of the goaf. The horizontal displacement and 
subsidence curves are illustrated in Figure 14.

The approximate distance between the center of sym-
metry and the goaf center along the descending direction of 

the working face can be estimated as follows: extract the LOS 
displacement for each pixel along the dip main section; get 
the list of the hypothetical centers of symmetry along the 
downhill direction of the main section; and test each hypo-
thetical center of symmetry to determine the true center of 
symmetry for the surface moving basin, as discussed in the 
previous section.

Error Analysis of the imDIMSC Model
LOS observations inevitably contain random errors, which will 
affect the 3D displacement inversion results. This study chose 
the stacking D-InSAR method to obtain InSAR LOS displacement. 

Figure 13. Surface subsidence and horizontal displacement curves of different hypothetical centers of symmetry.

Figure 14. Surface displacement curve of dip main section 
above the inclined coal seam. (1) is the subsidence curve, 
(2) is the horizontal displacement curve, and point O is 
the center of symmetry. The position relationship between 
point O and the center of the goaf is represented by the 
maximum subsidence angle θ′. When the coal-seam dip 
angle α is greater than 0° and less than 90°, θ′ is related to α.
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The accuracy of LOS deformation detected by InSAR is affected 
by a variety of errors, such as atmospheric delay error, satel-
lite platform elevation error, digital elevation model error, 
random phase error, and baseline estimation error (Liu 2005). 
It is assumed that the process of decomposition displacement 
is independent, and that the 3D displacement error is mainly 
caused by LOS displacement observation error.

In Equation 5, the coefficient moment matrix G of size 4×3 
can be determined by satellite and working-face parameters. 
The weight matrix P is the 4×4 unit diagonal matrix. Thus, 
the matrix (GTPG)−1GTP can be determined as
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The variance matrix D(X) of 3D displacement can be ex-
pressed as
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In these equations, σW(i,j), σUI(i,j)
, and σUT(i,j) are the root-mean-

square error (RMSE) of subsidence, dip horizontal displace-
ment, and strike horizontal displacement, respectively; σL(i,j) 
is the RMSE of LOS displacement observations; (p, q) is the 
coordinates of the center of symmetry; and  (m, n) is the coor-
dinates of the lower-right corner in our study area.

To evaluate the reliability of the model, simulated LOS dis-
placements with 10-mm white Gaussian noise are used for er-
ror analysis. The RMSE of the derived 3D displacement results 
is calculated from Equation 8, as shown in Table 2.

From Table 2, it is observed that the subsidence error 
is less than the LOS observation error estimated with the 
imDIMSC model. The reason is that this radar satellite follows 
a trajectory from south to north (ascending), resulting in the 
sensor being less sensitive to north–south displacement than 
displacement in other directions. However, the dip direction 
of the simulated working surfaces is approximately the north–
south direction, so the error of the dip horizontal displace-
ment is slightly larger.

Table 2. Root-mean-square error of 3-D displacement 
estimated using the imDIMSC method.

Displacement Component W UI UT

Error (m) 0.007 0.014 0.010 

After adding 10-mm white Gaussian noise to the LOS 
displacement, we observed that the decomposed subsidence 
error is still around 7 mm, indicating that the accuracy of 3D 
displacement estimated by the proposed imDIMSC model was 

still maintained. Therefore, the imDIMSC model is suitable for 
retrieving 3D displacement and for further determining sur-
face movement parameters accurately.

Conclusion
Current mining subsidence theory and many actual station 
observations have proven that subsidence and horizontal 
displacement are symmetrical about the strike and dip main 
section in situations where mining activities are performed 
under flat ground using longwall working-face mining. Based 
on the symmetrical feature, we proposed the imDIMSC model, 
which can be constructed using LOS displacements of four 
symmetrical point pairs.

In contrast to a 3D displacement estimation model based 
on the probability integration method, our proposed imDIMSC 
model treats the surface subsidence and horizontal displace-
ment in the mining area as independent deformation compo-
nents rather than a definite correlation function. Theoretically 
speaking, imDIMSC modeling is more consistent with mining 
subsidence theory and rules, and it has good universality and 
practical value.

In this study, we further provided a methodology for 
identifying the center of symmetry of surface dynamic mov-
ing basins during an excavation process, and for determining 
the center of symmetry for stable movement basins formed by 
mining an inclined coal seam. Comparison of the modeling 
movement parameters and subsidence boundary to the field 
observations, as well as intensive error statistical analysis, 
shows that our proposed imDIMSC modeling accurately rep-
resents surface movement basins and gives an accurate 3-D 
displacement result.

In addition, surface subsidence and horizontal displace-
ment may lose the symmetry characteristics due to the influ-
ence of complex geological, mining, and landform processes, 
especially in inclined coal seams, mountainous terrain, mul-
tiple working faces, and irregular working faces. The problem 
of InSAR 3D displacement inversion in the case of asymmetri-
cal surface subsidence needs further study.
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Building Extraction from Lidar Data  
Using Statistical Methods

Haval Abdul-Jabbar Sadeq

Abstract
In this article, a straightforward, intuitive method for lidar 
data classification and building extraction, based on statis-
tical analysis, is presented. The classification of the point 
cloud into ground and nonground is begun by individually 
testing each point within the point cloud using the statistical 
mean height. In this operation, various window sizes are spec-
ified, and the mean is obtained at each size. The points that 
are above the mean are saved and divided by the number of 
windows to obtain the proportion. Points are considered non-
ground if their proportion is higher than the assigned thresh-
old, and otherwise ground. An algorithm for classifying the 
obtained nonground point cloud into buildings and trees is 
also illustrated in this article. First the nonground points are 
labeled, then each label is tested individually. The process be-
gins with segmenting each label. Then comes testing of wheth-
er each segment of points can be fitted within a specific plane. 
The label of the point cloud is considered a building if the 
number of segments considered as planes is larger than those 
considered as nonplanes; otherwise it is classified as a tree.

Introduction
Accurate building detection is considered the main compo-
nent in various applications, such as 3D city modeling, urban 
planning, cadastre mapping, and emergency crises (Haala and 
Kada 2010; Biljecki, Ledoux, and Stoter 2015; Biljecki et al. 
2016). Airborne light detection and ranging (lidar) data are 
considered active sources that reflect the overground sur-
face, thus providing 3D object coordinates over it. Building 
extraction from lidar has been considered the main focus by 
researchers in producing boundaries with as much as detail as 
possible for 3D model construction, because quickly acquir-
ing data specified to be accurate 3D coordinates with a very 
dense number of points leads to detecting all outdoor features 
of the object, and no geometric distortion exists in the lidar 
data, because they are aerial imagery. The main problem in 
classifying the point cloud is when several ground points are 
classified as nonground or vice versa. The main factor that 
affects point classification of buildings is the presence of dif-
ferent ground topographies within the study area.

Building extraction from lidar has been a broad research 
topic for decades. Several researchers have extracted build-
ings directly from the point cloud by focusing on the geom-
etry of buildings. Miliaresis and Kokkas (2007) have proposed 
a semi-automated method for extracting buildings from the 
lidar digital elevation model, where object classification 
uses the principal of geo-morphometric segmentation, but 
that method suffers from the disadvantage that it needs the 
user to assign various parameters. Wang and Hsu (2007) and 
Widyaningrum, Gorte, and Lindenbergh (2019) used the 
Hough transform to detect buildings and lines from lidar 
data. Matei et al. (2008) have proposed an algorithm to extract 
buildings from lidar data by segmenting the point cloud 
initially using similar adaptive estimation and then using a 

belief-propagation algorithm. Vu, Yamazaki, and Matsuoka 
(2009) extracted buildings from lidar data using mathematical 
morphology based on a multi-scale solution and multispectral 
data to remove detected vegetation. Lin and Zhang (2014) 
filtered nonground objects using segmentation-based filtering 
for DTM generation. Different shapes of buildings have been 
extracted from lidar data based on properties of contour lines 
of topological relationships (Song, Wu, and Jiang 2015). Tom-
ljenovic, Tiede, and Blaschke (2016) implemented an object-
based image analysis approach to extract buildings from lidar 
data. Wu et al. (2017) constructed building boundaries from 
lidar data using a graph-based approach to modeling. Feng 
et al. (2020) have proposed an algorithm to address occluded 
boundaries of buildings and extract their complete shapes. 
Canaz Sevgen and Karsli (2020) extracted the planner surface 
from lidar data based on modifying the random sample con-
sensus (RANSAC) algorithm. Li et al. (2020) utilized morpho-
logical properties and profile analysis to extract constructed 
features such as bridges.

Several researchers have extracted buildings with the aid of 
optical imagery. Awrangjeb, Ravanbakhsh, and Fraser (2010) 
used lidar and a multispectral approach to detect buildings 
using two masks: the first detects the initial building portion, 
and the second extends the initial position of the building 
based on visual images. Hermosilla et al. (2011) also used two 
algorithms for building extraction from lidar and optical imag-
ery: thresholding- and object-based classification. Cheng et al. 
(2011) used lidar data and multiple aerial images for building 
extraction by extracting the principal building orientation and 
then the 3D segments of the objects; their algorithm for classi-
fying the point cloud into boundary and nonboudary is based 
on k-means clustering and lidar point density.

Different approaches have been used to extract aboveg-
round objects from airborne lidar data. Priestnall, Jaafar, and 
Duncan (2000) used flood inundation modeling to separate 
aboveground structures from the ground with a lidar digital 
elevation model. Kilian, Haala, and Englich (1996) and K. 
Zhang et al. (2003) implemented a filter based on mathemati-
cal morphology to remove nonground objects from the lidar 
point cloud. Although the latter algorithm could classify the 
point cloud into ground and nonground, it has several errors 
that need human editing. D. Chen et al. (2012) first classi-
fied the lidar point cloud into nonground and ground using 
a progressive morphological algorithm and then extracted 
buildings using the region-growing algorithm. Rizaldy et al. 
(2018) used a fully convolutional network algorithm approach 
to classify lidar data into building, vegetation, and ground.

Classifying a lidar point cloud is considered a very dif-
ficult task and an important stage in building extraction. This 
article uses a novel method based on a statistical approach. 
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Later, the aboveground point cloud is classified into buildings 
and trees based on applying a geometric shape rule.

This article consists of two stages. In the first stage, the 
lidar point cloud is divided into two classes: ground and 
nonground. Various sizes of windows are used, and points are 
classified into ground or nonground at each window. Then 
the points are classified into specific classes based on propor-
tions and assigned thresholds. The nonground point cloud 
is classified into buildings and trees. Building extraction as-
sumes that the roughness of building surfaces is low, whereas 
trees are have an irregular surface.

The rest of the article is organized as follows. The second 
section presents the algorithm and its implementation. The 
next section shows the properties of the study areas used in 
the research. After that, the results are discussed, and then 
the assessment presented. Finally, conclusions are drawn.

Implemented Algorithm
The implemented algorithm is divided into two steps. The 
first step is classifying the point cloud into ground and non-
ground objects. The second step extracts buildings from the 
nonground point cloud.

Classifying a Lidar Point Cloud
An airborne lidar data system consists of a group of points. 
Each point consists of a horizontal coordinate and an eleva-
tion h. Based on these points, a point cloud is formed that 
represents the terrain and objects. Figure 1 presents a syn-
thetic point cloud that consists of a house, a small building, 
and the ground surface.

This article uses the mean μ of the points to classify the 
lidar point cloud into ground and nonground:

 
µ = =

∑ h

N

i
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where N is the total number of points and hi is the height of 
point i. Generally, the mean of the height of a group of points 
is used to classify the points as ground or nonground by tak-
ing the points above the mean as nonground and those below 
the mean as ground. However, these assumptions are not 
valid in the case of different heights and shapes of buildings, 
as shown in Figure 1a. Clearly, only the large gable-roofed 
building is extracted, while the small building is considered 
ground. This situation is similar to the case when the ground 
is not flat and several points of high elevation are considered 
nonground because they are above the mean.

Figure 1b shows that if the point cloud is divided into 
four parts, each part has a different mean. The mean of the 
part at the right of the sample that is above the small build-
ing is below the roof of the building. It is slightly above the 
ground with respect to the large building. The other parts 

show different mean values but are seen below the roof of the 
building in all cases. Figure 1c shows that the mean is located 
below the roof points in all cases if the area is divided into 
further patches.

The algorithm implemented in this article works itera-
tively. In each iteration, the point is classified as ground or 
nonground. In the first iteration, a window size of 1×1 m is 
used over the study area, and the mean is calculated in each 
window. The points in the specified window are assigned to 
either ground or nonground based on the mean. This process 
is applied to all windows. In the next iteration, the size of the 
window is increased by 1 m, so each window becomes 2×2 m. 
The mean is again calculated in each window, and the points 
are classified again as ground or nonground. The process is 
repeated iteratively, and the size of the window is increased 
by 1 m in each iteration until it reaches the specified maxi-
mum window size.

Based on this assumption, sizes of windows differ in each 
iteration. The mean of the height changes, and each point 
class varies between ground and nonground. The proportion 
of point P(x,y) is determined for the final decision to classify its 
as ground or nonground:
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where Pi is the point ground in nonground and Σitr is the total 
number of iterations. The point is classified as nonground if 
its proportion is higher than the assigned threshold.

Figure 2a shows that algorithm applied to an area with 
window sizes ranging from 1×1 m to 99×99 m. The percent-
age of the assigned threshold in the study area shown is 
35%, which means that if within 100 iterations, 35 or more 
iterations yield a nonground class, the point is classified as 
nonground.

Increasing the size of the window to 149×149 m, which 
means increasing the number of iterations, will lead to clas-
sifying the points more precisely, as illustrated in Figure 2b.

Using either 100 or 149 iterations leads to extracting the 
buildings and trees clearly, and even several small walls are 
extracted. However, even smaller details can be extracted us-
ing 149 iterations, as shown in Figure 2c. The building roof is 
clearly identified in the annex, but it is not detected com-
pletely, or a very small part of it is detected. Increasing the 
number of iterations leads to extracting more details because 
the point to be assigned to the specific point class is refined, 
as shown in Figure 2d.

Experiments show that increasing the window size above 
149×149 m does not have any effect on the result; it leads to bad 
sequences if one side of the study area is smaller than the win-
dow size, due to repeating similar classes within the window 
size. Therefore, 149 iterations are ideal for nonground point 

Figure 1. Schematic of the layer size for the classified points: (a) one mean for the point cloud, (b) four mean values for the 
whole point cloud, and (c) 16 patches
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extraction. Even if one of the building’s sides is larger than 149 
m, the algorithm works because it depends on the short build-
ing side, or the window containing one edge of the building.

However, if different building heights exist in the area or a 
dense point cloud exists, the only parameter that needs to be 
changed is the threshold value. The existence of a high build-
ing leads to using a very low threshold.

Classifying a Nonground Point Cloud
Many researchers have focused on extracting buildings from 
nonground objects by eliminating trees using multispectral 
imagery, which is used to obtain the normalized difference 
vegetation index and eliminate the vegetation. This approach 
can successfully eliminate vegetation, but several cases have 
shown vegetation covering the roofs of buildings, and finding 
the infrared optical imagery can be difficult. Several research-
ers have used the multispectral approach with the aid of 
several rules combined with lidar or roughness (Haala and 
Brenner 1999; Awrangjeb et al. 2010; Awrangjeb, Zhang, and 
Fraser 2012, 2013; L. Chen et al. 2012; Meng et al. 2012; Z. 
Zhao et al. 2016). Using vegetation for identifying trees can 
be inaccurate at times, especially when vegetation exists on 
the roof of a building, which leads to removing several of the 
building points. Furthermore, obtaining vegetation is consid-
ered another costly operation. Therefore, other researchers 
have focused on using lidar data only to classify nonground 
objects, and then extracting buildings by using several geo-
metric shape rules based on size, roughness, or statistical 
properties of trees, because they differ from those of buildings 
(J. Zhang, Lin, and Ning 2013; Awrangjeb and Fraser 2014; 
Q. Zhao, Li, and He 2014; Vosselman, Coenen, and Rotten-
steiner 2017). In this article, the geometric properties of the 
point cloud are used to distinguish trees from buildings. The 
process starts by labeling nonground point clouds and then 
classifying them as buildings or trees.

Labeling the Point Cloud
Each group of points must be tested individually and classi-
fied into a specific class to divide the nonground point cloud 
into buildings, trees, and small objects. The nonground point 
cloud produced is labeled to examine each group individu-
ally and classify it as buildings or trees, which are considered 

the most dominant despite the presence of several other 
parts, such as cars and small objects. Nonground point-
cloud classification is performed by segmentation using a 
connected-component algorithm to test each group individu-
ally. CloudCompare software was used for this study (http://
www.cloudcompare.org/). The connected-component tool is 
based on segmenting the point cloud into smaller parts based 
on the minimum distance between the points. The connected 
components segment the point cloud into point subclouds 
using a 3D grid based on the octree structure. The algorithm 
is based on measuring the distance between the points that 
will be analyzed at the octree level. The gap between compo-
nents is controlled by specifying the level of components in 
the point cloud. The connected component is a subset of the 
original point cloud. It simplifies the point cloud by removing 
segments that are smaller than 10 point clouds, and the point 
cloud is clearly labeled based on the minimum threshold. The 
result of its application is illustrated in Figure 7.

Classifying the Labels
In building classification, each labeled group is examined 
individually. The labeled point cloud is segmented into win-
dows of size 2×2 m, as shown in Figure 3a. The points within 
each window are examined to determine whether they are 
fitted to a plane. The RANSAC algorithm (Fischler and Bolles 
1981) is implemented, as shown in Figure 3b. This algorithm 
is based on randomly selecting three points in the window, 
fitting a plane to the selected points, specifying the threshold 
with distance d, and measuring all distances from the points 

Figure 2. Effect of iteration on classification based on 35% threshold, where yellow marks show more small details to be 
detected with increasing iterations: (a) 100 iterations, (b) 149 iterations. (c and d) Sample of the house with (c) 100 iterations 
and (d) 149 iterations.

Figure 3. Suggested conceptual diagram for classifying 
buildings and trees from the point cloud. (a) Patch used on 
the building (b) RANSAC process with the parameters used 
and most of the points coinciding with the plane.
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to the plane. If the distance from the points to the plane is less 
than the specified threshold, it is considered a plane window; 
otherwise, it is classified as a nonplane patch.

Equation 3 is used to examine whether the point cloud 
within the window is classified as a plane. Based on the equa-
tion, the point cloud within the patch calculates the plane 
proportion by dividing the points classified as plane points 
by the total points within the patch. If the plane proportion 
is greater than the specified threshold, then the points within 
the window are considered a plane; otherwise, they are con-
sidered nonplane.
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The three selected points probably do not fit the best plane. 
Another set of three points is selected randomly again, dis-
tances from other points to the plane 
are measured, and the patch is tested 
to determine whether it is a plane. 
The process is repeated according to 
the number N of points. It continues 
until all windows fitted to the labeled 
point cloud have been tested.

Finally, if the number of windows 
considered as planes is greater than 
those considered nonplane, the group 
of the point cloud is considered a 
building; otherwise, it is considered a 
tree. Experiments show that assign-
ing patch size of 2×2 m and setting a 
RANSAC threshold of 0.2 m results in 
a Plane_ratio threshold equal to 0.7 or 
0.75. In several cases, a very promis-
ing result for classifying nonground 
points is achieved with very few er-
rors using these values.

Study Areas
Airborne laser scanning from four dif-
ferent sources is used, with different 
properties, to test the implemented 
algorithm.

Vaihingen, Germany
The first study area is Vaihingen, 
Germany. The data set was down-
loaded from the International Society 
for Photogrammetry and Remote 
Sensing website (Rottensteiner et al. 
2013). The area covered is 160×230 
m, as shown in Figure 4a. It is a 
residential area with a gable-roofed 
building, and several annexes exist 
with a height less than 2.5 m. The 
area is covered by different types of 
trees and vegetation. The point-cloud 
density is 7.6 points/m2, and several 
parts of the area are covered with 
dual lidar paths. The data set is in 
the coordinate system WGS84 Zone 
UTM 32N. The area is not flat, and 
several ground areas almost reach the 
walls of several buildings, as shown 
in Figure 5a.

Toronto, Canada
The second study area is located in Toronto, Canada. It was 
obtained from the International Society for Photogrammetry 
and Remote Sensing benchmark (Rottensteiner et al. 2013). 
It covers an area of 530×700 m, as shown in Figure 4b. The 
ground of the area is not flat and contains buildings of differ-
ent heights and sizes, as well as trees, as shown in Figure 5b. 
The study area is very complicated—it is a very dense urban 
area, and the semi-detached buildings are very close together. 
The height of the buildings varies from 3.8 m to around 280 
m above ground. The point-cloud density is 6 points/m2. The 
data sets are in the coordinate system WGS84 Zone UTM 17N. 
Several parts of the area are covered with dual lidar paths.

Almere, the Netherlands
The third data set is Actueel Hoogtebestand Nederland 3 (ob-
tained from https://www.pdok.nl/ for the entire Netherlands) 
and can be downloaded as a point cloud. This point cloud has 
a very high density of 21.06 points/m2, which is around three 
times that of the other data sets, and several parts of the area 

Figure 4. Study areas used, with profiles marked along the study areas projected 
to the UTM coordinate system: (a) Vaihingen, Germany; (b) Toronto, Canada; (c) 
Almere, the Netherlands; (d) Connecticut, USA.

Figure 5. Profiles for each study area obtained from the point cloud along the light-
gray path as shown in Figure 4: (a) Vaihingen, Germany; (b) Toronto, Canada; (c) 
Almere, the Netherlands; (d) Connecticut, USA.
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are covered with dual lidar paths. The study area is 350×480 
m, with different types of buildings and structures. It contains 
a curved building in addition to rectangular ones. It also con-
tains trees, as shown in Figure 4c. The coordinates assigned to 
the datum GCS_Amersfoort are converted into WGS84 Zone 
UTM 31N. The area is flat, with a maximum building height 
of around 15 m, as shown in the profile of Figure 5c.

Connecticut, USA
The fourth study area is located in Connecticut, USA. The 
data set was download from the website of the Capitol Re-
gion Council of Governments (http://cteco.uconn.edu/data/
flight2016/index.htm). The study area is 715×780 m, with 
buildings of various shapes and sizes, as shown in Figure 4d. 
The data set is in the horizontal projection NAD 1983 2011 
State Plane Connecticut FIPS 0600 and vertical North Ameri-
can Vertical Datum of 1988(GEOID12b) coordinate system, 
in feet (http://cteco.uconn.edu/metadata/dep/document/li-
darDEM_2016_fgdc_plus.htm). The data are transformed into 
18 UTM datum WGS84 projection. The density of the point 
cloud is low, at 5.2 points/m2. Thus, buildings are not very 
precisely acquired. The area contains a hill with a height of 
around 22 m, and building heights reach 16 m, as shown in 
Figure 5d. In addition to a large building, the study area con-
tains small buildings surrounded by numerous trees. More-
over, a ditch is shown on the left side of the profile.

Algorithm Implementation
The algorithm is applied to each study area. First the point 
cloud is classified into ground and nonground using the 
algorithm already suggested. Table 1 shows that the number 
of iterations is the same for all study areas, which means they 
start with a window size of 1×1 m and end with a window 
size of 149×149 m. However, the values used for the point-
classification threshold to control the point proportion in 
Equation 2 vary based on the building height. Table 1 shows 
that the threshold for the first study area is 35%, and that of 
the third and fourth study areas is 40% because the build-
ings are almost similar in height. The threshold value of the 

second study area is very low, at 20%, because the area of 
buildings is very dense and high, the area contains a very tall 
building, the heights of the buildings have large variance, and 
buildings are attached to one another. Some buildings that are 
close to the tall buildings or surrounded by other buildings 
fail to be detected because the mean in each patch is used as 
an automatic threshold to classify buildings.

The results of the nonground classes are presented for each 
study area individually, as shown in Figure 6. All buildings 
are clearly identified and extracted from the point cloud. Trees 
are also extracted, as either individual trees or groups. Several 
minor objects, such as large and small trucks, are classified as 
nonbuilding. However, ground area is selected as nonground 
objects, as shown in the second and fourth study areas, which 
is considered the main problem in lidar classification.

The next step is extracting the buildings from the non-
ground point cloud. The nonground point cloud is labeled 
using the connected-component labeling algorithm, and the 
results are shown in Figure 7. The objects are clearly labeled, 
and all objects that are smaller than 10 points are removed 
because they are considered small.

All groups are successfully labeled, but several buildings 
are oversegmented due to a large gap between the groups of a 
point cloud. Figure 7a shows that the oversegmentation is on 
the roofs of the buildings, which are clearly identified and la-
beled by more than one label. Figure 7b and 7c shows that the 
oversegmentation on the side of the point cloud does not have 
any effect on the later stage, because these objects are not in 
the planimetric area. Figure 7d shows that oversegmentation 
occurs in the trees because the point cloud has a low density 
of 5.2 points/m2.

Individual groups are processed to be classified as build-
ings or trees. The point cloud is tested for buildings and 
trees using the algorithm already suggested, which tests each 
labeled point cloud and then classifies it as buildings or trees. 
For all study areas, the point cloud is divided into 2×2 m 
patches, and the RANSAC threshold is set to 0.2. The percent-
age of points in the windows to be considered as a plane is 
set to be greater than 0.7 for the study areas in Canada and the 
Netherlands. If the percentage is less than 0.7, then the points 
in the window are not considered a plane and will likely 
be trees. For Germany and the USA, the threshold is 0.75, 
because the point density is low. For the final decision, if the 
number of plane windows is higher than that of nonplane 
windows, then the label is considered a building. Figure 8 
shows that the algorithm successfully classifies the labels in 
the nonground point cloud, except for several buildings that 
are considered low percentage. Several trees are incorrectly 
extracted with the buildings. They can be removed by filters 

Table 1. Implemented parameters for ground extraction.

Area
Starting 

Window (m)
Ending 

Window (m)
Building 

Threshold (%)

Vaihingen, Germany 1×1 149×149 35

Toronto, Canada 1×1 149×149 20

Almere, the Netherlands 1×1 149×149 40

Connecticut, USA 1×1 149×149 40

Figure 6. Extracted nonground objects for all study areas. The circled area shows misclassification, where the ground is 
extracted as a building. (a) Vaihingen, Germany; (b) Toronto, Canada; (c) Almere, the Netherlands; (d) Connecticut, USA.
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because they are considered very small, and the trees are 
labeled as oversegmented. Therefore, a small portion of the 
trees are classified as buildings because they are close to the 
surface plane.

The result reveals misclassification in the buildings in all 
study areas, as shown in Figure 8. In the first study area, a 
part of the building is marked in the black circle because the 
specific part of the building is higher than the surrounding 
part, which causes the application of a different label to that 
specific part. A part of the wall is added to the roof, causing 

the roof to be considered a nonplane although it should be 
considered a plane, as shown in Figure 9a. In the second 
study area, buildings are incorrectly classified as trees due to 
including the walls with the roof. Figure 9b shows that this 
situation increases surface roughness.

Similarly, the misclassification of the building in the third 
study area shows that curved buildings are incorrectly classi-
fied due to including the wall with a roof on the same labeled 
building. The walls are curved and considered nonplane; thus 

Figure 7. The nonground points are labeled using a connected-component algorithm for each study area, and small objects of 
less than 10 pixels are removed. The circled area indicates oversegmented point clouds. (a) Vaihingen, Germany; (b) Toronto, 
Canada; (c) Almere, the Netherlands; (d) Connecticut, USA.

Figure 8. Nonground objects classified into buildings (dark gray) and trees (light gray) for the four study areas. The 
black marks show mismatched buildings. (a) Vaihingen, Germany; (b) Toronto, Canada; (c) Almere, the Netherlands; (d) 
Connecticut, USA.

Figure 9. Misclassification of buildings as trees. Dark gray indicates buildings, and light gray trees. (a) Vaihingen, Germany; 
(b) Toronto, Canada; (c) Almere, the Netherlands; (d) Connecticut, USA.
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they are classified as trees, although several parts of the roof 
are considered planes, as shown in Figure 9c.

Misclassification is also noted in the fourth study area, as 
shown in Figure 9d. The percentage is very high compared 
with other areas for a few reasons. The vegetation is very 
dense, and the buildings are surrounded by trees, thus caus-
ing the trees and buildings to be assigned the same label. The 
roofs of the building structures are composite, with different 
segments and different angles. Similar to previous cases, the 
wall is integrated with the roof. All these reasons result in 
buildings being classified as trees.

Quality Assessment
For algorithm evaluation, the result must be assessed by 
comparison with the reference data set. Reference data are 
used where completely or partially available for several study 
areas. They are completely available for the first study area, 
except for the boundary building, which was digitized using 
the accompanying orthophoto. Only a part of the reference 
data are available for the second study area. Therefore, they 
were completed using an open street map. Reference data for 
the third study area were obtained using an open street map, 
because no reference data are available. Reference data for the 
fourth study area were obtained using the orthophoto pro-
vided with the lidar data set.

Two types of test are 
applied to evaluate the ac-
curacy of ground elimina-
tion and nonground object 
extraction: object- and ar-
ea-based assessment. For 
both types, the confusion 
matrix is produced, from 
which index complete-
ness, correctness, and 
quality are determined 
(Heipke et al. 1997).

Assessing Point-Cloud  
Classification
Data obtained from the 
results are evaluated. 
Three types of data are 
used in the confusion 
matrix. If a building in 
the reference data set is 
detected, it is considered 
a true positive. If the 
detected building is not 
included in the reference 
data, it is denoted a false 
negative. The third type, 
when part of the detected 
building is not indicated 
in the reference data set, 
is denoted a false posi-
tive. In this stage, only 
the buildings are consid-
ered; objects such as trees 
and other small objects 
are excluded. Buildings 
that are shorter than 2.5 
m are also not considered 
in the validation, because 
they are small, temporary 
objects and several of 
them are not extracted 
very well.

In the first and fourth data sets, the point cloud for several 
buildings is not very dense due to missing lidar data, as shown 
in Figure 10. The roof is not clear and has many gaps. How-
ever, the proposed algorithm clearly classifies it as nonground 
structure, and then successfully classifies it as building.

Object-Based Assessment
For geometric evaluation, the area of each building is assessed 
individually to evaluate the performance with respect to 
the extracted building. The result of the confusion matrix is 
shown in Table 2. The object completeness or detection rate 
for buildings is 100% for all study areas except the fourth, 
where one building is missing a percentage for all study areas. 
The completeness reaches 99.6%, with an overall complete-
ness of 99.8%, which is considered very high accuracy.

The correctness for the first study area is 100%, because no 
building is incorrectly identified. Regarding the second study 
area, a part of the ground is considered higher than the sur-
rounding building, which is measured to be higher than 2.5 
m. This part is considered a building, as shown in Figure 11a, 
resulting in a correctness of 99%. The third study area shows 
100% correctness, although a large part of the object is detect-
ed in addition to the cars, as shown in Figure 11b. The road 
is constructed over an embankment; thus, it is considered a 
building object. The cars are also detected as buildings but are 
not considered in the validation, because the cars and the em-
bankment are less than 2.5 m high. The fourth study area also 

Figure 10. The sample of buildings classified as nonground and buildings despite missing a large 
amount of lidar data shows the classified building and ground layers. (a) Vaihingen, Germany; (b) 
Toronto, Canada; (c) Connecticut, USA.

Table 2. Object-based assessment for point-cloud classification.

Area TP FN FP Completeness (%) Correctness (%) Quality (%)

Vaihingen, Germany 37 0 0 100.0 100.0 100.0

Toronto, Canada 102 0 1 100.0 99.0 99.0

Almere, the Netherlands 54 0 0 100.0 100.0 100

Connecticut, USA 269 1 1 99.6 99.6 99.3

Overall 462 1 2 99.8 99.6 99.4

TP = true positive; FN = false negative; FP = false positive.

Figure 11. Locations that suffer from misclassification (a) Toronto, Canada, detecting ground as 
building. (b) Almere, the Netherlands, detecting roads as nonground objects. (c) Connecticut, USA, 
detecting the side of the ditch as nonground; (d) Connecticut, USA, detecting the bridge as nonground.
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Figure 12. Several missing parts of buildings to be extracted as nonground from the lidar point cloud. (a) Toronto, Canada, 
showing that part of the building is missing because it is lower in height than the adjacent building. (b) The part of the 
building located between the large adjacent buildings is not detected. (c) The bridge is considered a building.

Figure 13. Comparison between Google Earth (left) and extracted nonground objects, which are labeled using connected 
components (right).

suffers from misclas-
sification. The correct-
ness is 99.6%, because 
the area is near a ditch 
and therefore the edge 
is considered a build-
ing in the detection, 
as shown in Figure 
11c. The bridge is also 
detected in the same 
study area, as shown 
in Figure 11d, but it is 
not considered in the 
classification, because its value is less than 2.5 m due to the 
level of elevations. The overall correctness accuracy is 99.6%, 
which is considered very high. The quality of all the buildings 
is considered, and overall quality is greater than 99%.

Area-Based Assessment
Geometric assessment is applied to determine the accuracy of 
the produced shape by overlapping the extracted nonground 
objects on the reference data and considering only the build-
ings. Analysis results in Table 3 show the missing area from 
the original building area. The completeness of all study areas 
except the third is better than 92%, because several parts of 
buildings are not detected, especially in the second study 
area, where the buildings are located in a very dense area 
and several buildings are attached to high-level buildings, as 
shown Figure 12a and 12b. The algorithm shows an overall 
completeness of 95%.

Correctness refers to correctly detected buildings. The 
overall value is 98.4%, which means that the algorithm incor-
rectly detects the ground as building in very few instances. 
Several structures which should be ground, such as a bridge, 
are detected as buildings, as shown in Figure 12c. However, 
the algorithm considers it higher than the ground. Therefore, 
it is considered a building but excluded in the analysis be-
cause its height is less than 2.5 m.

Qualitative Assessment
In addition to quantitative assessment, qualitative assess-
ment of the extracted buildings must be performed. Analysis 
shows that all roofs of the buildings, whether flat or gabled, 
are clearly and precisely extracted. Multi-layered roofs are 
very clearly extracted, as shown in Figure 13, which repre-
sents several samples of nonground objects for the second 
study area, as shown in Figure 7b. The roofs of the build-
ings are clearly extracted, and all the details on the roof are 
clearly identified. The result shows that even small structures 

Table 3. Area-based assessment for point-cloud classification.

Area TP (m2) FN (m2) FP (m2) Completeness (%) Correctness (%) Quality (%)

Vaihingen, Germany 7549 66 0 99.1 100.0 99.1

Toronto, Canada 76 714 6458 2133 92.2 97.3 89.9

Almere, the Netherlands 32 513 0 35 100.0 99.9 99.9

Connecticut, USA 74 427 3577 1000 95.4 98.7 94.2

Overall 191 203 10 101 3168 95.0 98.4 93.5

TP = true positive; FN = false negative; FP = false positive.
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such as the elevator 
room above the roof 
are very clearly identi-
fied. Furthermore, each 
level is independently 
labeled. This result can 
lead to models of level 
of detail 2, which are 
very important in city 
modeling.

Assessing Nonground  
Classification
The accuracy of nonground point-cloud classification into 
buildings and trees is evaluated based on object classification 
only, without considering the quality of the classification, 
because several buildings are mixed with trees, as shown in 
Figure 9a and 9b.

A confusion matrix is generated and used to obtain com-
pleteness, correctness, and quality of the classification. In the 
confusion matrix, true positives are buildings classified as 
buildings, false negatives are buildings classified as trees, and 
false positives are trees classified as buildings.

The assessment results are shown in Table 4. The overall 
completeness is better than 96%, with the lowest value in the 
third study area. Although the point cloud is very dense, sev-
eral buildings are curved and a plane could not be fitted (this 
case is specified to be classified as trees). Furthermore, several 
buildings are attached to trees. Therefore, buildings are classi-
fied as trees because of increased roughness.

Analysis shows that the correctness value is lower than the 
completeness, at 92.0%—that is, several trees are classified as 
buildings. The lowest values are in the first and third study 
areas, because the trees are almost very dense and individual. 
Therefore, the possibility of fitting a plane is higher. Regard-
ing quality, the classification rate is 89.0%.

Conclusions and Recommendations
A building-extraction algorithm from point-cloud data based 
on a statistical method is presented. The algorithm is based 
on splitting the area into windows with specific sizes and 
then calculating the means of the heights. A z value higher 
than the mean is considered nonground, whereas the rest are 
considered ground. The algorithm can classify the lidar point 
cloud and eliminate ground points by changing the size of the 
window and then taking the proportion of nonground to the 
total number of iterations.

Analysis shows that the algorithm can successfully elimi-
nate the ground surface for the area and leave only buildings, 
trees, and several small objects such as cars with substan-
tial success. Object extraction success reaches 99.8%, and 
geometric extraction success reaches 95%. Only one param-
eter—namely the mean of the height threshold—needs to be 
changed for point-cloud classification. This value is consid-
ered very low in the case of substantial variation in the height 
of the buildings. The algorithm misclassifies several point 
clouds, but it is considered robust and can be used for all flat 
and nonflat grounds.

The algorithm can extract each segment on an individual 
building’s roof and can be used to generate a 3D model up to 
level of detail 2, which is considered most suitable for urban 
planning.

The algorithm is extended to extract buildings from the 
nonground class. It successfully extracts buildings at 96.8%. 
Building extraction is very successful with regular buildings, 
high-density buildings, and buildings that are not attached to 
or covered by trees.

The algorithm can be applied to classify similar dense 
point-cloud data sets with high point density, such as those 
sourced from UAV images (Malihi, Valadan Zoej, and Hahn 
2018) or aerial imagery (Haala 2009).
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Georeferencing with Self-Calibration for 
Airborne Full-Waveform Lidar Data 

Using Digital Elevation Model
Qinghua Li and Jie Shan

Abstract
Precise georeferencing of airborne full-waveform lidar is a 
complex process. On one hand, no ground control points are 
visible due to heavy canopy. While on the other hand, precise 
georeferencing relies on ground control. As an alternative, we 
propose to use an available digital elevation model (DEM) as 
control. The mathematical framework minimizes the differ-
ence between the lidar DEM and the reference DEM. Our solu-
tion consists of two steps: initial optimization to find reliable 
ground points through iterative filtering and georeferencing, 
and fine optimization to achieve precise georeferencing and 
lidar system calibration. Through this approach, the wave-
form-derived DEM can best fit the reference DEM, with a mean 
of 0.937 m and standard deviation of 0.792 m, while the time-
synchronization offset and boresight angles are simultaneous-
ly determined, i.e., self-calibrated. This development provides 
a novel georeferencing approach with self-calibration for 
lidar data without using conventional ground control points.

Introduction
In lidar data processing, georeferencing is the process by 
which the 3D points in the laser-scanner coordinate system 
are transformed into the 3D points in a mapping coordinate 
system. During this transform, the measurements from posi-
tioning and orientation systems (POS) as well as the relative 
position and orientation between the onboard components of 
the laser scanner and POS are used.

In most cases, the lidar and POS are independent units from 
different manufacturers. The accuracy of the georeferenced 
data depends on synchronization and calibration of the lidar 
and POS. During the process of georeferencing, calibration 
means the determination of the exterior orientation described 
by boresight misalignment angles (Shan and Toth 2018). For 
this purpose, ground control points (Pothou et al. 2008), 
boresight flight plan (Skaloud and Schaer 2007), and multiple 
overlapping flight stripes (Zhang et al. 2015) are commonly 
required in conventional calibration methods.

The lidar system can be calibrated before or after the data are 
collected. Conventionally, the manufacturer or data provider 
will precalibrate the system parameters prior to data collection. 
Such preflight calibration is often conducted in a lab and needs 
hardware, on-site measurement, and ground truth. For exam-
ple, Jung et al. (2015) used a specifically designed double-deck 
calibration facility to calibrate a kinematic 3D laser scanning 
system. Morales et al. (2014) calibrated the boresight param-
eters by iteratively maximizing both the flatness and the area of 

visible planes such as room corners. Sun and Neumann (2015) 
described calibration on the basis of both ground testing and a 
few in-flight measurements. Nagarajan and Moafipoor (2018) 
performed feature-based registration in a lab facility utilizing 
static data to determine the boresight misalignment by mini-
mizing the volume formed between low-point-density lidar and 
control planes. Cortes, Shahbazi, and Ménard (2018) formed a 
calibration test field with different planes and cylindrical con-
crete pillars, and used unscented particle filtering to integrate 
the inertial measurement unit (IMU) measurements with lidar 
observations. Since the cost of such lab-based calibration is 
usually very high, it is often not practical. Furthermore, and 
more critical, results from lab calibration may considerably vary 
during flight, necessitating in-flight or postflight calibration.

Researchers have developed algorithms to calibrate sys-
tems after the data are delivered. Toth, Csanyi, and Grejner-
Brzezinska (2002) used two/three or more overlapping lidar 
stripes flown in a certain pattern and made use of observable 
horizontal and vertical discrepancies between the different li-
dar data sets to determine the unknown misalignment angles. 
Skaloud and Lichti (2006) developed an automated lidar 
boresight self-calibration for urban areas where buildings are 
separated and have a relatively simple roof structure. Chen et 
al. (2012) calibrated the boresight misalignment by combining 
adjustment between lidar point clouds and aerial images. The 
tie points in overlapping areas are selected, and the boresight 
misalignment is removed by minimizing the distances be-
tween the image points selected manually and those projected 
from ground points. Hebel and Stilla (2012) extracted planar 
shapes with a region-growing approach and a random-sample 
consensus segmentation method and transferred the planarity 
constraints into systems of linear equations to determine both 
the boresight parameters and the data alignment. Zhang et al. 
(2015) aerotriangulated aerial images covering the same area 
as lidar stripes and used them as the reference data for lidar 
stripe adjustment. Le Gentil, Vidal-Calleja, and Huang (2018) 
used a set of planes as a calibration target and minimized the 
lidar point-to-plane distances to jointly calibrate and localize 
the system. Zhu et al. (2018) extracted key points and built 
feature descriptors based on the neighborhood normal vec-
tor, point-cloud density, and curvature for lidar point-cloud 
registration. Liu and Li (2019) proposed incorporating cone 
and cylinder features instead of planar features for lidar-IMU 
system calibration. For a single-photon lidar system (Q. Li et 
al. 2016), Pan, Hartzell, and Glennie (2017) adapted a rigorous 
plane-based calibration algorithm to incorporate a circular 
scan pattern and augmented a prism-wedge-angle parameter 
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to model wedge wobble and other correlated errors. In lunar 
topographic mapping (Wu and Liu 2017), the boresight offsets 
were improved based on a geometric model through a least-
squares adjustment by triple-matching tie points between the 
narrow-angle camera images.

Postflight calibration is desired because the quality of the 
data may be significantly improved. However, the convention-
al calibration methods have a few limitations. For example, 
multiple stripes (Toth et al. 2002; Chen et al. 2012; Zhang et 
al. 2015; Zhu et al. 2018) or circular scans (Pan et al. 2017) of 
lidar points acquired from the same platform are necessary to 
conduct the calibration. Also, a significant number of planar 
or regular-shaped objects are usually required (Skaloud and 
Lichti 2006; Hebel and Stilla 2012; Le Gentil et al. 2018; Liu 
and Li 2019). It becomes fairly challenging when no exact cor-
respondence of ground control points exists in the lidar point 
cloud. For example, full-waveform lidar data (Q. Li et al. 2016; 
Li et al. 2018) are widely applied in forest studies (Pirotti 
2011; Hancock et al. 2015; White et al. 2016; Guo et al. 2017), 
where it is difficult to find regular-shaped objects to meet the 
requirement of postflight calibration. One of the solutions 
to the problem of insufficient or no corresponding ground 
controls is to manually deploy lidar-specific ground targets 
(Csanyi and Toth 2007). The other approach is to estimate the 
parameters through Bayesian estimation (Luo, Liu, and Liu 
2010). However, they require additional fieldwork or good 
prior knowledge about the sensor orientation and position.

This article presents a new approach to calibrating sys-
tem parameters of a lidar system with full-waveform lidar 
data. In this new development, only a publicly accessible 
(bare-ground) digital elevation model (DEM) is utilized as the 
control over a study area without point-to-point correspon-
dence (Shan, 2001; Cao et al. 2019). There is no need for con-
ventional ground control points, reflective targets, or planar 
ground or objects. We model the calibration task as an opti-
mization problem that minimizes the difference between the 
lidar-generated DEM and the reference DEM. Working with a 
DEM relieves the need for conventional ground control points 
or specifically designed multiple flight stripes. As a result of 
this development, the coupled task of lidar data georeferenc-
ing and lidar system calibration can be carried out under one 
unified self-calibration mathematical model. The new calibra-
tion approach can be implemented and routinely conducted 
for full-waveform or discrete lidar systems.

Mathematical Models
In this section, we will introduce the mathematical model 
of georeferencing and its related parameters, which will be 
resolved through an optimization strategy in the next section. 
The flowchart of the proposed method is shown in Figure 1. It 
consists of two general steps: finding stable ground points and 
then using them to register the waveform lidar point cloud to 
the reference DEM.

It should be noted that the problem we are dealing with is 
not conventional. For full-waveform lidar data, a waveform 
record will be decomposed to one or multiple waveform com-
ponents (Q. Li et al. 2016), each of which corresponds to a 
lidar point in the laser-scanner frame. A lidar system contains 
three coordinate systems: the mapping frame, the laser frame, 
and the IMU frame. Our georeferencing task is to transform 
the lidar point cloud from the scanner frame to the mapping 
frame using the POS measurements and the reference DEM. The 
model of such a transform must consider the boresight angles 
of the laser scanner and potential systematic errors in the 
POS measurements. The difficulty of the problem is that the 
waveform lidar point cloud is over canopy, and there are no 
visible ground control points in the data set. What we have as 
a control is only a reference DEM. Therefore, we need to find 
ground points from the waveform lidar point clouds, which 

in turn are dependent on the unknown boresight angles. This 
is a unique situation where ground filtering and georeferenc-
ing are coupled or interdependent. As shown in Figure 1, 
iteration must be involved.

Direct Georeferencing
We start from using lidar and POS measurements to directly 
georeference the lidar data, which is the first step toward 
final, precise georeferencing. Direct georeferencing transforms 
the target’s coordinates from the laser scanner’s coordinate 
system to the mapping coordinate system. The transformation 
involves the IMU coordinate system and the horizontal coordi-
nate system, which is a celestial coordinate system that uses 
the observer’s local horizon as the fundamental plane. The 
whole process (Shan and Toth 2018) can be described as

rm
target(ts,tIMU) = rm

platform(tIMU) + Rm
H(tIMU) · RH

IMU(tIMU) · RS
IMU · rS

target(ts) (1)

where rm
target(ts,tIMU) and rS

target(ts) are the coordinates in the 
mapping frame and the laser scanner’s frame, respectively; 
rm

platform(tIMU) is the position of the lidar platform; and Rm
H(tIMU), 

RH
IMU(tIMU), and RS

IMU are, respectively, the rotation matrices 
between the mapping frame and the horizontal frame, the 
horizontal frame and the IMU frame, and the IMU frame and 
the laser scanner’s frame.

In Equation 1, there are two sets of variables that will be 
resolved in the following process of calibration. The first is 
the time misalignment Δt = ts − tIMU, where ts and tIMU are the 
clock time of the laser scanner and the POS unit, respectively. 
A synchronized system assumes Δt = 0 s; otherwise, Δt should 
be determined during the calibration process (Liu 2017). The 
second set of parameters is the boresight angles (Δω, Δϕ, Δκ, 
for roll, pitch, and yaw) in the time-invariant matrix RS

IMU. 
In the initial stage of direct georeferencing, these angles are 
assumed to be known, often either 0° or 90° depending on the 
specific definition of the onboard coordinate frames.

Calibration
In practice, the axes of the scanner’s coordinate system and 
the navigation coordinate system are not parallel. The mount-
ing misalignment angles (Δω, Δϕ, Δκ), if available from lab 
calibration, are used to perform the rotation between these 
two frames.

We take the problems of both synchronization and bore-
sight calibration into consideration and define θ = [Δt, Δω, Δϕ, 
Δκ]. The coordinate of a lidar point p in the mapping frame 
can be expressed as

Figure 1. Flowchart of the georeferencing approach for 
waveform lidar using a digital elevation model.
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For the purpose of georeferencing, we propose using a 
known DEM as a replacement ground control (RGC) under the 
assumption that no significant terrain change happened be-
tween the time the reference DEM was produced and the time 
the new lidar data were collected.

Let { }N denote a set of N lidar points, which include both 
ground (pgrnd) and nonground (pnongrnd) points; the objective 
function is the mean of squared deviation (MSD) or error 
(MSE) between a set of Ngrnd(θg) ground points  and the refer-
ence DEM:
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Two sets of parameters are used in the calculation of the 
cost function: θG is used to georeference the selected ground 
points according to Equation 2, and θg is used to select ground 
points. The selection of the ground points is mostly based on 
traditional ground filtering.

Ground-Point Selection
First, the entire N lidar points rtarget,p

m

N
{ }  are generated with θg. 

We then classify the points as ground or nonground using a 
ground filter implemented in LAStools software (http://rapid-
lasso.com/), which uses a variation of the Axelsson (2000) tri-
angulated irregular network refinement algorithm that avoids 
some of the trigonometry overhead. Once the mapping-frame 
ground points are labeled, their corresponding sensor-frame 
lidar points, together with the POS data, will be labeled. Fi-
nally, the sensor-frame ground points and 

ground POS data,
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 , will be extracted 

to generate a set of new ground points under θG.
The coordinates and selection of these RGC points come 

from different parameters θG and θg. When θg ≈ θG, the filtering 
results are equivalent, so that
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This assumption does not hold if θg and θG are far away 
from each other, because the geometry and relative position 
between the lidar points may change significantly and the fil-
tering results vary. The classification error introduced by the 
ground filtering will inevitably affect the objective function. If 

the true ground points are
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False negative ϵ–(θg) is the set of ground points that are 
mistakenly classified as nonground points by the ground fil-
ter, and false positive ϵ+(θg) is the set of nonground points that 
are mistakenly classified as ground points. Both Nϵ1(θg) and 
Nϵ2(θg) are variables of θg. An effective optimization strategy 
should consider the fact that not all points after ground filter-
ing are actual ground points.

Solution Methods
This section will describe the solution method for Equation 3. 
It consists of two steps: initial optimization and fine optimiza-
tion. With the objective function Equation 3, the process of 
self-calibration can be modeled as an optimization problem of 
minimizing fN(θG, θg):
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Solving the optimization problem of Equation 6 consists of 
three steps: initial optimization, synchronization, and bore-
sight calibration. A heuristic optimization will be applied in 
the initial calibration. After a relatively small searching area 
around the optimal solution is located by the initial optimiza-
tion, a fixed set of ground points is chosen in the objective 
function. A fine optimization can be then conducted in the 
subsequent step.

Initial Optimization
At the beginning of optimization, the initial value θ0 may be 
far away from the optimum solution. The ground filtering 
should be conducted whenever θ changes to avoid the classi-
fication errors introduced by the unsynchronized data and the 
misaligned boresight angles. In such a case, the filtering pro-
cess is equivalent to a conventional ground filter that directly 
works on the lidar points. The objective function becomes
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A consideration of Equation 7 is that the set of the estimated 
RGC points Ngrnd(θG) will change as θG changes. This will in 
turn affect the objective function. Therefore, the problem 
becomes nonconvex and cannot be solved by a gradient-based 
searching algorithm, so a global optimization method should 
be applied in this initial stage.

We use a heuristic optimization method of particle swarm 
optimization (PSO; Kenney 1995; Golbon-Haghighi et al. 2018; 
Li et al. 2018) to optimize the objective function fN(θG, θG). 
It makes few or no assumptions about the problem being 
optimized and can search very large spaces of candidate 
solutions. However, it does not guarantee an optimal solution 
(Poli 2008). The basic idea of particle swarm optimization can 
be expressed in the following. We randomly generate some 
initial solution candidates θ0 = {θ0,1, θ0,2, …, θ0,M}. We define 
these candidates as the population and an individual candi-
date as a particle. Next, each candidate evolves according to

 Δθi+1,d = wΔθi,d + c1r1(θd
* – θi,d) + c2r2(θi

* – θi,d) (8)

 θi+1,d = θi,d + Δθi+1,d (9)

where Δθ*,d is the particle velocity, θd
*  is the best value that 

candidate d has achieved so far, θi
* is the best value obtained 

by any particle in the population, c1 and c2 are constant num-
bers of learning factors, and r1 and r2 are random numbers 
between 0 and 1.

The fitness of a particle is evaluated according to the 
objective function fN(θG, θG). The algorithm converges when 
the best candidate cannot be further improved within a given 
number of iterations.

One of the challenges of particle swarm optimization is 
that the cost of calculating fN(θG, θG) for each candidate θG 
could be very high. As reported by Q. Li et al. (2016), it takes 
up to a few hours to obtain the DEM from the raw waveform 
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data. In particle swarm optimization, the number of candidate 
in each iteration could be as many as a few dozen, and it may 
need hundreds of iterations before the algorithm converges. 
From the aspect of time efficiency, a subset of the data will be 
selected to conduct the optimization.

Fine Optimization
Using the result of the initial optimization, we obtain the 
solution θInit as a first approximation to the global optimal 
solution. The subsequent search process is expected to be 
conducted in a relatively small neighborhood on the objective 
function fN(θG, θInit). When the search range is narrowed down 
to a small region by particle swarm optimization, the output 
of ground filtering can be directly applied to select the RGC 
points so that the selection of the ground points is no longer a 
variable of θG. In this case, {pgrnd (θInit)} = {pgrnd (θG)} 

or
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Comparing to Equation 7, the objective function in Equa-
tion 10 is evaluated on a fixed set of RGC points {pgrnd (θInit)}. 
Since {Ngrnd (θInit)} does not vary with reference to θG, and the 
selection of the RGC points will be stable, a convex optimiza-
tion such as a quasi-Newton algorithm can be utilized to find 
out the local minima around the result of particle swarm 
optimization.

To further guarantee the cor-
rect convergence of the objective 
function, the problems of synchro-
nization and boresight calibration 
are solved separately. The BFGS 
quasi-Newton algorithm (Broyden 
1970; Fletcher 1970; Goldfarb 1970; 
Shanno 1970) is applied in each 
step. This process will be dem-
onstrated through the following 
experiments.

Experimental Data
An airborne lidar system consist-
ing of a Riegl Q680i waveform 
laser scanner, a GPS receiver, and 
an inertial navigation system (INS) 
was used to test the methodologies 
developed in this article. In the 
experiment, the x-axis of the lidar 
frame points to the nadir direc-
tion of the aircraft, the y-axis is the 
flight direction, and the z-axis is 
the wing-to-wing direction of the 
airplane. On the other hand, the 
x-axis of the IMU frame points to 
the flight direction, the y-axis is the 
wing-to-wing direction of the air-
plane, and the z-axis points to the 
nadir direction of the aircraft (see 
Figure 2 for an illustration).

The full-waveform lidar data 
collected by the laser scanner are 
decomposed with a fuzzy mean-
shift approach (Q. Li et al. 2016) to 
generate the discrete sensor-frame 
lidar points {rS

target,p}. The GPS and 

the INS are measured at different sampling rates and will be 
integrated and interpolated. At the same time, the integrated 
results are converted to the laser frame, i.e., the body frame. 
The conversion requires knowledge of the two distances 
between the origin of the body frame and the IMU frame. 
Specifically, the distance between the GPS antenna and the 
laser scanner is defined as the GPS lever arm and the distance 
between the IMU instrument and the laser scanner is the IMU 

Figure 2. Laser scanner’s coordinate system and inertial mea-
surement unit’s coordinate system: (a) top view, (b) side view.

Figure 3. The study area shown in (a) Esri World Imagery, (b–d) the 10-m, 5-m, and 1-m 
reference digital elevation models (DEMs), respectively; and the difference (in meters) of 
the pairwise reference DEMs: (e) 10-m DEM − 5-m DEM, (f) 10-m DEM − 1-m DEM, (g) 5-m 
DEM − 1-m DEM. (a, e–g) The area covered by the waveform lidar points is in gray.
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lever arm. In our work, the lever-arm measurement and GPS/
INS integration is conducted by the data provider.

The waveform lidar data were collected over a heavy forest 
area of Shenandoah National Park, VA, USA in June 2011. 
The study area is about 1430×740 m. Waveform decomposi-
tion (Q. Li et al. 2016) created a total of 10 580 438 points, 
with a ground-point density of 1.5 points/m2. After initial 
ground filtering, we were left with 1 285 014 ground points, 
i.e., a penetration rate of ~12.1%. The density of ground 
points is about 10 points/m2. Figure 3 shows three public 
DEMs used for our study. The first one is a 10-m DEM obtained 
from the National Elevation Dataset (U.S. Geological Survey 
2013; http://nationalmap.gov/viewer.html). The second one is 
a 5-m DEM obtained from the United States Geological Survey 
National Geologic Map Database for geological studies in the 
Paine Run watershed (Chirico 2004). This DEM was derived 
from airborne lidar data captured using an ALS40 system 
in 2004. The accuracy of this DEM is ±0.15 m (1 sigma). The 
third one is a recent 1-m DEM produced through the 3D Eleva-
tion Program in 2015–2016 (U.S. Geological Survey 2018; 
http://nationalmap.gov/viewer.
html). This hydro-flattened DEM is 
produced exclusively from high-
resolution lidar source data with a 
nominal pulse spacing of 1 point 
every 0.7 m. According to Arundel 
et al. (2015), the accuracy of this 
DEM in vegetated regions is 30 cm 
(95th percentile).

Ideally, the three reference DEMs 
should agree with each other where 
random error/noise is attributed to 
the resolution. In Figure 3, however, 
the difference between the 10-m 
DEM and the other two is obvi-
ous. In most of the study area, the 
10-m DEM is lower than the 5-m 
and 1-m DEMs. This may be caused 
by canopy changes during the two 
measurements or errors in either 
of the two data sets. However, this 
phenomenon reverses in the south-
western corner, where the two sides 
of a ridge have opposite DEM differ-
ences. This may be explained by 
measurement errors, possible cano-
py changes, or uncalibrated system 
parameters, such as boresight angles 
and time synchronization.

Georeferencing Results and Analysis
This section presents and evaluates 
the results from different stages of 
the georeferencing computation. 
Results of direct georeferencing 
without boresight calibration (Fig-
ure 4a), georeferencing with only 
initial optimization (Figure 4b and 
c), and final georeferencing with 
fine optimization (Figure 4d and e) 
will be discussed.

Direct Georeferencing
In direct georeferencing, the laser 
scanner and the IMU are assumed 
to be well aligned so that [Δω0, Δϕ0, 
Δκ0]  = [0°, 90°, 90°]. Also, the sys-
tem is assumed to be synchronized 

such that Δt0 = 0 s. Under these assumptions, we have θ0  = 
[Δt0, Δω0, Δϕ0, Δκ0] = [0 s, 0°, 90°, 90°]. The generated point 
cloud (for bare ground) under θ0 is compared to the 5-m refer-
ence DEM, as shown in Figure 4a.

In Figure 4a, repeating linear undulations on the terrain 
in roughly the east–west direction are observed throughout 
the study area. It also shows a significant difference between 
the lidar DEM and the reference DEM. Both the linear undula-
tions and the mean difference of 91.16 m indicate that the 
boresight calibration and/or the time synchronization was not 
well performed; some systematic errors exist in the lidar DEM. 
It is necessary to calibrate both the boresight and the time 
synchronization based on the objective function described in 
the previous section. Also, the result in Figure 4a indicates 
that the start value of θ0 may be far from its optimal solution, 
so a global optimization such as particle swarm optimization 
should be conducted in the initial optimization stage.

Figure 4. The difference between the resultant lidar digital elevation model (DEM) and a 
reference DEM from (a) results derived directly from the uncalibrated input (difference 
is from the 5-m DEM), (b) initial georeferencing with the 10-m DEM as reference, (c) 
initial geoferencing with the 5-m DEM as reference, (d) final georeferencing with the 5-m 
DEM as reference, and (e) final georeferencing with the 1-m DEM as reference. The initial 
georeferencing is from particle swarm optimization, while the final georeferencing 
is from the subsequent fine optimization. The top row is the hillshaded DEMlidar, the 
middle row is the DEM difference (DEMlidar − DEMref), and the bottom row is the histogram 
of the DEM differences.
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Initial Georeferencing
During the initial stage, we sampled a total of Ninit = 90 000 
points in the top, middle, and bottom of the stripe over the 
study area. The estimation of the parameters θ*

Init  = [Δt*
Init, 

Δω*
Init, Δϕ*

Init, Δκ*
Init] is obtained by minimizing the objective 

function fNInit
(θG , θG) with particle swarm optimization.

As is shown in Figure 5, we selected three sections of data 
as the RGC points, distributed across the entire study area, 
each consisting of 30 000 points. We then conducted two 
separate experiments by running particle swarm optimization 
with the 10-m and 5-m reference DEMs separately. We set the 
number of particles to 40 and the learning factors to 1.5. The 
computation took about 4 hours on a Dell Precision work-
station with eight-core 3.7-GHz CPU and 16-Gb memory. The 
difference between the lidar DEM and the reference DEMs are 
calculated. The results are shown in Figure 4b and c.

After particle swarm optimization, the hillshaded DEM is 
significantly improved, as repeating linear undulations be-
come much less obvious (Figure 4b and c). From the view of 
DEM differences, the 5-m DEM matches the lidar point clouds 
better. This is reflected in both the maximum and minimum 
DEM differences, as shown in the spatial distribution of Figure 
4b and c, and the mean difference, as shown in the histogram 
of Figure 4b and c. In contrast, the difference between the 
lidar DEM and the 10-m reference DEM has a mean of 9.130m, 
which is 10 times higher than the mean difference of 0.885 m 
between the lidar DEM and the 5-m reference DEM. Since the 
10-m DEM reference is significantly different from both our 
measurement and the other two references, it will be exclud-
ed in the next step of optimization.

Comparing Figure 4a and c, we observe that the mean 
difference between the 5-m reference DEM and the lidar DEM 
decreases from 91.167 m to 0.885 m. This means that particle 
swarm optimization has successfully determined the system 
parameters and reduced most of the deviations between the 
derived lidar data and the reference DEM. The result shows 
that the estimated time misalignment is greater than 14.847 
s, and the estimated boresight angles deviate by around 1°–2° 
from the initial guess. We conclude that the main error before 
optimization during the direct georeferencing comes from the 
unaligned time stamps between the laser scanner and POS.

The particle swarm optimization result could be further 
improved for the following reasons: particle swarm optimiza-
tion uses a series of random numbers in the search process, 
which is a good strategy for avoiding the local minimal trap 
but cannot guarantee that the output result is the global 
optimal; the performance of the solution is restricted by the 
number of the RGC points; since the objective function is fN(θG, 
θG), the ground filtering process is embedded in each itera-
tion; and in the study area, the forest area has dense leaves so 
that many lidar signals cannot penetrate the canopy and reach 
the ground. Since the ground filtering process is embedded in 
each iteration, errors are inevitable in the filtered ground.

Fine Georeferencing
As the final results, we need to produce the best georeferenced 
DEMs from the waveform lidar. We use a sampling rate of 1/50 
for RGCs and the 1-m reference DEM for calibration. The resul-
tant georeferenced waveform lidar points are used to create 
a 1-m waveform lidar DEM, which is then compared with the 
1-m reference DEM. The results are shown in Figure 4e. Com-
pared to the hillshading in Figure 4a through c, the east-west 
linear undulations are ultimately removed in Figure 4d and 
e after the calibration and georeferencing. This demonstrates 
that our georeferencing framework and solution strategy 
based on DEM are correct. It also demonstrates that final fine 
optimization after the initial georeferencing based on selected 
ground points is necessary. Compared to the resultant DEM of 
Figure 4d created with reference to the 5-m DEM, the resultant 

DEM of Figure 4e controlled by the 1-m reference DEM yields a 
better error distribution, i.e., the percentage of smaller errors 
is higher than in the 5-m reference DEM. Figure 4e shows that 
its mean and standard deviation are respectively 0.937 and 
0.792 m, which is the best fit among all reference DEMs.

Note that there exists positive bias in our resultant DEMs 
compared to the reference DEMs, i.e., the waveform lidar-
derived DEMs are slightly higher than the reference DEMs. 
This can be caused by several factors. The reference DEMs are 
hydrologically corrected such that small undulations and off-
ground features are removed. Also, we may not have achieved 
the best performance of the ground filter (LASTools) when we 
carried out the ground filtering during the geoferencing pro-
cess. Furthermore, for heavy canopy areas the waveform lidar 
may not be powerful enough to penetrate the trees and get 
returns from the ground. Therefore, some of the ground points 
we selected through optimization are actually off the ground. 
All of these factors may yield a DEM that is overall slightly 
higher than the reference DEM.

Self-Calibration Results and Analysis
This section will discuss the determination of clock offset of 
the laser scanner with respect to the GPS time and the bore-
sight angles of the laser scanner with respect to the IMU.

Time-Synchronization Offset
In the process of determining synchronization offset, we fix 
the boresight angles to be [ΔωInit, ΔϕInit, ΔκInit] and carry out the 
BFGS quasi-Newton algorithm with different initial values of 
Δt0. With the 5-m DEM as the reference, we ran 11 experiments 
by changing the initial value from 14.50 to 15.50 s with an in-
crement of 0.10 s. Regardless of the initial value, the time mis-
alignment Δt always converges to 15 s. We conclude that Δt*

Init 
= 15 s is the stable solution of our synchronization process. 
On the other hand, the leap seconds of Coordinated Universal 
Time (UTC) civil time on the day of data collection are 15 s. 
This means the two instruments use a different system: the 
GPS/IMU units use GPS time, while the scanner uses UTC time. 
This has not been considered when deriving the trajectory. 
We then set Δt = 15.0 s and conduct the further optimization 
only for boresight angles.

Boresight Calibration
After the synchronization, the problem of self-calibration is 
reduced to a problem of boresight optimization on fN((Δω, 
Δϕ, Δκ)G; θ*

Init) for a given set of ground points {·}Ngrnd(θInit)
. When 

Figure 5. Distribution of the selected Ninit = 3×30 000 
replacement ground control points used for the initial 
optimization.
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selecting the size of RGC points, we strive for balance between 
the computational time consumption and the fact that the 
lidar points should be adequate to reflect the ground shape. 
In our experiment, we randomly choose an evenly distributed 
1/50 of all 1 282 812 ground points in the optimization, so 
that Ngrnd(θInit) = 25 637.

With the starting values [Δω0, Δϕ0, Δκ0]  = [0°, 90°, 90°] and 
the calibrated time Δt* = 15 s, the distribution of RGC points 
and their distance to the 5-m DEM reference are shown in 
Figure 6a. In the figure, both the color and the radius of each 
point are coded by the difference between the lidar-estimated 
height and the reference height. We can see that the height 
difference is not evenly distributed: most of the lidar RGC 
points are lower than the reference DEM in the upper half of 
the map and higher in the lower half. Figure 6a also shows 
the histogram of the height differences. It has two peaks, one 
positive and one negative, which can happen if the system is 
not well calibrated and the quality of the ground filtering is 
not perfect.

With the boresight angles obtained from the initial optimi-
zation [Δω*

Init, Δϕ*
Init, Δκ*

Init] = [–0.8713°, 88.5384°, 91.8591°] and 
the calibrated time Δt* = 15 s, the distribution of the RGC points, 
their height distances to the reference DEM, and the histogram 
of the height differences are shown in Figure 6b. From both the 
2D distribution and the histogram, the height difference is still 
not evenly distributed. We run the quasi-Newton algorithm to 
precisely calibrate the boresight angles. The experiments are 

repeated 1000 times with random initial values in the range of 
{[Δω, Δϕ, Δκ]: Δω∈[–5°, 5°], Δϕ∈[–5°, 5°], Δκ∈[–5°, 5°]}. When 
the initial offset is no greater than 5° from [0°, 90°, 90°], the 
algorithm converges to [–0.1561°, 89.0024°, 90.8804°], which 
is the stable solution for our selection of RGC points and is 
regarded as the final optimal estimation. Figure 6c shows that 
difference between the lidar RGC points and the reference DEM 
is overall evenly distributed. The histogram shows that the 
mean of the height difference is reduced to 0.846 m, with a 
standard deviation of 0.588 m. To test the stability of the algo-
rithm, we randomly generate another set of RGC points with the 
same sampling rate of 1/50 and repeat the optimization process 
from the beginning. The final result shows a similar even spa-
tial distribution and histogram (Figure 6d).

Finally, we further run the algorithm with 5-m and 1-m 
reference DEMS. For each reference DEM, 30 experiments are 
conducted with randomly selected RGC points. The initial 
values for each experiment are set to [0°, 90°, 90°], since this 
approximation was shown not to affect the convergence of the 
algorithm. The results are summarized in Table 1.

Table 1 shows that the estimation of the boresight angles 
is stable with regard to the randomly selected RGC points. For 
both 5-m and 1-m reference DEMs, the robustness of Δω and 
Δϕ estimations are stronger, as the standard deviation of both 
angles is less than 0.003°, while the maximum deviation from 
the mean value is 0.006°. Being the least sensitive to eleva-
tion, the standard deviation of yaw Δκ is 0.0074° for the 5-m 

Figure 6. Elevation differences (in m; top) and histogram (bottom) on the replacement ground control points: (a) after the 
calibration of time synchronization and with the norminal boresight angles of [0°, 90°, 90°]; (b) after the calibration of time 
synchronization and with boresight angles of [–0.8713°, 88.5384°, 91.8591°]; (c) the final optimization result; (d) the final 
result of another set of random replacement ground control points. The reference digital elevation model is the 5-m one.

Table 1. Sensitivity analysis of boresight calibration and georeferencing with different replacement ground control points.

Reference DEM Statistics Δ ω(°) Δϕ(°) Δκ(°) MSD (m)

5 m

Mean −0.1564 89.0000 90.8817 1.0240
SD 0.0015 0.0024 0.0074 0.0035

Max −0.1538 89.0059 90.8919 1.0307
Min −0.1601 88.9952 90.8643 1.0175

1 m

Mean −0.1557 89.5522 90.7548 1.1278
SD 0.0018 0.0024 0.0077 0.0039

Max −0.1530 89.5576 90.7673 1.1335
Min −0.1604 89.5476 90.7362 1.1176

Total trials = 30; replacement ground control points/total ground points = 1/50.
DEM = digital elevation model.
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DEM and 0.0077° for the 1-m DEM, with maximum deviations 
from the mean value of 0.0186° and 0.0174°, respectively. 
This result is reasonable, since we virtually only have eleva-
tion as control, which is not sensitive to changes in horizontal 
orientation Δκ.

Another factor that can affect the boresight calibration 
results is the number of RGC points. We changed the number 
of randomly selected RGC points to 1/5000, 1/1000, 1/500, 
1/100, and 1/50 of the total ground points. In each case, 10 
experiments are conducted. The mean values and standard 
deviations are plotted in Figure 7 and listed in Table 2. The 
standard deviation of the estimated boresight angles decreases 
as the number of RGC points increases. When the sampling 
rate of RGC points reaches 100, or the number of RGC points is 
greater than 10 000, the mean values of the estimated bore-
sight angles become stable. In practice, the number of RGC 
points and of tests can be determined according to the specifi-
cation and requirement of the mission.

Conclusion
This article develops a novel solution for georeferencing air-
borne full-waveform lidar data and calibrating system param-
eters by using an existing DEM. The challenge is that no con-
ventional ground control points are available or visible due 
to canopy coverage. The georeferencing method developed 
in this article consists of two steps to assure a correct and 
stable solution. In the first step, we use heuristic optimization 

to find a good initial solution to the unknown parameters, 
including time offset and boresight angles. Particle swarm 
optimization is tolerant to coarse approximation of the model 
parameters and can lead to reliable selection of ground points. 
The second step involves fine optimization (quasi-Newton 
approach), which is conducted in a small neighborhood of the 
global optimal solution and is able to achieve refined param-
eter estimation as the final georeferencing outcome.

Experiments demonstrate that this strategy can resolve 
both the time synchronization bias and boresight angles with 
a stable and correct solution under various initial values 
and selections of ground points for optimization. Compared 
to the conventional boresight calibration method, which 
is conducted either by comparing the lidar points with the 
known ground control points or by co-registering multiple 
lidar stripes, this approach can significantly reduce the cost 
of boresight calibration and enable an affordable routine self-
calibration simply using existing digital elevation models.

When the model parameters are optimized, the derived 
georeferenced lidar DEM has an optimal fit to the reference 
DEM at the selected replacement ground control points under 
the defined objective function. This optimal fit is rather robust 
to the selection of RGC points. The variation of the objective 
function is only a couple of centimeters when the number of 
RGC points varies from several hundreds to tens of thousands. 
Correspondingly, the differences between the lidar-derived 
DEM and the reference DEM are stable, with a mean of 0.937 
m and a standard deviation of 0.792 m. The quality of the 

Figure 7. Sensitivity analysis of the estimated boresight angles (°) and the objective function values (m). In each plot, 
the mean value is plotted as a heavy bar, the standard deviation as light bar, and the estimated values of each individual 
experiment as crosses.

Table 2. Results of boresight calibration with different numbers of replacement ground points (RGCs).

Reference DEM
RGC  

Sampling Rate
Number of  
RGC Points

Estimation Results: Mean (SD)

Δ ω(°) Δϕ(°) Δκ(°) MSD (m)

5 m

1/5000 256 −0.1524 (0.0147) 89.0011 (0.0144) 90.8957 (0.0718) 1.0136 (0.0419)
1/1000 1,282 −0.1582 (0.0050) 89.0003 (0.0073) 90.8770 (0.0209) 1.0197 (0.0102)
1/500 2,565 −0.1554 (0.0033) 89.0006 (0.0049) 90.8867 (0.0223) 1.0248 (0.0108)
1/100 12,828 −0.1569 (0.0026) 89.0009 (0.0027) 90.8809 (0.0081) 1.0258 (0.0052)
1/50 25,637 −0.1566 (0.0020) 89.0007 (0.0026) 90.8811 (0.0099) 1.0245 (0.0036)

1 m

1/5000 256 −0.1572 (0.0167) 89.5519 (0.0131) 90.7409 (0.0669) 1.1265 (0.0223)
1/1000 1,282 −0.1584 (0.0067) 89.5518 (0.0060) 90.7486 (0.0230) 1.1219 (0.0096)
1/500 2,565 −0.1556 (0.0039) 89.5523 (0.0040) 90.7626 (0.0225) 1.1272 (0.0083)
1/100 12,828 −0.1565 (0.0028) 89.5529 (0.0026) 90.7544 (0.0111) 1.1264 (0.0045)
1/50 25,656 −0.1561 (0.0024) 89.5523 (0.0029) 90.7531 (0.0098) 1.1250 (0.0042)

DEM = digital elevation model.
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resultant DEM depends on the quality of the reference DEM 
and the ability to reveal the ground from the waveform lidar 
data. Under heavy canopy, waveform lidar may not have full 
penetration to the ground in all places. Similarly, the ground 
filtering may not perform perfectly. The resultant DEM may 
therefore be slightly biased from the reference DEM.

There are limitations for this method. Since the refer-
ence DEM is utilized as ground control, no significant terrain 
change should happen after its collection and before the lidar 
measurement. This assumption may not hold if such ter-
rain changes as erosion or landslide occur in the study area. 
Moreover, as we are essentially minimizing the fitting errors 
between two bare-ground terrain models, the definition of the 
terrain has to be consistent, which sometimes can be am-
biguous for different landscapes and when different ground 
filters are used. Blunder detection might be incorporated 
as part of the georeferencing process if the reference DEM is 
over complex terrain or has undergone certain complicated 
processing, such as hydrological correction. Furthermore, the 
performance of this approach may be further investigated for 
different types of terrain, especially when it is relatively flat, 
since that may cause large georeferencing uncertainty.

Finally, it should be noted that this approach is also ap-
plicable with little adaption to the calibration and georefer-
encing of conventional discrete lidar for urban or suburban 
areas. Under such scenarios, one may not need to carry out 
ground filtering to get the bare ground. Instead, an existing 
digital surface model can be used as the reference to which 
the lidar points are georeferenced. It is a simplified version 
of the presented approach; however, extension is necessary 
when typical urban features are added into this optimization 
process, to possibly improve its performance.
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An Improved Approach Based on Terrain-
dependent Mathematical Models for 

Georeferencing Pushbroom Satellite Images
Behrooz Moradi, Mohammad Javad Valadan Zoej, Sayad Yaghoobi, and Somayeh Yavari

Abstract
Recently, linear features in remotely sensed imagery have 
gained much attention because of their unique characteristics 
compared to other control features. For georeferencing high-
resolution satellite images, the observations in the mathemati-
cal equations (slope and y-intercept) of the corresponding 
control lines in the two spaces are considered the same based 
on recent studies. However, the use of such assumptions 
causes error and reduces the accuracy of registration. The 
aim of this article is to present a methodology based on a 
quasi-observation assumption in the mathematical equations 
in the process of georeferencing. Experimental results for 
IKONOS and GeoEye images over two different cities of Iran 
indicate that the quasi-observation assumption can increase 
the average registration accuracy up to 48.96% and 24.77% 
using 3D-affine and rational function models, respectively. 
This improvement in accuracy increases the processing time 
by 31.48% over traditional approaches; however, the pro-
posed methodology can be regarded as an efficient solution.

Introduction
Spatial information is considered to be one of the most im-
portant tools for resource management. Extracting accurate 
spatial information using remote sensing and photogramme-
try data has been possible thanks to readily available high-
resolution satellite images (HRSIs) (Fraser and Hanley 2003; 
Valadan Zoej et al. 2007; Poli and Toutin 2012; Aguilar et al. 
2013; Unger et al. 2013). Image registration is supposed to be 
the first step in extracting spatial information from HRSIs and 
aims to create a relationship between the image and the object 
space (Tao and Hu 2001; Valadan Zoej et al. 2007; Yavari et al. 
2012a; Jannati and Valadan Zoej 2015). Mathematical mod-
els for image registration are generally divided into two sets: 
physical parametric models and statistical models (McGlone 
1996; Tao and Hu, 2001; Valadan Zoej and Sadeghian 2003; 
Chen et al. 2006; Toutin 2006; Habib et al. 2007; Valadan 
Zoej et al. 2007; Poli and Toutin 2012; Yavari et al. 2012a; 
Aguilar et al. 2013; Jannati and Valadan Zoej 2015). Physical 
parametric models reconstruct the geometry of images at the 
moment of imaging (Gugan 1987; Valadan Zoej and Petrie 
1998; Toutin et al. 2003; Valadan Zoej and Sadeghian 2003), 
whereas statistical models obtain the parameters of the rela-
tionship between the two spaces through fitting a polynomial 
to the ground control information (Tao and Hu 2001; Valadan 
Zoej et al. 2007; Yavari et al. 2012b; Jannati and Valadan 

Zoej 2015). In contrast to physical parametric models, which 
depend on the interior information of the sensor (satellite 
ephemeris information or camera model), statistical models 
are independent and thus can keep the interior information 
of sensors confidential, which is of high interest for satellite 
imagery providers (Valadan Zoej and Petrie 1998; Tao and Hu 
2001; Valadan Zoej et al. 2007; Yavari et al. 2012b, 2016).

Many investigations have been carried out based on 
statistical models (Tao and Hu 2001; Zang et al. 2011; Yavari 
et al. 2012a, 2016, 2018b; Lu et al. 2013; Song et al. 2013; Jan-
nati and Valadan Zoej 2015), among which rational function 
models (RFMs) and 3D-affine equations, with their proper ac-
curacy, fast execution time, simplicity of calculation, and less 
oscillation (compared to polynomial models), are appropriate 
to HRSIs because of their narrow field of view and geometry 
(Tao and Hu 2001; Yavari et al. 2012b, 2016, 2018; Jannati 
and Valadan Zoej 2015). These models usually solve by two 
approaches: terrain-independent and terrain-dependent ap-
proaches. In the former, a company that produces satellite 
imagery fits an RFM to the physical sensor model and then 
provides the model’s coefficients to the users, whereas in 
the terrain-dependent approach, control features are used to 
estimate the unknown coefficients of the model (Tao and Hu 
2001; Valadan Zoej et al. 2007; Shaker et al. 2010; Yavari et al. 
2016). In the absence of the physical sensor model, terrain-
dependent approaches are applicable (Jannati et al. 2017).

Control features for image registration are typically classi-
fied into three categories—point, line, and polygon—among 
which the points have been preferred mainly for registration 
(Valadan Zoej et al. 2006; Yavari et al., 2018a). However, the 
difficulty of automatic matching, time-consuming extraction 
processes, and the need for a large number of control points 
in the registration have led researchers to focus on linear 
control features (LCFs) since 2000. LCFs have several advan-
tages over point features, namely, lower sensitivity to noise 
effects, easier extraction and matching, and the abundance of 
images, particularly in urban areas (Habib et al. 2004; Zhang 
and Zhang 2004; Wang et al. 2009; Yavari et al. 2016, 2018b). 
Habib et al. (2000) performed a comprehensive study of LCF 
effects in photogrammetry and remote sensing imagery. Zhang 
and Zhang (2004) used LCFs to register images to maps. They 
also used control points to calculate the initial rotation be-
tween the image and the map for the automatic extraction of 
LCFs. Nagarajan (2010) employed LCFs to register two images. 
Yavari et al. (2016) used LCFs to register images to the map. 
At first, they extracted control lines from the image and the 
map and detected the corresponding lines automatically and 
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used them to solve the RFM between the image and the map 
afterward. Their main goal was to automate the process of 
image-to-map registration using LCFs Nagarajan and Schenk 
(2016) and Zhao and Goshtasby (2016) used control lines to 
register two images taken from a region over a period of time 
to map the changes. Ahmed et al. (2016) used control lines 
to register HRSIs and LiDAR point clouds. The lines extracted 
from the satellite image and the dense point clouds were used 
to solve the affine transformation and the DLT between the 
image and the point clouds. In addition, Wang et al. (2008) 
used linear features for automatic aerial image registration to 
a vector map based on a 2D rigid transformation. X Liu et al. 
(2016) used the lines around the roofs of the buildings and the 
intersections of gullies as control points for registering aerial 
images and the LiDAR point clouds. The genetic algorithm 
was used by Yavari et al. (2018a) to discover the optimum 
distribution of LCFs to solve the RFM.

According to recent investigations, image-to-image registra-
tion or image-to-map registration based on LCFs has four steps: 
extracting lines from two spaces, matching the extracted lines, 
using the slope and y-intercept of extracted lines as observa-
tions to solve the mathematical model between two spaces, 
and registration (Habib et al. 2004; Zhang and Zhang 2004; 
Nagarajan 2010; Ahmed et al. 2016; X Liu et al. 2016; Nagara-
jan and Schenk 2016; Yavari et al. 2016, 2018b).

Pushbroom images are composed of a set of 1D swept lines 
that are arranged along a line perpendicular to the flight di-
rection of the spacecraft (Wolf and Dewitt 2000; Jannati et al. 
2017). HRSIs are often obtained by pushbroom sensors, which 
have more complicated imaging principles compared to frame 
sensors (Wolf and Dewitt 2000; Jannati et al. 2017, 2018). The 
different geometric structure of each pushbroom image line 
might cause a straight line in the object space to not  remain 
straight in the image space. Because of the distortions in the 
imaging of pushbroom sensors, a straight line appears as a 
curve in the image. Obviously, the longer the image lines 
grow, the more distorted the image becomes. Assuming the 
same slope and y-intercept of the corresponding lines in the 
two spaces, based on the four steps mentioned for image reg-
istration by LCFs, distortions created in the imagery of pushb-
room sensors are ignored, resulting in a drop in the accuracy 
of registration. To tackle this issue, we propose an improved 
LCF-based registration method by incorporating observations 
(slope and y-intercept of the corresponding control lines) 
as error-prone (quasi-) observations to solve the mathemati-
cal model between two spaces (image and map) in order to 
reduce the distortion-induced effects. This article exclusively 
focuses on pushbroom images because of the distortions cre-
ated by the different geometries of each image line.

Registration-Based LCFs
As stated in the previous section, LCF-based registration has 
four main steps. In the first step, the lines are extracted from 
the two spaces using edge detection algorithms (Canny 1986). 
In the second step, using either a manual approach or an auto-
matic approach, the extracted lines are matched from the two 
spaces. In the manual approach, corresponding control lines 
are chosen carefully with high accuracy in a time-consuming 
process. The automatic approach, called SLIM, is explained 
in detail in Yavari (2015). In the third step, the correspond-
ing control lines are used to solve the mathematical models 
between the two spaces. Finally, in the fourth step, the solved 
mathematical model is used to register the two spaces.

LCF-Based RFMs
In order to exploit LCFs in the mathematical models, the 
parametric form of lines in the image space is used based on 
Equation 1. In this equation (x, y) are the coordinates of arbi-
trary points on the lines in the image space, and (m, b) are the 
slope and y-intercept of the lines, respectively:

 y = mx + b (1)

To define a line in the object space, two points are used di-
rectly. Equation 2 shows the transfer equation from the object 
space to the image space. In this equation, (x, y) and (X, Y, Z) 
are the coordinates in the image space and the object space, 
respectively. Furthermore, functions F and G are the transfer 
functions between the two spaces:

 

x F X Y Z
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Equations 3 and 4 show the standard traditional RFMs, 
which are defined by the ratio of two polynomials. Equations 
5 and 6 indicate the 3D-affine for transferring from the image 
space to the object space (Tao and Hu 2001, 2002; Zhang et al. 
2002; Yavari et al. 2012a, 2016):
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Equation 7 is obtained from Equations 1 and 2 and can be 
written for each point of the control line in the object space 
and the corresponding line in the image space. As a result, to 
solve the mathematical model with n parameters, at least n/2 
control lines are required:

 G X Y Z m F X Y Z b, , * , ,( ) = ( ) +  (7)

To solve the above equation in the form of AX = L, each 
of matrices A, X, and L for RFMs and 3D-affine is formed as 
follows:
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In these equations, j = {1:n}, and n is the total number of 
the ground control lines; mj and bj are also the parameters 
(slope and y-intercept) of the jth line in the image space; 
and Z(j, 1), Y(j, 1), X(j, 1) and Z(j, 2), Y(j, 2), X(j, 2) are two 
points of the jth line in the object space, respectively. As 
shown in Equation 4 and matrix X from Equation 8, P1 and 
P3 contain 20 different unknowns each. P2 and P3 are equal 
and thus have the same unknowns, causing the total number 
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of coefficients to be 59. This model can be solved via a direct 
or an iterative method, similar to the point-based registra-
tion method. Note that, to avoid the singularity of the matrix, 
the points of the lines must be normalized in the both spaces 
(the first and the last points of the corresponding lines do 
not necessarily correspond to each other). Solving the above 
equations leads to solving the mathematical models between 
the two spaces using LCFs. Figure 1 illustrates the steps of 
registration based on LCFs.

Proposed Method
As we mentioned before, thus far, the parameters slope and 
y-intercept in the two spaces (the map or ground truth and the 
image) have been considered the same by researchers (Yavari 
et al. 2016). This problem motivated the authors to propose a 
method that minimizes the distortions of imaging in pushb-
room satellite images by taking the parameters of the control 
lines as quasi observation. Figure 2 represents the proposed 
method in which a new additional step was added between 
steps 3 and 4 of the conventional LCF-based registration ap-
proaches.

The steps involved in the proposed method are defined as 
follows. First, as shown in the previous section, the observa-
tion equation used to solve the mathematical model between 
the two spaces using LCFs is constructed in the following way:

 
G X Y Z m F X Y Z b, , * , ,( ) − ( ) +( ) = 0

 
(10)

The above equation is a nonlinear equation that can be 
solved by Taylor’s linearization. The result of the lineariza-
tion is Equation 11, in which Ba is the matrix of the derivative 
of Equation 10 with respect to unknown parameters of the 
mathematical model, Δa is the correction coefficient vector 
of the mathematical model, Bmb is the matrix of the deriva-
tive of Equation 10 relative to the line parameters, Δmb is the 
correction vector of the control line parameters, AXYZ is the 
derivative matrix of equations relative to two points of lines 
in the object space, W is the matrix of the residual values ob-
tained from Equation 10, and εa and εmb are the matrices of the 
residual values derived from the quasi-observation assump-
tion of unknown coefficients of the mathematical model and 
the control line parameters. Matrix VXYZ is the initial value of 
observation in the object space, Va is the initial value of obser-
vation of the mathematical model’s unknown parameters, and 
Vmb is the initial value of observation of the line parameters:
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The required initial values of the observations and the 
unknowns are obtained directly from the calculated values 
in step 3 of the conventional LCF-based flowchart. Rewriting 
Equation 11 in matrix form results in Equation 12, in which L 
is the number of the control lines used for registration and n 
is the number of the unknown parameters of the mathemati-
cal model between the two spaces:
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In the above equation, X is a matrix containing correc-
tion values for the unknown parameters of the model and 
the observation. This matrix is obtained from the following 
equation:

 
ˆ ˆX B AP A B B AP A WT T T T= − ( )( ) ( )− − −

− −1 1 1
1 1

 
(13)

where P is the weight matrix shown in Equation 14. In this 
matrix, PXYZ is the weight matrix for the coordinates of the 
first and last points of the control lines in the object space, Pa 
is the weight matrix of the unknown parameters of the math-
ematical model between the two spaces, and Pmb is the weight 
matrix of the line parameters (slope and y-intercept) in the 
image space. In this case, using affine equation n = 8,
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After calculating X, the sum of its values with the initial 
values are fed as new initial values to the first step. This 
process will repeat as long as the stopping criteria are satis-
fied. The final values of X are considered as new values of the 
observations and the unknown parameters of the mathemati-
cal model. The stopping criteria are the maximum values of 
matrix X, which must be less than 10–4. Typically, there is 
no certain way to choose this threshold; hence, this number 
was determined manually by experiment. In fact, corrections 
using a smaller threshold seem almost negligible. Figure 3 il-
lustrates the flowchart of the proposed algorithm.

Data Set Specifications
The proposed method was evaluated by two different data 
sets: (1) a GeoEye-1 image over the city of Urmia in north-
western Iran and (2) an Ikonos-2 image over the city of 

Figure 1. Steps of registration based on linear control features. 
The first and second inputs denote the map and HRSI.

Figure 2. Overall flowchart of the proposed method.
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Hamedan in western Iran. The specifications of these two 
HRSIs are listed in Table 1, and their images are presented in 
Figure 4. Moreover, two 1/2000 vector maps over the intro-
duced test fields were used. Herein, some abbreviations are as 
follows: GCLs (ground control lines), ICPs (independent check-
points), and DCPs (dependent checkpoints).

Results
In order to validate the performance of the proposed method 
and its effectiveness, various tests have been performed on 
the data sets. These include the evaluation of the proposed 
and the traditional methods on the two mentioned data sets 
using two different mathematical models: 3D-affine and RFMs. 
The final accuracy in all tests is examined using a sufficient 
number of ICPs in terms of their root mean square error (RMSE) 
values based on Equation 15, where Δxi and Δyi are the re-
sidual errors in the x and y directions and m is the number of 
ICPs:
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In the first and second tests, both data sets with a differ-
ent number of control lines and checkpoints are solved by 
a 3D-affine using the traditional and the proposed methods. 
The results of these two tests are presented in Tables 3 and 4. 
Furthermore, in the third and fourth tests, the data sets with a 
different number of control lines and checkpoints are solved 
by RFMs applying the traditional and the proposed methods. 
The results of these two tests are presented in Tables 5 and 6. 
For the third and fourth tests, it should be noted that the RFMs 
with their complete structure have 80 unknown parameters. 
Such a high number of coefficients requires a high number 
of control points in terrain-dependent approaches; this often 
induces an over-parametrization error, which is regarded as 
the major drawback of RFMs. Further explanation on over-
parametrization can be found in Wu et al. (2015).

Optimization algorithms are among the best approaches to 
cope with over-parametrization. Various optimization algo-
rithms have been used to calculate the optimal composition of 
the RFMs’ terms. Among those algorithms, genetic algorithms 
(Haupt and Haupt 2004; Sastry et al., 2005) and particle 
swarm optimization (Kennedy and Eberhart 1995, 1997; Hu et 
al., 2004a, 2004b) are the most successful and frequently used 
in various applications. Thus, in the third and fourth tests, a 
genetic optimization algorithm was used to find the optimal 
composition of the RFMs’ terms. Table 2 shows the parameters 
of the genetic algorithm used in this article.

Discussion
The experimental results presented in the previous section 
(Tables 3–6) provide a detailed comparison of the accuracy 
of registration in the traditional and proposed methods with 
different numbers of control lines. Figures 5 and 6 illustrate 
the information presented in Tables 3 and 4, respectively. 
These figures compare the average RMSE of the registration 
applying the 3D-affine and the different number of control 
lines using the first and second data sets in the traditional 
method and the proposed method, respectively. According 
to the figures, the proposed method enhances the accuracy of 

Figure 3. Proposed method.

(a)

(b)

Figure 4. (a) GeoEye-1 image over Urmia (first data set) and 
(b) Ikonos-2 image over Hamedan (second data set). The red 
lines show the extracted lines, and blue points show ICPs in 
the image space.

Table 2. Parameters of the genetic algorithm.

Parameter Value or Type

Population size 50

Chromosome length 59

Selection method Tournament selection

Crossover method Uniform crossover

Mutation probability 25% of all chromosomes

Table 1. Specifications of the first and second data sets.

Data Sets
Scan Azimuth 

(Degrees)
Sun Elevation 

Angle (Degrees)
Image Size 

(Pixels)
Acquisition 

Date
GSD 

(Meters)
Elevation Variations 

(Meters)
No. of 
GCLs

(1) GeoEye-1 269.71 54.57 19220×30752 2009.09.10 0.5 1300–1450 81

(2) IKONOS-2 20.4 47.4 15108×10976 2000.07.10 1 1700–1900 42
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the registration on the first data set up to 47.3% and on the 
second data set up to 50.63%.

Moreover, Figures 7 and 8 illustrate the information pre-
sented in Tables 5 and 6, respectively. These figures compare 
the average RMSE of the registration using the RFMs for the 
different numbers of control lines of the first and the second 
data sets in the traditional method and the proposed method, 

respectively. According to these figures, the proposed method 
can increase the accuracy of the registration on the first data 
set up to 19.88% and on the second data set up to 29.67%.

The above figures clearly indicate the superiority of the 
proposed method and its high ability to improve the accuracy 
of pushbroom satellite imagery registration. In other words, 
this method is able to prevent the line imaging error in push-
broom geometry, resulting in highly accurate registration. To 
investigate the randomness of the remaining error vectors of 
the proposed method and the presence or absence of system-
atic error at the checkpoints, the residual vector diagrams 
have been obtained for the various cases of the performed 
tests. These diagrams are shown in Figure 9. The red dots 
indicate the initial points of the remaining error vectors (the 

Table 3. RMSE of affine on first data set based on the traditional 
method and the proposed method.

No. 
of 
GCLs

No. 
of 

ICPs

Traditional Method Proposed Method

RMSE of ICPs (Pixels) RMSE of ICPs (Pixels)

RMSEx RMSEy RMSExy RMSEx RMSEy RMSExy

40

20 2.13 0.72 2.26 1.5 0.9 1.75
40 1.93 0.63 2.03 1.55 0.82 1.75
60 2.03 0.7 2.14 1.61 0.93 1.86
80 2.02 0.67 2.13 1.66 0.9 1.89

55

20 2.26 0.94 2.45 1.21 0.75 1.43
40 2.05 0.82 2.21 1.16 0.63 1.33
60 2.15 0.91 2.33 1.3 0.73 1.49
80 2.15 0.88 2.32 1.34 0.7 1.51

70

20 2.43 1.08 2.66 1.19 0.8 1.44
40 2.21 0.97 2.41 1.18 0.67 1.36
60 2.31 1.11 2.56 1.32 0.73 1.51
80 2.26 1.05 2.49 1.37 0.69 1.53

80

20 2.67 0.73 2.77 2.21 0.68 1.39
40 2.43 0.64 2.52 1.14 0.57 1.28
60 2.55 0.75 2.66 1.31 0.6 1.44
80 2.51 0.7 2.61 1.35 0.56 1.46

Table 5. RMSE of RFM on first data set based on the traditional method and the proposed method.

No. of 
GCLs

No. of 
ICPs

No. of 
DCPs

Number of 
Coefficients 
P1, P2, P3

Traditional Method Proposed Method

RMSE of ICPs 
(Pixels)

RMSE of DCPs 
(Pixels)

RMSE of ICPs 
(Pixels)

RMSE of DCPs 
(Pixels)

RMSExy RMSExy RMSExy RMSExy

20

10 74 7, 5, 2 1.89 1.91 1.44 1.49
20 64 4, 4, 4 1.84 1.82 1.45 1.46
30 54 6, 2, 4 1.63 1.62 1.32 1.37
40 44 6, 1, 2 1.63 1.64 1.25 1.26

30

10 74 9, 6, 1 1.90 1.88 1.39 1.4
20 64 8, 2, 3 1.8 1.81 1.40 1.4
30 54 7, 2, 4 1.62 1.57 1.42 1.43
40 44 10, 2, 3 1.52 1.55 1.29 1.29

40

10 74 6, 6, 4 1.75 1.79 1.33 1.37
20 64 7, 6, 3 1.63 1.68 1.31 1.3
30 54 5, 6, 4 1.51 1.55 1.27 1.3
40 44 7, 7, 2 1.44 1.44 1.22 1.2

50

10 74 10, 6, 3 1.74 1.78 1.29 1.3
20 64 9, 6, 5 1.61 1.64 1.25 1.27
30 54 11, 5, 4 1.49 1.56 1.18 1.19
40 44 10, 6, 5 1.34 1.39 1.1 1.11

Table 6. RMSE of RFM on second data set based on the traditional method and the proposed method.

No. of 
GCLs

No. of 
ICPs

No. of 
DCPs

Number of 
Coefficients 
P1, P2, P3

Traditional Method Proposed Method

RMSE of ICPs 
(Pixels)

RMSE of DCPs 
(Pixels)

RMSE of ICPs 
(Pixels)

RMSE of DCPs 
(Pixels)

RMSExy RMSExy RMSExy RMSExy 

15
6 13 4, 4, 2 3.22 3.26 2.21 2.21
9 10 4, 3, 3 3.08 3.04 2.22 2.24

12 7 3, 4, 2 3.01 3.02 2.12 2.16

28
6 13 7, 2, 3 2.30 2.34 1.78 1.79
9 10 6, 4, 4 2.22 2.17 1.61 1.55
12 7 6, 5, 2 2.18 2.19 1.5 1.52

41
6 13 9, 3, 3 1.75 1.8 1.22 1.19
9 10 8, 4, 3 1.71 1.7 1.18 1.2
12 7 7, 5, 3 1.64 1.65 1.09 1.11

Table 4. RMSE of affine on second data set based on the 
traditional method and the proposed method.

No. 
of 

GCLs

No. 
of 

ICPs

Traditional Method Proposed Method

RMSE of ICPs (Pixels) RMSE of ICPs (Pixels)

RMSEx RMSEy RMSExy RMSEx RMSEy RMSExy

15
8 4.39 4.59 6.35 2.19 2.2 3.1
14 3.4 3.44 4.84 1.94 1.68 2.57
19 4.13 3.51 5.42 1.71 1.86 2.52

28
8 1.45 2.58 2.96 1.16 1.77 2.12
14 1.25 2.10 2.44 1.24 1.36 1.84
19 1.1 1.99 2.27 1.08 1.42 1.79

41
8 1.56 1.7 2.3 1.14 1.8 2.2
14 1.39 1.39 1.96 0.99 1.6 1.91
19 1.2 1.39 1.83 0.96 1.4 1.79
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correct coordinate of the checkpoints), and the blue lines in-
dicate the direction of the remaining error vectors. The error 
rates are multiplied by a factor of 500 in each checkpoint for 
the sake of clarity.

Figure 9 shows the residual vector diagrams when the cost 
function is 3D-affine (a and b) or RFM (c and d) using the tra-
ditional method (left images) and the proposed method (right 
images). By analyzing those figures, we notice that in the 
3D-affine model, the systematic error in the proposed method 
is highly reduced compared to the traditional method, though 
this error still inevitably exists in both cases. Despite the abil-
ity of the proposed method to reduce the systematic errors, 
the model still fails to handle the errors in the image. Nev-
ertheless, the proposed method is very effective in terms of 
systematic errors, whereby the errors are drastically reduced 
or almost disappear.

Computational cost is yet another important criterion to 
evaluate the potential of algorithms in order to specify their 
superiorities. Table 7 shows the processing time of the tradi-
tional and proposed methods with two data sets in which the 
average processing time of the proposed method is 31.48% 
higher than that of the traditional method. As a matter of fact, 
the proposed method has more computational cost (26.55 
seconds at the most) than the traditional method. Despite this 
fact, the quantitative validation indicates quite promising 
results with significant accuracy (32.36% average increase 
compared to the traditional methods) and makes the proposed 
method worthy to be used for future works. It should be noted 
that all of these were obtained via a laptop Core-i7 processor 
with a 2.40-GHz CPU and 8.00 GB of RAM.

Conclusion
Registration is the first step in extracting spatial information 
from HRSIs that aims to create a relationship between the im-
age space and the object space. To this end, various control 
features, such as point, line, and polygon, are usually em-
ployed. In LCF-based registration, the slope and y-intercept of 
the corresponding lines are considered as observations to the 
mathematical models that establish the relationship between 
the image space and object space. HRSIs are often captured by 
linear pushbroom sensors where each scan line of these im-
ages has its own exterior orientation parameters. It is obvious 
that a straight line in the object space might not necessar-
ily appear as a straight line in the image space. This means 
that the slope and y-intercept of the corresponding lines 
can be different between the two spaces. The mathematical 
models have been solved so far by assuming the same slope 
and y-intercept of the corresponding lines in the two spaces; 
this can lead to an error in the registration. In this article, to 
overcome this problem, the slope and y-intercept of the lines 
were considered as quasi observation (erroneous), allowing 
the parameters to change in the equations of the relationship 
between the two spaces and hence minimize the effect of the 
imaging error of pushbroom images in the process of registra-
tion. Results showed that this method was able to outperform 
the traditional approaches by a large margin (48.96% and 
24.77% using 3D-affine and RFMs, respectively). This increase 
in precision is associated with an increase of 31.48% in the 
processing time. The maximum performance time is 26.55 
seconds, which is somewhat high compared to the traditional 
algorithms; nevertheless, the proposed method should be 
regarded as a very efficient method whereby the systematic 
errors are minimized. Further studies should be carried out in 
the future to lower execution time.

Figure 5. Comparison between mean RMSE of the 3D-affine 
model based on the traditional and proposed methods on 
the first data set.

Figure 6. Comparison between mean RMSE of the 3D-affine 
model based on the traditional and proposed methods on 
the second2 data set.

Figure 7. Comparison between mean RMSE of the RFM based 
on the traditional and proposed methods on the first data set.

Figure 8. Comparison between mean RMSE of the RFM based on 
the traditional and proposed methods on the second data set.
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Figure 9. Residual vector diagrams of the traditional method (left images) and the proposed method (right images) when the 
cost functions are 3D-affine (a and b) and RFM (c and d) over the first data set (80 GCLs and 60 ICPs).

Table 7. Comparison between the computational time of registration based on the traditional method and the proposed method.

Proposed MethodTraditional Method

Mathematical 
Models

GCLs, 
ICPsData Sets

Computational 
Time (Seconds)RMSExy (Pixels)

Computational 
Time (Seconds)RMSExy (Pixels)

6.121.864.312.143D-affine40, 60
(1) GeoEye-1

26.551.2917.521.52RFM30, 40
4.032.522.865.423D-affine15, 19

(2) IKONOS-2
21.11.514.912.18RFM28, 12
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Dynamic Spatial Fusion of Cloud Vertical Phase 
from CALIPSO and CloudSat Satellite Data

Zhenting Chen, Junfeng Wang, Dongyang Gao, Bing Xu, Wenjie Yu, and Min Yang

Abstract
Cloud phase is a core parameter of inversion of cloud 
characteristics. The accuracy of cloud phase affects the 
results of cloud optical and microphysical characteris-
tics. In this study, we obtain the cloud vertical phase (CVP) 
products of CALIPSO and CloudSat satellites, then we put 
forward a dynamic spatial fusion algorithm for the fusion 
of the two products. A series of spatial optimal CVP fusion 
rules are presented for dual-source data, and we realize 
CVP fusion using these rules. We took Typhoon Lupit in the 
Pacific Ocean as an experimental object. The results show 
that the total cloud pixel amount increased by 124.09% 
and 10.54%, respectively, compared to those of CALIPSO 
and CloudSat. The recognition of different CVP is 7.97% 
and 1.37%. The results show that this method can improve 
the accuracy of multi-source CVP inversion effectively, and 
provide new ways for the synergy of multi-sensor satellites.

Introduction
Clouds are the key element of the global climate system, and 
have a vital place in atmospheric energy exchange, Earth’s 
radiation budget, and the water cycle (Liou 1986). Accurate 
acquisition of cloud characteristics and the study of their 
spatial and temporal changes help to improve atmospheric-
circulation and weather-forecast models (Riedi et al. 2010). 
Accurate determination of cloud phase not only helps in the 
inversion of other cloud microphysical properties but also in-
creases the understanding of the evolution of the global multi-
scale weather system. In addition, when an aircraft passes 
through a supercooled liquid cloud, it is easy to accumulate 
icing, which affects flight safety. Accurate determination of 
cloud phase facilitates the rapid detection of supercooled 
droplets in the clouds, and thus helps in changing flight paths 
and reducing the risk of ice accumulation. In meteorologi-
cal forecasting, cloud phase can enhance the initial field of 
cloud mathematical model and verify weather-forecast results 
(Krueger et al. 1995).

In recent decades, many researchers have proposed many 
cloud-phase inversion algorithms for various spaceborne 
sensors (Hutchison et al. 1997; Key and Intrieri 2000; Knap, 
Stammes, and Koelemeijer 2002; Platnick et al. 2003). Acker-
man et al. (1990) used the airborne High-Spectral Resolution 
Interferometer Sounder to observe the optical characteristics 
of cirrus and proposed a tri-spectral inversion method for 
cloud-phase recognition using thermal infrared bands (8, 11, 

and 12 μm). In addition, Strabala, Ackerman, and Menzel 
(1994) used the tri-spectral method to find that ice and water 
clouds can accurately be distinguished in 8.5-, 11-, and 12-μm 
channels from airborne Moderate Resolution Imaging Spec-
troradiometer (MODIS) sensors, but this method is ineffective 
for thin clouds. Baum et al. (2000) presented a bi-spectrum 
method for operational processing from airborne MODIS data 
and identified cloud phase using the brightness temperature 
difference from the 8.5- to the 11-μm channel. Rossow and 
Schiffer (1999) used the 11-μm brightness temperature differ-
ence of Advanced Very High Resolution Radiometer products 
to recognize cloud phase for the International Satellite Cloud 
Climatology Project. King et al. (2004) realized the recognition 
of cloud phase by the ratio threshold comparing near-infrared 
reflectivity (1.6, 2.1 μm) to the visible channel (0.66 μm) of 
MODIS. Goloub et al. (2000) used the polarized properties of 
cloud particles to realize cloud-phase recognition from Polar-
ization and Directionality of the Earth’s Reflectances (POLDER) 
data. Riedi (2001) combined three different methods (POLDER 
and MODIS) to realize synergetic inversion of cloud-top phase, 
replacing the traditional discrete classification (liquid, ice, 
and mixed phase) with a semicontinuous index.

According to the interaction between electromagnetic 
radiation and particles, passive and active (laser and micro-
wave) beams irradiate cloud particles and then are partly scat-
tered and partly absorbed. The part returning to the detector 
is called backscattered radiation (Liou 1986). At present, the 
detection of cloud phase is mainly achieved through passive 
and active detecting instruments. Passive optical instru-
ments can obtain the particle phase at the top of clouds, but 
not inside clouds. Lidar is sensitive to small particles and 
can capture the radiation characteristics of aerosols and tiny 
particles of clouds (Dubovik et al. 2019). Microwave radar has 
obvious advantages in detecting precipitation clouds, but it 
also has obvious defects. It is insensitive to small particles in 
clouds, which makes detection of thin clouds and the top of 
thick clouds ineffective. Therefore, there are obvious advan-
tages to synergistic observation of clouds combining laser and 
microwave sensors (Sassen, Wang, and Liu 2008).

With the successful launch of the “A-Train” satellites, 
more attention has been paid to the vertical observation of 
clouds and aerosols, and the retrieval of their internal charac-
teristics has become the focus of current research. Spaceborne 
active remote-sensing detection mainly includes laser and 
microwave methods. The US National Aeronautics and Space 
Administration (NASA) launched the Cloud-Aerosol Lidar 
and Infrared Pathfinder Satellite Observation (CALIPSO) and 
CloudSat satellites for synergistic cloud observations, respec-
tively equipped with Cloud-Aerosol Lidar with Orthogonal 
Polarization (CALIOP) and Cloud Profiling Radar (CPR) sensors 
(Sassen et al. 2008). Hu et al. (2009) have made further efforts 

Zhenting Chen, Bing Xu, and Wenjie Yu are with the School 
of Information Engineering, Kunming University, Kunming, 
China (cztgis@qq.cn).

Junfeng Wang is with the School of Advanced Manufacturing 
Engineering, Hefei University, Hefei, China.

Dongyang Gao is with Shanghai Aerospace Control 
Technology Institute, Shanghai, China.

Min Yang is with the Science and Technology on Optical 
Radiation Laboratory, Beijing, China (yamor12@126.com).

Photogrammetric Engineering & Remote Sensing
Vol. 87, No. 1, January 2021, pp. 61–67.

0099-1112/20/61–67
© 2021 American Society for Photogrammetry

and Remote Sensing
doi: 10.14358/PERS.87.1.61

PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING J anuar y  2021  61

http://my.asprs.org


to improve the depolarization ratio algorithm with CALIOP 
data, using a spatial-correlation technique to separate water 
clouds from particles in horizontally oriented ice clouds.

Some research has indicated that lidar signals are more 
accurate for the detection of thin clouds and that microwave 
radar signals can penetrate thick clouds and accurately obtain 
precipitation information. Wang and Sassen (2001) combined 
several sensors such as CALIPSO and CPR to propose an 
operational cloud-phase recognition algorithm for CloudSat. 
This method is more accurate in detecting the precipitation 
cloud and is also better at identifying the top of thin clouds 
and multi-layer clouds. Cho, Nasiri, and Yang (2009) com-
pared MODIS infrared cloud-phase data with that of CALIOP 
and found that the MODIS method divided most of the opaque 
medium-temperature clouds into unknown or mixed phases, 
and failed to recognize the phase of transparent clouds. Ac-
cording to the scattering and reflection characteristics of four 
different sensors (POLDER3, MODIS, CALIOP, and CPR), Chen and 
Sun (2019) proposed the Dynamic Spatial Optimal Fusion 
algorithm, which integrates the cloud-particle phase under 
four different detecting modes, and realized the synergistic 
processing of cloud-top phase.

This research shows that combining laser and microwave 
active detection can overcome the shortcomings of each meth-
od and maximize their advantages. In this article, we com-
bined spaceborne laser and microwave sensor detection data. 
A dual-sensor spatial-fusion algorithm is constructed, and the 
vertical directional synergy of the laser and microwave sen-
sors’ cloud phase is achieved through defined spatial optimal 
rules. Taking Typhoon Lupit as the experimental research 
object, the vertical fusion algorithm is used to achieve verti-
cal coordination of cloud phase in the typhoon area, and the 
fused phase results are obtained and statistically analyzed.

First the main cloud-phase inversion algorithms of 
CALIPSO and CloudSat are introduced, and the importance 
and significance of spatial fusion are introduced. Next, the 
main characteristics of the two instruments are described, and 
a brief introduction to the different operational products is 
given. A dynamic spatial-fusion algorithm is developed in the 
following section, and then the fusion methods of cloud verti-
cal phase (CVP) are established with dynamic spatial-fusion 
rules. Next, the results and analysis are presented. The last 
section is mainly about discussion and conclusions.

CALIPSO and CloudSat Data
CALIPSO
CALIPSO was jointly developed by NASA and the French 
Centre National d’Études Spatiales. It was launched by Delta 
II rocket on 28 April 2006. The CALIOP on CALIPSO provides 
not only global-scale horizontal and vertical characteristics 
of clouds but also reanalysis data for precipitation, radiation, 
and environments (Sassen et al. 2008). The Nd:YAG pump la-
ser of CALIOP outputs dual-wavelength pulses at 532 and 1064 
nm. After the laser pulse is irradiated to the cloud particles, it 
is absorbed and scattered (Hu et al. 2009).

When CALIOP observes the ground, the laser pulse echo 
signals show different backscattering characteristics with dif-
ferent heights in the vertical direction. The high-level weaker 
signals need to be averaged over a large range, and the low-
level cloud and aerosol backscattering signals are strong with 
a significantly different spatial distribution. Obviously, high-
resolution characterization is required. The spatial resolu-
tion of the product can be expressed as a function of altitude 
variation. The vertical resolution is 30 m from −0.5 (below the 
ground) to 8.2 km (above the ground), the vertical resolution 
is 60 m from 8.2 to 20.2 km, and the lowest resolution is 180 
m between 20.2 and 30.1 km. Therefore, the complex storage 

structure of the CALIOP operational product makes its data dif-
ficult to read.

Cloud-phase discrimination of CALIOP is realized by us-
ing the lidar linear depolarization ratios of clouds (Sassen 
1991; Hu et al. 2001; Hu 2007). There are four levels of data 
products: 1B, 1.5, 2, and 3. The cloud-phase data are stored 
in the xxxx xxxx xxxx (VFM) file of Level 2 products. Level 
2 VFM products include scene-classification data, lighting 
conditions, and sea and land markers. Cloud-phase data 
are stored in the two-dimensional 1080×2160 table named 
“cloud_phase” in the “Data_Fields” domain. In the directory 
of the 2007 CALIPSO data catalog version 2.4, the cloud phase 
is determined by depolarization and backscattering correla-
tion and combined temperature and backscattering threshold. 
Each scientific data set contained in the VFM of the product 
has the same parameter name: “Feature_Classification_Flags” 
stores a series of cloud and aerosol characteristic inversion 
values composed by a series of 16-bit unsigned integers. The 
effective range of the value is 1–49 146. The storage structure 
is different from the conventional structure, with different 
feature types stored in different digits: bits 1–3 store feature 
types, bits 4 and 5 store qualities of feature types, bits 6 and 
7 stored ice/water phase, bits 8 and 9 store qualities of ice/
water phase, bits 10–12 store feature subtypes, bit 13 stores 
quality of cloud/aerosol/polar stratospheric cloud type, and 
bits 14–16 stores the mean of detecting horizontal resolution. 
The range of cloud-phase values is 0–3: 0 is unknown or not 
determined, 1 is ice phase, 2 is water phase, and 3 is mixed 
phase (Winker, Hunt, and Hostetler 2004; Anselmo et al. 
2007; Winker et al. 2009; Vaughan et al. 2017).

CloudSat
The CloudSat satellite was jointly developed by NASA and the 
Canadian Space Agency. It was launched along with CALIP-
SO. The main payload is a 3-mm-wavelength CPR (94 GHz). The 
CPR measures the backscattered power as a function of dis-
tance from the radar. The purpose of the CloudSat mission is 
to measure vertical structure of clouds and observe clouds and 
precipitation (Stephens et al. 2001). All products are produced 
at the CloudSat Data Processing Center. CloudSat products 
mainly include standard and auxiliary products. Standard 
Level 1 products are directly obtained through cloud-profile 
radar detection, and Level 2 products are obtained from Level 
1 products in combination with other external data. These 
products are stored in HDF format. Each vertical profile of 
CloudSat is divided into 125 layers. The height of each layer 
is about 240 m. The total detecting height is about 30 km. The 
2B-CLDCLASS-LIDAR products provide cloud top height, 
cloud base height, cloud amount, and cloud phase and other 
data of multi-layer clouds (Stephens et al. 2002). The op-
erational cloud-phase identification algorithm first uses the 
2B-GEOPROF and 2B-GEOPROF-LIDAR geometric profile data 
to obtain the cloud vertical characteristics, then combines the 
CALIOP primary product, the MODIS radiation product, the Eu-
ropean Centre for Medium-Range Weather Forecasts tempera-
ture profile, and the coastline. After the cloud-phase logic rule 
is constructed, the clouds are distinguished into ice clouds, 
water clouds, and mixed-phase clouds. The cloud-phase data 
are stored in a two-dimensional table named Cloud Phase. The 
filled and missing values are represented by −9, and the scale 
factor is 1. The effective range of cloud-phase values is 0–3: 0 
is undetected, 1 is ice phase, 2 is mixed phase, and 3 is water 
phase (Stephens et al. 2008).

Dynamic Spatial-Fusion Algorithm
Comparing the vertical and horizontal resolutions of the satel-
lite laser and microwave payloads, it can be seen that there 
are certain differences in the storage structure of the laser and 
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microwave product data in the vertical direction (Chen and 
Sun 2019). Therefore, it is necessary to unify the same-dimen-
sional space and cloud-phase representation (Table 1). Based 
on the previous considerations, we establish a cloud-phase 
spatial-fusion rule for the two payloads from the vertical 
direction and achieve vertical synergy for cloud phase. The 
processing flow is as shown in Figure 1.

Table 1. Cloud-phase classifications of different methods.

Value CALIPSO CloudSat Fused

0 Undetermined Undetected Undetected
1 Ice phase Ice phase Ice phase
2 Water phase Mixed phase Mixed phase
3 Mixed phase Water phase Water phase

Figure 1. Dynamic spatial-fusion algorithm of cloud vertical 
phase of CALIPSO and CloudSat.

First we obtain the CALIPSO Level 2 product (L2_VFM) and 
the CloudSat Level 2 product (2B-CLDCLASS-LIDAR). Next 
all data are preprocessed, and the study area is selected ac-
cording to latitude and longitude.

Position matching of the reprojected CALIPSO and Cloud-
Sat cloud-phase profile data is performed. If the conditions 
are satisfied, the dimension transformation is performed. If the 
conditions are not met, the data are returned to preprocessing.

Then we define a unified vertical dimension space. We get 
a new two-dimensional matrix by reprojection transformation 
of the CALIPSO and CloudSat Level 2 cloud-phase products.

Then we consider the CVP of the same location profile of 
CALIPSO and CloudSat. There are three situations for cloud-
phase detection in the same space: CALIPSO data only, Cloud-
Sat data only, and both at the same time. If the phases of 
CALIPSO and CloudSat are both undetermined, the phase of 
the fusion is undetermined. If one of the phases of CALIPSO 
and CloudSat is undetermined and the other is determined, 
the phase of the fusion phase is determined. If the phases 

of both CALIPSO and CloudSat are determined, the fusion 
method is implemented by the following rules.

We define two-dimensional spatial data-fusion rules. We 
assume that the cloud phases of the CALIPSO and CloudSat 
satellite payloads are PA and PB, respectively, and the fused 
phase is PF. Then we construct dynamic multi-objective opti-
mal rules so that different cloud phases satisfy the conditions
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where PA and PB represent the phase inversion results of the 
CALIPSO and CloudSat clouds, respectively, and a and b, 
respectively, represent the weight coefficients of the cloud 
phases of the two payloads in the fusion process.

The fusion results are computed by PF = aPA  + bPB, where 
a and b are real numbers (a∈[0,1], b∈[0,1]). When ΔPF = Σ(PF 
– P–) is at its maximum value (P– is the average of cloud phase 
under different weighting coefficients), then the fusion phase 
is the optimal solution. According to the fusion phase PF opti-
mal principle and the given weight coefficient, we obtain the 
fused cloud phase and generate the result set {PF}.

According to the previous definitions, the CALIPSO Level 
2 product data and CloudSat Level 2 product data can be 
processed. Considering the dynamic change of the weight co-
efficient, it can be regarded as a dynamic adjustment between 
[0, 1] at a certain interval. For convenience of calculation, 
we usually take the isometric interval, and finally determine 
the optimal weight coefficient by comparing the cloud-phase 
deviation of the fusion product under different weight coeffi-
cients. Finally, the fused cloud-phase product can be obtained 
from the optimal weight coefficient.

Results and Analysis
According to the conditions of spatial synergetic inversion, 
two or more payloads are required for simultaneous observa-
tion of the same target on the Earth. The Aqua, CALIPSO, and 
CloudSat satellites just passed Typhoon Lupit and captured 
observation data on 21 October 2009. The twentieth tropical 
cyclone in the Pacific in 2009, Typhoon Lupit, was designated 
as a super typhoon. It first formed on the ocean surface east 
of the Philippines and in the Pacific Northwest in the early 
morning of 16 October. Then it intensified into a super ty-
phoon on the 18th and weakened into a strong typhoon on the 
morning of 20 October. It further weakened into a typhoon on 
21 October. The wind eye center was located in the northeast 
corner of the Philippines, about 760 km west of the Pacific 
Ocean surface (19.6° N, 125.9° E), with a maximum of level-13 
central winds and a minimum pressure of 960 hPa. Eventu-
ally, it weakened to a tropical depression in the southern part 
of Japan on 26 October, with rainfall mainly affecting Taiwan.

After reading the CALIPSO VFM of Typhoon Lupit, we 
obtained the feature-classification information of track-obser-
vation data from the CALIPSO Level 2 product. Comparing 
the trajectories of the two payloads, it was found that these 
two payloads observed Typhoon Lupit at exactly the same 
time, and the intervals were 103 s. It can be considered that 
the characteristics of the cloud particles had not changed or 
were changing slowly. Based on these considerations, the 
dual-payload Level 2 data can be processed using the defined 
CVP fusion algorithm.

We preprocessed the CALIPSO Level 2 VFM products and 
intercepted the data of the typhoon through the latitude range 
from 0° N to 30° N. Then the cloud-phase products in the 
typhoon area were reprojected to the defined two-dimensional 
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Figure 2. CALIPSO cloud-phase vertical profile before 
fusion (Typhoon Lupit).

Figure 3. CloudSat cloud vertical phase profile before fusion 
(Typhoon Lupit).

(a) (b)

(c) (d)

(e) (f)

Figure 4. Fusion results of cloud vertical phase (Typhoon 
Lupit) with different weight coefficients: (a) a = 0, b = 1.0; a = 
0.1, b = 0.9; (b) a = 0.2, b = 0.8; (c) a = 0.3, b = 0.7; a = 0.4, b = 
0.6; (d) a = 0.5, b = 0.5; (e) a = 0.6, b = 0.4; a = 0.7, b = 0.3; (f) 
a = 0.8, b = 0.2; (g) a = 0.9, b = 0.1; a = 1.0, b = 0.

(g)
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matrix of vertical profile. The altitude range of the profile is 
−0.5 to 30.1 km. The resolution of the VFM vertical profile is 
different at different heights, so we need to change the matrix 
to rows 1–55 of cloud top blocks, rows 166–365 of center 
blocks, and rows 1166–1455 of base blocks. Then we unified 
the profile data in the same two-dimensional matrix (Figure 2).

Similarly, the CloudSat Level 2 product (CLDCLASS-LI-
DAR), which is a combination of CPR and CALIOP cloud geom-
etry products, was processed. We extracted the stored cloud-
phase data and projected them into a defined grid. The vertical 
resolution was unified to 30 m, with reference to the CALIOP. 
Each vertical profile is divided into 1020 bins from −0.5 to 30.1 
km. Therefore, we can get the results shown in Figure 3. It can 
be seen from the figure that the cloud information at the top 
of the typhoon region is derived from the backscattered signal 
of CALIOP. The middle and bottom radiation information of 
multi-layer and thick clouds is mainly from the radar reflection 
factor of CPR. Therefore, the cloud-phase products of the verti-
cal profile in this area can better reflect the particle thermody-
namic phase of cloud top, cloud middle, and cloud bottom.

The cloud phase of CALIPSO is mainly obtained by using 
the depolarization ratio of the polarized laser signal, while 
the cloud phase of CloudSat is mainly obtained by using the 
radar reflection factor combined with the CALIOP backscatter-
ing. Comparing Figures 2 and 3, we find that there are large 
differences between the two algorithms for characterizing 
the cloud-particle phase of the vertical profile. Therefore, the 
phase types of the two products can be processed by the de-
fined cloud-phase spatial-fusion rule in the vertical direction. 
The weight coefficients (a, b) of cloud phases for two pay-
loads are taken as 1 and 2, respectively. Using Equation 1, the 
fused cloud-phase result set (shown in Figure 4) is obtained 
according to the dynamic multi-objective optimal rule.

From Figure 4a, we know that the ratio of cloud phase is 
composed of the CloudSat cloud-phase results. From Figure 
4b–g, the cloud-phase ratio of the internal cloud changes with 
different weight coefficients. It can be seen that the cloud-
particle phase at the top, middle, and bottom of the cloud are 
more informative than the single-payload operational product.

Discussion and Conclusions
We used spaceborne lidar and microwave radar to conduct 
synergistic observations on Typhoon Lupit. First, the spatial 
dimensions of the laser and microwave phase products were 
unified. Then the defined two-dimensional spatial data-fusion 
algorithm rules were used to obtain the fused cloud phase. 
According to the defined dynamic multi-objective optimal 
rule, the main factors influencing the results of the cloud 
phase are the initial phase values (PA, PB) and the weight coef-
ficients (a, b) of the cloud phase detected by different pay-
loads. When the weight coefficients a and b take values from 
0 to 1 and 1 to 0, respectively, with an interval of 0.1, we get 
the fusion results of Figure 4a–g.

We took statistics on the cloud-phase proportions of 
CALIPSO and CloudSat before and after fusion. The ratio of 
CALIPSO cloudy pixels was 6.42% before fusion, and for 
CloudSat it was 13.02%. After fusion, the ratio was 14.39%, 
an increase of 7.97 and 1.37 percentage points, respectively. 
Since the weight coefficients a and b are dynamic, and the 
range of their values is from 0 to 1, we set their variation 
interval to 0.1 for convenient calculation, and the statistical 
results of cloud-phase classification under different weight 
coefficients can be calculated (Table 2). From Table 2 we can 
see that the total number of detected cloud pixels after fusion 
is stable at 14.39%, which has nothing to do with the change 
of the weight coefficient. The principle is that the fusion algo-
rithm integrates the cloudy pixels of CALIPSO and CloudSat 
to make the maximum statistics of the cloudy pixels in the 
vertical direction.

Table 2. Comparison of cloud-phase ratios before and after fusion.

Weight Coefficients Cloud Phase

CALIPSO CloudSat
Undetected 

(0; %)

Ice 
Cloud 
(1; %)

Mixed 
Cloud 
(2; %)

Water 
Cloud 
(3; %)

Before fusion 93.58 5.55 0.44 0.43
Before fusion 86.98 6.15 5.14 1.72

a = 0.0 b = 1.0 85.61 7.34 5.22 1.83
a = 0.1 b = 0.9 85.61 7.34 5.22 1.83
a = 0.2 b = 0.8 85.61 7.32 5.28 1.79
a = 0.3 b = 0.7 85.61 7.82 4.80 1.78
a = 0.4 b = 0.6 85.61 7.82 4.80 1.78
a = 0.5 b = 0.5 85.61 7.13 5.34 1.92
a = 0.6 b = 0.4 85.61 7.32 5.28 1.79
a = 0.7 b = 0.3 85.61 7.32 5.28 1.79
a = 0.8 b = 0.2 85.61 7.82 4.80 1.78
a = 0.9 b = 0.1 85.61 7.87 4.71 1.80
a = 1.0 b = 0.0 85.61 7.87 4.71 1.80

Note: There were 203 584 CALIPSO cloud pixels before fusion and 
412 717 CloudSat cloud pixels before fusion; after fusion there were a 
total of 456 203 cloud pixels.

The cloud-phase statistical results after fusion with dy-
namic weight coefficients are shown in Figure 5. The blue 
line of stars represents the undetected (or undecided) pix-
els, which account for 85.61% of the total. The green line of 
circles represents the proportion of ice clouds. The ratio is at 
its maximum when a is 0.3 or 0.4, at 7.82%. The ratio is at its 
minimum when the value of a is 0.5, at 7.13%. The pink line 
of triangles represents mixed-phase cloud, with a minimum 
ratio of 4.8% (a = 0.3 or 0.4) and a maximum ratio of 5.34% 
(a = 0.5). The orange line of squares represents clouds of 
water with a minimum ratio of 1.78% (a = 0.3 or 0.4) and a 
maximum ratio of 1.92% (a = 0.5). The dynamic weight coef-
ficients that determine the maximum and minimum ratios of 
the four cloud-phase classifications fall within the interval 
[0.3, 0.6] (shown in the light-green area in Figure 5). When 
a is between 0 and 1 and b is between 1 and 0, the statisti-
cal analysis of absolute values of the absolute deviations of 
ice cloud, mixed-phase cloud, and water cloud is shown in 
Figure 6.

As can be seen from Figure 6, the absolute deviation value 
of the ice cloud (green line of circles) reaches its maximum 
when a = 0.5, as does the absolute deviation value of the 
water cloud (orange line of squares). The value of the mixed-
phase cloud’s absolute deviation (pink line of squares) has 
two peaks, one at a = 0.5 and the other as a nears 1. We can 
add the absolute deviations of three cloud phases to get the 
total deviation (blue line of stars). The deviation value reflects 
the degree of improvement of cloud-phase recognition results 
when the weight coefficient changes dynamically. As can 
be seen, when a is equal to 0.5, the total deviation reaches a 
maximum of 0.82%. Therefore, when a = 0.5 and b = 0.5, the 
CVP fusion results are optimal.

In this article, spaceborne laser and microwave radar 
detection data are used to carry out cloud-phase fusion in the 
vertical direction. The fusion result combines the advantages 
of laser in detecting cloud-top information and of microwave 
in detecting cloud-bottom information. The CALIOP total cloud 
pixels and ice cloud are integrated. The CALIOP proportions of 
total cloudy pixels, ice cloud, water cloud, and mixed-phase 
cloud before fusion are 6.42%, 5.55%, 0.43%, and 0.44%, 
respectively. For CloudSat, they are 13.02%, 6.15%, 1.72%, 
and 5.14%. The proportions for the optimal combination are 
14.39%, 7.13%, 1.92%, and 5.34%. Compared with CALIOP, 
these are increases of 7.97, 1.58, 1.48, and 4.90 percentage 
points, and for CloudSat they are increases of 1.37, 0.98, 0.2, 
and 0.2 percentage points. Therefore, the cloud-phase vertical 
synergetic method of laser and microwave sensors proposed in 

PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING J anuar y  2021  65

http://my.asprs.org


this article better solves the defect of insufficient detection of 
cloud-profile information in the vertical direction by a single 
sensor, and enriches the particle internal radiation informa-
tion, greatly improving the retrieval accuracy of cloud phase.

Acknowledgments
This research was partially supported by the Major Project 
of High Resolution Earth Observation System (32-Y20A22-
9001-15/17), the National Natural Science Foundation of 
China (62066023), the Science Research Fund of the Yunnan 
Provincial Department of Education (2019J0562), and Yunnan 
Applied Basic Research Project (2017FD089, 2019FH001). 
The authors gratefully acknowledge the Atmospheric Science 

Data Center of NASA’s Langley Distributed Active Archive 
Center for providing the CALIPSO products and the CloudSat 
Data Processing Center of Colorado University for provid-
ing CloudSat products. We also gratefully acknowledge the 
anonymous reviewers for their time and effort in helping us 
improve the manuscript.

References
Ackerman, S. A., W. L. Smith, H. E. Revercomb and J. D Spinhirne. 

1990. The 27–28 October 1986 FIRE IFO cirrus case study: 
Spectral properties of cirrus clouds in the 8–12 μm window. 
Monthly Weather Review 118 (11):2377–2388.

Figure 5. Proportion of cloud phase under dynamic weight coefficients.

Figure 6. Comparison of cloud-phase deviation under dynamic weight coefficients.

66 J anuar y  2021  PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING

http://my.asprs.org


Anselmo, T., R. Clifton, W. Hunt, K.-P. Lee, T. Murray, K. Powell, S. 
D. Rodier, M. Vaughan, O. Chomette, M. Viollier, O. Hagolle, 
A. Lifermann, A. Garnier, J. Pelon, J. C. Currey, M. Pitts and 
D. Winker. 2007. Cloud-Aerosol LIDAR Infrared Pathfinder 
Satellite Observations (CALIPSO) Data Management System: 
Data Products Catalog. Document No. PC-SCI-503, release 2.4. 
Hampton, Va.: NASA.

Baum, B. A., P. F. Soulen, K. I. Strabala, M. D. King, S. A. Ackerman, 
W. P. Menzel and P. Yang. 2000. Remote sensing of cloud 
properties using MODIS airborne simulator imagery during 
SUCCESS: 2. Cloud thermodynamic phase. Journal of 
Geophysical Research: Atmospheres 105 (D9):11781–11792.

Chen, Z. and X. Sun. 2019. Dynamic spatial fusion of cloud top phase 
from PARASOL, CALIPSO, CloudSat satellite data. Journal of 
Quantitative Spectroscopy and Radiative Transfer 224:176–184.

Cho, H.-M., S. L. Nasiri and P. Yang. 2009. Application of CALIOP 
measurements to the evaluation of cloud phase derived from 
MODIS infrared channels. Journal of Applied Meteorology and 
Climatology 48 (10):2169–2180.

Dubovik, O., Z. Li, M. I. Mishchenko, D. Tanré, Y. Karol, B. Bojkov, 
B. Cairns, D. J. Diner, W. R. Espinosa, P. Goloub, X. Gu, O. 
Hasekamp, J. Hong, W. Hou, K. D. Knobelspiesse, J. Landgraf, 
L. Li, P. Litvinov, Y. Liu, A. Lopatin, T. Marbach, H. Maring, V. 
Martins, Y. Meijer, G. Milinevsky, S. Mukai, F. Parol, Y. Qiao, 
L. Remer, J. Rietjens, I. Sano, P. Stammes, S. Stamnes, X. Sun, 
P. Tabary, L. D. Travis, F. Waquet, F. Xu, C. Yan and D. Yin. 
2019. Polarimetric remote sensing of atmospheric aerosols: 
Instruments, methodologies, results, and perspectives. Journal of 
Quantitative Spectroscopy and Radiative Transfer 224:474–511.

Goloub, P., M. Herman, H. Chepfer, J. Riedi, G. Brogniez, P. Couvert 
and G. Séze. 2000. Cloud thermodynamical phase classification 
from the POLDER spaceborne instrument. Journal of Geophysical 
Research: Atmospheres 105 (D11):14747–14759.

Hu, Y. 2007. Depolarization ratio–effective lidar ratio relation: 
Theoretical basis for space lidar cloud phase discrimination. 
Geophysical Research Letters 34 (11):L11812.

Hu, Y., D. Winker, M. Vaughan, B. Lin, A. Omar, C. Trepte, D. Flittner, 
P. Yang, S. L. Nasiri, B. Baum, R. Holz, W. Sun, Z. Liu, Z. Wang, 
S. Young, K. Stamnes, J. Huang and R. Kuehn. 2009. CALIPSO/
CALIOP cloud phase discrimination algorithm. Journal of 
Atmospheric and Oceanic Technology 26 (11):2293–2309.

Hu, Y.-X., D. Winker, P. Yang, B. Baum, L. Poole and L. Vann. 2001. 
Identification of cloud phase from PICASSO-CENA lidar 
depolarization: A multiple scattering sensitivity study. Journal of 
Quantitative Spectroscopy and Radiative Transfer 70 (4–6):569–579.

Hutchison, K. D., B. J. Etherton, P. C. Topping and H. L. Huang. 1997. 
Cloud top phase determination from the fusion of signatures in 
daytime AVHRR imagery and HIRS data. International Journal of 
Remote Sensing 18 (15):3245–3262.

Key, J. R. and J. M. Intrieri. 2000. Cloud particle phase determination 
with the AVHRR. Journal of Applied Meteorology 39 (10):1797–
1804.

King, M. D., S. Plantnick, P. Yang, G. T. Arnold, M. A. Gray, J. C. 
Riedi, S. A. Ackerman and K.-N. Liou. 2004. Remote sensing of 
liquid water and ice cloud optical thickness and effective radius 
in the Arctic: Application of airborne multispectral MAS data. 
Journal of Atmospheric and Oceanic Technology 21 (6):857–875.

Knap, W. H., P. Stammes and R. B. Koelemeijer. 2002. Cloud 
thermodynamic-phase determination from near-infrared spectra 
of reflected sunlight. Journal of the Atmospheric Sciences 59 
(1):83–96.

Krueger, S. K., Q. Fu, K. N. Liou and H.-N. S. Chin. 1995. 
Improvements of an ice-phase microphysics parameterization for 
use in numerical simulations of tropical convection. Journal of 
Applied Meteorology 34 (1): 281–287.

Liou, K.-N. 1986. Influence of cirrus clouds on weather and climate 
processes: A global perspective. Monthly Weather Review 114 
(6):1167–1199.

Platnick, S., M. D. King, S. A. Ackerman, W. P. Menzel, B. A. Baum, 
J. C. Riedi and R. A. Frey. 2003. The MODIS cloud products: 
Algorithms and examples from Terra. IEEE Transactions on 
Geoscience and Remote Sensing 41 (2):459–473.

Riedi, J. 2001. Analysis of Cloud Thermodynamic Phase at Global 
Scale Using Polarimetric Multiangle Measurements from the 
POLDER1/ADEOS1 [Doctoral thesis]. Laboratoire d’Optique 
Atmosphérique, Université des Sciences et Technologies de 
Lille, Lille, France.

Riedi, J., B. Marchant, S. Platnick, B. A. Baum, F. Thieuleux, C. 
Oudard, F. Parol, J.-M. Nicolas and P. Dubuisson. 2010. Cloud 
thermodynamic phase inferred from merged POLDER and 
MODIS data. Atmospheric Chemistry and Physics 10 (23):11851–
11865.

Rossow, W. B. and R. A. Schiffer. 1999. Advances in understanding 
clouds from ISCCP. Bulletin of the American Meteorological 
Society 80 (11):2261–2288.

Sassen, K. 1991. The polarization lidar technique for cloud research: 
A review and current assessment. Bulletin of the American 
Meteorological Society 72 (12):1848–1866.

Sassen, K., Z. Wang and D. Liu. 2008. Global distribution of cirrus 
clouds from CloudSat/Cloud-Aerosol Lidar and Infrared 
Pathfinder Satellite Observations (CALIPSO) measurements. 
Journal of Geophysical Research: Atmospheres 113 (D8):D00A12.

Stephens, G. L., D. G. Vane, R. Boain, G. Mace, K. Sassen, Z. Wang. 
A. Illingworth, E. O’Connor, W. Rossow, S. L. Durden, S. Miller, 
R. Austin, A. Benedetti, C. Mitrescu and the CloudSat Science 
Team. 2001. The CloudSat mission and the EOS constellation: 
A new dimension to space-based observations of clouds and 
precipitation. Bulletin of the American Meteorological Society 83 
(12):1771–1790.

Stephens, G. L., D. G. Vane, R. J. Boain, G. G. Mace, K. Sassen, Z. 
Wang, A. J. Illingworth, E. J. O’Connor, W. B. Rossow, S. L. 
Durden, S. D. Miller, R. T. Austin, A. Benedetti, C. Mitrescu and 
the CloudSat Science Team. 2002. The CloudSat mission and the 
A-Train: A new dimension of space-based observations of clouds 
and precipitation. Bulletin of the American Meteorological 
Society 83 (12):1771–1790.

Stephens, G. L., D. G. Vane, S. Tanelli, ,E. Im, S. Durden, M. Rokey, D. 
Reinke, P. Partain, G. G. Mace, R. Austin, T. L’Ecuyer, J. Haynes, 
M. Lebsock, K. Suzuki, D. Waliser, D. Wu, J. Kay, A. Gettelman, 
Z. Wang and R. Marchand. 2008. CloudSat mission: Performance 
and early science after the first year of operation. Journal of 
Geophysical Research: Atmospheres 113 (D8):D00A18.

Strabala, K. I., S. A. Ackerman and W. P. Menzel. 1994. Cloud 
properties inferred from 8–12-μm data. Journal of Applied 
Meteorology 33 (2):212–229.

Vaughan, M., M. Pitts, C. Trepte, D. Winker, P. Detweiler, A. Garnier, 
B. Getzewich, W. Hunt, J. Lambeth, K.-P. Lee, P. Lucker, T. 
Murray, S. Rodier, T. Tremas, A. Bazureau and J. Pelon. 2018. 
Cloud-Aerosol LIDAR Infrared Pathfinder Satellite Observations 
(CALIPSO) Data Management System: Data Products Catalog. 
Document No. PC-SCI-503, release 4.20. Hampton, Va.: NASA.

Wang, Z. and K. Sassen. 2001. Cloud type and macrophysical 
property retrieval using multiple remote sensors. Journal of 
Applied Meteorology 40 (10):1665–1682.

Winker, D. M., W. H. Hunt and C. A. Hostetler. 2004. Status and 
performance of the CALIOP lidar. Proceedings of SPIE 5575:8–15.

Winker, D. M., M. A. Vaughan, A. Omar, Y. Hu, K. A. Powell, Z. Liu, 
W. H. Hunt and S. A. Young. 2009. Overview of the CALIPSO 
mission and CALIOP data processing algorithms. Journal of 
Atmospheric and Oceanic Technology 26 (11): 2310–2323.

PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING J anuar y  2021  67

http://my.asprs.org


68 J anuar y  2021  PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING

SUSTAININGMEMBERS

Aerial Services, Inc.
Cedar Falls, Iowa
www.AerialServicesInc.com
Member Since: 5/2001

Ayres Associates
Madison, Wisconsin
www.AyresAssociates.com
Member Since: 1/1953

Cardinal Systems, LLC
Flagler Beach, Florida
www.cardinalsystems.net
Member Since: 1/2001

Dewberry
Fairfax, Virginia
www.dewberry.com
Member Since: 1/1985

Esri
Redlands, California
www.esri.com
Member Since: 1/1987

F.R. Aleman & Associates, Inc.
Miami, Florida
https://fr-aleman.com
Member Since: 7/2020

Geographic Imperatives LLC
Centennial, Colorado
http://geographicimperativesllc.com
Member Since: 9/2021

GeoWing Mapping, Inc.
Richmond, California
www.geowingmapping.com
Member Since: 12/2016

GPI Geospatial Inc. 
formerly Aerial Cartographics of America, Inc. (ACA)
Orlando, Florida
www.aca-net.com
Member Since: 10/1994

Green Grid Inc.
San Ramon, California
www.greengridinc.com
Member Since: 1/2020

Halff Associates, Inc.
Richardson, Texas
www.halff.com
Member Since: 8/2021

Keystone Aerial Surveys, Inc.
Philadelphia, Pennsylvania
www.kasurveys.com
Member Since: 1/1985

Kucera International
Willoughby, Ohio
www.kucerainternational.com
Member Since: 1/1992

L3Harris Corporation
Broomfield, Colorado
www.harris.com
Member Since: 6/2008

Pickett and Associates, Inc.
Bartow, Florida
www.pickettusa.com
Member Since: 4/2007

Quantum Spatial, Inc.
Sheboygan Falls, Wisconsin
www.quantumspatial.com
Member Since: 1/1974

Sanborn Map Company
Colorado Springs, Colorado
www.sanborn.com
Member Since: 10/1984

Surveying And Mapping, LLC (SAM)
Austin, Texas
www.sam.biz
Member Since: 12/2005

T3 Global Strategies, Inc.
Bridgeville, Pennsylvania
https://t3gs.com/
Member Since: 6/2020

Teledyne Optech
Vaughan, Ontario, Canada
TeledyneOptech.com
Member Since: 12/2020

Terra Remote Sensing (USA) Inc.
Bellevue, Washington
www.terraremote.com
Member Since: 11/2016

Towill, Inc.
San Francisco, California
www.towill.com
Member Since: 1/1952

Wingtra
Zurich, Switzerland
https://wingtra.com/
Member Since: 6/2020

Woolpert LLP
Dayton, Ohio
www.woolpert.com
Member Since: 1/1985

Membership

 9 Provides a means for 
dissemination of new 
information

 9 Encourages an exchange of 
ideas and communication 

 9 Offers prime exposure for 
companies

SUSTAININGMEMBERBENEFITS
Benefits of an ASPRS Membership

 – Complimentary and discounted Employee Member-
ship*

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

 – Professional Certification Application fee discount for 
any employee 

 – Discounts on PE&RS Classified Ad

 – Member price for ASPRS publications

 – Discount on group registration to ASPRS virtual 
conferences

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

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

 – Press Release Priority Listing in PE&RS Industry News

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

 – Discount on PE&RS full-page advertisement

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

 – Free training webinar registrations per year*

 – Discount on additional training webinar registrations 
for employees

 – Discount for each new SMC member brought on 
board (Discount for first year only)

*quantity depends on membership level



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

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

2. Vertical Datums
Dru Smith

3. Standards, Guidelines & Specifications
David F. Maune

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

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

6. Photogrammetry
J. Chris McGlone and Scott Arko

7. IfSAR
Scott Hensley and Lorraine Tighe

8. Airborne Topographic Lidar
Amar Nayegandhi and Joshua Nimetz

9. Lidar Data Processing
Joshua M. Novac

10. Airborne Lidar Bathymetry
Jennifer Wozencraft and Amar Nayegandhi

11. Sonar
Guy T. Noll and Douglas Lockhart

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

13. DEM User Applications
David F. Maune

14. DEM User Requirements & Benefits
David F. Maune

15. Quality Assessment of Elevation Data
Jennifer Novac

Appendix A. Acronyms

Appendix B. Definitions

Appendix C. Sample Datasets

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

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

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

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

Co-Editors

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

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

ASPRS Member $80 +S&H

Non-member $100 +S&H

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

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



A
SPRS

ASPRS Offers
 » Cutting-edge conference programs
 » Professional development workshops
 » Accredited professional certifications
 » Scholarships and awards
 » Career advancing mentoring programs
 » PE&RS, the scientific journal of ASPRS


	Industry News
	Calendar
	Table of Contents
	Cover Description
	Sector Insight: .com
	GIS Tips & Tricks
	Certification
	Book Review: Remote Sensing. Principles,
Interpretation and Applications, Fourth
Edition
	Grids & Datums: The Hellenic Republic
	In Memoriam: David Allen Landgrebe
	Signatures
	Journal Staff
	ASPRS News
	New Members
	SIP-Based Inversion Model of Mining-Induced 3D Deformation
	In-Press PE&RS Articles
	Who's Who in ASPRS
	Building Extraction from Lidar Data Using Statistical Methods
	Georeferencing with Self-Calibration for Airborne Full-Waveform Lidar Data Using Digital Elevation Model
	An Improved Approach Based on Terrain-dependent Mathematical Models for Georeferencing Pushbroom Satellite Images
	Dynamic Spatial Fusion of Cloud Vertical Phase from CALIPSO and CloudSat Satellite Data
	Sustaining Members

