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SAC is a group of students committed to serving all of the student members 
of ASPRS. Our goal is to ensure that ASPRS is a Society that both benefits 
from student involvement and creates opportunities for those students. 

SAC is led by a Council of seven students who meet monthly to discuss 
issues pertaining to ASPRS Student Members. What do they do?

• Organize special sessions of interest to students at ASPRS Annual 
and fall conferences. http://www.asprs.org/Annual-Conferences/
Program/

• Create networking opportunities during those conferences and bring together students looking for employment after graduation 
with potential employers in the industry.

• Inaugurate new programs within ASPRS.

• Design activities such as the GeoLeague Competition where students compete in teams using geospatial technology applications 
to solve a problem. http://www.asprs.org/Students/GeoLeague-Challenge-2014.html.

Promote student involvement in humanitarian projects such as crowdsourcing the manual interpretation 
of imagery in Somalia to identify shelters that are being used as homes by refugees. http://irevolution.net/
tag/tomnod/.

All ASPRS Student Members are encouraged to become involved with SAC. Check out the SAC Social 
Networking sites and keep up with ongoing news.

Student Newsletter: http://asprssignature.blogspot.com/

Facebook page: https://www.facebook.com/pages/ASPRS-Student-Advisory-Council/117943608233122

LinkedIn Group: http://www.linkedin.com/groups?home=&gid=2487675&trk=anet_ug_hm

Email: asprs.chairsac@gmail.com

The ASPRS Student Advisory Council (SAC) …
…ensuring Student Member representation in ASPRS and more.

THE IMAGING & GEOSPATIAL
INFORMATION SOCIETY

STUDENT ADVISORY COUNCIL
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Maximize Your PRecognition
 PAchievement
 PAdvancement

Benefits of ASPRS Membership
The benefits of membership in the American Society for Photogrammetry and Remote Sensing  

far exceed the initial investment.  
Member benefits and services include: 

JOIN ASPRS TODAY!

· Monthly issue of Photogrammetric Engineering   
 & Remote Sensing (PE&RS) 
· Discounts on all ASPRS publications 
· Job Fair Access 
· Discounts on registration fees for ASPRS Annual  
 Meetings and Specialty Conferences 
· Discounts on ASPRS Workshops 
· Receipt of Region Newsletter 
· Region specialty conferences, workshops,  
 technical tours and social events 

· Opportunity to participate in ISPRS activities 
· Invitations to Technical Committee and Division meetings 
· Local, regional, national and international  
 networking opportunities 
· Eligibility for over $18,000 in National and Region   
 awards, scholarships and fellowships 
· Opportunity to Access the ASPRS Membership  
 Directory on the internet (search for other active  
 individual members, sustaining members, and    
 certified professionals)

VISIT HTTP://WWW.ASPRS.ORG/JOIN-NOW.HTML FOR MORE DETAILS!
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INNOVATIONINNOVATION
DESIGNDESIGN

BY

The National Reconnaissance 
Offi ce Director’s Innovation Initiative 
(DII) Program funds cutting-edge 
scientifi c research in a high-
risk, high-payoff environment to 
discover innovative concepts 
and creative ideas that transform 
overhead intelligence capabilities 
and systems for future national 
security intelligence needs. The 
program seeks out the brightest 
minds and breakthrough 
technologies from industry, 
academia, national laboratories, 
and U.S. government agencies.

Visit the website for 
program history, frequently 
asked questions, proposal 
guidance, and Broad Agency 
Announcement and 
Government Sources 
Sought Announcement 
requirements.

https://acq.westfi elds.net
703.808.2769

The National Reconnaissance 

R&D Funding Program
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521 The GLS+: An Enhancement of the Global Land Survey 
Datasets
Saurabh Channan, Min Feng, Do-Hyung Kim, Joseph Owen Sexton, Xiao-Peng Song, Dan-
Xia Song, Praveen Noojipady, Kathrine Collins, Anupam Anand and John R. Townshend 
Ramesh Sivanpillai
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543 The Universal Lidar Error Model
Craig Rodarmel, Mark Lee, John Gilbert, Ben Wilkinson, Henry 
Theiss, John Dolloff, and Christopher O’Neill
A standardized sensor model and associated metadata storage 
format to assist in downstream lidar data adjustment and error 
propagation.

557 Rice Crop Discrimination Using Single Date RISAT1 Hybrid (RH, RV) 
Polarimetric Data
Deepika Uppala, Ramana Venkata Kothapalli, Srikanth Poloju, 
Sesha Sai Venkata Rama Nullapudi, and Vinay Kumar Dadhwal
Rice crop scattering mechanism and discrimination using hybrid 
polarimetric SAR data

565 A Fast and Robust Scan-Line Search Algorithm for Object-to-Image 
Projection of Airborne Pushbroom Images
Xiang Shen, Guofeng Wu, Ke Sun, and Qingquan Li
A new scan-line search algorithm for the object-to-image 
projection problem of airborne pushbroom images performing 
better than previous methods in terms of both efficiency and 
robustness.

573 A Landsat Data Tiling and Compositing Approach Optimized for 
Change Detection in the Conterminous United States
Kurtis J. Nelson and Daniel Steinwand 
A tiled and composited dataset for the conterminous United 
States that was optimized for annual change detection.

587 Deriving the Spatiotemporal NPP Pattern in Terrestrial 
Ecosystems of Mongolia Using MODIS Imagery
Chinsu Lin and Narangarav Dugarsuren
Determining net primary production using meteorological data 
and remotely sensed vegetation parameters on data collected in 
Mongolia between 2000 and 2004.
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The violent eruption of Mount St. Helens 35 years ago permanently changed the moun-
tain and surrounding forest. The volcanic blast on May 18, 1980, devastated more than 
150 square miles of forest within a few minutes. In these Landsat false-color images, 
forest appears as bright red interspersed with patches of logging. Snow appears white, 
and ash is gray.

Before the eruption, Mount St. Helens towered about a mile above its base, but when 
the volcano erupted, its top slid away in an avalanche of rock and debris. When mea-
sured on July 1, 1980, the mountain’s height had been reduced from 9,677 feet to 8,364 
feet-a difference of about 1,300 feet.

The 2014 Landsat image shows vegetation regrowth, as light red and pink, in the 
devastated area. However, the gray around the mountain is still evident, and the volcanic 
crater is still prominent as an “amphitheater,” where the peak of the mountain slid away.

Scientists are using this opportunity to witness the recovery process, both with sat-
ellites and on the ground. With its 40-plus years of consistent imagery, the Landsat 
archive is perfect for studying the landscape changes caused by natural disasters and 
the gradual recovery process.
Sensor: L1 MSS, L4 MSS, L8 OLI
Acquisition Date: September 15, 1973, May 22, 1983, August 7, 2014
Path/Row: 46/28
Lat/Long: 46.000/-122.400
For more information, visit http://landsat.usgs.gov/gallery_view.php?category=nocate-
gory&thesort=pictureId. Category: Natural Disasters. Date Posted: 05/21/2015.
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Photogrammetric Engineering & Remote Sensing is the official journal 
of the American Society for Photogrammetry and Remote Sensing. It is 
devoted to the exchange of ideas and information about the applications of 
photogrammetry, remote sensing, and geographic information systems. The 
technical activities of the Society are conducted through the following Technical 
Divisions: Geographic Information Systems, Photogrammetric Applications, 
Lidar, Primary Data Acquisition, Professional Practice, and Remote Sensing 
Applications. Additional information on the functioning of the Technical 
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this and other Society publications should be directed to the American Society 
for Photogrammetry and Remote Sensing, 5410 Grosvenor Lane, Suite 210, 
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and Remote Sensing. Reproduction of this issue or any part thereof (except 
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made only after obtaining the specific approval of the Managing Editor. The 
Society is not responsible for any statements made or opinions expressed 
in technical papers, advertisements, or other portions of this publication. 
Printed in the United States of America.
PERMISSION TO PHOTOCOPY. The appearance of the code at the bottom of the 
first page of an article in this journal indicates the copyright owner’s consent 
that copies of the article may be made for personal or internal use or for the 
personal or internal use of specific clients. This consent is given on the condi-
tion, however, that the copier pay the stated per copy fee of $3.00 through the 
Copyright Clearance Center, Inc., 222 Rosewood Drive, Danvers, Massachu-
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U.S. Copyright Law. This consent does not extend to other kinds of copying, 
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LETTER FROM SHELDON 
PIEPENBURG, STAFF DIRECTOR 
OF SPECIAL PROGRAMS

The featured interview in this month’s 
PE&RS is about TIGER, The U.S. Census 
Bureau’s digital base for all things 
geographic /census. TIGER stands for 
Topologically Integrated Geographic 
Encoding and Referencing, and it’s hard to 
believe TIGER turns 25 this year, slightly 
older if you count the development years!

As maps go, 25 years is not old. It seems 
like it was not that long ago that the 
late Bob Marx was working not only at 

the Census to evolve TIGER but also at the USGS to initiate the 
Memorandum of Understanding that would lead to implementing 
all that is TIGER today.  As you read the interview you gain insight 
into the Census Bureau’s rich history of innovation and use of maps 
- both paper and digital to locate not only the population of the US, 
but also to indirectly support the distribution of billions in federal 
dollars every year, and yes that’s billions with a B.

It’s also important to note that TIGER is still evolving with staff 
at the Census Bureau working to incorporate new technology into 
TIGER.  Yes, 25 years is not old, but it would be difficult to find 
another map product that even comes close to matching the impact 
TIGER has on this Nation.

Sheldon Piepenburg
Staff Director of Special Programs
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An Enhancement of the Global Land Survey Datasets
By Saurabh Channan, Min Feng, Do-Hyung Kim, Joseph Owen Sexton,  Xiao-Peng Song, Dan-Xia Song, 
Praveen Noojipady, Kathrine Collins, Anupam Anand and John R. Townshend

Photogrammetric Engineering & Remote Sensing
Vol. 81, No. 7, July 2015, pp. 521–525.

0099-1112/15/521–525
© 2015 American Society for Photogrammetry

and Remote Sensing
doi: 10.14358/PERS.81.7.521
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History of the Global Land Survey
The Global Land Survey (GLS) dataset is the product of a 
partnership between the US Geological Survey (USGS) and 
National Aeronautics and Space Administration (NASA). It 
was designed to inform the U.S. Climate Change Science 
and the NASA Land-cover and Land-use Change (LCLUC) 
Programs. Building on the existing GeoCover dataset 
representing nominal 1970’s, circa-1990, and circa-2000 
“epochs” (Tucker et al., 2004), the GLS was selected to 
provide wall-to-wall, orthorectified, cloud-free Landsat 
coverage of Earth’s land area at 30-meter resolution in epochs 
representing 1975, 1990, 2000, 2005, and 2010 (Franks et al., 
2009; Gutman et al., 2008). The GLS collection of Landsat 
images is intended to provide one cloud- and error-free 
image representing the peak growing season of each epoch 
for each World Reference System (WRS) tile. This selection 
significantly reduces end-user effort in accessing Landsat 
data appropriate for land-cover classification and change 
detection. 

The GLS and its predecessor were the first open-access 
satellite datasets to depict Earth’s global terrestrial surface 
at high (30-m) resolution over the long term (35+ years). The 
first three GeoCover epochs were geometrically corrected 
at USGS and orthorectified by Earthsat Inc. (now MDA 
Federal) under contract to the US government. Selection 
of images was manual, by visualizing potential images for 
each scene and checking for clouds, missing bands or scan 
lines, and calibration metadata. Later collections used a 
more automated approach, known as the Large Area Scene 
Selection Interface (LASSI) (Franks et al., 2009). By querying 
image metadata, images were selected based on low cloud 
cover, proximity to the season of maximum photosynthesis 
as measured by NDVI (Normalized Difference Vegetation 
Index), and absence of sensor errors. In some areas, scenes 
were selected manually where no cloud-free image was 
available.

Since the 2008 opening of the USGS archive, terrain-
corrected Landsat images can now be downloaded from the 
USGS EROS Data Center (EDC). However, the process 
of selection and download using this approach is time-
consuming for acquiring large datasets. Though automated 
tools, such as the Bulk Download Tool (http://earthexplorer.
usgs.gov/bulk/), have been developed to reduce the number of 
clicks required to download data, acquiring large volumes of 
data still remains a tedious process. Opening of the archive 
has also allowed for the improvement of characterization 
Earth’s land surface when there is lack of data due to Scan 

Line Corrector (SLC) -Off gaps, cloud and cloud shadow, via 
maximum value compositing techniques (Holben, 1986). 
The USGS Web-Enabled Landsat Data (WELD) project 
is creating global composites of 3-year epochs, as well as 
weekly, monthly, seasonal, and annual composites of the 
conterminous United States and Alaska (Roy et al., 2010).

With multi-date composites an option, users continue to 
rely on the GLS products to represent the surface at one point 
in time. As of November 2014, more than six (6) terabytes 
of GLS imagery have been downloaded from EDC, and over 
177 terabytes have been downloaded from the Global Land 
Cover Facility (GLCF) (www.landcover.org). At the GLCF, 
the GLS has served as the basis for mapping the first global 
tree, water, and forest cover (Sexton et al., 2013, 2015; Feng 
et al, in press) and for monitoring global forest cover change 
(Townshend et al., 2012; D.-H. Kim et al., 2014; Sexton et al., 
2015). These applications have revealed issues in the original 
GLS dataset. In this paper we characterize these issues 
and describe their correction with newly available data. We 
term this enhancement of the Global Land Survey or simply 
“GLS+”.

Challenges and Enhancements
The principal challenges to analyses based on the original 
GLS collection were images with: (1) excessive cloud cover, (2) 
“off-season” phenology, (3) sensor artefacts, and (4) incorrect 
or absent calibration metadata. 

Cloud Cover. Landsat 7 uses the Automated Cloud-Cover 
Assessment (ACCA) algorithm to map and estimate the 
percentage of clouds in each image (Irish et al., 2006). 
However, ACCA underestimates cloud cover (Gutman 
et al., 2013), and so metadata queries will likely include 
excessively cloudy images (Figure 1). Replacing ACCA with 
improved algorithms is expected to improve cloud-cover 
estimates (Lindquist et al., 2008; Huang et al. , 2010) and 
thus automated metadata searches as well. For the GLS+, 
we estimated coverage of clouds detected by the algorithm of 
Huang et al. (2010), queried the USGS archive for suitable 
replacements, and upon visual examination, selected suitable 
images from the candidates. 

The GLS collection of Landsat images is intended 

to provide one cloud- and error-free image 

representing the peak growing season of each 

epoch for each World Reference System (WRS) tile.

“Global, long-term monitoring of changes in Earth’s 

land surface requires quantitative comparisons 

of satellite images acquired under widely varying 

atmospheric conditions...”

http://earthexplorer.usgs.gov/bulk/
http://earthexplorer.usgs.gov/bulk/
http://www.landcover.org
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Sensor Artefacts. The SLC of the Landsat-7 
Enhanced Thematic Mapper Plus (ETM+) 
instrument failed on May 31, 2003 
(Gutman et al., 2008). Hence, the second 
greatest challenge in the GLS 2005 and 
2010 collections is either avoiding or “gap-
filling” the SLC-Off null values, which cover 
approximately 22% of each image acquired 
after the malfunction. The original GLS 
collection avoided the issue by preferentially 
selecting Landsat-5 Thematic Mapper (TM) 
images, when available, and filling ETM+ 
gaps by compositing data from other images 
from the same WRS-2 scene when they were 
not available. However, gap-filling has led to 
phenological and bidirectional artefacts in the 
composited data products (Storey et al., 2005; 
Gutman et al., 2013), and the composited 
images do not represent a single point in 
time. Repatriation efforts to gather Landsat 
images from international receiving stations 
continued after collection of the GLS, and so 
for the GLS+ we queried the expanded USGS 
archive and replaced the SLC-Off and gap-
filled ETM+ images with TM scenes when 
such replacements had become available. 

Phenology. Although “peak-season” 
phenology was a criterion for selecting the 
GLS, we found that many of the scenes were 
not phenologically suitable and could lead to 
spurious identification of forest cover changes 
(Townshend et al., 2012; Kim et al., 2011). 
An assessment of each image’s temporal 
proximity to the season of maximum NDVI 
revealed that 3515 images from the GLS1990 
(Figure 2 top), 441 images from the GLS2000 
(Figure 2 middle) and 574 scenes from 
the GLS2005 (Figure 2 bottom) needed to 
be replaced. Phenologically appropriate 
substitutes were found and incorporated into 
the GLS+ (Kim et al., 2014).

Figure 1.  Landsat GLS2000 images acquired in Colombia (in order left to right p004r057, p003r058, p003r057, p004r058).  All the scenes had zero cloud cover 
reported in their metadata file.

Figure 2.  Global coverage of replacement images for GLS1990 (top), GLS2000 (middle), and 
GLS2005 (bottom).  Images were replaced with L1T data as needed where possible.
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Calibration of the Visible, Near and Mid IR Bands. Radiomet-
ric gain and bias coefficients are necessary to derive phys-
ical quantities such as radiance and surface reflectance 
(Feng et al., 2012, 2013) “Global, long-term monitoring of 
changes in Earth’s land surface requires quantitative com-
parisons of satellite images acquired under widely vary-
ing atmospheric conditions. Although physically based 
estimates of surface reflectance (SR. The challenge with 
GLS1975 and GLS1990 is the frequency of missing or dif-
ferent calibration coefficients used and reported in the im-
age metadata. Since data were received and processed by 
different ground receiving stations distributed around the 
globe, different calibration parameters were used. Often 
the coefficients were not stored or communicated with the 
data themselves, or inappropriate metadata were attached 
to images. With the repatriation of the Landsat archive, 
USGS recalibrated the entire GLS1990 collection; these 
corrected data were then re-downloaded as the GLS+. This 
issue was minor in GLS2000 and GLS2005 but needed to 
be addressed for 98 Landsat ETM+ scenes as Feng et al. 
(2013) identified in these collections (Figure 3). 

Calibration of the Thermal Band. The thermal band of Land-
sat-5 TM data was recalibrated in May 2010 (http://landsat.
usgs.gov/science_L4-5_Cal_Notices.php). Following retro-
spective recalibration, GLCF re-acquired the entire GLS 
1990 image dataset, as well as those images that were down-
loaded to augment the 1990 epoch.

Discussion and Conclusion
Optimized collections of calibrated and terrain-corrected 
images such as the GLS offer an excellent representation 
of Earth’s entire terrestrial surface over multiple unique 
dates. The NASA/USGS Global Land Survey (GLS) has been 
among the most widely used and successful efforts to collect 
optimal sets of multi-temporal Landsat collections for glob-
al land-cover analysis. However, the first generation of its 
use revealed deficiencies in image seasonality, cloud cover, 
and sensor radiometry. To mitigate or fully correct these is-
sues, we replaced and added Landsat scenes to each of the 
GLS epochs. These steps have improved the consistency of 
the dataset and its representation of land cover. Overall, 
3,515 scenes were added for the GLS1990, 362 scenes to the 
GLS 2000, and 290 scenes to the GLS2005 collection. In the 
GLS2010 collection, the main issues will be the replacement 
of the SLC-Off scenes. Some areas of the globe are still not 
covered. The gaps in Asia in the GLS1990 collection exist 
largely because of the decades-long refusal of the Indian 
government to share their historic Landsat data, despite 
their nominal membership of GEO. However, we are hope-
ful that the gaps over India and elsewhere will eventually 
be filled via efforts such as the Landsat Global Archive Con-
solidation Effort (Wulder et al., 2012). The improved data 
sets, which we term GLS+, are obtainable at no cost to the 
user community through the Global Land Cover Facility at 
www.landcover.org. 

Optimized collections of calibrated and terrain-

corrected images such as the GLS offer an excellent 

representation of Earth’s entire terrestrial surface 

over multiple unique dates. 

Using the GLS+ collection, we produced the first global, 

30-m resolution datasets of surface reflectance, tree 

cover, forest cover and change, and inland surface 

waters. These products are available for free, public 

access via www.landcover.org.

Figure 3.  Distribution of replacement images due to calibration issues. Green and red squares are GLS2000 and 
GLS2005 scenes with incorrect gain/bias coefficients, respectively.

http://landsat.usgs.gov/science_L4-5_Cal_Notices.php
http://landsat.usgs.gov/science_L4-5_Cal_Notices.php
http://www.landcover.org
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PROFESSIONALINSIGHT

An interview with Jim Castagneri, Geographer at 
the U.S. Census Bureau about TIGER. Jim has 
been a Geographer for the U.S. Census Bureau since 
1987.  He began his career at Census as part of the 
team building TIGER using analog cartographic 
techniques in the early 1980’s.  He later shifted 
his focus to digital TIGER maintenance and GIS.  
Jim was instrumental in bringing modern spatial 
analysis to the Census Bureau using commercial 
GIS and received the Department of Commerce 
Bronze medal for the application of GIS technology 
in survey management.  He resides with his family 
in Denver, Colorado.

I N T E R V I E W
TIGER

Geography and the Census; why is this connection so 
important that it lead to the creation of TIGER?

The Census is not only about counting people, it’s also 
about counting them in the right place. The creation of TI-
GER stemmed from the realization that we needed a more 
efficient way to distribute, collect, and tabulate the mil-
lions of census responses to the correct geography.  With 
the growth of computerized mailing lists in the 1960’s, the 
Census Bureau recognized the potential of the U.S. Postal 
Service as a primary means to distribute and collect ques-
tionnaires.   This required a way to code these question-
naires into their respective geographies.  To accomplish 
this, we developed our Address Coding Guide (ACG) in the 
1970’s.  The ACGs evolved into GBF/DIME (Geographic 
Base File/Dual Independent Mapping and Encoding) files 
in 1980 and these in turn evolved into TIGER for 1990.  
The MAF/TIGER system now facilitates a wide variety 
of activities including the distribution and tabulation of 
millions of questionnaires from the decennial census and 
other surveys.

What is TIGER and why,  25-years later does it significantly 
impact our lives on a daily bases?

TIGER, now referred to as the “MAF/TIGER system”; 

stands for ‘Master Address File/ Topologically Integrat-
ed Geographic Encoding and Referencing’ and is the 
very foundation of the U.S. Census Bureau.  It was built 
through a massive cooperative effort with the USGS in the 
1980’s.  The MAF/TIGER system provides the geographic 
framework and sample universe for all fieldwork and sub-
sequent tabulation.  Additionally, TIGER/Line products 
have become the defacto standard in the U.S. for GIS anal-
ysis of demographic data from the Census Bureau and oth-
er agencies.  Simply put, the MAF/TIGER system is the of-
ficial storehouse for all political and statistical geography 
of the United States.  Every state depends on it indirectly 
for the distribution of billions in federal dollars every year.

What was being used prior to TIGER?
Up though the 1980 Census, we used modified paper 
maps from state and local governments to manage the 
collection and tabulation of the decennial census.  To fa-
cilitate that massive operation, Geographers would scour 
the countryside visiting state and local governments for 
pre-existing maps that would be modified for census use 
by scores of cartographers.  We then used age-old car-
tographic techniques such as ZIP-A -Tone shading and 
drafting pens to customize the maps we needed.   This 
type of map production was extremely time consuming, 
costly, and error-prone.  There was no consistent scale or 
content and it was very difficult to make corrections.  We 
began standardizing what would later become a “census 
map” with our Metropolitan Map Series (MMS) for the 
1970 and 1980 Censuses.  Before TIGER, there wasn’t 
much consistency.  

Photogrammetric Engineering & Remote Sensing
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PROFESSIONALINSIGHT
What geographic features are in the program and why 
are these important to data collection?

The MAF/TIGER system contains a variety of physical 
features such as roads, railroads, rivers, lakes, and oth-
ers.  Physical features are important both as occasional 
political boundaries and as navigation and visible ref-
erences for field workers.   MAF/TIGER also contains 
non-visible political and statistical geography.  These 
include things like city boundaries, tribal and state 
boundaries as well as statistical entities such as census 
tracts.    These various boundaries are critical for the 
accurate tabulation and publication of the data. 

Why were these geographic features essential to the 
structure and growth of the database?

It was partly due to necessity and party due to design.  
Of course, we had to keep track of new roads and sub-
divisions to update the TIGER maps used by enumera-
tors during fieldwork.  Likewise, we had to keep track 
of boundary changes so that cities, counties and tribal 
lands could have accurate counts after the decennial.  
Also, TIGER visionaries like the late Bob Marx knew 
we needed a way to generate millions of custom map 
sheets to support our enumerators for the 1990 Census 
and beyond.  As our country grows and changes, MAF/
TIGER grows along with it.

Why was the database set-up using layers and blocks? 
How has this benefited the user?

In fact, TIGER was designed to be an integrated single 
layer system.  Our TIGER/Line products were designed 
to provide consumer information broken out by theme 
or layer.  By downloading a single layer as a TIGER/
Line file, the user doesn’t have to deal with the entire 
massive TIGER dataset.  

In order to maintain such a detailed and complex as-
sortment of geography, the MAF/TIGER system must 
be able to relate various map primitives (points, lines, 
and polygons) to one-another.  The topological business 
rules in MAF/TIGER are extremely important for this.  
These relationships are maintained in real-time and en-
sure we have consistency on a physical, political, and 
statistic level.  So the MAF/TIGER system is much more 
than a digital mapping system, it’s a topologically inte-
grated, geographic inventory of all political and statis-
tical geography in the United States and its territories.

One reason The US Census Bureau created the geospa-
tial framework in TIGER was for use in linking statistical 
data in GIS. Who uses this data and what is it used for?

With TIGER, every tribal, state, and local government 
has the opportunity to create its own geographic infor-
mation system with small-area census geographic data 
using publicly available extracts of the TIGER data-
base. Everyone from oil companies locating pipelines to 
forest managers mitigating wildfire hazards use TIGER 

and census data.  From businesses tracking demograph-
ic trends to small business looking for new markets, 
census data are everywhere.

Are there things the data could be used for but isn’t?
There is great potential with the Census API and our 
new TIGERweb REST services.  These new tools are 
providing instant access to the latest TIGER and cen-
sus data in fascinating ways.  Developers can now build 
custom apps that combine these data on the fly in ways 
we never could before.

TIGER sounds like a statisticians dream. Besides stat-
isticians, who else is using the information?  

Like so many other sources of information these days, 
TIGER and Census data are finding their way into the 
farthest corners of our society.  Open data and open 
source tools are fueling a new generation of software 
that leverages these data.  Traditional consumers like 
city planners and businesses are still heavy users of 
census data, but we’re now seeing software developers 
leveraging our data in products that are integrated into 
existing platforms.  With these tools, non-profits with 
little financial ability can now consume and leverage TI-
GER and thousands of census variables with little or no 
investment.

What lies in the future for TIGER?
I think you can expect to see MAF/TIGER data being 
used in a wider variety of ways.  The USGS for example 
will begin to use TIGER data as the road network for 
the National Map starting this year.  Within the Cen-
sus Bureau, we are exploring new ways for updating the 
roads and addresses to keep pace with our changing na-
tion.  We will certainly be expanding and solidifying our 
current partnership efforts with tribal and local govern-
ments where we are incorporating local GIS data into 
MAF/TIGER.
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“Little is known of Timor before AD 1500, 
although Chinese and Javanese traders vis-
ited the island from at least the 13th centu-

ry, and possibly as early as the 7th century. These traders 
searched the coastal settlements for aromatic sandalwood, 
which was valued for its use in making furniture and in-
cense, and beeswax, used for making candles. Portuguese 
traders arrived between 1509 and 1511, but it wasn’t until 
1556 that a handful of Dominican friars established the first 
Portuguese settlement at Lifau – in the present-day Oecussi 
enclave – and set about converting the Timorese to Cathol-
icism.

In 1642, Francisco Fernandes led a Portuguese military ex-
pedition to weaken the power of the Timor kings. Comprised 
primarily of Topasses, the ‘black Portuguese’ mestizos (people 
of mixed parentage) from neighboring Flores, his small army 
of musketeers settled in Timor, extending Portuguese influ-
ence into the interior. To counter the Portuguese, the Dutch 
established a base at Kupang in western Timor in 1653. The 
Portuguese appointed an administrator to Lifau in 1656, 
but the Topasses went on to become a law unto themselves, 
driving out the Portuguese governor in 1705. By 1749 the To-
passes controlled central Timor and marched on Kupang, but 
the Dutch won the ensuing battle, expanding their control of 
western Timor in the process. On the Portuguese side, after 
more attacks from the Topasses in Lifau, the colonial base was 
moved east to Dili in 1769.

“The 1859 Treaty of Lisbon divided Timor, giving Portugal 
the eastern half, together with the north coast pocket of Oecus-
si; this was formalised in 1904. Portuguese Timor was a sleepy 
and neglected outpost ruled through a traditional system of 
liurai (local chiefs). Control outside Dili was limited and it 
wasn’t until the 20th century that the Portuguese intervened 
in the interior.

“In 1941, Australia sent a small commando force into Portu-
guese Timor to counter the Japanese, deliberately breaching 
the colony’s neutral status. Although the military initiative 
angered neutral Portugal and dragged Portuguese Timor into 
the Pacific War, it slowed the Japanese expansion. Australia’s 
success was largely due to the support it received from the 
locals, for whom the cost was phenomenal. In 1942 the Por-
tuguese handed control to the Japanese whose soldiers razed 
whole villages, seized food supplies and killed Timorese in ar-

DEMOCRATIC REPUBLIC OF 

eas where the Australians were operating. By the end of the 
war, between 40,000 and 60,000 Timorese had died.

“After WWII the colony reverted to Portuguese rule until, 
following the coup in Portugal on 25 April 1974, Lisbon set 
about discarding its colonial empire. Within a few weeks polit-
ical parties had been formed in East Timor, and the Timorese 
Democratic Union (UDT) attempted to seize power in August 
1975. A brief civil war saw its rival Fretilin (previously known 
as the Timorese Social Democrats) come out on top, declaring 
the independent existence of the Democratic Republic of East 
Timor on 28 November. But on 7 December the Indonesians 
launched their attack on Dili.

Indonesia opposed the formation of an independent East 
Timor, and the leftist Fretilin raised the specter of Commu-
nism. The full-scale invasion of the former colony came one 
day after Henry Kissinger and Gerald Ford departed Jakar-
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ta, having tacitly given their assent. (Indeed, the Americans 
urged the Indonesians to conduct a swift campaign so that 
the world wouldn’t see them using weapons provided by the 
USA.) Australia also sided with Indonesia, leaving the Ti-
morese to face Indonesia alone.

By 1976 there were 35,000 Indonesian troops in East 
Timor. Falintil, the military wing of Fretilin, fought a guerril-
la war with marked success in the first few years, but weak-
ened considerably thereafter. The cost of the brutal takeover 
to the East Timorese was huge; it’s estimated that at least 
100, 000 died in the hostilities, and ensuing disease and fam-
ine” (Lonely Planet, 2015).

“Most of the country’s infrastructure, including homes, 
irrigation systems, water supply systems, and schools, and 
nearly 100% of the country’s electrical grid were destroyed 
(including geodetic and cadastral records – Ed). On 20 Sep-
tember 1999, Australian-led peacekeeping troops deployed to 
the country and brought the violence to an end. On 20 May 
2002, Timor-Leste was internationally recognized as an inde-
pendent state. In late 2012, the UN Security Council voted 
to end its peacekeeping mission in Timor-Leste and departed 
the country by the end of the year” (World Factbook, 2015).

Bordered by Indonesia (253 km) (PE&RS, October 2009), 
the lowest point is the Timor Sea, Savu Sea and Banda Sea 
(0 m); the highest point is Foho Tatamailau (2,963 m). The 
capital city is Dili. 

“The Geographic Mission of Timor (MGT) was established 
in 1937 but had to stop their activities in 1941 because of the 
Japanese occupation during World War II. All the work done 
was lost except some pillar foundations at the most inaccessible 
points. MGT was reactivated in 1954 with the aim of providing 
a geodetic network to the territory with the accuracy required to 
create maps at the scale 1:50,000. For the implementation of the 
network, the International ellipsoid was adopted as reference. 
(Note: a = 6,378,388 m, 1/f = 297 – Ed.) Given the presumed 
existence of significant deviations of the vertical, it was consid-
ered that it would be unwise to tie to a single point. Thus, the 
coordinates of the vertices of the network were calculated using 
the astronomical values at three stations: Lequi Levato (Φo = 
08° 30′ 50′′ S, Λo = 126° 21′ 36′′ E, αo = 09° 08′ 24.73′′), Burnuli 
(Φo = 08° 53′ 37′′ S, Λo = 126° 20′ 15′′ E, αo = 175° 08′ 38.42′′), 
and Caitaba (Φo = 09° 08′ 19′′ S, Λo = 125° 45′ 15′′ E, αo = 
130° 52′ 26.52′′), in Relatórios da Missão Geográfica de Timor, 
IICT. The datum was defined so the latitudes, longitudes and 
geodetic azimuths had minimum deviations from their corre-
sponding astronomicals at these three points” (Paula Santos, 
Instituto de Investigação Científica Tropical (IICT), personal 
communication 2015).

  “The leveling network and GPS points network had been 
established by BAKOSURTANAL during the Indonesian pe-
riod. The concrete monuments of benchmarks and GPS points 
still exist in East Timor. However, documentary descriptions 
of benchmarks and GPS points, coordinates lists etc., were 
lost during the violence following the independence vote in 
September 1999. The Indonesian Government’s documents 

(statistic data, land registration data, resident registration 
data etc.,) were also lost during the violence following the 
independence vote in September 1999. Since land use data 
were destroyed during the violence after September 1999, 
many disputes have arisen in connection with land owner-
ship within Dili City. In order to settle these disputes, there 
is an urgent need to develop large scale topographic maps, to 
conduct a land-use survey and to build a database system en-
suring that the results of the land use survey are properly ar-
ranged on the newly developed large scale topographic maps” 
(Study on Urgent Establishment of Topographic Mapping in 
East Timor – Creation of Topographic Information for Estab-
lishment of Cadastre in East Timor, Toru Watanabe, Japan 
International Cooperation Agency, 2000).

Because of the urgent need for a reliable First-Order Geo-
detic network to support topographic mapping and cadas-
tral mapping, the Portuguese government established a new 
independent system of control with new monuments in 8 
locations throughout East Timor. Collocation was not per-
formed as the old classical coordinate records had been lost 
during the 1999 insurrection mentioned above. The eight 
new stations (estações) representing the new Rede Geodési-
ca Fundamental Timor-Leste (RGFTL) are: ABAC (Ba-
cau Airport) j = 08° 29′ 01.824′′ S, l = 126° 23′ 46.465′′ E, h 
= 577.373 m; CBBR (Campo Barro) j = 08° 44′ 57.012′′ S, l 
= 125° 58′ 16.818′′ E, h = 1,173.132 m; CLMR (Colméra Park) 
j = 08° 33′ 22.356′′ S, l = 125° 34′ 10.106′′ E, h = 53.664 m; 
MOLN (Moleana) j = 08° 55′ 37.308′′ S, l = 125° 11′ 02.319′′ 
E, h = 183.054 m; OCSS (Oecusse Airport) j = 09° 11′ 54.456′′ 
S, l= 124° 21′ 08.758′′ E, h = 47.459 m; RACA (Town of Raca) 
j = 08° 26′ 33.360′′ S, l = 126° 59′ 18.328′′ E, h = 457.366 
m; SAME (Town of Same Heliport) j = 09° 00′ 06.984′′ S, l 
= 125° 39′ 12.509′′ E, h = 605.573 m; SUAI (Fort Suai Loro) 
j = 09° 21′ 09.324′′ S, l = 125° 16′ 33.707′′ E, h = 46.803 m” 
(Relatório – Cálculo das Coordenadas, Rui Fernandes, 31 
Dezembro 2005). The new RGFTL is referenced to the Inter-
national Terrestrial Reference Frame of 2000 (ITRF2000), 
epoch of 23 May 2003.

Thanks to Dr. Rui Fernandes for his help with getting me in 
touch with Ms. Santos of the IICT and also for his invaluable 
on-site assistance at our LSU Center for GeoInformatics for 
his expertise with JPL’s GIPSY software.

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).
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Q: I was among the attendees of your session on the new 
ASPRS Map Accuracy Standards during the last ASPRS 
Fall Conference held in Denver in November 2014. Could 
you please elaborate more on the new standard, its 
similarity with the previous standards and how to use it?

Anonymous

Dr. Abdullah: PART III: In the January and April 2015 
issues of Mapping Matters, I introduced PART I and PART II 
of my answer to this question by introducing the new standard 
and the reasons for its development. I provided examples 
for converting product accuracy from the new standard to 
the legacy standards of the ASPRS 1990 and National Map 
Accuracy Standard (NMAS) of 1947. In this final part of my 
answer, I will continue the conversion examples and will 
introduce other features of the new standard. 

The following examples, on how to relate the accuracy 
measure according to the new standard to its equivalent in the 
NMAS of 1947 and the FGDC National Standard for Spatial 
Data Accuracy (NSSDA), were provided in the new standard.

Example 4: Converting the vertical accuracy of an 
elevation dataset from the new ASPRS 2014 standard 
to the NMAS of 1947

Given: An elevation data set with a vertical accuracy of 
RMSEz = 10 cm, according to the new ASPRS 2014 standard, 
compute the equivalent contour interval according to the 
NMAS of 1947 for the given dataset.

Solution: 
The legacy ASPRS Map Standard of 1990 states that, 
“Vertical accuracy, as applied to contour maps on all 
publication scales, shall be such that not more than 10 
percent of the elevations tested shall be in error more than 
one-half the contour interval.”

1. Use the following formula to compute the 90% vertical 
error:
VMAS (LE90) = 1.6449 ×RMSEz = 1.6449 x 10 cm = 
16.449 cm

2. Compute the contour interval (CI) using the following 
criteria set by the NMAS standard:

 VMAS (LE90) = ½ CI, or
 CI = 2 × LE90 = 2 × 16.449 cm = 32.9 cm

ExprEssing thE Asprs 2014 
AccurAcy VAluEs According to thE 
Fgdc nAtionAl stAndArd For spAtiAl 
dAtA AccurAcy (nssdA)
Example 5: Converting the horizontal accuracy of a 
map or orthoimagery from the new 2014 Standard to 
the FGDC NSSDA

Given: A map or orthoimagery with an accuracy of  RMSEx 
= RMSEy = 15 cm according to new 2014 standard, express 
the equivalent accuracy according to the FGDC NSSDA, for 
the given map or orthoimagery.

Solution: 
According to NSSDA, the horizontal positional accuracy is 
estimated at 95 percent confidence level from the following 
formula:

Accuracy at 95 percent or Accuracyr = 2.4477 ×RMSEx = 
2.4477 ×RMSEy

If we assume that:

RMSEx = RMSEy and RMSEr , then

RMSEr =  =  = 1.4142 ×RMSEx = 
1.4142 ×RMSEy  = 1.4142 × 15 = 21.21 cm

also

RMSExor RMSEy=  

Then,

Accuracyr = 2.4477 =  = 1.7308 (RMSEr ) = 1.7308 

(21.21 cm) = 36.71 cm

Example 6: Converting the vertical accuracy of an 
elevation dataset from the new ASPRS 2014 standard 
to the FGDC NSSDA
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Given: An elevation data set with a vertical accuracy of 
RMSEz = 10 cm according to the new ASPRS 2014 Stan-
dard, express the equivalent accuracy according to the 
FGDC NSSDA, for the given dataset.

Solution:
According to NSSDA, the vertical accuracy of an elevation 
dataset is estimated at 95 percent confidence level accord-
ing to the following formula:

Vertical Accuracy at 95 percent Confidence Level = 
1.9600(RMSEz) = 1.9600(10) = 19.6 cm

horiZontAl AccurAcy 
ExAMplE For lidAr dAtA
Example 7: Computing the horizontal accuracy of a 
LiDAR-derived elevation dataset 

Given: 
1. IMU attitude angles accuracy (average of roll, pitch, 

and heading) = 0.00427 degree 

2. Radial horizontal positional error of the GNSS = 
0.11314 m (based on 0.08 m in either X or Y)

Estimate the horizontal accuracy of the LiDAR dataset if 
the data is collected from an altitude (H) of:

a. 1,000 meter
b. 1,500 meter
c. 2,000 meter

Solution:
Using the formula provided in the new standard:

a. H = 1,000 m

b. H = 1,500 m

c. H = 2,000 m

chEckpoint AccurAcy, dEnsity And 
distribution rEquirEMEnts
The new standard calls for the checkpoint accuracy to be 
three times more accurate than the required accuracy of the 
geospatial data set being tested. The new standard states that 
the number and distribution of the checkpoints are project 
specific and must be determined by a mutual agreement 
between the data provider and the end user; however, the 
standard states that in no case shall the accuracy of an 
elevation dataset, digital orthoimagery or planimetric data be 
assessed by less than 20 checkpoints. The standard provides 
Table 6 to guide users on the number of checkpoints required 
for a mapping project. Due the different natures of projects, 
users of the standard need to be aware that the number of 
checkpoints given in Table 6 is provided as guideline and 
should not be understood as a rigid requirements. 

low conFidEncE ArEAs in lidAr dAtA
The new standard provides a section defining the low 
confidence areas associated with LiDAR data processing. 
Table 7 provides definition for the low confidence area based 
on the nominal point density and area size.

Finally, the new standard offers a new paradigm for 
assessing and representing digital geospatial data accuracy. 
It diverges from the old measures and concepts that legacy 
standards offered. Such divergence makes it harder for users 
during the transition period to relate the old concepts of 
map scale and contour intervals to the new concepts of the 
new standard; however, the tutorial and examples provided 
with the new standard document are expected to make this 
transition smoother. Users of the standards are encouraged 
to provide feedback on the standard to the standard 
committee for consideration during future amendments of the 
standard. The new standard website can be visited using the 
following link: http://www.asprs.org/PAD-Division/ASPRS-
POSITIONAL-ACCURACY-STANDARDS-FOR-DIGITAL-
GEOSPATIAL-DATA.html.

“The new standard calls for the 
checkpoint accuracy to be three times 
more accurate than the required 
accuracy of the geospatial data set 
being tested.”

http://www.asprs.org/PAD-Division/ASPRS-POSITIONAL-ACCURACY-STANDARDS-FOR-DIGITAL-GEOSPATIAL-DATA.html
http://www.asprs.org/PAD-Division/ASPRS-POSITIONAL-ACCURACY-STANDARDS-FOR-DIGITAL-GEOSPATIAL-DATA.html
http://www.asprs.org/PAD-Division/ASPRS-POSITIONAL-ACCURACY-STANDARDS-FOR-DIGITAL-GEOSPATIAL-DATA.html
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Table 6. Recommended Number of Checkpoints Based on Area

Project Area 
(Square 

Kilometers)

Horizontal Accuracy 
Testing of Orthoimagery 

and Planimetrics
Vertical and Horizontal Accuracy Testing of Elevation Data sets

Total Number of Static 
2D/3D Checkpoints 

(clearly-defined points)

Number of Static 
3D Checkpoints 

in NVA

Number of Static 
3D Checkpoints 

in VVA

Total Number of Static 3D 
Checkpoints

≤500 20 20 5 25

501-750 25 20 10 30

751-1000 30 25 15 40

1001-1250 35 30 20 50

1251-1500 40 35 25 60

1501-1750 45 40 30 70

1751-2000 50 45 35 80

2001-2250 55 50 40 90

2251-2500 60 55 45 100

Table 7. Low Confidence Areas

Vertical Accuracy 
Class

Recommended Project 
Min NPD (pts/m2) (Max NPS (m))

Recommended Low Confidence 
Min NGPD (pts/m2) (Max NGPS (m))

Search Radius and Cell Size 
for Computing NGPD (m)

Low Confidence Polygons 
Min Area(acres (m2))

1-cm ≥20 (≤0.22) ≥5 (≤0.45) 0.67 0.5 (2,000)

2.5-cm 16 (0.25) 4 (0.50) 0.75 1 (4,000)

5-cm 8 (0.35) 2 (0.71) 1.06 2 (8,000)

10-cm 2 (0.71) 0.5 (1.41) 2.12 5 (20,000)

15-cm 1 (1.0) 0.25 (2.0) 3.00 5 (20,000)

20-cm 0.5 (1.4) 0.125 (2.8) 4.24 5 (20,000)

33.3-cm 0.25 (2.0) 0.0625 (4.0) 6.0 10 (40,000)

66.7-cm 0.1 (3.2) 0.025 (6.3) 9.5 15 (60,000)

100-cm 0.05 (4.5) 0.0125 (8.9) 13.4 20 (80,000)

333.3-cm 0.01 (10.0) 0.0025 (20.0) 30.0 25 (100,000)

“Due the different 
natures of projects, 
users of the 
standard need 
to be aware that 
the number of 
checkpoints given in 
Table 6 is provided 
as guideline and 
should not be 
understood as a 
rigid requirement.”

“Such divergence makes it harder for 
users during the transition period to 
relate the old concepts of map scale 
and contour intervals to the new 
concepts of the new standard.”

**Dr. Abdullah is Senior Geospatial Scientist and Associate at 
Woolpert, Inc. He is the 2010 recipient of the ASPRS Photogrammet-
ric (Fairchild) Award.

The contents of this column reflect the views of the author, 
who is responsible for the facts and accuracy of the data pre-
sented herein. The contents do not necessarily reflect the offi-
cial views or policies of the American Society for Photogram-
metry and Remote Sensing and/or Woolpert, Inc.
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BOOKREVIEW

Remote Sensing of Natural Resources 
Guangxing Wang and Qihao Weng (eds.). 
CRC Press, Boca Raton, FL. 2013. 580 p. Hardcover. ISBN 
978-1-4665-5692-8.

Reviewed by: Rudiger Gens, Remote Sensing 
Scientist, Geophysical Institute, University of Alaska 
Fairbanks, Fairbanks, AK.

Photogrammetric Engineering & Remote Sensing
Vol. 81, No. 7, July 2015, pp. 534–536.
0099-1112/15/534–442
© 2015 American Society for Photogrammetry
and Remote Sensing
doi: 10.14358/PERS.81.7.534

The book “Remote Sensing of Natural Resources” focuses on 
remote sensing systems, algorithms, and their applications for 
mapping, monitoring and modeling natural resources. It is meant 
to serve as a supplementary text for undergraduate and graduate 
students as well as the reference text for researchers, engineers 
and decision makers. The book consists of seven sections and a 
total of 26 chapters. While the book is generally well written, and 
there is always something to be gleaned by the target audience, 
the complexity of information presented fluctuates considerably 
as one reads through the material. Some chapters provide an 
extensive theoretical background, while others are limited to 
reporting the results of specific case studies.

The Remote Sensing Systems section provides the technical 
background of the systems used to acquire remote sensing data 
for studying natural resources. The potential use of hyperspectral 
and LiDAR data is emphasized in a number of chapters in the 
book. Given the growing importance of these data for a large 
variety of applications, it would have been nice to see more 
information about these newer technologies in the introductory 
chapter. Furthermore, a brief coverage of sensor capabilities 
of new and future satellite missions, e.g. the recently launched 
Soil Moisture Active Passive (SMAP) mission, would have 
been useful for the readers. The authors do cover some future 
missions, such as ICESat-2, in subsequent chapters.

The Sampling Design and Product Quality Assessment 
section reviews the progress and changing requirements in this 
field of remote sensing. The integration of co-kriging (model-
based sampling) and stratification (design-based sampling) 
greatly improved the cost efficiency of sampling design. The 
demands on accuracy assessment of classification and modeling 
have increased, particularly for large-area cover maps, change 
detection and maps of continuous variables such as biomass and 
leaf area index. The accuracy assessment is now extended from 
crisp to soft classification maps. The extension is needed to more 
accurately describe several classes within one pixel, e.g. natural 
ecotones or gradations. The accuracy spatially varies depending 
on the complexity of the landscape, soil properties, topographical 
features, density of sample data and the increased accuracy of the 
remotely sensed data. However, most of the current methods do 
not meet the requirements of natural resource management yet.

In the area of Land Use and Land Cover (LULC) Classification 
multi- and hyper-spectral approaches are the most promising for 
extracting information. The accuracy of the classification mostly 
depends on the amount of effort spent on training, choice of 
algorithm and processing capabilities. The section also devotes 
two chapters to impervious surfaces, typically not considered 
a natural resource. The higher resolution of the remote sensing 

data available now severely limits the applicability of earlier 
LULC classification techniques and significantly increases the 
complexity of this task. Hyperspectral and LiDAR data show 
promising results to address some of these difficulties.

For studying Natural Landscapes, Ecosystems, and Forestry 
the increased capabilities with respect to computer processing 
power, spatial resolution and algorithm development has 
been shown to have very positive effects. Increased computer 
processing capabilities allow for greater complexity of modeling 
forests and lake landscapes, where the remote sensing data is 
used in initialization, validation and data integration. The higher 
resolution data helps reducing the costs of forest monitoring and 
now getting useful for modern forest management. The use of 
airborne laser scanning has been especially emphasized. New 
algorithms make increasing use of object-oriented approaches. 

The authors point out that the use of remote sensing data for 
Agriculture studies, e.g. for crop monitoring and prediction, is not 
as well developed as it could be. Availability of high-resolution 
data increases the cost and complexity of the processing. While 
there is great potential for precision farming, it is not widely 
practiced yet. The data is also used for mapping of crop residue 
cover, used to prevent erosion and conserve soil water resources.

continued on page 536
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In the near future, the photogrammetry industry will be able 
to provide city and county managers the ability to visualize 
their cityscapes using 3D views for varying types of analysis. 
Pipeline managers will have the ability to see their above 
ground pipelines traversing the countryside for active risk 
assessment analysis. As some will attest, true ortho and 
wire-framing have been in existence for over 15 years but 
this involves manual to semi-automated interaction with 
the stereo imagery. We have seen oblique imagery in use 
for the last decade with trends to continue to be a very good 
product for city and county governments along with emergency 
management over the next decade. Software used for viewing 
and measuring oblique imagery will continue to be the norm 
in varying industries. Yet, our focus here is the refreshing 
trend toward the display and measureable use of 3D urban 
and infrastructure models using aerial mapping, which we are 
witnessing as it makes its way into the spotlight.

The concept is to use aerial imagery (nadir and oblique) 
as the input to producing real 3D textured surfaces. The 
topic of using oblique and nadir imagery to produce real 3D 
textures to interact with 3D mesh models has been in the 
research community for more than a decade. The new trend as 
this technology surfaces within the private photogrammetry 
industry is for these 3D textured surfaces draped on a mesh 
model to be produced as a by-product of a fully automated 
mapping workflow. It is predicted these 3D real imagery models 
of the landscape will be as common to client project deliveries 
over the next five to ten years, as digital orthophotography had 
become by the late 1990s.

In a recent discussion with Jeff Kirk, VP of Software for 
Icaros (Fairfax, VA), I was provided insight into how aerial 
photography is used to produce these real-imagery 3D scenes. 

Oblique and nadir imagery are processed through the normal 
photogrammetric workflow to produce aero-triangulated 
imagery blocks. This same imagery set is then used to produce 
accurate surface structure through dense correspondence 
matching and triangulation, similar to dense DSMs, only 
three dimensional. With this methodology, the end product is 
a great view-navigation and visualization tool, and a product 
from which measurements may be extracted by the end user. 
The process goes something like this. 

Corresponding image points are triangulated to 3D points 
on the Earth’s surface (the same as for traditional DTMs). 

A look at making real- imagery 3D scenes  
(Texture Mapping with nadir and oblique aerial  imagery) 

Points are then connected to make a surface. There are various 
methods for doing this. One method is to cast the points 
outward onto a huge sphere, where in the limit, the sphere 
becomes a flat surface. Points are then connected together 
on the flat surface, similar to a connect-the-dots games. The 
points are then transformed back to their original positions on 
the Earth’s surface, but now they are connected to one another. 
This is called skinning the surface. 

Now we must colorize the surface from the original images.
Texture maps are computed for the surface model as shown 

in figure 1 mapping images to it. A simplified description 
of the process is that as the algorithm parses through each 

Figure 1.  Texture map produced from nadir/oblique imagery of 
Frederick, MD by Icaros, Inc. The texture is an index with the 
larger images on the left and smaller matching images on the right
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Remote sensing data is used for Biomass and Carbon Cycle 
Modeling at various scales. Monitoring vegetation dynamics and 
carbon cycles is effective from landscapes to regional scales. 
Ocean color radiometry explores the relationships between the 
marine ecosystem, biogeochemical cycles, and climate change 
at regional to global scales. The estimation of leaf area index, 
probably the most complex land surface parameter, cannot be 
considered operational yet for its use in any type of modeling. 
LiDAR has tremendous potential in biomass mapping without 

triangle, it analyzes 
and looks for where 
the triangle face is 
most perpendicular 
to a given image and 
collects those pixels 
into a corresponding 
texture map location, 
based on fit. 

When the process 
is finished, we end 
up with a 3D surface 
of the Earth and new 
images, the texture 
maps, which map 
bits and pieces of the 
original images to 
the surface to form a 
seamless 3D image of 
Earth’s surface.

Of course there 
are lots of issues 
to consider. The 
primary one being that if you don’t have stereo imagery for 
a particular point on the Earth’s surface, you cannot hope to 
derive that point’s structure or color. The geometry and color 
of that unseen point may only be approximated based on its 
surroundings.

However, in practice we now are able to reconstruct 
detailed skinned and textured models of the Earth’s surface 
such as those shown in figure 2. The reconstructed surfaces 
can be directly related back to the images that were used to 
produce it. As such, measurements on the 3D model may be 
confirmed by epipolar correspondence to the original images. 
This provides a powerful methodology for accurate and 
precise measurements, using both the 3D reconstruction and 
the original bundle block adjusted imagery.

This technology as you think about it is not limited to a few 
use cases as described in the first paragraph. The industry 
will rapidly evolve over the next few years to bring these 3D 
views into the mainstream and on to your desktop.

Figure 2. 3D city view of Frederick, MD using 2cm nadir and 3cm GSD oblique imagery collected by Icaros, 
Inc.  This imagery is converted to a texture map and then reconstructed on to the 3D model of the city 
through an automated process.  The above image is a wireframe rendering of the model with texture applied.

 
I would love to hear ideas for future columns.  
What are you curious about? 

Write me at: jpeters@asprs.org.

**Jim Peters is a Client Development Manager at Icaros, Inc.  
For ASPRS, he currently serves as the Chair for the Electronic 
Communications Committee.

The contents of this column reflect the views of the author, 
who is responsible for the facts and accuracy of the data pre-
sented herein. The contents do not necessarily reflect the offi-
cial views or policies of the American Society for Photogram-
metry and Remote Sensing and/or Icaros, Inc.

the limitation of saturation at high biomass levels.
A number of case studies demonstrate the use of remote 

sensing data for studies of Wetlands, Soils and Minerals. Some 
of these are more complete than the others.

In summary, the book is a useful read for all identified 
audiences. The mixed levels of the content matter make it more 
appealing for readers to invest in specific sections of the book 
that match with their interest.

Book Review
continued from page 534
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ASPRS STUDENT ADVISORY COUNCIL

 MINGSHU WANG BENJAMIN VANDER JAGT JESSICA FAYNE BRITTANY KL MABRY
 COUNCIL CHAIR EDUCATION COUNCILOR COMMUNICATIONS COUNCILOR NETWORKING COUNCILOR

 AMANDA ARAGON JAMES BIALAS  NIAZ MORSHED MOUSTAFA ARASTOUNIA
 DEPUTY COUNCIL CHAIR DEP EDUCATION COUNCILOR DEP COMMUNICATIONS COUNCILOR  DEP NETWORKING COUNCILOR

ASPRS STUDENT MEMBERS

ASPRS STUDENT ADVISORY COUNCIL

A QUICK NOTE OF THANKS

Student members of ASPRS are very grateful for the local, regional, 
and national support they receive from the ASPRS membership 

community. Jeremiah Harrington, a student from Michigan Technological 
University in Houghton, Michigan, shows his excitement at the wealth of 
opportunities that have been afforded to him by the support of ASPRS:

“This year was not only the start of the new IGTF format, it was my first ASPRS 
conference. As a first year graduate student studying geospatial technologies I was 
excited to learn about the Society. Some of my classmates were already members 
and urged me to look into it more. After joining I began to receive emails notifying 
me of upcoming events. When the IGTF 2015 call for abstracts came out I decided 
that one of my class projects would be a good topic for a presentation and paper. 
About the same time I noticed that my regional chapter was offering travel grants 
to students who planned to participate in the annual conference. After seeing 
the volunteer opportunities available to students, I decided that it would be a 
worthwhile effort to apply. I was accepted as a volunteer, a speaker, and was also 
awarded a travel grant from the Western Great Lakes Chapter. I’m extremely grate-
ful for the opportunities afforded to me and I really enjoyed the 2015 Conference in 
Tampa, Florida. I was pretty nervous about speaking, but in the end, presenting 
ended up being one of the major highlights of my experience. The learning and 
networking potentials exceeded my expectations. I left the conference with more 
than just brochures and business cards. I made new friends and left feeling great 
about the decision to continue my education in the geospatial field.”

The Student Advisory Council is very proud of Jeremiah, as well as all the other students who 
attend our ASPRS Conferences in search of knowledge and camaraderie in the field of geospatial 
sciences. Jeremiah is just one example of how students can become quickly involved in the society 
by meeting and learning from peers, presenting research, and collaborating with other students

On behalf of the Students of ASPRS, The Student Advisory Council would like to say 

“THANK YOU FOR YOUR SUPPORT!” 

https://www.linkedin.com/groups?gid=2487675&trk=hb_side_g
https://www.facebook.com/pages/ASPRS-Student-Advisory-Council/117943608233122?ref=ts
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REGIONEWS Potomac, Heartland, and Florida Regions

REGISTER NOW—GEOTECH 2015

Sensor Design Considerations for 
Unmanned Aerial System (UAS) 

Platforms
The ASPRS Potomac Region is hosting its 17th GeoTech event at George Mason 
University in Fairfax, VA from September 23-24, 2015.

Interest in UAS has exploded over the past three years.  With the assimilation 
of UAS into the commercial sector, platform and payload manufacturers are 
hastily scoping out the current and future requirements for sensors suitable 
for remote sensing and geospatial data creation.  To facilitate these develop-
ments, the Potomac Region is bringing together the UAS platform and payload 
community with consumers of data generated using UAS systems for remote 
sensing at its annual GeoTech 2015 event.

ASPRS is uniquely positioned to help generate requirements from an appli-
cation point of view, which will then support and assist the technical design 
direction for UAS-hosted sensors. ASPRS is a credible partner in this endeavor 
since its mission is to promote the ethical application of active and passive 
sensors in the disciplines of photogrammetry, remote sensing, and geographic 
information systems. Additionally, ASPRS has developed standards used in the 
production of digital geospatial data. These include the Accuracy Standards for 
Aerial Triangulation and Ground Control Points, Vertical Accuracy Standards 
for Elevation Data, and Horizontal Accuracy Requirements for Elevation Data, 
among others.

Anticipated outcomes of the GeoTech event include the identification of 
available sensor components that are best suited for the today’s existing 
UAS platforms in varying payload weight categories. In addition, an outcome 
supporting long-term sensor design considerations includes a forecast of 
integrated sensor components that will need to undergo technical innovation 
to match the future application needs, including sensor miniaturization on 
increasingly lighter weight UAS platforms.

The purpose of GeoTech 2015 is to promote the exchange of information 
between ASPRS professionals and the UAS platform and payload community 
as the market continues its rapid expansion. Our goal is to become wise to 
what technology is available now and to establish partnerships to innovate 
for future sensor needs.

Day 1 will consist of UAS Technical Talks representing: 1) Consumers of UAS 
remote sensing data for Environmental, Resource Management, Agricultural, 
and Infrastructure applications; 2) Producers of UAS remote sensing data 
including sensor designers; and 3) UAS Platform developers.  Notable speakers 
include Brian Murphy, Gabe Ladd, Patrick Egan, Bruce Quirk, Jim Peters, and 
many more.  Day 2 will include Technical Breakout Sessions, Workshops, Live 
Demonstrations, a Poster Session, and Networking Opportunities.  GeoTech 
2015 is well suited for industry, government, academia, and students.

For more details and secure online registration, please visit: http://
asprspotomac.org/events/geotech-2015/.  

Questions can be directed to Paul Bresnahan, GeoTech 2015 chair, at: 
vicepresident@asprspotomac.org.

HEARTLAND 
BANQUET

Region Banquet on 
June 25th in Cedar 

Falls, St. Louis, Rolla, and 
Sioux Falls
This year’s annual region banquet and instal-
lation of officers is planned to be held on June 
25, 2015 at four physical locations: Cedar 
Falls, IA; St. Louis, MO; Rolla, MO; and Sioux 
Falls, SD. GoToMeeting seats available for 
our outlying membership. Bring your spouse, 
a colleague or a friend. ASPRS Vice-President 
Becky Morton will attend in St. Louis.

For more information, visit http://heart-
land.asprs.org/2015/05/region-banquet-on-
june-25-in-cedar-falls-st-louis-and-rolla/.

FLORIDA REGION 
FALL SYMPOSIUM 
AT FAU

Join us at the Florida 
ASPRS Symposium 

Saturday, November 
8th at Florida Atlantic 
University (FAU)
The Florida Region of ASPRS will be hosting 
a symposium on Saturday, November 8th at 
Florida Atlantic University (FAU) –  Main 
Campus.  Presentations will begin at 11:00 
a.m. EST. If you are interested in attending 
or presenting please register at the link 
below.  Location is scheduled to be at the 
Main Campus at 777 Glades Rd, Boca Raton, 
Florida.

http://asprspotomac.org/events/geotech-2015/
http://asprspotomac.org/events/geotech-2015/
mailto:vicepresident@asprspotomac.org
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UAS Mapping 2015 Reno

REGISTRATION IS NOW OPEN FOR UAS 
MAPPING 2015 RENO

The second 
annual 

technical UAS 
symposium 
sponsored by the American Society for 
Photogrammetry and Remote Sensing (ASPRS) is 
approaching (September 29-30)!   The current fee 
for ASPRS members to attend the event is only $350. 
The current fee for non-ASPRS members to attend 
the event is only $400.  Student rates are available.  
Exhibitors are provided an exhibit booth and benefits 
which include two complimentary registrations for 
only $650.  All rates will go up in price on August 15, 
2015, so register now!
This year’s program includes a pre-symposium, ASPRS-sponsored, one-day UAS Data 
Processing Workshop on Monday, September 28.   The fee for the workshop is only $95 for 
ASPRS members, $125 for non-members, and $45 for students.  The fee will include a com-
plimentary lunch.  This workshop will be hands-on with participants bringing their laptops 
which will be loaded with processing software and UAS test data.  This is an opportunity to 
receive hands-on instruction from national leaders in photogrammetry.

The second annual UAS technical symposium will showcase UAS in operation including 
flights of UAS mapping calibration test courses for the validation and accuracy assessment 
of UAS sensor payloads.  General technical sessions will focus on the mapping and remote 
sensing aspects of unmanned acquisitions with the goal to provide practical information on 
UAS flight planning, acquisition, data processing and map production.  National and inter-
national speakers will address current-day and developing UAS applications.  Academia and 
research institutions will inform on existing educational and training opportunities.  Survey, 
mapping, and engineering firms will be on-hand to share their experience and further their 
UAS implementation strategies.  Government agencies will share information on the devel-
opment of national and international mapping programs.  Last year’s event included over 560 
participants and 60 exhibitors; this year our numbers are expected to grow.   A high-quality 
technical program is already lined-up with exciting and informative speakers.  The speaker 
list and preliminary program will be released soon – please stay tuned.

Event Schedule Overview
Saturday and Sunday – September 26th to 27th

• UAS Test Flights
• Civil Air Patrol Cadet Days

Monday – September 28th

• ASPRS All-Day UAS Data Processing Workshop
• Exhibitors Set-Up
• Evening Networking Social
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ASPRSNEWS New Members

ASPRS MEMBERSHIP
ASPRS would l ike to welcome the following new members!

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

Your path to success in the geospatial community

Tuesday – September 29th

• Day 1 of the Symposium and 
Technical Demonstration – Reno 
Ballroom, Downtown Reno

• Afternoon UAS Live 
Demonstration

• Evening Networking Social in the 
Exhibit Hall

At Large
 Kent Todd

 Ophir Almog
 Tim Farrier

 Md Golam Mahboob, Ph.D.
 Hongbo Pan

Prof. Ahmed El-Rabbany

Central New York
Elizabeth Bondi

Columbia River
Christina Shintani

Sarah Proctor
Nicholas Wilson

Eastern Great Lakes
 Dee Becker

Florida
 Mukhtar Ahmed Ajaz Ahmed

 Satyam Chauhan

Wednesday – September 30th

• Day 2 of the Symposium and 
Technical Demonstration – Reno 
Ballroom, Downtown Reno

• (Currently scheduled to end at 
5:00 PM)

Thursday – October 1st

The opportunity is available 
for agencies and companies 
to schedule workshops for 
constituents/clients/users with 
meeting space accommodated by 
the symposium hotel.

You won’t want to miss this year’s event.  See you in Reno!

To find out more about the symposium, UAS MAPPING 2015 RENO, 
visit http://uasreno.org.  To learn more about ASPRS, visit http://www.asprs.org. 

 Kristen Hall
Nivedita Sairam

 Sukzun Youn
Zhen Guan

 Renán López De Azúa
 Qiuyan Yu

Heartland
 Mohamed Aly, Ph.D.
 Evangelos Beardall

 Ben Bira
 Laura Ginn

Mid-South
 Mary Grace Lemon
 Christian Hartnett
 Kenneth Mulvey

New England
 Dana Slaymaker

 Jan Jackson

Pacific Southwest
 Brandon Jones

Potomac
 Bryan Cosme
 Peter Barren

 Kinsey Blumenthal
 Joseph Swed

 Charles Foreman

Puget Sound
 Michael Watson

Rocky Mountain
 Scott Simmons

 Todd Lebov

Western Great Lakes
 Chris Bonn
 Paul Hed

ADVERTISER INDEX

NRO • https://acq.westfields.net • 703-808-2769 518

Bon A. Dewitt | Ming - Chih Hung | Sudhagar Nagarajan

FOR SPONSORING SOME OF OUR NEW MEMBERS!Thank You! 

http://uasreno.org
http://www.asprs.org
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ASPRSNEWS
Mid-South Region - 2016
Haluk Cetin
Murray State University
haluk.cetin@murraystate.edu
www.asprs.org/All-Regions/Mid-South.html
New England Region
TBD
www.asprs.org/All-Regions/New-England.html
North Atlantic Region - 2016
John Trunkwalter
jtrunkwalter@gmail.com
www.asprs.org/All-Regions/North-Atlantic.html
Pacific Southwest Region-2018
Alan Mikuni*
GeoWing Mapping, Inc.
alan@geowingmapping.com
www.asprs.org/All-Regions/Northern-California.
html
Photogrammetric Applications 
Division - 2016
Robert Thomas
Integrity Applications, Inc.
rthomas@integrity-apps.com
www.asprs.org/Divisions/Photogrammetric-
Applications-Division.html
Potomac Region - 2017
Barbara A. Eckstein
L-1 MCCLENDON
beckstein@surfbest.net
www.asprs.org/All-Regions/Potomac.html
Primary Data Acquisition Division 
- 2017
Gregory Stensaas
USGS EROS Data Center
stensaas@usgs.gov
www.asprs.org/Divisions/Primary-Data-
Aquisition-Division.html
Professional Practice Division - 2016
Michael Zoltek
Pictometry International Corp.
mike.zoltek@pictometry.com
www.asprs.org/Divisions/Professional-Practice-
Division.html
Puget Sound Region - 2018
David A. Brown
Terre Remote Sensing (USA) Inc.
dave.brown@terraremote.com
www.asprs.org/All-Regions/Puget-Sound.html
Remote Sensing Applications Division 
- 2016
James Stuart Blundell
Exelis Visual Information Systems
Stuart.Blundell@exelisvis.com
www.asprs.org/Divisions/Remote-Sensing-
Applications-Division.html
Rocky Mountain Region - 2018
Jeffrey M. Young*
Centennial, CO 80115
jeffreymyoung@msn.com
www.asprs.org/All-Regions/Rocky-Mountain.
html
Sustaining Members Council Chair – 2017
Brenda S. Burroughs
Optech, Inc.
brenda.burroughs@optech.com
www.asprs.org/About-Us/Sustaining-Members-
Council.html

Unmanned Autonomous Systems Division 
- 2017
Pierre LeRoux
Quantum Spatial
pleroux@quantumspatial.com
Western Great Lakes Region - 2016
Douglas Fuller*
FullerDoug@charter.net
www.asprs.org/All-Regions/Western-Great-
Lakes.html

DIVISION OFFICERS
Geographic Information Systems 
Director: Matthew D. Dunbar
Assistant Director: Mary Latiolais
MDA Information Systems, LLC
mary.latiolais@mdaus.com
www.asprs.org/Divisions/GIS-Division.html
Lidar
Director: Christopher E. Parrish
Assistant Director: Jason Stoker
USGS
jstoker@usgs.gov
www.asprs.org/Divisions/Lidar-Division.html
Photogrammetric Applications
Director: Robert D. Thomas
Assistant Director: Scott Perkins
Surveying And Mapping (SAM) LLC
sperkins@sam.biz
www.asprs.org/Divisions/Photogrammetric-
Applications-Division.html
Primary Data Acquisition
Director: Gregory Stensaas
Assistant Director: Allen E. Cook
ideator.cook@gmail.com
www.asprs.org/Divisions/Primary-Data-
Aquisition-Division.html
Professional Practice
Director: Michael J. Zoltek
Assistant Director: Frank Taylor
Midwest Aerial Photography
frank@midwestaerialphoto.com
www.asprs.org/Divisions/Professional-Practice-
Division.html
Remote Sensing Applications
Director: James Stewart Blundell
Assistant Director: John McCombs
NOAA Coastal Services Center
john.mccombs@noaa.gov
www.asprs.org/Divisions/Remote-Sensing-
Applications-Division.html
Unmanned Autonomous Systems (UAS)
Director: Pierre LeRoux
Assistant Director: Bruce Quirk
USGS
quirk@usgs.gov

SUSTAINING MEMBERS COUNCIL
Chair: Brenda S. Burroughs
Vice Chair: TBA
http://www.asprs.org/About-Us/Sustaining-
Members-Council.html

STUDENT ADVISORY COUNCIL
Chair: Mingshu Wang
University of Georgia
mswang@uga.edu
Deputy Chair: Amanda Aragon
New Mexico Highlands University
amandaaragon@gmail.com
http://www.asprs.org/Students/Student-
Advisory-Council.html

BOARD OF DIRECTORS
OFFICERS
President E. Lynn Usery*
U.S. Geological Survey
usery@usgs.gov
President-Elect Charles Toth*
OSU Center for Mapping
toth@cfm.ohio-state.edu
Vice President Rebecca A. Morton*
GeoWing Mapping, Inc.
beckycmorton@gmail.com
Past President A. Stewart Walker*
BAE Systems
stewart.walker2@baesystems.com
Treasurer Donald T. Lauer*
U.S. Geological Survey (Emeritus)
lauerdc@gmail.com
Secretary  Roberta E. Lenczowski
scrumpski@sbcglobal.net

BOARD MEMBERS
Alaska Region - 2016
Nicholas William Hazelton*
Coolgardie LLC
nwjh@mac.com
www.asprs.org/All-Regions/Alaska.html
Central New York Region - 2017
Jason Smith
ITT Exelis - Geospatial Systems
jason.smith@exelisinc.com
www.asprs.org/All-Regions/Central-New-York.
html
Columbia River Region - 2017
Marcus Glass
3Di
mglass@3dimapping.com
www.asprs.org/All-Regions/Columbia-River.
html
Eastern Great Lakes Region - 2017
Srinivasan Dharmapuri
Michael Baker International
dssrini@gmail.com
www.asprs.org/All-Regions/Eastern-Great-
Lakes.html
Florida Region - 2016
Thomas J. Young
Pickett & Associates
jyoung@pickett-inc.com
www.asprs.org/All-Regions/Florida.html
Geographic Information Systems 
Division - 2017
Matthew D. Dunbar
University of Washington
mddunbar@uw.edu
www.asprs.org/Divisions/GIS-Division.html
Heartland Region - 2018
Gregory Brunner
Esri
gbrunner@esri.com
www.asprs.org/All-Regions/Heartland.html
Intermountain Region
TBD
www.asprs.org/All-Regions/Intermountain.html
Lidar Division - 2016
Christopher Parrish
NOAA
chris.parrish@uwalumni.com
www.asprs.org/Divisions/Lidar-Division.html

*Executive Committee Member

New ASPRS Board of Directors
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INDUSTRYNEWS To have your press release published in 
PE&RS, contact Rae Kelley, rkelley@asprs.org.

GeoBytes!
ASPRS GIS 
DIvISIon — FRee 
onlIne SemInARS

The ASPRS GIS Division, 
in cooperation with CaGIS 
and GLIS, is sponsoring 
free online live seminars 
throughout the year.

Attention those seeking ASPRS 
Certification: ASPRS Online 
Seminars are a great way to gain 
Professional Development Hours!

http://www.asprs.org/

GISD-Division/Online-

Seminars.html

ANNOUNCEMENTS

LizardTech®, a provider of software 
solutions for managing and distribut-
ing geospatial content, has expanded its 
global presence with several new busi-
ness partnerships and product purchas-
es during the first half of 2015.

New partnerships established this 
year include EMi Grup in Turkey, Bei-
jing Space Eye Innovation Technology 
Co. in China, Esri Muscat in Oman, and 
the Cuminas Corporation in Japan. Ad-
ditionally, Sani International of Canada 
re-committed to LizardTech product dis-
tribution in Canada and the Caribbean. 
LizardTech’s international relationships 
outside of the Americas are managed 
by the geospatial sales and marketing 
agency, Quarry One Eleven, based in 
Guildford, UK.

Quarry One Eleven Founder Alistair 
Maclenan had this to say about the re-
cent activity: “We are delighted with the 
progress we have made in promoting 
LizardTech’s remarkable MrSID-based 
software throughout the European, Afri-
can and Middle Eastern market places 
and beyond into Asia Pacific.”

Maclenan went on to say “LizardTech 
is a great client that understands the 
power of marketing and in-region rep-
resentation. Their support has been a 
huge factor in the partnership and sales 
successes we have seen for their image 
compression, preparation and distribu-
tion products.”

During the last six months, national 
governments, energy organizations and 
infrastructure owners and operators 
have all bought LizardTech software in 
countries such as Canada, Sweden, Nor-
way, Germany, United Kingdom, Spain, 
South Africa, Saudi Arabia, Turkey, 
Oman, Australia and the Philippines.

Jeff Young, who directs Global Busi-
ness Development at LizardTech, stated: 
“We have had an exciting first half of the 
year which illustrates that our products 
are in demand all over the world. These 
sales validate the sustainability of Liz-
ardTech over the last 23 years through 
partnerships in multiple continents. We 

take pride in our customer’s loyalty and 
continued commitment to our MrSID im-
age compression format.”

For more information about Lizard-
Tech’s software products and partners, 
visit www.lizardtech.com.

Teledyne Optech is pleased to an-
nounce that it has entered a partner-
ship with Orbit GeoSpatial Technologies 
to resell their world-class Orbit Mobile 
Mapping software, giving the Optech 
Lynx mobile mapper a complete soft-
ware workflow.

In addition to the 
world-class accuracy 
and collection rate of the 
Lynx, the real-time data 
display of Lynx Survey, 
and the highly automat-
ed lidar and camera pro-
cessing of Optech LMS, 
clients can now use Orbit 
Mobile Mapping to push 
their data all the way to 
final deliverables. Orbit 
Mobile Mapping provides 
a wide array of data ed-
iting tools that enable 
surveyors to organize and 
manage data, extract fea-
tures, create asset inven-
tories, calculate clearanc-
es, and more. With Orbit 
Mobile Mapping Publish-
er, clients can even pub-
lish their deliverables 
online for final data con-
sumption.

“We are pleased to 
have reached a reseller 
partnership with Tele-
dyne Optech”, said Peter 
Bonne, CEO of Orbit GT. 
“Our new partnership 
will help all Teledyne 
Optech users to boost 
their performance with 
their excellent equip-
ment. Together with 
Teledyne Optech, we’re 
looking forward to provid-

ing our joint customers with optimized 
workflow and production capabilities.”

“At Teledyne Optech we strive to en-
sure that our users have integrated 
and seamless access to world class lidar 
post-processing solutions,” said Albert 
Iavarone, Business Unit Manager at 
Teledyne Optech. “Orbit’s Mobile Map-
ping software products are certainly 
that, and we look forward to continued 
integration moving forward.”

Find out more at www.teledyneop-
tech.com.



The Universal Lidar Error Model
(Approved for Public Release: 15-144)

Craig Rodarmel, Mark Lee, John Gilbert, Ben Wilkinson, Henry Theiss, John Dolloff, and Christopher O’Neill

Abstract 
Methods to adjust multiple lidar datasets, to adjust lidar with 
other modalities, and to quantify lidar accuracy are limited. 
While lidar sensor modeling, error propagation, and data 
adjustment exist in literature, there are no known implemen-
tations supporting all three operations within existing file 
formats and processing architectures. The Universal Lidar 
Error Model (ULEM) has been developed to meet the commu-
nity’s need for rigorous error propagation and data adjust-
ment. ULEM exploitation allows one to develop predicted 
error covariance at single points and full covariance among 
multiple points. It defines a standardized set of adjustable 
parameters, provides for the modeling and storage of correla-
tions and cross-correlations among parameters, and stores 
the data within existing file formats. This paper provides 
an introduction to ULEM, its metadata requirements, and its 
model exploitation methods. It concludes with an example 
of ULEM error modeling, showing the predicted uncertainty 
agrees well with errors calculated from surveyed control. 

Introduction
Airborne topographic lidar technology continues to mature. 
As it does, the number of applications for the resultant data 
also grows. Casual users of lidar data may be content to work 
with the point cloud alone. However, for some applications 
it is necessary to quantify the accuracy (or uncertainty) of the 
lidar data and/or fuse the lidar data with other lidar datasets 
and/or with image products, sometimes in the absence of 
independent ground-coordinate check points. This necessi-
tates error propagation methods applied to an error model to 
predict the lidar data uncertainty, or to weight the adjustable 
parameters in a data fusion scenario. It also requires knowl-
edge of the correlations between the adjustable parameters 
associated with the model(s). In many cases error models are 
based on the physical properties of the sensor, although error 
models may be based on sensor-approximating functions or 
the direct error characteristics of the data product. For general 
application, a sufficient lidar error model must support rigor-
ous error propagation and adjustability (NGA, 2011) to enable 
the following geopositioning scenarios: 
 1. The absolute geolocation, and associated predicted 

uncertainty, at a point.
 2. The relative mensuration, and associated predicted 

uncertainty, of a vector between an arbitrary pair of 
points.

 3. The simultaneous extraction of n points, and their 
associated full (3n × 3n) ground covariance matrix, de-
scribing the full uncertainty relationship of a network 
of points.

 4. The simultaneous adjustment of lidar point clouds to 
one another, or the extension of bundle adjustment to 
simultaneously adjust any number of lidar point clouds 
and image products using the solution of their associat-
ed vectors of adjustable parameters and full multi-prod-
uct (e.g., lidar and imagery) error covariance matrix. 

For general lidar practitioners and users of lidar data, the 
absolute uncertainties of Scenario 1 allow them to understand 
the variability in lidar accuracy throughout the dataset. The 
relative accuracies of Scenario 2 provide insight into the 
uncertainties associated with distances or angles mensurated 
from the point cloud data. The full error covariance of Sce-
nario 3 provides the a priori weighting required for rigorous 
data adjustment/fusion of Scenario 4 where each dataset is 
adjusted based on its predicted accuracy, and the final fused 
product represents the best estimate of an object’s location in 
three-dimensional space.  

A variety of approaches can be used to support the calcula-
tions of predicted uncertainty. One possibility is to pre-com-
pute the predicted absolute uncertainty of every point in the 
point cloud and directly store the associated (3 × 3) ground 
error covariance matrices (∑ii), as in Equation 1. For example, 
consider the case illustrated in Figure 1, which shows error 
ellipsoids associated with the absolute uncertainty of four 
lidar points. The calculation of absolute uncertainty (and 
construction of 3D error ellipsoids) for these four points (n = 
4) requires the storage of 6n = 24 covariance matrix elements 
(6 upper-triangular elements per point).   

Figure 1. Absolute Error Ellipsoids for Four Points.Christopher O’Neill is the Government Point of Contact - 
Mail Stop S73-IBR, NGA Springfield, 7500 GEOINT Drive, 
Springfield, VA 22150-7500 (Christopher.M.Oneill@nga.mil).

Craig Rodarmel, Mark Lee, John Gilbert, Ben Wilkinson, 
Henry Theiss, and John Dolloff are NGA contactors - Mail 
Stop S73-IBR, NGA Springfield, 7500 GEOINT Drive, 
Springfield, VA 22150-7500.

Ben Wilkinson is currently with the Geomatics Program, 
School of Forest Resources and Conservation, P.O. Box 
110565, University of Florida, Gainesville, FL 32611.

Photogrammetric Engineering & Remote Sensing
Vol. 81, No. 7, July 2015, pp. 543–556.
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While it may be possible to compute the absolute uncer-
tainties of all points in a point cloud and store them (∑ii) with 
the data, it would become difficult or impossible to meet the 
requirements for calculating relative (point-to-point) uncer-
tainty by forming and directly storing the full ground covari-
ance matrix. Relative accuracies provide insight into the accu-
racy between point pairs, ignoring the errors that are common 
(correlated) between the points and providing insight into the 
accuracy of the distance and direction of a vector between 
the points of interest. If relative uncertainties are required, 
one must have access to off-diagonal cross-covariance data 
between points as shown in Equation 2, where ∑Relij is the (3 
× 3) relative uncertainty covariance matrix for points i and j, 
∑ii and ∑jj are the (3 × 3) error covariance matrices for point i 
and j, respectively, ∑ij is the cross-covariance between points i 
and j, and ∑ is the full covariance matrix for a set of n points. 
The direct-storage solution for full covariance matrix repre-
sentation requires the storage of 3n(3n + 1)/2 elements. For 
example, full-matrix representation for the four points in Fig-
ure 1 requires the storage of 78 matrix elements as opposed 
to the storage of only 24 elements if only absolute uncertainty 
is required. Full covariance matrix representation for one 
million 3D points would require the storage of more than four 
trillion elements.
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An alternative to direct storage is to store metadata re-
quired for a detailed physical model that is specific to the 
sensor used to capture the dataset. Examples of this approach 
have been discussed in Schenk (2001). This has the advantage 
that it uses the sensor model and metadata that generated the 
three-dimensional point cloud and thus provides a rigorous 
result. However, every sensor and its associated metadata are 
unique, and consequently, a unique model and the implemen-
tation of its associated storage schema must be generated for 
every sensor and be deployed to all exploitation software that 
will use the data. To support the adjustability of datasets and 
the development of full covariance matrices among points, 
a physical model must also be able to store the correlations 
between its parameters, and the temporal correlations (i.e., 
cross-correlations) of a given parameter; unfortunately the 
storage of these correlations is often overlooked. Furthermore, 
lidar vendors today generally consider their models propri-
etary and do not make them available to the public. Consider-
ing these difficulties, even though a physical sensor model 
represents the most rigorous approach, it does not support 
widespread implementation.   

An additional alternative is to assemble a model that ap-
proaches the rigor and utility of the detailed physical sen-
sor model while allowing for standardization of metadata 

and ease of storage.  This document recommends such an 
alternative in the Universal Lidar Error Model (ULEM), which 
was originally presented by Theiss et al. (2009); it was, to 
the authors’ knowledge, the first model designed to support 
the entire span of four geopositioning scenarios listed at the 
beginning of this section. To support these scenarios, ULEM 
provides a standardized set of adjustable parameters, provides 
for the storage of uncertainties of those parameters, and pro-
vides for modeling of the correlations among parameters both 
within and among data units.

The next section provides a literature review of related 
work in lidar sensor modeling. It is followed by discussion of 
the ULEM concept and implementation, including its enhance-
ments over the years since its inception. The paper proceeds 
with an experiment with real data to verify the ULEM model 
with respect to the first geopositioning scenario listed at the 
beginning of this section, i.e., the absolute geolocation, and 
associated predicted uncertainty, at a point. Finally, the paper 
concludes with a summary.

Previous Work and Relationship to Current Effort
The goal of ULEM is to provide a common mechanism for the 
error propagation and data adjustment of lidar datasets. Nei-
ther of these concepts is new to lidar literature, and both are 
based on sensor modeling. This section provides an overview 
of previous work in these areas, relates the ULEM efforts to 
these previous works, and then explains unique aspects of the 
ULEM implementation.

A sensor model is the set of mathematical relationships of 
sensor characteristics required for the reconstruction of object 
space points from the corresponding sensor measurements 
(Mikhail, 2001). For lidar, sensor models are required to trans-
form the raw sensor measurements such as pointing, orienta-
tion, position, and time into a geospatial product such as a 
point cloud. The idea of lidar sensor modeling, including the 
investigation of the individual components of lidar collection 
systems, is well documented. An early example is Vaughn et 
al. (1996) where georeferencing equations were developed 
and error contributors were discussed. Baltsavias (1999) 
explored the basic formulas and relations for laser ranging 
and then expanded into the relationships among the other 
components (e.g., pointing) that comprise a complete airborne 
lidar system, thereby describing how the various constitu-
ents contribute to the composition of the final lidar product. 
Schenk’s (2001) primary focus was on modeling and analyz-
ing systematic errors in lidar data. In order to do this, he 
decomposed his lidar model and accounted for the individual 
contributors. For lidar, the sensor model is often referred to 
as the direct georeferencing equation and described in Filin 
(2003) and Goulden (2010) as:

 

x

y

z

X

Y

Z

R R R
l

l

l

o

o

o

w G INS

x

y

z

















=
















+

















δ
δ

δ

++
−

































R Rm s

0

0

ρ
 

(3)

where the final ground point (xl,yl,zl) is determined by com-
bining the sensor position (Xo,Yo,Zo), with the vector defined 
by the range (ρ) which is rotated for pointing from the orienta-
tion of the INS (RINS) and the laser system pointing (RS). In the 
process, coordinate transformations must be accounted for, 
consisting of RW (rotation from local ellipsoidal system into 
WGS84) and RG (rotation from the local vertical frame to the 
ellipsoidal reference frame). Offsets between the GPS phase 
center and the laser firing point (δx,δy,δz) and IMU misalign-
ment angles (RM) are included. Although there are multiple 
variations on the equation above depending on the technique 
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for laser pointing or for the mounting of the system, the basic 
concept remains the same. This or a similar model, including 
modifications particular to a given system, is embedded in 
the proprietary processing software that is generally used to 
produce point clouds from raw lidar measurements. However, 
users of the lidar data normally do not have insight into the 
model and often they don’t have access to the raw data which 
is also in proprietary formats (Habib, 2008). 

Once the basic sensor model is known, it is desirable to 
have an error budget for the individual parameters and to 
propagate associated uncertainties to the ground points to pre-
dict the accuracy of the point cloud product. This idea of error 
propagation in lidar is also well documented in the literature. 
After describing the basic sensor model, Baltsavias (1999) went 
on to describe the accuracy of 3D positioning and explore the 
error contributions from the lidar system’s individual compo-
nents. Schenk (2001) provided a very detailed review of the 
individual error sources in lidar datasets and investigated the 
error bounds on those sources. Contributors identified included 
range error, scan angle errors, GPS and INS mounting and align-
ment errors, and errors in the GPS and IMU systems. Schenk 
went on to investigate the contribution that each of these errors 
had on the ground coordinates of the final point cloud based 
on some assumed errors for the individual components.  

Habib (2008) also explored the error budget of lidar systems 
based on the components of the direct georeferencing equa-
tion. In this work, Habib first explored the random error com-
ponents and used them to understand the inherent noise in the 
dataset as well as the achievable accuracy of the dataset. He 
then explored the systematic errors, focusing on the boresight-
ing offsets and angular biases. An important note that Habib 
made is that raw lidar measurements are generally not pro-
vided to the end user. The lack of this raw data along with the 
lack of rigorous adjustment of redundant measurements and 
the associated covariance means that the end user lacks the 
information necessary to predict the accuracy of their dataset.  

Schaer et al. (2007) also investigated error propagation for 
lidar systems. He addressed system component errors similar 
to those addressed by Habib, Schenk, and others. However, 
Schaer expanded on this by taking into consideration the 
impacts that the interaction of the laser energy with local 
terrain will have on the ranging accuracy. He described this 
terrain interaction as an overlooked, but major contributor 
to lidar error. Schaer combined the error contributions from 
the propagated random errors with the error estimates from 
terrain interaction to form a single value quality indicator, the 
q-indicator, for each lidar point. The q-indicator would be 
carried with the dataset and used during subsequent pro-
cessing. For example, it would be used to weight the input 
observations in a block adjustment, increase the robustness of 
automated classification algorithms by considering the accu-
racy of points, and provide additional information to be used 
when manually classifying points.

All of these referenced papers show that it is possible to 
implement error propagation methods for lidar systems and 
that the resulting uncertainty estimates can benefit the end 
user; however, none of them provide a compact means to rep-
resent these uncertainties for use by downstream users. The 
access to a sensor model and predicted uncertainties for the 
lidar points provides a very powerful tool to the data proces-
sor and end user. One key application of such data that has 
been explored extensively in the literature is data adjustment. 
Data adjustment requires a sensor or mathematical model that 
includes parameters to be updated during the adjustment. 
It also requires weights (and therefore a priori uncertainty 
estimates) for both the adjustable parameters and the input 
observations. To perform a strip-wise adjustment of lidar data, 
Vosselman and Maas (2001) used the following model:
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where Rstrip to ref and Xstrip centre, Ystrip centre, Zstrip centre are transforma-
tion parameters between the reference coordinate system and 
the error-free strip coordinate system. For adjustment, this 
model utilized three positional offsets (ex, ey, ez) and three an-
gular offsets (ω, φ, κ). However, it also identified the possibility 
of angular drifts in the dataset (Ret) with respect to down-track 
distance and thus allowed for angular drift parameters (ω·, φ·, κ·). 

Filin (2003) applied his sensor model and error budget to 
perform an adjustment by updating physical parameters of his 
sensor model. Specifically, Filin solved for the mounting bias 
(updates to the mounting angles associated with the INS) and a 
range bias. His method involved constraining the lidar points 
to the ground surface. This method helped to eliminate the 
need to identify conjugate features between datasets and was 
also less sensitive to dataset density. 

Habib (2008) also built an adjustment model to solve for 
transformation parameters necessary to bring overlapping 
strips into alignment. In this case, he solved for a rigid body 
transformation to go from the observed strip coordinates 
to the adjusted strip coordinates. This transformation con-
sisted of three translation parameters (XT, YT, and ZT) and 
three rotation parameters (ω, ϕ, κ). He used the intersection 
of planar features to identify lines that were then used as 
the conjugate match features between datasets. Here, Habib 
introduced the concept of modifying the input covariance of 
the line-feature points to account for the fact that points from 
overlapping strips are not conjugate. So, the uncertainties of 
the input points were being considered in this adjustment. A 
least-squares process was used to determine the optimal set of 
transformation parameters. These parameters were applied to 
the data and conjugate features were compared in the post-ad-
justed datasets to estimate the residual noise in the datasets.

Habib et al. (2010) expanded on this concept and looked 
into solving for updates to system parameters to improve sen-
sor calibration. Habib’s method solved for updates to the sys-
tem mounting position (δΔX, δΔY, δΔZ) as well as updates to 
the IMU mounting angles (δΔω, δΔϕ, δΔκ). Because the original 
raw data and metadata were not available, Habib proposed a 
“quasi-rigorous” adjustment. This required the trajectory of 
the sensor platform as input into the process. He interpolated 
the location of the sensor from the trajectory for any epoch of 
interest to develop the sensor position and the trajectory vec-
tor. The vector was computed between the lidar point of inter-
est and the sensor position, which was then broken down into 
horizontal and vertical components and used in the adjust-
ment process. Using this procedure, significant improvements 
to the data relative fit were observed.

Literature has shown benefits to having a known lidar sen-
sor model for the end user that promotes error propagation 
and data adjustment. Such a model provides the user a better 
understanding of the quality of their datasets, allows the 
user to improve the accuracy of the lidar data through block 
adjustment, and allows the user to register and fuse other 
datasets to the lidar. However there are several hurdles to 
be crossed to realize such benefits. First, many of the sensor 
models used in the initial lidar processing from raw data to 
point clouds are held as proprietary by the system develop-
ers. Second, there are unique aspects to each sensor, causing 
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its physical sensor model to have parameters and metadata 
which are particular to the sensor. Third, the metadata re-
quired to feed many of these models is not passed through the 
current lidar processing chains. Finally, the tools and meth-
ods required to exploit such data do not exist. So, while the 
theory and literature show the benefits of the sensor modeling 
concepts, the detailed implementation of such concepts has 
not been addressed.

The goal of the Universal Lidar Error Model (ULEM), devel-
oped by the National Geospatial-Intelligence Agency (NGA) 
Sensor Geopositioning Center (SGC), is to address many of 
these current shortcomings and provide the utility of sensor 
modeling to the users of lidar.  Through the ULEM Specifica-
tion (NGA, 2013), the sensor-specific metadata aspects are 
mitigated by mapping these metadata to a few standardized 
parameters. Likewise, modeling is provided that allows for 
the storage and calculation of correlations among these pa-
rameters. This ULEM metadata is stored in existing file formats 
such as LAS (ASPRS, 2011) that are used by the community, 
and maintains compliance with those format specifications. 
Additionally, the exploitation methods are standardized 
based on existing sensor modeling efforts of the community. 
While the literature has shown the benefits of the sensor 
modeling and error propagation, ULEM makes those concepts 
accessible to the lidar users.

Concept
ULEM was developed to provide support for rigorous error 
propagation and adjustability in the essential lidar point 
cloud scenarios while efficiently storing the requisite meta-
data. It employs two implementation modes, Sensor-Space 
ULEM and Ground-Space ULEM. Sensor-Space ULEM offers an 
effectual generic physical sensor model, consolidating the 
parameters from the full physical model into a few standard-
ized parameters. In certain cases where this storage of sensor 
parameters becomes impractical and/or unwieldy, ULEM offers 
a ground-space implementation. Ground-Space ULEM repre-
sents an efficient strategy for the storage and exploitation of 
error covariances in point space that maintains the ability to 
generate full covariance matrices among multiple points. Fur-
thermore, the Ground-Space ULEM formulation is sufficiently 
general to apply to point clouds, dense digital surface models 
(DSMs), or general 3D data derived from any source, e.g., from 
overlapping passive electro-optical or SAR images.  

Many applications, such as precise geopositioning from re-
motely-sensed data, need sensor metadata to generate ground-
point uncertainties using error propagation. Also needed are 
rigorous methods to fuse and adjust datasets, even among 
differing modalities, which require accurate representations 
of correlations and cross-correlations among adjustable pa-
rameters (values which define how a dataset may be adjusted, 
e.g., translations in geodetic X, Y, and Z). In response to these 
needs, the US Air Force Aeronautical Systems Center and 
NGA formed the Community Sensor Model Working Group 
(CSMWG), which maintains a strict set of rules that define an 
application programming interface (API) to which many sen-
sor model builders design their sensor models (Rodarmel et 
al., 2011). As a result, sensor exploitation tool builders can 
write photogrammetric processing programs in a sensor-ag-
nostic manner. ULEM was designed to be compatible with CSM 
guidelines. The CSMWG is working towards expanding the CSM 
3.0.1 API, which is currently used to exploit imagery (raster, or 
2D datasets), to handle 3D product (e.g., point cloud) datasets 
by incorporating ULEM into its current suite of sensor models. 
CSM also provides rigorous modeling for correlations using 
the Strictly Positive Definite Correlation Function (SPDCF) as 
discussed by Dolloff (2013). Using a common CSM interface 

ensures that during exploitation the differences in ULEM 
implementation modes, and the source of the point cloud 
data, are imperceptible to the user.

Data storage is a key aspect to implementing the concepts 
of sensor modeling and error propagation into existing work-
flows and making the metadata available and exploitable by 
the mass of users. The data must be stored in data formats 
that users are willing to use, the formats must be transparent 
so that anyone can parse the data, and the impact on the total 
required storage should be minimized. ULEM has addressed 
these issues by using the ASPRS-developed LAS format as a 
storage mechanism (although ULEM could be applied to other 
formats). The ULEM metadata, for Sensor-Space or Ground-
Space, is stored in a format compliant with the LAS specifica-
tion by encoding the added metadata into Variable Length 
Records (VLRs) that are included in the LAS file with the point 
data. The data has been stored using methods that minimize 
the storage burden. For example, for Sensor-Space ULEM, the 
size of a typical LAS file grows by less than 0.1 percent when 
the ULEM metadata is added. Finally, the metadata can be eas-
ily parsed from the VLR by exploitation tools and models.

ULEM supports the storage of adjustable parameters as-
sociated with the dataset as well as the full covariance for 
adjustable parameters. The covariance storage is implemented 
using the direct and indirect methods. The direct method 
captures the entire covariance matrix by storing all the upper-
diagonal entries (since symmetric), including zeros. For large 
numbers of adjustable parameters, this method may prove a 
bit unwieldy, take up much space, and be wasteful for sparse 
matrices. The indirect method stores only the block-diagonal 
covariance entries (e.g., Σ11, … Σnn  in Equation 2) of the full 
covariance matrix. Cross-covariance values are calculated us-
ing correlation coefficients obtained from a correlation model 
(i.e., SPDCF (Doucette et al., 2013)), the parameters for which 
(A, α, β, τ) are stored in the ULEM metadata. For example, the 
correlation coefficient ρ of a parameter (r) over a time range 
(Δt) is computed from SPDCF parameters as follows:  
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In Equation 5, parameter Ar controls the maximum cor-
relation that can be obtained, Ar αr determines the minimum 
correlation value that can be obtained, βr primarily controls 
the shape of the correlation curve, and τr controls the rate of 
the decay. It is important to note that while this example used 
temporal differences between points, spatial differences are 
also used in some of the ULEM correlation modeling. Similar-
ly, τ may relate to time or distance, depending on the imple-
mentation. Additional detail regarding full-covariance storage 
is provided in the Implementations Section.

The intent of this paper is to provide a high-level introduc-
tion to the ULEM concept; therefore many of the details are 
absent. The reader is encouraged to obtain the ULEM Imple-
mentation and Exploitation Document (NGA, 2013) for further 
information.

Implementations
Sensor-Space ULEM
Sensor-Space ULEM approximates the physics of the sensor 
during the original data collection. It requires the ability to in-
terpolate the sensor position at which any lidar point was col-
lected. This interpolation is enabled by access to timestamps 
for every lidar-point record and time-indexed collection tra-
jectory data. Sensor-Space ULEM permits sensor-space param-
eter uncertainties (pointing, ranging, etc.) to be propagated 
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to error covariances in 3D ground coordinate space without 
needing detailed knowledge of the sensor operation itself. 
This is made possible by defining a set of adjustable param-
eters in sensor space, and storing the uncertainties of these 
parameters for future exploitation. The seven general Sensor-
Space ULEM adjustable parameters, described in the Stochas-
tic / Adjustment Model section, include:

• Corrections to sensor position (Δx, Δy, Δz)
• Corrections to sensor orientation (θ1, θ2, θ3)
• Corrections to range (Δr).

The Sensor-Space ULEM concept is illustrated in Figure 2.

Required Metadata and Definitions
The Sensor-Space ULEM concept involves requesting sufficient 
metadata to approximately recreate the collection geometry. 
To obtain the sensor position, metadata consisting of sensor 
path (trajectory) samples (typically 3D coordinates in WGS84), 
and associated timestamps must be provided. In addition, the 
time and a unique sensor-path identifier associated with each 
point’s measurement must be supplied. Given the sensor posi-
tion and terrain-point coordinates (related by respective time-
stamps and path identifiers), the estimated lidar line-of-sight 
(LOS) vector can be calculated as shown in Figure 2. Note that 
this construction is performed without the need for sensor 
orientation measurements or range measurements, which 
reduces the amount of data needed for subsequent process-
ing while maintaining sufficient geometry for error propaga-
tion. This LOS vector (i.e., range vector) is one key component 
needed to estimate the measurement precision of the terrain 
point. Once these basic components are obtained, three gener-
alized and consolidated coordinate systems are used to define 
the approximated acquisition geometry: the Local Coordinate 
System (LCS), the Path Coordinate System (PCS), and the Ray 
Coordinate System (RCS).

The LCS used for Sensor-Space ULEM is a Cartesian coordi-
nate system, generally defined with its origin at a point of in-
terest (often the point being mensurated) or at the center of an 
area of interest. It is an East - North - Up system. The positive 

Z axis (+ZL) points upward along the ellipsoidal normal. The 
positive X axis (+XL) is the cross-product of the ellipsoidal 
North Pole and the positive Z axis (+ZL). The positive Y axis 
(+YL) is the cross-product of the positive Z axis (+ZL) and the 
positive X axis (+XL), completing a right-handed Cartesian 
coordinate system.  

The PCS is established based on the sensor velocity vec-
tor associated with the epochs around the time of interest. 
Establishment of this system is necessary for adjustment since 
ULEM does not carry detailed angular orientation informa-
tion. The PCS is uniquely defined for each specific epoch of 
interest. The origin for this system is the instantaneous sensor 
location as estimated from the trajectory information interpo-
lated at the epoch of interest. Its +XP axis is along the velocity 
vector of the aircraft. The +YP axis is the cross-product of the 
PCS +XP axis and the LCS +ZL axis. The +ZP axis is then the 
cross-product of the PCS +XP and +YP axes, completing a right-
handed Cartesian coordinate system.  

The PCS and LOS enable the RCS. The origin for this system 
coincides with the origin of the PCS. The RCS is also an or-
thogonal system with the +ZR axis defined along the estimated 
LOS and extending from the sensor location. The +YR axis is 
the cross product of the +ZR axis and the PCS +XP axis. The 
+XR axis is then the cross product of the +YR axis and the +ZR 
axis, completing a right-handed system.  

Other key metadata needed to estimate the uncertainty 
of the terrain points are the uncertainties associated with 
the system measurement parameters. In the actual physi-
cal model, these uncertainties involve the various system 
components, such as the GPS receiver, inertial measurement 
unit (IMU), offsets and rotations between components, optical 
component positions and angles, timing, etc. (Schenk, 2001; 
Triglav-Cekada, 2009). The uncertainties will also be influ-
enced by the processing techniques used on the datasets. The 
ULEM concept involves combining these various individual 
error contributors from the detailed physical model and rep-
resenting them as top-level ULEM parameters, namely:

Figure 2. The Sensor-Space ulem Concept.
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• Sensor position uncertainties (σΔx, σΔy, σΔz), 
• LOS angle uncertainties (σθ1, σθ2, σθ3), and 
• Range measurement uncertainty σΔr. 

An additional uncertainty is related to the physical features 
of the terrain. For linear-mode lidar, each pulse of the lidar 
sensor illuminates the terrain with a finite-size beam which 
intersects features with potentially different reflectance proper-
ties and different heights. This leads to significant variations 
in the return pulse shape and magnitude, adding error to the 
range calculation (Schaer et al., 2007). Capturing an estimate 
of the aggregate range uncertainty for each point in the point 
cloud is a valuable piece of metadata to have available for ULEM 
if possible. If available and pre-calculated, this error could be 
captured as a per-point uncertainty and included as a random 
contributor to the mensuration error during exploitation. Since 
the total variation across the dataset for these values is ex-
pected to be small and the precision does not have to be fine, 
implementing a pointer per point-record that references a look-
up table of representative per-point uncertainty values (the six 
elements that comprise the upper triangular portion of a 3 × 3 
covariance matrix) would provide an efficient storage mecha-
nism. If instead this per-point uncertainty is computed by 
exploitation software at time of mensuration, it can be captured 
as a processing-error contribution to mensuration error.   

The error contributors not captured in the top-level ULEM 
sensor parameters are represented using unmodeled error 
(Doucette et al., 2013). Unmodeled errors (UE) cannot be practi-
cally characterized by the physical sensor model’s support-
data adjustable parameters, hence they cannot be corrected or 
removed through a registration or triangulation process. An ex-
ample of this in traditional photogrammetry is lens distortions 
for which the model may not provide associated parameters for 
adjustment. Unmodeled error provides a placeholder for high-
frequency error to supplement the adjustable parameter error, 
and is represented by both covariance and cross-covariance 
terms. UE is not totally random; therefore its cross-correlations 
between points are non-zero (for small distances or small tem-
poral changes) and are typically modeled by an SPDCF based on 
spatial distance. Since the axes for UE correlation may not align 
with the LCS axes, a (u,v,w) system is defined (e.g., u defined 
along a collection strip, v defined across the strip, w complet-
ing a right-handed system). Correlation coefficients (ρ) are 
computed based on the spatial distance between points in each 
dimension (Δu, Δv, Δw).  The unmodeled error cross-covari-
ance between two points (r and s) is then computed by:

  (6)

where Σuers represents the cross covariance, (ρ(Δu), ρ(Δv), 
ρ(Δw)) represent the correlation coefficients in the u, v, and 
w directions respectively, Σuerr represents the UE covariance 
at point r, and Σuess represents the UE covariance at point s 
(the superscript ½ indicates the principal matrix square root 
which is computed by Singular Value Decomposition (SVD)) 

In most cases, UE is determined by empirical means, such 
as performing data adjustments in areas with much control 
data, providing initial estimates of the UE and its correlations, 
and refining these estimates until the resulting reference vari-
ance approaches unity (Doucette et al., 2013).

Using the required sensor metadata, the ULEM uncertainty 
metadata is generated as an adjustable-parameter covari-
ance matrix, ideally from the natural output of the rigorous 
physical lidar model used to compute the terrain coordinates 
in the point cloud. It must be provided a sufficient number 
of times during a dataset collection to capture variations in 
the parameter uncertainties over time. Also, the estimated 
correlations among the ULEM parameter uncertainties are 
required. The addition of these metadata permits calculation 

of relative uncertainties between terrain points and is impor-
tant in data fusion and data adjustment algorithms (Rodarmel 
et al., 2011). The process of generating the ULEM uncertainty 
metadata from the sensor metadata is beyond the scope of this 
paper; however the details are provided in the ULEM Imple-
mentation and Exploitation Document (NGA, 2013).

It is proposed that the vendor of the lidar hardware and 
processing software supply all of this necessary metadata for 
ULEM creation and that they develop the initial ULEM esti-
mates. The vendors have the insight into the full physical 
sensor model to allow accurate ULEM development. Little addi-
tional burden would be imposed, since the metadata is already 
available or easily derived from the sensor model used to com-
pute the point cloud ground coordinates. In supplying this 
metadata, the lidar data providers need not reveal any details 
of the sensor design and operation, only the resulting ULEM pa-
rameter uncertainties. However, this ULEM metadata can then 
be passed through and utilized in the subsequent process-
ing architecture used by lidar practitioners. By utilizing the 
CSM API, many of the details of the ULEM model exploitation 
can remain hidden to the practitioner, but they can leverage 
the error estimates and associated adjustments to adjustable 
parameters during processing. Further, the ultimate custom-
ers of practitioners can leverage the error estimates in future 
analyses of the data. This added metadata provides standard-
ized methods for downstream data adjustments. Additionally, 
as the model becomes trusted and validated, it would improve 
the customer’s understanding of the data accuracy by allowing 
them to visualize the data accuracy spatially. Once trusted, it 
could also reduce the number of check points that the custom-
ers and/or practitioners require for quality control.      

Parameterization
A lidar dataset can usually be represented by a number of 
collection units (CUs), with each of these units representing 
a portion of data which was collected using a constant set of 
collection parameters (e.g., pulse rate, sensor velocity vector), 
providing consistent collection geometry. A pass, or strip, 
within a collection (during which only a repeated pattern 
of sensor pointing occurs) is an example of a CU. Given a CU 
collected over a short period of time with minimal aircraft 
dynamics, it is reasonable to assume that the sensor compo-
nent uncertainties (e.g., GPS, IMU) within the entire CU vary 
so slightly that only a small subset of them are needed to 
sufficiently estimate the majority of the sensor uncertainty for 
the entire CU. Therefore, in this situation, the uncertainties for 
all lidar points collected in a CU could be estimated using a 
single set of CU-wide ULEM adjustable parameter uncertainties. 
Sensor-Space ULEM CU parameters may be represented by both 
constant and rate parameters, allowing for first-order polyno-
mial parameter modeling.

A list of CU polynomial parameters, based on the seven 
Sensor-Space ULEM general adjustable parameters, is provided 
below for each CU i:  

• Δxi, Δyi, Δzi: PCS positional offsets  
• θ1i, θ2i, θ3i: PCS angular offsets 
• Δri: range offsets 
• Δx·i, Δy·i, Δz·i: PCS positional offset rates 
• θ·1i, θ

·
2i, θ

·
3i: PCS angular offset rates 

• Δ·ri: range offset rate 

In addition to the polynomial parameters with respect to the 
PCS, there is also a need for adjustable parameters in the LCS. 
These are introduced as LCS positional-offset adjustable param-
eters, ΔEi, ΔNi  and ΔUi and may represent CU-wide biases.

Since the rate parameters are based on time, start and stop 
timestamps are also needed for each CU. The time span per 
CU is computed and used to generate scale and offset values, 
so any point’s timestamp within the CU can be normalized 
relative to the temporal midpoint of the CU. These normalized 
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time values are used to apply rate parameters within a CU.
Now assume a CU for which the sensor errors significantly 

vary throughout (perhaps due to a longer collection time or 
greater aircraft dynamics). One set of CU-wide adjustable pa-
rameters may not be sufficient to capture the higher-frequency 
errors for the entire CU. However, a set of CU-wide sensor 
adjustable parameters combined with multiple sets of sub-CU 
adjustable parameters, distributed throughout the CU by time 
and associated with unique timestamps, could be applied. 
The higher-frequency errors not captured by the CU-wide 
adjustable parameters could be modeled by interpolating 
between the sub-CU adjustable parameters. In Sensor-Space 
ULEM, these sub-CU adjustable parameters and their associated 
covariances are defined as posts.

Figure 3. Sensor-Space ulem Adjustable Parameters.

Figure 3 illustrates the Sensor-Space ULEM adjustable 
parameters for several passes of a lidar collection. Note that 
the posts are illustrated as being along the trajectories of the 
passes. This is not to imply that posts only apply to lidar 
data that are spatially proximate. Posts are associated with a 
particular epoch in time, and a post’s information will have 
its greatest effect on lidar data that are temporally proximate. 
The post parameters (based on the Sensor-Space ULEM general 
adjustable parameters) are provided below for each CU i and 
post j:

• Δxij, Δyij, Δzij: PCS positional offsets  
• θ1ij, θ2ij, θ3ij: PCS angular offsets 
• Δrij: range offsets 

This set of parameters consisting of CU parameters, LCS pa-
rameters, and post parameters represent the true parameters 
that are adjusted and solved during a ULEM adjustment.

Projective Model
The Sensor-Space ULEM projective model describes the relation-
ship among the range, sensor position, sensor orientation, and a 
ground point. The projective model is shown in Equation 7:
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In this model, [x,y,z]T represents a point in the point cloud 
in the LCS. The sensor position, again in the LCS, is repre-
sented by [xS, yS, zS]T. The rotation from the RCS to the LCS is 
represented by ML|R. Finally, the vector [0,0,r]T represents the 
range vector from the sensor to the ground point in the RCS. 

The ML|R rotation matrix is defined by the rotation from the 
RCS to the PCS, MP|R, and the rotation from the PCS to the LCS, 
ML|P. This relationship is shown in Equation 8:

 ML|R = ML|P MP|R (8)

Stochastic / Adjustment Model
The Sensor-Space ULEM Stochastic/Adjustment Model, 
detailed in Equation 9, is a modification of the ULEM Projec-
tive Model which designates the ULEM adjustable parameters 
having probabilistic (stochastic) properties associated with 
them. This model is necessary for both error propagation and 
data adjustment. In order to form the Stochastic/Adjustment 
Model, the ULEM projective model (Equation 7) is expanded 
to include a series of adjustable parameters, all of which have 
initial values of zero. Note that the relationship in Equation 8 
was used to decompose the ML|R matrix.  
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For ULEM, three distinct, and seven general adjustable 
parameters have been identified.  First, are the three distinct 
coordinate translations (ΔE, ΔN, ΔU) which provide adjust-
ments to the sensor position in the LCS. The general adjust-
able parameters include three translations (Δx, Δy, Δz) which 
provide adjustments to the sensor position in the PCS, a range 
bias (Δr), and three rotation parameters, θ1, θ2, θ3(sequential 
rotations about the PCS Xp, Yp, Zp axes, respectively).  

The general adjustable parameters in Equation 9 (Δx, Δy, 
Δz, θ1, θ2, θ3, Δr) may be aggregates of multiple contributors, 
depending on which parameterization is implemented. Thus, 
the true adjustable parameters, as discussed in the Param-
eterization Section above, are the contributors to the general 
parameters shown in Equation 9. That is, a ULEM adjustment 
consists of solving for corrections to these true (contributor) 
parameters rather than the general (aggregate) values.  

Since post parameters are temporally distributed within 
a given CU i, their contribution to the adjustment of a lidar 
point will depend on the timestamp of that lidar point. Spe-
cifically, the contribution from the posts will be an interpo-
lated value from among all posts j within CU i, which for the 
Δx parameter is designated Δxposts, and similarly for the other 
parameters.

Equation 10 provides all the possible contributors for each 
of the aggregate adjustable parameters, for CU i, with the “dot” 
superscript indicating a rate parameter. Note that in practice 
some subset of these may be used. Testing to date has gener-
ally involved parameterizations involving the CU offsets and 
post contributions. The rate terms have typically not been 
used, but including them in the model provides additional 
flexibility for future implementers.

 Δx = Δxposts + Δxi + Δ·xidt  

 Δy = Δyposts + Δyi + Δ·yidt

 Δz = Δzposts + Δzi + Δ·zidt

 θ1 = θ1posts + θ1i + θ·1idt (10)

 θ2 = θ2posts + θ2i + θ·2idt

 θ3 = θ3posts + θ3i + θ·3idt

 Δr = Δrposts + Δri + Δ·ridt

The dt term is a normalized time difference between the lidar 
point’s timestamp, t, and the reference timestamp, tref, for the 
CU. dt = 2(t – tref)/(tCU end – tCU start), where the reference time-
stamp (tref = (tCU end + tCU start)/2) is the temporal midpoint of the 
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CU based on the CU starting time (tCU start) and 
the CU ending time (tCU end). Thus, dt = (2t – 
tCU end   – tCU start)/(tCU end – tCU start).

After adjustment, if the solved parameters 
are not applied to the points in the dataset, 
the parameters can be stored for subsequent 
use. However, it is important to note that if 
the solved parameters from an adjustment 
are applied to a Sensor-Space ULEM dataset, 
and that dataset will remain in the Sensor-
Space ULEM implementation, then the trajec-
tory data [xS, yS, zS]t must be updated using 
the solved LCS translation parameters [ΔE, 
ΔN, ΔU]t, and the aggregate PCS translation 
parameters [Δx, Δy, Δz]t rotated to the LCS 
coordinate system using ML|P. This is neces-
sary to ensure that the trajectory stored in 
the point file is consistent with the updated 
point locations for future range and LOS cal-
culations. The updated trajectory values are 
calculated using Equation 11.
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(11)

Covariance Storage and Modeling
If employing the direct storage method, the upper-diagonal 
entries of the full covariance matrix for adjustable param-
eters is stored in the ULEM metadata. When using the indirect 
method, only the block-diagonal covariance entries of the full 
covariance matrix are stored. The correlations and cross-cor-
relations are then modeled using the SPDCF, the parameters for 
which are stored in the ULEM metadata. An example forma-
tion of an indirectly-stored full-covariance matrix is shown in 
Equation 12, with Σ the full covariance matrix, Σ11, Σ22, …, Σnn 
the block-diagonal adjustable parameter covariance matrices 
for n CUs, Σij a cross-covariance term between CUs and ρ the 
modeled correlation coefficient.  
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A similar approach is used to model the covariance be-
tween posts. Additional details on ULEM storage can be found 
in the ULEM Implementation and Exploitation document. 
(NGA, 2013)

Exploitation
Before relating the details of exploitation, it is necessary to 
describe what actually happens when one mensurates a point 
in a lidar dataset containing Sensor-Space ULEM. This process 
is described at a high level in Figure 4. The values obtained 
after point mensuration include sensor position, the range 
vector, and instantiations of the PCS and the RCS, all of which 
are needed in the Stochastic / Adjustment Model.

One of the primary requirements for precise geoposi-
tioning is the use of error propagation to obtain predicted 

uncertainties in a system, which for many systems is accom-
plished within the CSM construct (Rodarmel et al., 2011). As 
previously discussed, ULEM is developed to be compatible 
with CSM; however lidar modeling has yet to be fully incorpo-
rated into the CSM standard. Towards this goal, some changes 
have been proposed to the CSM standard, including the ad-
dition of methods amenable to lidar exploitation. One of the 
proposed methods is modelToGround().

The modelToGround() method is an application of the 
ULEM adjustment model (Equation 9) followed by a coordi-
nate conversion to Earth-Centered-Earth-Fixed (ECEF) Carte-
sian coordinates. The “model” in modelToGround() refers to 
model points, which are lidar points in their native format 
in the point cloud (e.g., UTM), having coordinates defined as 
model coordinates. Optional mensuration-error covariance for 
the model coordinates can be included as input to modelTo-
Ground(), which will enable ground covariance information 
as additional output. The following example describes the 
calculations needed to obtain the covariance of the output 
ground point from modelToGround(). The example configura-
tion consists of two CUs, with the first CU having n1 posts and 
the second CU having n2 posts. First, the covariance matrix of 
the adjustable parameters, Σa, is formed for all the parameters 
in the configuration chosen for the dataset as in Equation 13.   
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(13)

In Equation 13, ΣCUi represents the covariance of the ith CU 
parameters and ΣPij represents the covariance of post param-
eters for post j in CU i. The component submatrices within  are 
detailed in Equation 14. In this example, the CU adjustable 
parameters are offsets (Δx, Δy, Δz, Δr) and rates (Δ·x, Δ·y, Δ·z). 
Correlations are modeled within three separate groups, the 
first one containing (Δx, Δy, Δ·x, Δ·y), the next one containing 

Figure 4. ulem Mensuration of a point.
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(Δz, Δ·z), and the third one having only Δr. These correla-
tion groups are determined based on grouping parameters 
significantly correlated among each other and having similar 
temporal decorrelation properties. Note that correlations only 
exist within each correlation group, and that this defines 
which of the associated covariance terms can be nonzero (e.g. 
in ΣCU1, σΔx1Δy1

 can be nonzero, but σΔx1Δz1
 cannot). The adjust-

able parameters for the posts (θ1,θ2) are in their own correla-
tion group, and are only correlated within a CU.

The next step in calculating the output ground covariance 
is to generate the partial derivatives of the model coordinates 
(computed using the groundToModel() method, which is the 
inverse of the modelToGround() method) with respect to the 
adjustable parameters (component parameters in Equation 
10). An example of the resulting Jacobian matrix, A, is shown 
in Equation 15.  
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The matrix of partial derivatives (B) of the model-space co-
ordinates (x, y, z) with respect to the ground-space (e.g., ECEF) 
coordinates  is shown in Equation 16.  
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(16)

The ground-space covariance matrix (ΣG) is then computed as 
shown in Equation 17. In the equation, Σmod is the mensuration 
error covariance matrix provided as input into modelToGround(), 
and Σue is the unmodeled error covariance matrix.
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Ground-Space ULEM
Ground-Space ULEM can be used in situations when the 
required metadata for Sensor-Space ULEM is not available, 
or its management becomes impractical. For example, the 
Ground-Space ULEM implementation can be applied in cases 
where the complexity of the point cloud collection and 
processing concept of operations precludes a straightforward 
definition of a sensor-space projective model within the final 
point cloud (e.g., points from multiple overlapping passes are 
voxelized, and the points within each voxel are replaced with 
the mean of those points). In this specific case, Sensor-Space 
ULEM would often be implemented for the initial, contribut-
ing point clouds (e.g., per pass), with the final point cloud 
product using pre-computed error covariance information as 
defined by the Ground-Space ULEM implementation. Also, in 
Ground-Space ULEM, there can be only one CU per dataset.

Parameterization
Ground-Space ULEM employs either one, or a combination of 
two, adjustment models: the 3DC model and the Anchor Point 
model. The 3DC model is similar to the sensor-space implemen-
tation, in that it can accommodate CU-wide transformation pa-
rameters. These adjustable parameters appear as a combination 
of the seven parameters associated with a three-dimensional 
conformal (3DC) coordinate transformation. They can include:

• ω, ϕ, and κ (three sequential rotations about the x, y, and 
z axes, respectively), used to form rotation matrix, M

• Δx, Δy, and Δz: three translations
• Δs: a single scale factor correction. 

These 3DC parameters are applied as shown in Equation 
18 and illustrated in Figure 5. In the figure, arbitrary distance 
d is included to illustrate the effect of the scale factor correc-
tion (which is negative in the figure). Note that, as with the 
coefficients in the Sensor-Space ULEM of CU-wide polynomi-
als, not all of the seven transformation parameters need to be 
included as adjustable parameters. Those parameters that are 
not included as adjustable parameters are considered zero 
constants in the transformation model.
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where 
 M = MκMϕMω (18)
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Figure 5. 3D Conformal (3DC) Coordinate Transformation.

In Equation 18, [x  y z]T
0 represents normalized and re-cen-

tered (to the CU centroid) model-space coordinates prior to 
transformation. These are formed using Equation 19, where 
[x  y z]T  are the original model-space coordinates, [x–  y– z–]T  are 
the re-centering values, and s– is a normalizing scale factor. 
The re-centering values are the coordinates of the centroid 
of the CU, and the scale factor is such that it normalizes all 
re-centered point coordinates with respect to the longest dis-
tance between points in the CU. All of these values are stored 
and carried in the ULEM metadata. After the transformation is 
applied, the result, ([x  y z]0́)T, must be multiplied by 1/s–, and 
the re-centering offset must be removed by adding [x–  y– z–]T  to 
obtain the final adjusted coordinates ([x  y z]́ )T. The full trans-
formation equation is shown in Equation 20a, and an equiva-
lent simplified version (after a cancellation) in Equation 20b.
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(20b)

The covariance matrix associated with the 3DC transforma-
tion adjustable parameters (Σ3DCl), for some CU, can be formed 
as shown in Equation 21. In this equation, ω, ϕ, and κ are se-
quential rotations about the re-centered model-space x, y, and 
z axes, respectively, and are those used to form M of Equation 
18. When not all of the 3DC transformation parameters are 
used, the covariance matrix consists of a subset of the appro-
priate elements of Equation 21.
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(21)

If the 3DC model cannot accurately represent a dataset, the 
user may implement the Anchor Point model. This model is 
based on the storage of covariance data at anchor points that 
reflect the local phenomena in the data. These anchor points 
are at specified locations within the point cloud, each with 
an associated error covariance. Additionally, the correlation 
among the errors associated with the anchor points is stored, 
enabling the formation of their full covariance matrix.  

The full anchor point covariance matrix characterizes the 
overall relationships among uncertainties at their locations. 
When only anchor points are implemented, the absolute 
uncertainty of any point and the relative uncertainty of any 
point pair can be estimated by propagating the anchor point 
covariance to ground-space using partial derivatives with 
respect to the anchor point parameters. Figure 6 is a graphi-
cal illustration of interpolated absolute (6a) and relative (6b) 
uncertainty. In Figure 6a, the shading of each anchor point 
represents the variance at their location and the shading 
across the dataset area represents the interpolated variance. 
In Figure 6b, the anchor point shading represents the relative 
variance between the anchor points and the point located in 
the center, and the shading across the dataset represents the 
interpolated relative variance with respect to the center point, 
where darker shading represents lower relative variance. The 
anchor point adjustable parameters in the Ground-Space ULEM 
are translations (Δx, Δy, Δz) associated with anchor point 
locations. Anchor points should be distributed throughout 
a point cloud area in such a way that the interpolation can 
sufficiently capture error phenomena and the interpolation 
method can operate adequately.

                              (a)                       (b)

Figure 6. Interpolation of Uncertainties using Anchor Points. 
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The full anchor point covariance matrix, ΣAP, has the form 
shown in Equation 22, where n is the number of anchor 
points, ΣAPii is the covariance at anchor point i based on adjust-
able parameters (Δxi, Δyi, Δzi), and ΣAPij is the cross-covariance 
between anchor points i and j.
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Ground-Space ULEM allows for a combination of the anchor 
point and 3DC transformation models. In this mode, both the 
3DC transformation and corrections due to anchor point trans-
lations are applied simultaneously. The full covariance matrix 
for the adjustable parameters of the ground-space combined 
model (Σa) in CU l is that shown in Equation 23.  
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The off-diagonal block in Equation 23, (Σ3DClAPl), contains 
the cross-covariance between the 3DC transformation param-
eters and the anchor points for CU l. It is expected that this 
sub-matrix will be all zeros prior to any adjustment and pos-
sibly fully populated (non-zero) after adjustment.  

Since both anchor points and the 3DC transformation can 
be parameterized such that either there are no anchor points 
or there are no 3DC transformation parameters, the combined 
model can be considered the general case for Ground-Space 
ULEM adjustment and error propagation. That is, it applies 
even if some components of both or all components of one 
of the two individual models have no effect. For example, if 
only anchor points are used, then Σ3DCl will have zero rows 
and columns and ΣAPl will have 3n rows and columns. The 
general case Ground-Space ULEM adjustment model is shown 
in Equation 24.
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In Equation 24, ([x  y z]í )T are the model-space coordinates 
of point i after applying the 3DC transformation using Equa-
tion 20, each ΔxAPj = [ΔxAPj ΔyAPj ΔzAPj]

T is a column vector 
of the coordinate corrections (translations) associated with 
anchor point j, and A~i(3×3n) contains weights associated with 
point i and is parameterized as follows:

A~i = [wi1I wi2I … winI],  (25)

where wij is the weight associated with anchor point j for 
point i, and I is a 3×3 identity matrix. The weights may be 
based on any convex combination interpolation scheme (e.g., 
normalized inverse distance weighting) where {for arbitrary 
point i, Σn

j=1 wij = 1}. The distances used in computing A~i 
should be based on [x y z]T

i coordinates, not the transformed 

([x  y z]í )T. Determination of effective interpolation schemes 
for scattered anchor points is an ongoing area of research.

Covariance Storage and Modeling
As with Sensor-Space ULEM, Ground-Space ULEM supports 
the storage of full covariance for adjustable parameters using 
direct and indirect methods. Again, the direct method simply 
stores the upper-diagonal entries of the full covariance matrix, 
while the indirect method stores only the block-diagonal co-
variance values of the full covariance matrix, using an SPDCF 
to model the correlations and cross-correlations. The same 
formation illustrated in Equation 12 for Sensor-Space ULEM 
can also be applied to Ground-Space ULEM, replacing the n 
CUs with n anchor points.

Exploitation
As with Sensor-Space ULEM, a version of modelToGround() 
based on Ground-Space ULEM will be implemented within 
the ULEM CSM sensor model. The modelToGround() function 
for Ground-Space ULEM is the application of Equation 24, 
followed by a coordinate conversion to Earth-Centered-Earth-
Fixed (ECEF) Cartesian coordinates.

As an absolute error propagation example was provided for 
Sensor-space ULEM, here a relative error propagation example 
will be given for Ground-space ULEM. The example configura-
tion consists of a dataset using 3DC translation components, 
as well as  anchor points.  Also, suppose no adjustment has 
been performed and there are no correlations between the 
anchor point and 3DC adjustable parameters. Two points are 
measured, labeled P1 (with coordinates x1, y1, z1) and P2 (with 
coordinates x2, y2, z2).  The adjustable parameter covariance 
matrix would appear as: 
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The A matrix would appear as:
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The B matrix is formed similarly to the sensor space imple-
mentation:
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The full ground covariance between the two points of 
interest is:
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Now the relative error covariance between P1 and P2 is 
obtained from:

 − −= +Σ Σ Σ Σ Σrel G G G G
T

12 1 2 12 12 .

Experiment
This section describes an implementation of Sensor-Space 
ULEM for a lidar collection. Included are a description of the 
datasets and metadata, the ULEM generation and exploitation, 
and an analysis of the ULEM predicted uncertainties when 
compared to ground control.

Datasets
An airborne lidar dataset was collected over Purdue University 
(West Lafayette, Indiana) in March 2013 by Woolpert, Incorpo-
rated (Dayton, Ohio) using a Leica ALS70-HP system, flown at 
an altitude of roughly 1,800 meters AGL and generating mul-
tiple north-south lidar passes over the campus. Woolpert pro-
vided the NGA SGC the lidar ground points from this collection 
in LAS format. Woolpert also provided the aircraft trajectory 
and orientation data, consisting of GPS/INS navigation solutions 
for aircraft positions and orientations, and their uncertainties.

Ground truth was provided by a survey conducted on 
the Purdue University campus in the spring of 2010, which 
consists of many lidar-identifiable points on the ground, on 
roofs, and on the tops of parking garages. The SGC identified 
and mensurated 52 of these truth points in the lidar dataset, 
for use as check points to validate the results.

It should be noted that this experiment was performed on 
data received from Woolpert which had not gone through 
their final data-adjustment steps. The goal was to 
test the a priori error estimates from ULEM, with 
a future goal of integrating these a priori error 
estimates into the final ULEM adjustment process 
and generating a posteriori error estimates for 
evaluation. So, the true horizontal errors shown in 
the results are significantly larger than the errors 
that the customer would see in the final Woolpert 
product. 

ULEM Generation
The SGC-developed in-house software (ULEMGen) 
takes input LAS files, as well as necessary lidar 
metadata, and generates ULEM metadata which is 
added to the LAS files using the LAS VLR format. 
Once the ULEM LAS files are generated, ULEM-
based exploitation tools can compute predicted 
uncertainties for the points in the file. ULEMGen is 

currently based on a physical sensor model consistent with 
the general characteristics of many commercial lidar sensors 
and was initially tested with Optech lidar systems. However, 
it was determined that the physical sensor model used in 
ULEMGen is also compatible with the Leica system. Table 1 
lists the metadata used as input to ULEMGen. Below each entry 
is given the ULEM parameter(s) to which the entry contributed.

The uncertainties in Table 1 are based on the best estimates 
that the SGC and Woolpert currently have, but they could be 
updated with additional input from the sensor manufacturer. 
In addition to the values in Table 1, the platform trajectory, 
the uncertainty on that trajectory, and the point clouds of 
interest (LAS format) were also passed into ULEMGen.

The Historical Z Correction deserves further explana-
tion. In addition to the metadata from the Purdue collection, 
Woolpert provided the SGC with a listing of height corrections 
for 13 different projects using the same lidar system, which 
were applied to their final products after comparing to ground 
control. The RMS of these corrections was 27.5 cm. The source 
of the errors causing the needed corrections was not known 
by Woolpert or the SGC, except that the correction was only 
needed in the local Z-direction. Since this correction could 
not be attributed to any particular system (e.g., range, GPS), the 
RMS of the historical local Z correction was used as the uncer-
tainty estimate for ΔU (LCS parameter vertical component).

Assessment of ULEM Predictions at Check Points
The output from ULEMGen consisted of modified LAS files, 
now with added VLRs containing Sensor-space ULEM metadata. 
The file sizes were roughly 120 MB each, and the change in size 
due to the addition of the ULEM metadata was about 0.1 percent. 
These ULEM LAS files were used as input in SGC ULEM exploita-
tion software, which generates a ULEM-predicted ground covari-
ance for each set of 3D coordinates provided. Using the mensu-
rated coordinates, predicted ground covariance matrices were 
computed for each check point using the ULEM metadata in the 
LAS files. Additional metrics were derived, including CE90 (Cir-
cular Error 90th percentile) for horizontal predicted uncertainty, 
and LE90 (Linear Error 90th percentile) for vertical predicted 
uncertainty, per mensurated point. CE90 and LE90 were used to 
be consistent with current NGA practices, but the error covari-
ances could easily be scaled to conform to other accuracy 
specifications. Note that mensuration error was included in the 
calculation of the predicted ground covariance matrices of the 
mensurated check points. The average point spacing for the 
dataset was 38 cm, so a mensuration sigma of 19 cm (one-half 
the average point spacing, based on SGC experience with men-
suration from point clouds) was included in the propagation for 
each of the horizontal terms. This is necessary because the lidar 
samples the surface, and there will not (in all likelihood) be a 
lidar return from the exact location of a check point. Therefore, 
there is uncertainty in the ability of the human to measure the 

Table 1. ulemGen InpuT meTadaTa for The WoolperT purdue daTaseT.

IMU Alignment Angles (deg)
Orientation (θ1, θ2, θ3)
Omega: 90.0, Phi: 0.0, Kappa: 0.0
Beam Divergence (mrad, 1/e radius)
Orientation (θ1, θ2)
Omega = Phi = 0.075
Parts-per-million (GPS base station)
LCS (Δx, Δy, Δz)
Horizontal and vertical: 3
Base Station Uncertainties (cm, 1-sigma)
LCS (ΔE, ΔN, ΔU)
East, North: 2 each;  Up: 4
Lever Arm Uncertainties (cm, 1-sigma)
Position (Δx, Δy, Δz)
X, Y, Z: 1 per axis

Boresight Uncertainties (mrad, 1-sigma)
Orientation (θ1, θ2, θ3)
Omega: 0.026, Phi: 0.026, Kappa: 0.035
Scanner Uncertainty (mrad, 1-sigma)
Orientation (θ1, θ2, θ3)
Omega = Phi = Kappa = 0.0524
Range Uncertainty (1-sigma)  1 cm
Range (Δr)
Historical Z Correction (cm, 1-sigma)
LCS (ΔU) 
27.5
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proper point. Although automated algorithms, such as Itera-
tive Closest Point (ICP) patch matching or plane and line fits, 
can be used to try and overcome the lidar sampling issue when 
measuring points; even these measurement techniques present 
mensuration uncertainties that must be included in an accu-
racy analysis. Vertical mensuration error for the experiment 
was assumed to be zero since the check points were associated 
with nearby flat areas. Also calculated were the true errors in 
the mensurated points by subtracting the survey checkpoint 
coordinates from the mensurated coordinates (Figure 7).

A test was performed to ensure the checkpoint accuracies 
did not significantly influence the ULEM-derived predictions. 
The checkpoint uncertainties were root-sum-squared with 
the ULEM predicted uncertainties prior to the CE90 and LE90 
computations. Results of this test showed no significant effect 
upon the ULEM-derived predictions.

Figure 8 plots the ULEM-predicted CE90 values against 
the true horizontal errors for the 52 mensurated points. The 

45-degree line indicates where the predicted uncertainties 
would equal the true errors. Since a 90th percentile value is 
used, 90 percent of the points should fall below the line if 
the uncertainty estimates are correct. In this plot, 46 of the 52 
points (88.5 percent) fall below the line.

Figure 9 plots the ULEM-predicted LE90 values against the 
absolute true vertical error for the 52 mensurated points. Again, 
the 45-degree line indicates predicted uncertainty equal to true 
error, and 90 percent of the points should fall below the line. In 
this plot, 48 of the 52 points (92.3 percent) fall below the line.

This experiment tested an end-to-end ULEM workflow going 
from data collection, to ULEM generation, to data exploitation. 
While a full 90 percent passing was not achieved for the CE90, 
both the CE90 and LE90 provided acceptable results based on 
the input sample size. More importantly, it shows a successful 
implementation of the ULEM concepts to include the storage and 
use of the error data in compliance with a standard (LAS) format.  

Figure 8. Comparison of Predicted Horizontal Uncertainty vs. True 
Horizontal Error.

Figure 9. Comparison of Predicted Vertical Uncertainty vs. Abso-
lute True Vertical Error.

Figure 7. Measured Horizontal and Vertical Errors.
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Future Work
While much progress has been made on developing the ULEM 
concept, there is more work to be done. One area of future 
work is in obtaining better covariance and correlation esti-
mates of the parameters used to populate the model. In addi-
tion, more work is needed on the storage and dissemination 
of post-adjustment cross-covariance data between files. ULEM 
does not currently provide a method to store the cross-cova-
riance results between multiple files used in a multi-file ad-
justment, even though the updated per-file full-covariance is 
stored. Implementing ULEM into concepts such as the Geopo-
sitioning Metadata Model (GMM) currently under development 
by NGA would provide for the storage of this vital metadata.

Summary
The concept of the Universal Lidar Error Model (ULEM) was 
described. ULEM is an error model that approaches the rigor 
and utility of the detailed physical sensor model while allow-
ing for standardization of metadata and ease of storage, and 
providing a common mechanism for the error propagation 
and data adjustment of lidar datasets. Through the ULEM Spec-
ification, the sensor-specific metadata aspects are eliminated 
by mapping these metadata to a few standardized parameters. 
This ULEM metadata is stored in existing file formats (such as 
LAS) that are used by the community, and maintains compli-
ance with those format specifications. Additionally, the ex-
ploitation methods are standardized based on existing sensor 
modeling efforts of the community. While the literature has 
shown the benefits of the sensor modeling and error propaga-
tion, ULEM makes those concepts accessible to the lidar users.

ULEM employs two implementation modes, Sensor-Space 
ULEM and Ground-Space ULEM. Sensor-Space ULEM offers an 
effectual generic physical sensor model, consolidating the 
parameters from the full physical model into a few standard-
ized parameters. In certain cases where this storage of sensor 
parameters becomes impractical and/or unwieldy, ULEM offers 
a ground-space implementation. Ground-Space ULEM repre-
sents an efficient strategy for the storage and exploitation of 
error covariances in point space. Both implementations pro-
vide methods to model the correlations between adjustable 
parameters and provide the ability to generate full covariance 
matrices among multiple points. For both implementations, 
a specification exists (NGA, 2013) to store the ULEM metadata 
in an LAS point cloud file, utilizing the LAS variable length 
records construct with minimal impact to the file size.

An implementation of Sensor-Space ULEM was demon-
strated, including the ULEM generation and exploitation, and 
an analysis of the ULEM predicted uncertainties when com-
pared to ground control. The ULEM predicted uncertainties 
compared very well to errors calculated using the surveyed 
control, demonstrating the error propagation utility of ULEM.
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Rice Crop Discrimination Using Single Date
RISAT1 Hybrid (RH, RV) Polarimetric Data

Deepika Uppala, Ramana Venkata Kothapalli, Srikanth Poloju, Sesha Sai Venkata Rama Mullapudi, and Vinay Kumar Dadhwal

Abstract 
Rice is the most important food grain crop in India and 
contributes to more than 40 percent of the country’s food grain 
production. Spaceborne remote sensing offers economically 
viable and accurate production and area statistics. The utility of 
optical remote sensing in mapping rice cropped area is limited 
by persistent cloud cover during monsoon season. Temporal 
availability of SAR data has facilitated an operational procedure 
to monitor the rice crop. The current study discriminates rice 
crop, using single date hybrid polarimetric data available 
from RISAT-1 SAR. This was subjected to Raney m-δ, m-χ 
decompositions, and supervised classification was performed. 
The accuracy was estimated using the field points. The results 
were compared with rice map generated using optical sensor 
Resourcesat-2 LISS-IV and statistical data. The spatial agreement 
between the estimate from RISAT-1 and LISS-IV data was found to 
be 85 percent. The class kappa value was 0.94 and 0.92 for LISS-
IV and RISAT-1, respectively. 

Introduction
In India, rice is the most important cereal food crop and 
grown in more than 14 major states during the rainy (Kharif) 
season and also in many states during rabi season. In India, 
the Kharif season accounts for more than 80 percent of the 
rice cultivation. But the utility of optical remote sensing in 
enumeration of rice cropped area is limited due to cloud 
cover during monsoon. Several studies have mapped rice area 
using optical data using MODIS at 500 m and 250 m meters 
spatial resolution (Gumma et al., 2011a 2011b, and 2014) and 
temporal AWiFS data ( Ramana et al., 2014), but it is limited 
by coarse resolution. Research on rice crop monitoring using 
microwave remote sensing data produced an operational 
procedure that uses temporal amplitude SAR data for rice crop 
enumeration. The basic requirement to achieve this is that 
the data should be acquired at the transplantation stage and a 
minimum of three temporal datasets have to be acquired and 
processed for generating a reliable estimate. Hence, an attempt 
has been made in the current study, to discriminate and moni-
tor the rice crop through the use of single date hybrid polari-
metric (RH, RV) FRS1 data available onboard RISAT-1 satellite.

The Radar Imaging Satellite-1 (RISAT-1) is the first space-
borne Hybrid Polarimetric SAR, operating in C-band (5.35 
GhZ), launched on 26 April 2012 by the Department of Space, 
Government of India. RISAT-1 SAR is capable of all-weather 
imaging capability in HH, VV, HV, VH and hybrid polarizations, 
at incidence angles ranging from 12° to 55°. The swath ranges 

from 12 km in fine mode to 220 km in course resolution mode 
with a repeat cycle of 25 days. The system is capable of ac-
quiring data in both right and left looks. The details are given 
in Table 1.

Table 1. sensor specIfIcaTIons of rIsaT-1

Mode Polarization

Spatial 
Resolution
( Meters)

Swath
(Km)

Coarse Resolution Scan SAR  
(CRS)

HH/HV or VH/VV  
or RH/RV

36 223

Medium Resolution Scan SAR  
(MRS)

HH/HV or VH/VV  
or RH/RV

18 115

Fine Resolution Strip Map (FRS2) HH, HV, VH & VV 10/4.6 25

Fine Resolution Strip Map  
(FRS1)

HH/HV or VH/VV  
or RH/RV

3.3/2.3 25

The Synthetic Aperture Radar (SAR), contrary to optical 
sensors has all-weather capability. Microwaves respond to the 
large scale crop structure such as size, shape, orientation of 
leaves and the dielectric properties of the crop canopy. Crop 
structure and plant water content vary as a function of crop 
type, growth stage, and crop condition. Many successful stud-
ies on rice mapping with multitemporal SAR data are conduct-
ed using only amplitude data (Le Toanet al., 1989; Haldaret 
al., 2010; Kun Li et al., 2012; Qin Ma et al., 2013). From 
these studies, rice and non-rice were classified based on the 
temporal analysis of SAR backscatter. The freshly transplanted 
rice plant gives very low backscatter value due to specular 
reflection from standing water present in the field (Ribbes et 
al., 1999). As the plant grows and develops tillers, the radar 
backscatter increases up to the reproductive stage due to vol-
ume scattering from the vegetation and multiple reflections 
between the plants and water surface (Ribbes et al., 1999; 
Panigraphy et al., 1999). These methods for rice mapping use 
only the intensity component and do not include the relative 
phase between the two received channels. Consequently, the 
previous analysis options are restricted essentially to ratios or 
differences within their respective images. With the availabil-
ity of fully polarimetric data from Radarsat-2 the crop type 
information can be provided by a single-date image if the SAR 
sensor acquires information at multiple polarization using 
airborne C-band polarimetric data (McNarin et al., 2000).This 
method uses the relative phase information between the two 
channels which has caught the attention of researchers. With 
the availability of hybrid polarimetric data from RISAT1, an 
attempt was made for rice crop discrimination and classifi-
cation. The hybrid polarimetric data has been used for crop 
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cover classification by Shaunik De et al. (2014).
A hybrid polarimetric SAR is one in which the transmit-

ted field is circularly polarized, and the resulting backscatter 
is received in two mutually coherent linear polarizations. A 
polarized wave experiences a change in its state of polariza-
tion when it interacts with a target. There are many ways in 
which the state of polarized electromagnetic wave can be rep-
resented mathematically. Using Stoke’s parameters is one such 
method containing all the information of a polarized wave. 
Decomposition helps in interpreting the scattering informa-
tion embedded in the polarization of a backscattered wave. 
Several coherent and incoherent decomposition methods have 
been developed for fully polarimetric data. The well-known 
Coherent Target Decomposition methods are the Pauli and SDH 
(sphere, diplane, and helix) and the Incoherent Target Decom-
position methods are by Freeman, Vanzyl, and Yamaguchi. A 
review of these decompositions is available in (Freeman and 
Durden, 1992 and 1998; Lee and Pottier, 2009; Alberga et al., 
2008; Yamaguchi et al., 2005; van Zyl, 1989; Yamaguchi et al., 
2006). Raney proposed different decompositions on hybrid 
polarimetric data by using stoke parameters (Raney, 2007 and 
2013; Raney et al., 2012). This decomposition has been used 
in the current study for classification of rice and other classes.

Methodology
Study Area and Data
West Godavari district is situated on the bank of River Goda-
vari and is known as rice granary of Andhra Pradesh, India. 
Rice is the major crop in West Godavari district in both kharif 
(rainy) and rabi (post-rainy) seasons and is grown under ir-
rigated systems. The study area measures over 432 km2 from 
16° 25' 49" to 16° 45' 49" North latitude and from 80° 37' 36" 
to 81° 55' 60" East longitude in the part of West Godavari 
district. The RISAT-1 C-band (5.35 GhZ) single date (28 March 
2013) hybrid Polarization (RH, RV) Fine Resolution Strip Map 
1 (FRS-1) data is acquired with an incidence angle of 37° and 
a spatial resolution of 3 meters. In order to compare data 
from the optical sensor LISS-IV from Resourcesat-2, the 2 ×2 
multi-look was applied on the FRS data. The nearest available 
date for optical Linear Imaging Self Scanner multispectral 
(LISS-IV MX) data from Resourcesat-2 satellite acquired was on 
11 April 2013, which was used for assessing the accuracy of 
the classification. The Resourcesat-2 satellite was launched 
20 April 2011 by Indian Space Research Organization (ISRO). 
It carries three sensors Linear Image Self Scanner (LISS)-III, 
IV and Advance Wide field Sensor (AWiFS) with a resolution 
of 23.5, 5.8 and 56 meters, respectively. The LISS-IV sensor 
images the Earth in three spectral bands, Green from 0.52 
-0.59 microns, Red from 0.62-0.68 microns, and Near Infrared 
from 0.77-0.86 microns. The LISS-IV data has also been used 
for georectification. Due to difference in path orientation of 
LISS-IV and RISAT-1 imagery, a subset was selected (Achanta 
Mandal which represents an administrative unit) for compari-
son purposes.

Most of the rice crop in the study area was transplanted 
during the second fortnight of January and the crop was about 
60 to 75 days after transplantation and in its reproductive 
stage. Ground information for 148 samples were collected 
during field campaign for parameters such as crop type, stage, 
and height synchronous to the SAR data acquisition. The ac-
curacy of classifications from RISAT-1 and LISS-IV data were 
assessed using the ground observation data (Congalton, 1991).

Data Processing
The processing of RISAT-1 Hybrid Polarimetric single look 
complex (SLC) data was carried out by using ENVI and PolSAR-
Pro image analysis software. The SLC data was downloaded, 

converted into amplitude format, and by applying enhanced 
Lee (Lee et al., 1991) speckle filter with a 5*5 window, speck-
le noise was removed. A Sigma naught image was generated 
from the amplitude DN image by using the following formula 
(Mayank et al., 2014; Manab Chakraborty et al., 2013; Iyyap-
pan et al., 2014).

σ0 (dB) = 20*log10(DNp) – KdB + 10*log10(sin(ip)/sin(icenter)) (1)

where, σ0 (dB) = The Radar Backscatter coefficient, DNp = Digi-
tal number or the image pixel gray-level count for pixel p,  KdB  
= Calibration constant in dB, ip = Incidence angle for the pixel 
position p, and icenter = incidence angle at the center.

To understand the state of the polarized electromagnetic 
wave, Stokes parameters were computed from filter-applied 
data to obtain the six decomposition parameters, i.e., Degree 
of polarization (m), Relative phase (δ), Degree of circularity 
(χ), Double, Odd, and Diffuse scattering mechanisms. 

The degree of polarization (m) can be derived from stokes 
parameters and is defined as the ratio of polarized power to 
the total power of the electromagnetic wave. This parameter 
is a significant distinguisher for characterizing the polarity of 
the backscatter. The value of m always lies between 0 and 1 
(Raney, 2007):
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Relative phase (δ) is the angular difference of phase be-
tween two components of the electric field vector. Relative 
phase is an indicator of double bounce scattering, and can be 
derived using Stokes parameters (Raney, 2007): 

 δ = tan–1(S3/S2) (3)       

The degree of circularity (χ) or ellipticity parameter is 
a shape parameter and is governed by the magnitudes and 
relative phase between horizontal and vertical components of 
electric field vector. It takes values between +45° and -45°; χ, 
which is a sensitive indicator of even versus odd bounce scat-
tering (Raney, 2007):
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From the above parameters, the physical information of the 
target in terms of even, odd, and volume scattering mecha-
nisms can be extracted. Raney (2007) proposed even, odd, 
and volume scattering on hybrid polarimetric data. These 
scattering properties can be derived using stokes vector (S0), 
relative phase, degree of polarization, and degree of circular-
ity shown in Equations 5, 6, and 7: 
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Diffuseor Volume scattering S m* .= −( )0 1
 

(7)

All these parameters have been used as a primary indicator 
for representing scattering mechanism of rice crop identifi-
cation. The polarimetric decompositions and sigma naught 
image were geometrically corrected using LISS-IV data of the 
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study area with second polynomial model with 47 GCP’s 
(ground control points) with a  root mean square error of less 
than half a pixel. Finally, the decomposition parameters were 
used for classification. Training sites corresponding to rice 
field, urban land, water bodies, and plantation were selected 
based on ground reference data from the field visits. The clas-
sification was performed on single-date, hybrid polarimetric 
data and LISS-IV data when the rice was in the reproductive 
stage and ideal for rice classification. The supervised paral-
lelepiped minimum distance classifier was applied on the 
decomposition parameters. A supervised maximum likeli-
hood classifier was applied on the Resourcesat-2 LISS-IV data. 
Due to difference in path orientation of LISS-IV and RISAT-1 
imagery, a subset was selected (Achanta Mandal representing 
an administrative unit) for comparison purposes. The accu-
racy was estimated using the field observations and spatial 
distribution of both the classified 
results was compared over a common 
area overlapping the LISS-IV and RI-
SAT-1 imagery (due to differential path 
orientation).

Results and Discussion
Response of Rice Crop
The mean and standard deviation of the 
backscatter coefficient of various class-
es is shown in Figure 1. The backscatter 
coefficient of settlement class showed 
high mean value and that of water 
showed lowest value. Although, there 
is a separation of mean values of vari-
ous classes, it is difficult to classify the 
data using backscatter alone because of 
the high standard deviation leading to 
overlapping of various classes. 

The amplitude (RH, RV), Raney 
decomposition and Resourcesat-2 (LISS 
IV) images, covering parts of study area 
is shown in Figure 2. In this part of the 
study area, the majority area is under 
rice crop, followed by plantations, and 
other land-cover features. The zoomed 
view of rice fields is shown in Figure 
2d and 2e for better visualization. 

In the Raney decomposition im-
age both the odd and double bounce 
scattering mechanism were dominant 
over the rice crop at reproductive stage 
(Figure 4c). The degree of polarization 
(m) is a vital parameter for decomposi-
tion (Charbonneau, 2010) with higher 
values of m indicates the purity of 
scattering mechanism. It is observed 
that rice crop exhibits high degree of 
polarization followed by settlement 
and water body (Figure 3) because of 
high magnitude of double bounce scat-
tering than other scattering mecha-
nisms. The relative phase, a sensitive 
indicator of double bounce, is positive 
when odd bounce scattering is domi-
nant and negative if double bounce 
scattering is dominant. (Kausika, 2013).

The three decomposition parameters, i.e., even, odd, and 
double scattering mechanisms of rice and other classes were 
shown in the Figure 4. The scattering plots of the double versus 
volume bounce scattering (Figure 4a), odd versus volume 

scattering (Figure 4b) for various classes delineated in the study 
area show that the rice, plantation, settlement, fallow, and water 
were clearly separable. The rice crop at reproductive stage is 
likely to have a scattering mechanism similar to settlement. 
The settlement class shows high magnitude of double bounce 
than rice but in periphery of the settlement, it mixes up with 

Figure 1. Mean and standard deviation of σ0 (dB) in Hybrid Polari-
metric data.

Figure 2. fcc images of rh, rv Amplitude data, Raney decomposition and Resourcesat-2 (LISS IV).
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rice and other class because of heterogeneity in the scattering 
mechanisms. The rice crop showed high magnitude of double 
bounce scattering than odd and volume bounce scattering (Fig-
ure 4a and 4b) while in double versus odd scattering plot lot of 
overlap was observed among the classes (Figure 4c). The planta-
tion class showed high volume scattering than odd and double 
bounce scattering mechanisms because of multiple reflections 
from tree canopy. The rough fallow showed high magnitude of 
double or volume scattering than odd bounce scattering.

The cluster diagrams of DN values in LISS-IV imagery were 
shown in Figure 5. All the land-cover classes showed good 
separarability with NIR band combination. In the NIR band, 
rice and plantation crops have shown high DN value than oth-
er land-use and land-cover classes (fallow, settlement, water) 
because of high reflection in NIR than red and green (Tucker et 
al., 1986). In the LISS-IV imagery, a few pixels of the settlement 
class were mixing up with fallow class. Low DN values were 
observed for water bodies in all bands due to absorption.

Classification
A non-parametric parallelepiped minimum distance classifier 
was chosen for classification of decomposition parameters be-
cause this classification algorithm can be applied on any data 
set irrespective of its distribution (Jensen, 2005). The RGB of 

the Raney decomposition image and the classified image is de-
picted in the Figure 6. The common area of LISS-IV and RISAT-1 
along with ground samples is also shown in Figure 6.

The accuracy of the RISAT1 hybrid polarimetric data clas-
sification was assessed using the ground observations, and 
the results were compared with the LISS-IV maximum likeli-
hood classification results. The spatial agreement of the rice 
class from RISAT1 and LISS IV data were also compared. In 
addition, the statistics of rice cropped area from RISAT1 and 
LISS-IV were compared with the Government revenue records 
(Anonymous, 2014). 

The classified images from LISS IV and decomposition 
parameters from RISAT-1 are shown in Figure 7 depicting five 
classes, i.e., rice, plantation, fallow, settlement, and water. Due 
to the presence of clouds in the optical image, a cloud mask 
has been applied on both of the images to enable the com-
parison of the area statistics. However, in the optical image, 
misclassification was observed in the areas of cloud shadows.

From Figure 7, it was observed that field bounds, canals, 
and road network covered with vegetation such as coconut 
trees were also classified as rice class in the optical data but 
were found to be separated in the RISAT-1 classified image. 
Even the peripheries of settlements resembled the rice crop in 

Figure 3. The degree of polarization, degree of circularity parameters of the Raney decomposition.

Figure 4. Double, Odd and volume bounce scattering mechanisms of the Raney decomposition.
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their scattering mechanism and hence slight misclassification 
was observed in this class in the RISAT1 data.  

Accuracy Assessment
The overall accuracy of LISS-IV and RISAT-1 data is 91 percent 
and 90 percent, respectively. The producer’s accuracy of rice in 
LISS-IV and RISAT-1 data is 97 percent and 100 percent, respec-
tively, and the user’s accuracy is 97 and 96 percent from LISS-IV 
and RISAT1, respectively; while the rice class kappa values 
were 0.94 and 0.92, respectively (Table 2). The producer’s 

accuracy of rice class using RISAT-1 data is 100 percent because 
all rice pixels are classified as rice class. LISS-IV imagery clas-
sification is mixing up plantation as well as adjacent rice crop 
fields as same class (rice) due to which the producer’s accuracy 
is 97.56 percent .Though the producer’s accuracy is 100 per-
cent, the class kappa value may be considered as it takes into 
account of both the omission and commission errors (Congal-
ton et al., 1991). Due to this fact, the kappa value of rice class 
shows lower in RISAT-1 than in LISS-IV. The rice cropped area 

Figure 5. dn values of Green, Red, and NIR bands of Resourcesat-2, lIss-Iv data.

Figure 6. rIsaT-1 images of Raney decomposition and classification with ground samples overlaid.
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was estimated to be 3,833 ha and 3,907 from LISS-IV data and RI-
SAT-1 hybrid polarimetric data, respectively. The spatial agree-
ment between the rice class derived from LISS-IV and RISAT-1 
FRS was found to be 85 percent. The statistics of rice crop in 
the selected administrative unit (Achanta Mandal) was found 
to be very close to the Bureau of Economic and Statistics esti-
mate of 3,830 ha. The accuracies of LISS-IV and RISAT-1 show a 
close match of statistics using the conventional method. These 
were all indicators of the potential of single date hybrid polari-
metric SAR data for rice mapping and monitoring. 

Conclusions
The single date hybrid polarimetric RISAT-1, FRS1 data was 
used for mapping rabi (post-rainy) rice crop in West Goda-
vari, Andhra Pradesh, India. The data was subjected to Raney 
hybrid polarimetric decomposition to understand the con-
tribution of various backscattering mechanisms (odd bounce 

(single), double bounce (even), volume (multiple) scattering) 
in the rice crop. The closest acquired LISS-IV imagery over the 
same area was used for accuracy assessment. The overall ac-
curacy from LISS-IV and RISAT-1 FRS data is 91 and 90 percent, 
respectively, while the rice class kappa statistics were found 
to be 0.94 and 0.92, respectively. The spatial agreement of the 
rice cropped area derived from RISAT1 and LISS-IV data was 
found to be 85 percent. 

The rice cropped area was estimated to be 3,833, 3,907and 
3,830 ha from LISS-IV, RISAT-1 hybrid polarimetric data and 
Bureau of Economics and Statistics records, respectively. The 
classification results clearly showed that the rice crop can be 
clearly separated from all other land-use/land-cover classes, 
but the periphery of the settlement class exhibits same magni-
tude of double bounce as that of rice. Also, this method of us-
ing single date SAR data is unique in the sense that, it uses dual 
polarized hybrid polarimetric data to overcome cloud cover in 

Table 2. The producers and users accuracIes of decomposed rIsaT-1 and lIss Iv classIfIcaTIons

 LISS IV RISAT-1

Class Name Producers Accuracy User Accuracy Kappa statistics Producers Accuracy User Accuracy Kappa statistics

Rice 98% 98% 0.9466 100% 96% 0.9228

Plantation 83% 88% 0.8664 89% 76% 0.7297

Fallow 79% 61% 0.5714 79% 79% 0.7638

Settlement 71% 88% 0.8633 57% 100% 1

Water 100% 94% 0.9342 100% 89% 0.8757

Overall Accuracy 91% 0.858 90% 0.8564

Figure 7. Classified images of lIss-Iv and Decomposed rIsaT-1 image.
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monsoon season as well as the technique (Raney decomposi-
tion) is ideal for identifying rice class. This study holds good 
for kharif (rainy) season crop also and has a scope for opera-
tionalization if the data is available in wide swath modes. 
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 A Fast and Robust Scan-Line Search Algorithm 
for Object-to-Image Projection of Airborne 

Pushbroom Images
Xiang Shen, Guofeng Wu, Ke Sun, and Qingquan Li

Abstract 
The projection of a 3D object point onto a 2D image plane 
(i.e., the object-to-image projection) is one of the fundamental 
operations in photogrammetric data processing. Unlike 
that for a frame image, the object-to-image projection for a 
pushbroom image is not a straightforward process because 
each scan line is exposed at a distinct instant of time, and 
a preliminary step is therefore required to determine the 
corresponding scan-line coordinate of the ground point to 
be projected. This paper presents a new scan-line search 
algorithm for the object-to-image projection of airborne 
pushbroom images, which employs a coarse-to-fine strategy 
following four consecutive steps: affine transformation, 
iterative search, sequential search, and sub-pixel inter-
polation. The experimental results with 255 pushbroom 
images captured in various flight conditions show that the 
proposed algorithm is robust and can save at least 15 percent 
of the computational time when compared to the previous 
methods, while the latter often cannot yield correct results in 
strong turbulence scenarios. 

Introduction
Pushbroom imaging sensors have been extensively used in 
satellite photogrammetry and remote sensing (Green et al., 
2011; Aguilar et al., 2012; Bettemir, 2012; Pan et al., 2013; 
Wang et al., 2014). In recent years, large-format line-scan cam-
eras, especially three-line scanners (Petrie and Walker, 2007; 
Sandau, 2010; Jia et al., 2013), have become increasingly 
popular in airborne photogrammetry as a result of their dis-
tinct characteristics (e.g., line perspective geometry and 100  
percent forward overlap) when compared to traditional frame 
cameras, and have shown promise for various topographic 
mapping applications, such as orthophoto and true orthopho-
to production (Jacobsen, 2006; Petrie and Walker, 2007).

The projection of 3D object points onto a 2D image plane 
(i.e., the object-to-image projection) plays a fundamental 

role for a variety of photogrammetric tasks such as epipolar 
resampling and orthorectification (Kim et al., 2001; Habib et 
al., 2006; Wang et al., 2009). For a frame image, the object-to-
image projection process can be directly realized by the well-
known collinearity equations after the image is georeferenced. 
As for a pushbroom image, however, the object-to-image 
projection is not a straightforward process. Since the different 
scan lines in a pushbroom image are exposed at different mo-
ments in time, the corresponding exterior orientation param-
eters of an arbitrary ground point are not explicitly known 
and, accordingly, the collinearity equations cannot be applied 
directly (Chen and Lee, 1993; Habib et al., 2006).

The core problem of the object-to-image projection for a 
pushbroom image is to determine the corresponding time 
of the imaging or, equivalently, the corresponding scan-line 
coordinate (because scan-line coordinates linearly vary with 
sampling time) (Chen and Lee, 1993). To date, many scan-line 
solving algorithms have been developed for the object-to-
image projection of satellite (Chen and Lee, 1993; Chen and 
Rau, 1993; Kim et al., 2001; Habib et al., 2006) or aerial push-
broom images (Zhao and Li, 2006; Liu and Wang, 2007; Wang 
et al., 2009). Satellites are well known to have very stable 
orbits, and, therefore, if their position and orientation data 
are modeled by a second-order polynomial function of time, 
the corresponding scan-line coordinate of a ground point 
can be directly solved by the Newton-Raphson method from 
a high-order polynomial equation (Chen and Lee, 1993) or 
by an iterative algorithm from an approximate second-order 
equation (Kim et al., 2001). These methods, however, cannot 
be applied to airborne pushbroom image processing because 
orientation data in aerial scenarios often suffer from abrupt 
changes caused by atmospheric turbulence (Lee et al., 2000; 
Wohlfeil, 2012) and, accordingly, cannot be simply modeled 
by a low-order polynomial over a long period of time. Instead, 
a search algorithm is required to indirectly find the corre-
sponding scan-line coordinate of a ground point to satisfy the 
collinearity equations. The scan-line search process is very 
often time-consuming, and an iterative search procedure has 
been recommended by many researchers due to its relatively 
low computational requirements (Zhao and Li, 2006; Wang et 
al., 2009). However, to simplify the analysis, all the previous 
iterative search algorithms were designed with the assump-
tion of meeting the ideal line imaging geometry condition 
(i.e., the light rays captured by the same CCD detector from 
different scan lines are strictly parallel to each other) (Wang et 
al., 2009). In practice, although an airborne three-line scanner 
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is typically mounted on a gyro-stabilized platform designed 
to dampen the effects of atmospheric turbulence (Lee and 
Bethel, 2001; Sandau, 2010), rapid orientation changes cannot 
be completely eliminated due to the imperfect performance 
of the gyro-stabilized mount (Lee et al., 2000; Gehrke and 
Uebbing, 2011). If strong turbulence is encountered, light rays 

may jerk backward and forward to some extent (Gehrke and 
Uebbing, 2011; Wohlfeil, 2012), and the previous iterative 
search algorithms may fail to converge.

This paper presents a more robust scan-line search method 
for the object-to-image projection of airborne pushbroom im-
ages. The algorithm employs a coarse-to-fine search strategy 
and comprises four consecutive steps: affine transformation, 
iterative search, sequential search, and sub-pixel interpola-
tion. All the parameters used in the iterative search step, such 
as the iterative step size and convergence conditions, were 
carefully designed to ensure the efficiency and robustness.

Mathematical Basis
Coordinate Systems
Three coordinate systems are involved in the transformation 
between an airborne pushbroom image and the object space.
 1. Level-0 (L0) image coordinate system.

An L0 image is a collection of consecutive scan lines 
acquired by a linear CCD array. As shown in Figure 1, 
its coordinate origin typically locates at the upper-left 
corner of the image, the x-axis points forward along the 
flight direction, and the y-axis points left.

 2. Focal-plane coordinate system.
The locations of linear CCD detectors in the focal plane 
are described by this coordinate system. As shown 
in Figure 2, its coordinate origin is the intersection 
between the optical axis and the focal plane, and the 
x-axis and y-axis point forward, along and to the left of 
the flight direction, respectively.

 3. Object coordinate system.
This is a local space rectangular frame. Its coordinate 
origin is typically set at the centroid of the block, 
which is anchored to the WGS84 ellipsoid with an ellip-
soidal height of zero, and the axis directions follow the 
east-north-up convention.

Figure 3 depicts the transformation relationships between 
the L0 image coordinate system, the focal-plane coordinate 
system, and the object coordinate system.

Image-to-Object Backprojection
In the processing of the image-to-object backprojection, the L0 im-
age coordinates are first transformed to focal-plane coordinates.
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where (xF, yF) is the focal-plane coordinate to be solved; yn 
and yd are the integer and fractional parts of the y-coordinate 
in the L0 image, respectively; the subscript (n+1) refers to the 
next pixel of the current integer-pixel position n; and cal[ ] is 
the two-column (x and y) look-up table formed by the focal-
plane coordinates of the CCD detectors.

The next step is to transform the focal-plane coordinates to 
object space coordinates. As an image is a 2D projection of the 
3D object space, some additional data (e.g., range observations 
or terrain elevations) are required in the process. Supposing 
the ground height Z is known, then the transformation can be 
implemented by the inverse form of the collinearity equations.
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Figure 1. Level-0 image coordinate system.

Figure 2. Focal-plane coordinate system. Three panchromatic lin-
ear ccd arrays from a Leica ADS80 scanner are shown. It can be 
seen that the locations of the ccd arrays are not exactly straight 
on the focal plane, but are in fact slightly curved.

Figure 3. Transformation relationships between the L0 image co-
ordinates, the focal-plane coordinates, and the object coordinates.
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where (X,Y) are the planimetric coordinates of a ground point; 
f represents the focal length; (XS,YS, ZS) are the coordinates of 
a perspective center; and r11, r12, …, r33 are the nine elements 
of a 3 × 3 rotation matrix. All the exterior orientation param-
eters used in Equation 2 are time-dependent and should be 
interpolated from navigation data by the corresponding scan-
line coordinate (i.e., the x-coordinate of the L0 image).

Object-to-Image Projection
Ground points are first required to be projected to the focal 
plane by the use of the collinearity equations.

 

x f
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Note that Equation 3 cannot be directly used in practice 
because the corresponding exterior orientation parameters of 
an arbitrary ground point are not explicitly known. Conse-
quently, a sophisticated scan-line search algorithm should be 
first applied (see the next section for details), and the exterior 
orientation parameters can then be interpolated from the 
navigation data by the obtained scan-line coordinate.

The second step of the object-to-image projection is to 
convert the focal-plane coordinates to L0 image coordinates. 
The x-coordinate of the L0 image is already known from the 
scan-line search, and the y-coordinate can be obtained by:

 
y y

y y

y yn
y n

y n y n

= +
−

−+

F cal

cal cal

[ ]

[ ] [ ]1 . 
(4)

Note that Equation 4 only describes the interpolation be-
tween two adjacent integer pixels, i.e., n and n+1, where n is 
determined by comparing yF against caly[ ] in advance.

Criteria for Scan-line Search Algorithms
An important issue in developing a scan-line search algo-
rithm is to evaluate how accurate the current search result is. 
Previous studies provided two feasible solutions: the focal-
coordinate-difference based criterion (the ΔxF criterion) (Zhao 
and Li, 2006) and the point-plane-distance based criterion 
(the D criterion) (Wang et al., 2009).

For a ground point (X,Y, Z) and a given scan-line coordi-
nate (i.e., the x-coordinate in the L0 image), its corresponding 
focal-plane coordinates (xF,yF) and the y-coordinate in the L0 
image can be calculated using Equations 3 and 4, respectively, 
while another set of focal-plane coordinates (x̂F, ŷF), which are 
correct, can be derived from Equation 1. If the input scan-line 
coordinate is accurate, the difference (ΔxF,ΔyF) between the 
two focal-plane coordinate sets, i.e., (xF – x̂F, yF – ŷF), should 
be (0,0) because of the collinearity constraint. Given that the 
discrepancy in the yF component is always subject to that in 
the xF component, we can set the ΔxF criterion: the input scan-
line coordinate is correct only if ΔxF = 0 (Zhao and Li, 2006).

The scan-line search algorithm based on the ΔxF criterion 
needs to repeatedly project a ground point to the focal plane 
using different scan-line coordinates, and to verify whether 
the collinearity constraint is satisfied. According to Wang et 
al. (2009), these calculations are somewhat time-consuming 
and can be approximately replaced by a simpler operation: 
calculating the point-plane distance.

As schematically shown in Figure 4, assuming that the CCD 
detectors are ideally distributed along a straight line on the 
focal plane, a scan plane can be formed by a scan line and its 
corresponding instantaneous perspective center (Wang et al., 
2009). If the distance D from a ground point to a scan plane is 
smaller, the corresponding scan-line coordinate is commonly 

more accurate (see Figure 5), which is referred to as the D 
criterion. However, in practice, the CCD arrays are actually 
curved on the focal plane (see Figure 2), and polylines should 
therefore be used to approximate the curved CCD arrays. As a 
result, the D criterion can only be applied to the coarse stage 
of the scan-line search (Wang et al., 2009).

Method Description
The proposed scan-line search algorithm consists of four 
steps, as follows.

 1. Affine transformation
This step aims to provide a very coarse initial value for 
the subsequent iterative search at a fairly low computa-
tional cost. Its accuracy is typically within the range of 
50 to 500 pixels, depending largely on the orientation 
variations of the platform. A preprocessing procedure 
is needed to calculate the affine transformation pa-
rameters, as follows: several (at least three) points at 

Figure 4. Formation of scan planes.

Figure 5. The distance D from a ground point to a scan plane.
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different corners of the L0 image are first backprojected 
to the object space with the help of a given elevation 
(typically the lowest or average elevation of the ter-
rain), and six affine parameters are then determined 
from the linear equations of the 2D affine transforma-
tion model.

 2. Iterative search
Two important issues in iterative search are the itera-
tive step size and the convergence conditions.
Both the ΔxF and D criteria can be applied in the itera-
tive search, and their corresponding step size equations 
are given by:

 
x

B
b

x
step

F intD = 



  

(5)

and

 
x

D
d

D
step = 





int
 

(6)

respectively, where the int function is used to ensure that the 
searched scan line is always located at an integer position; 
D is a signed number, and its sign is determined by which 
side the ground point is located with respect to the normal 
direction of a scan plane; B is the distance between the in-
stantaneous perspective centers corresponding to the current 
searched and correct scan lines (i.e., the base length between 
S and Ŝ in Figure 6), and it can be estimated from the geomet-
ric relationship shown in Figure 6 and given by:
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h
f

x= D F

 
(7)

where h is the flight height above ground.
The symbols b and d in Equations 5 and 6 refer to the 

average base length (i.e., the average distance between the 
instantaneous perspective centers corresponding to two 
adjacent scan lines) and the average point-plane distance 

corresponding to two neighboring scan lines, respectively, 
and they are derived by:
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and
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respectively, where BN–1 represents the distance between 
the instantaneous perspective centers corresponding to the 
first and last scan lines of the L0 image, DN–1 is the distance 
between the last perspective center and the first scan plane 
(Wang et al., 2009), and N is the total number of scan lines in 
the L0 image.

Whether the ΔxF criterion or D criterion is applied, the two 
adopted convergence conditions are:

 
x xi i

step step≥ −1

 
(10)

and

 
x i

step ≤ 1
 

(11)

where the superscript i refers to the ith iteration.
 3. Sequential search

The scan line determined by the iterative search is al-
ready very close to the correct one, and the discrepancy 
is typically within the range of less than one to several 
pixels. The following sequential search aims to further re-
duce the discrepancy to be less than or equal to one pixel.
 The sequential search only needs to be implemented 
at one side of the current scan-line position. If the cor-
responding ΔxF of the current scan line is a positive 
number, the sequential search should be in the forward 
direction because ΔxF is almost a monotonically decreas-
ing function of the scan-line coordinate. In turn, if ΔxF is 
negative, the search should be in the backward direction.
 The sequential search stops when it satisfies

 D Dx xn n
F F⋅ ≤+1 0  

(12)
 4. Interpolation

Finally, a linear interpolation is applied to achieve a 
sub-pixel accuracy for the scan-line coordinate.
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where xn is the integer-pixel coordinate obtained from 
the sequential search.

Experiments
Data Description
Eighty-five flight strips, which were captured by three differ-
ent Leica ADS80 scanners, and in various flight conditions, 
were selected for the test, and each strip contained three 
panchromatic images with different views (i.e., backward, 
nadir, and forward). Table 1 lists the technical parameters of 
two selected strips.

Strategy
The experimental procedures were similar to those of Wang et 
al. (2009). Real trajectories and camera calibration parameters 
were used, but the ground points were derived from a simula-
tion in order to better cover the whole image (not including the 

Figure 6. The relationship between the focal-coordinate differ-
ence ΔxF and the base length B in a vertical imaging condition. 
S and Ŝ are the instantaneous perspective centers correspond-
ing to the current searched and correct scan-line coordinates, 
respectively.
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20 pixels in the boundaries, because additional operations are 
required to test whether the ground points are imaged within 
the valid range). For each image, 1,000,000 random points 
were first simulated and then backprojected to the object space 
with the help of given terrain elevations, and these backpro-
jection results (i.e., ground point coordinates) were treated as 
true values for testing the different scan-line search algorithms 
used in the object-to-image projection. Finally, the image 
points obtained from the object-to-image projection were again 
backprojected to the object space. If the discrepancy between 
the planimetric coordinates of a ground point and its true 
value was smaller than a pre-defined threshold (1 percent of 
the ground sampling distance used in the experiments), it was 
considered that the ground point was correctly projected.

Six scan-line search schemes were evaluated in the com-
parative experiments.
 1. Iterative search based on the ΔxF criterion (IF).

This algorithm was introduced by Zhao and Li (2006), 
and their step size equation was given by:

 
x

xx
step

FF∆ ∆= δ  
(14)

where δ is the CCD pixel size. In the experiment, the 
iteration was terminated when |x

xx
step

FF∆ ∆= δ| was less than 
0.008 pixels (the converged case) or the number of 
iterations exceeded 30 (the non-converged case).
 It should be mentioned that we made a small modi-
fication to Zhao and Li’s algorithm by adding an affine 
transformation at the beginning, which can provide a 
rough initial value for the iterative search and, accord-
ingly, can reduce the number of iterations required, to 
some extent.

 2. Revised IF scheme (RIF).
This is a simple modification of the IF scheme, using 
Equation 5 to calculate the step size.

 3. Iterative search and sequential search based on the ΔxF 
criterion (IFSF).
This is the proposed algorithm. An affine transforma-
tion and a sub-pixel interpolation were used at the 
beginning and the end of the search, respectively.

 4. Iterative searches based on the D and ΔxF criteria (IDIF).
This algorithm was designed by Wang et al. (2009), and 
we made a small modification. In the original version 
of this algorithm, the step size and convergence condi-
tion used in the iterative search step based on the D cri-
terion were given by Equations 6 and 15, respectively.

 Di · Di+1 < 0 (15)

where Di is the corresponding point-plane distance of 
the current scan line i, and i +1 refers to the next scan 
line. According to the test results, there is a very large 
chance that it meets d > Di > Di+1 > 0 in the iterative pro-
cess, and in this scenario, the step size calculated from 
Equation 6 will be 0, and Equation 15 will never be satis-
fied. Therefore, we added a new convergence condition:

 xD
step = 0. (16)

 As for the iterative search step based on the ΔxF  
criterion, the convergence threshold and maximum 
iteration number threshold used in this scheme were 
the same as those used in the IF scheme.

 

5. Revised IDIF scheme (RIDIF).
This scheme is the same as the last one except that 
Equation 5 was used to calculate the step size in the 
iterative search step based on the ΔxF criterion.
Iterative search based on the D criterion and sequential 
search based on the ΔxF criterion (IDSF).

This is another version of the proposed algorithm, and the 
only difference with the IFSF scheme is that the D criterion 
was used in the iterative search step.

Results and Analysis
Table 2 lists the number of ground points that were wrongly 
projected to the image space (only the results of flight strips 
A and B are shown). Flight strip A has a quite complex line 
imaging geometry, which is illustrated by the many errors oc-
curring in some of the scan-line search schemes. As for flight 
strip B, the line imaging geometry appears close to the ideal 
condition because there are no errors in the results of all the 
tested scan-line search schemes. By comparing the results of 
the IF and IDIF schemes with their revised versions (RIF and 
RIDIF schemes), we found that the convergence of the iterative 
search based on the ΔxF criterion is highly related to the step 
size equation used.

As schematically shown in Figure 7, when strong atmo-
spheric turbulence is encountered, scan planes may substan-
tially jerk backward and forward with respect to their ideal 
positions (Gehrke and Uebbing, 2011; Wohlfeil, 2012), caus-
ing notable texture compression and stretching. In the case 
of Figure 8, a consecutive number of scan planes quickly jerk 
forward, which causes the step size calculated from Equation 
14 to be twice the scan-line coordinate error (i.e., the discrep-
ancy between the current and the correct scan-line coordi-
nates) when the iteration number exceeds five. Thus, the step 
sizes of two adjacent iterations have exactly the same absolute 
values but different signs (Figure 8a), and the iteration oscil-
lates at both sides of the correct scan-line position (Figure 8b).

The experimental results in Table 2 show that the pro-
posed algorithm (IFSF and IDSF schemes) can always yield 
correct results, which can be explained by the fact that the 
algorithm employs more stringent convergence conditions 
and a sequential search in the fine search stage. The first 

Table 1. TWo flIGhT sTrIps used In The experImenTs

Flight strip Image View angle (deg) Number of scan lines

A

Backward −14 49,272

Nadir 2 98,552

Forward 27 49,272

B

Backward −14 377,072

Nadir 2 377,072

Forward 27 377,072

Table 2. number of errors In 1,000,000 TesT poInTs 

Flight strip Image IF RIF IFSF IDIF RIDIF IDSF

A

Backward 11,957 174 0 4,557 67 0

Nadir 310 123 0 61 23 0

Forward 24,492 914 0 12,602 471 0

B

Backward 0 0 0 0 0 0

Nadir 0 0 0 0 0 0

Forward 0 0 0 0 0 0
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Figure 7. Texture compression and stretching in an L0 image: (a) a small town, and (b) its detailed view.

Figure 8. An example of a non-converged iteration when using the If scheme: (a) iteration step sizes, and (b) A side view of the scan 
planes and the iteration results.
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convergence condition (Equation 10) of the proposed algo-
rithm ensures that the absolute values of the iteration step 
sizes form a strictly decreasing sequence, which can avoid the 
oscillation phenomenon occurring in Figure 8b.

The computational times of all the test schemes are shown 
in Table 3. Comparing the results of the IF and IDIF schemes 
with their revised versions (RIF and RIDIF schemes), we found 
that the computational effort of the iterative search based on 
the ΔxF criterion depends largely on the step size equation 
used. The IF and IDIF schemes are not well optimized because 
they employ the CCD pixel size to calculate the iterative step 
size (Equation 14). In real scenarios, pushbroom images are 
usually somewhat under- or over-sampled due to the mis-
match between the sampling frequency of the scan lines and 
the aircraft speed (images are sometimes deliberately over-
sampled, e.g., the nadir image of flight strip A; see Table 1), 
and the step size calculated from Equation 14 may be too small 
or too large. Both situations decrease the convergence speed.

The experimental results in Table 3 show that the pro-
posed algorithm (IFSF and IDSF schemes) usually needs less 
computational time than the previous methods (IF and IDIF 
schemes) and their revised versions (RIF and RIDIF schemes). 
This result is also supported by Table 4, which illustrates 
the average number of operations for each search of a ground 
point. As shown by the example in Figure 8, the vertical 
imaging condition assumed in Equation 7 is not always well 
satisfied in real scenarios, due to unavoidable orientation 
changes, and, therefore, an iterative search may not quickly 
converge to sub-pixel accuracy. The proposed algorithm com-
monly requires fewer operations, mainly because a sequential 
search as well as a linear interpolation is used in the fine 
search stage to replace the inefficient iterative search.

As shown in Table 5, the statistical results of all the test 
images confirm that the proposed scan-line search algorithm 
(IFSF and IDSF schemes) is reliable and can save at least 15 
percent of the computational effort when compared to the 
previous approaches, and the IDSF scheme is only slightly 
faster than the IFSF scheme. Given that the iterative search 
based on the D criterion requires a time- and memory-con-
suming pre-processing procedure to segment the CCD line and 

to determine the scan-plane equation parameters (Wang et al., 
2009), the IDSF scheme is only recommended for applications 
that need to project high-density ground points.

Conclusions
The object-to-image projection plays a fundamental role in 
pushbroom image processing, and its core problem is to de-
termine the corresponding scan-line coordinate of the object 
point to be projected. As the scan-line search for large-format 
pushbroom images is very compute-intensive, many research-
ers have developed iterative algorithms to accelerate the 
calculation. However, the existing iterative scan-line search 
algorithms were typically designed with the assumption of 
meeting the ideal line imaging geometry. In real scenarios 
affected by atmospheric turbulence, their computational ef-
ficiency is not sufficiently high and, more importantly, the 
iterations may fail to converge. This paper has presented a 
coarse-to-fine scan-line search algorithm that can be used for 
the object-to-image projection of airborne pushbroom images 
affected by strong atmospheric turbulence. The improvements 
of the proposed algorithm over the previous iterative search 
methods concern three aspects: (a) in the rough search stage, 
a more suitable iterative step size equation taking account of 
the under- and over-sampled issue in pushbroom imaging is 

Table 3. compuTaTIonal TImes (In seconds) for projecTInG 1,000,000 
Ground poInTs. The TesT proGram Was run on a 2.13 Ghz InTel mobIle 

processor and Was compIled WITh The InTel c/c++ 12.0 compIler usInG The 
“-o3” opTImIzaTIon flaG

Flight strip Image IF RIF IFSF IDIF RIDIF IDSF

A

Backward 3.33 1.96 1.40 2.16 1.77 1.40

Nadir 3.63 1.97 1.48 2.27 1.78 1.41

Forward 3.06 1.82 1.38 1.94 1.64 1.36

B

Backward 2.09 1.99 1.79 1.91 1.81 2.01

Nadir 2.14 2.02 1.74 1.79 1.79 1.71

Forward 2.07 2.06 1.69 2.02 1.98 1.71

Table 4. averaGe number of operaTIons per search 
Operationa Flight strip Image IF RIF IFSF IDIF RIDIF IDSF

D

A

Backward – – – 4.82 4.82 2.09

Nadir – – – 5.22 5.22 2.24

Forward – – – 4.90 4.90 2.12

B

Backward – – – 6.10 6.10 2.77

Nadir – – – 6.07 6.07 2.77

Forward – – – 6.25 6.25 2.86

ΔxF

A

Backward 8.72 4.98 3.45 4.15 3.06 2.41

Nadir 10.18 5.20 3.69 4.98 3.49 2.59

Forward 9.65 5.43 3.59 4.77 3.38 2.42

B

Backward 4.94 4.54 4.08 2.60 2.54 2.36

Nadir 4.91 4.50 4.06 2.59 2.53 2.33

Forward 5.10 4.70 4.16 2.75 2.70 2.43

a The operations D and ΔxF refer to the point-plane distance calculation used in the search based on the D  criterion, and the object-to-image 
projection used in the search based on the ΔxF criterion, respectively.

Table 5. experImenTal resulTs WITh 255 pushbroom ImaGes (85 flIGhT sTrIps WITh Three dIfferenT vIeWs)

IF RIF IFSF IDIF RIDIF IDSF

Number of images containing  scan-line search errors 136 110 0 116 101 0

Average time cost for projecting  1,000,000 points (s) 2.68 2.12 1.72 1.97 1.90 1.64
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employed, which can accelerate the calculation by reducing 
the number of iterations, to some extent; (b) two more strin-
gent convergence conditions guaranteeing strictly descend-
ing integer-step-size sequences are employed to ensure the 
fast convergence of the iterative process; and (c) a sequential 
search together with a linear interpolation is used in the fine 
search stage to replace the inefficient and unreliable iterative 
process. The experimental results with nearly 100 flight strips 
captured by three different Leica ADS80 scanners, and in vari-
ous flight conditions, confirm the superior performance of the 
proposed algorithm over the previous methods, in terms of 
both efficiency and robustness.
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A Landsat Data Tiling and Compositing
Approach Optimized for Change Detection in the

Conterminous United States
Kurtis J. Nelson and Daniel Steinwand

Abstract 
Annual disturbance maps are produced by the LANDFIRE 
program across the conterminous United States (CONUS). 
Existing LANDFIRE disturbance data from 1999 to 2010 are 
available and current efforts will produce disturbance data 
through 2012. A tiling and compositing approach was de-
veloped to produce bi-annual images optimized for change 
detection. A tiled grid of 10,000 × 10,000 30 m pixels was 
defined for CONUS and adjusted to consolidate smaller tiles 
along national borders, resulting in 98 non-overlapping 
tiles. Data from Landsat-5,-7, and -8 were re-projected to 
the tile extents, masked to remove clouds, shadows, water, 
and snow/ice, then composited using a cosine similar-
ity approach. The resultant images were used in a change 
detection algorithm to determine areas of vegetation 
change. This approach enabled more efficient processing 
compared to using single Landsat scenes, by taking advan-
tage of overlap between adjacent paths, and allowed an 
automated system to be developed for the entire process. 

Introduction
Satellite image-based change detection is used for a wide 
variety of applications, in part because of the ability to map 
change over large areas, long time periods, and at low cost 
relative to ground or airborne sampling. Global archives of 
imagery provide historical baselines, while an advent of 
new sensors (e.g., Landsat-8 Operational Land Imager (OLI), 
Sentinel) and relaxed data access policies (Woodcock et al., 
2008; Aschbacher and Milagro-Pérez, 2012) combine to offer 
vast quantities of image data for analysis. As computing and 
digital storage systems advance and associated costs dimin-
ish, change detection algorithms are able to take advantage of 
more data and provide more detailed descriptions of how the 
land surface of the Earth is constantly changing. The resultant 
change products can be used by research and monitoring pro-
grams for forest tracking (Goward et al., 2008), carbon account-
ing (Zhu et al., 2010), land cover change (Jin et al., 2013), and 
wildfire applications (Vogelmann et al., 2011), among others.

One program that relies on image-based change detection 
for monitoring and updating its products is the Landscape 
Fire and Resource Management Planning Tools (LANDFIRE) 
program (http://www.LANDFIRE.gov). LANDFIRE is an interagen-
cy collaboration that provides consistent and comprehensive 
vegetation and wildland fuels data for the entire United States 
(Rollins, 2009; Ryan and Opperman, 2013). LANDFIRE products 
are used for strategic planning and tactical decision-making 
on wildfire incidents, resource management plans, fuel treat-
ment projects, and many other non-fire applications. LANDFIRE 
products are periodically updated to account for landscape 
change due to natural and anthropogenic disturbances. One 

component of LANDFIRE updating is the Remote Sensing of 
Landscape Change (RSLC) effort that utilizes Landsat data to 
provide analysts with bi-annual change detection products 
for the conterminous United States (CONUS), which are then 
manually processed to determine location, time, and types of 
disturbance occurring on the landscape (Nelson et al., 2013a), 
resulting in annual disturbance products depicting these attri-
butes spatially on the landscape. These products are currently 
available for the years 1999 to 2010.

The LANDFIRE 2012 (LF2012) effort is under way at the time 
of this writing and is expected to be available in early 2015. 
The goal of LF2012 is to update available datasets to circa 
2012 conditions. Unique data constraints required modifica-
tions to the RSLC approach for LF2012 compared to previous 
efforts. Bi-annual image data are required for each year that 
disturbance products are being created and one year before 
and after. Since LF2012 is mapping disturbances in 2011 
and 2012, imagery was needed for the years 2010 to 2013. In 
previous LANDFIRE updates, imagery was processed as single 
scenes on a Worldwide Reference System (WRS) path/row 
basis (Nelson et al., 2013a; Nelson et al., 2013b), requiring 
445 individual image stacks to cover CONUS. However, the 
only Landsat sensor that collected imagery for this entire time 
period was the Landsat-7 Enhanced Thematic Mapper Plus 
(ETM+). Due to the Scan Line Corrector (SLC) malfunction in 
2003 (NASA, 2005), the exclusive use of single-scene ETM+ 
data was undesirable because it would require significant 
manual effort to produce disturbance products, would result 
in substantial amounts of missing data with no disturbance 
information, and would introduce scan line artifacts into 
the derived products. With Landsat-5 Thematic Mapper (TM) 
available for 2010 to 2011, and OLI data becoming available in 
2013, the decision was made to use all available data to miti-
gate the SLC-Off issue. Only in 2012, when no other Landsat 
data were available, were ETM+ data used exclusively. In addi-
tion to the SLC-Off scan line gaps, missing data due to clouds, 
shadows, and other undesirable features proved problematic 
in previous LANDFIRE updates. Therefore, a tiling and compos-
iting approach was developed for LF2012 where multi-tempo-
ral Landsat data were combined on a pixel basis to produce 
nominally complete and seam-free image tiles for change 
detection processing. Existing data from the Web-Enabled 
Landsat Data (WELD) project (Roy et al., 2010) were evaluated 
but not utilized for several reasons including unavailability 
of data past 2012, exclusive use of Landsat-7 for all years, and 
the use of maximum greenness compositing.

United States Geological Survey (USGS) Earth Resources 
Observation and Science (EROS) Center, Sioux Falls, SD 
57198 (knelson@usgs.gov).
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Background
Using Landsat-7 ETM+
Several previous studies have investigated the utility of ETM+ 
SLC-Off data for change detection and other applications. 
Variations of two basic approaches are presented in most SLC-
Off studies: interpolation of missing data values, and multi-
temporal scene compositing, to fill in the SLC-Off gaps (Wulder 
et al., 2008; Alexandridis et al., 2013; Storey et al., 2005). For 
LF2012, there was a preference for using actual pixel values 
for change detection, and therefore the interpolation methods 
were not considered. Previous compositing approaches used 
similar methods for preparing the imagery while varying the 
compositing function, or selection of which pixel out of the 
available collection, was to be used in the final image. ETM+ 
compositing methods can be quite useful at filling SLC-Off 
gaps given the side to side overlap of adjacent paths, the exact 
amount of which varies by latitude. Since the SLC-Off gaps 
occur on the edges of each image, using adjacent paths to com-
posite in these areas increases the amount of data available for 
gap-filling (Wijedasa et al., 2012). The data available in over-
lapping paths are also often closer in date to the target image 
than the next available same-path acquisition 16 days later.  

Compositing Methods
One of the most common compositing methods in use has 
been the maximum Normalized Difference Vegetation Index 
(NDVI) method, which selects the pixel with the highest NDVI 
value from the available images, which reduces cloud con-
tamination and other artifacts over vegetated areas (Flood, 
2013). The maximum NDVI compositing method has been 
used successfully with ETM+ data for deriving multi-temporal 
datasets over CONUS and Alaska (Roy et al., 2010). Maximum 
NDVI composites are, by design, biased in favor of the “green-
est” vegetation pixels, which may not be optimal for all 
applications (Flood, 2013), including change detection where 
vegetation disturbance could be masked by a maximum NDVI 
composite. For example, if a forest harvest event that removes 
green vegetation occurs during a composite period, the pre-
harvest NDVI will be higher than the post-harvest, and there-
fore the disturbed pixel values will be discarded in favor of 
the pre-disturbance pixels. Several other pixel-based compos-
iting methods have been proposed that may be more suitable 
for vegetation discrimination and change detection mapping.  
Flood (2013) used the medoid, or multi-dimensional median 
approach to develop seasonal composites that were more 
representative of the variability inherent in the time series. 
Griffiths et al. (2013) developed an algorithm based on annual 
suitability, seasonal suitability, and distance to clouds for large 
area land cover mapping.  Potapov et al. (2011) used single 
band statistics to produce multiple composites from the same 
dataset including band-4 median value, and band-5 minimum, 
maximum, and quartile (25 percent and 75 percent) values 
for mapping forest cover and change. Potapov et al. (2012) 
produced start and end date image composites for six-year 
time intervals, along with multi-temporal metrics, for clas-
sifying forest cover and change. The image composites were 
developed using the per-band median reflectance of the three 
earliest and latest observations that passed a series of quality 
assessment (QA) analyses and date selection criteria. Hansen 
et al., (2013) used these methods as a prototype to map forest 
cover and change globally using ETM+ imagery. Each of these 
approaches proved more suitable for their intended applica-
tions than the traditional maximum NDVI composite.

Data Masking
Numerous approaches for automated masking of clouds and 
cloud shadows in Landsat data have emerged in recent years 
(e.g., Irish et al., 2006; Huang et al., 2010b; Roy et al., 2010; 

Scaramuzza et al., 2012). For vegetation change detection, ad-
ditional features are often discarded, including snow, ice, and 
water. Few automated masking algorithms exist that handle 
all undesired features for change detection. Two that do ex-
ist are Function of Mask (FMask; Zhu and Woodcock, 2012) 
and the Landsat Ecosystem Disturbance Adaptive Processing 
System (LEDAPS; Schmidt et al., 2013). Both algorithms were 
designed to work with TM and ETM+ data, though FMask has 
since been updated to work with OLI data. OLI standard prod-
ucts do come with a QA band that includes confidence scores 
for several types of features, such as clouds (Scaramuzza et 
al., 2012), however, not all of the algorithms are currently 
implemented, such as cloud shadow detection. 

Change Detection
LANDFIRE RSLC processes require an automated algorithm 
for detecting annual landscape change using Landsat imag-
ery. While several such approaches exist (e.g., Huang et al., 
2010a; Kennedy et al., 2010; Hansen et al., 2014), LANDFIRE 
uses a variation of the Multi-Index Integrated Change Analy-
sis (MIICA) algorithm (Fry et al., 2011; Jin et al., 2013). MIICA 
uses pairs of imagery with similar phenology from two time 
periods and calculates differences of several indices. Thresh-
olds are used to determine significant changes among the 
indices which are then summarized as areas of increasing or 
decreasing biomass, or no change. MIICA is run independently 
for each pixel in an image and therefore the algorithm is not 
affected by using a single scene or composite of multiple 
scenes, though the results could be affected by differences in 
image acquisition times.

Atmospheric Correction
In previous LANDFIRE updates, data were converted to surface 
reflectance (SR) using the LEDAPS algorithm (Masek et al., 
2006; Schmidt et al., 2013; Nelson et al., 2013b; Maiersperger 
et al., 2013). The LEDAPS atmospheric correction algorithm has 
been used previously to correct Landsat images from differ-
ent sensors and time periods for building time series stacks 
(Huang et al., 2009) and composites (Griffiths et al., 2013). 
However, the SR corrections for OLI data are not yet opera-
tional. Therefore, for LF2012, LEDAPS was used to correct TM 
and ETM+ data to SR, and OLI data were corrected to top of 
atmosphere (TOA) reflectance using the algorithm published 
by the Landsat team (http://landsat.USGS.gov/Landsat8_Us-
ing_Product.php).

Methods
Development of Tiling System
The LF2012 tiling system consists of a grid of 10,000 × 10,000 
30 m pixel tiles and is based on the Albers Equal Area Conic 
projection for CONUS (Deetz and Adams, 1945; Snyder, 1987) 
using standard parallels of 29.5 and 45.5 degrees North, cen-
tered on 23 degrees North and 96 degrees West, and based on 
the North American Datum of 1983. This is the same projec-
tion definition used by the National Land Cover Database 
(NLCD) project (Chander et al., 2009). Pixels are centered on 
multiples of 30 m (Landsat pixel size) within the projection 
system. The tile size was selected because a single-scene 
Landsat image when re-projected to the Albers Equal Area 
projection has a considerable amount of fill and results in a 
working raster size of just fewer than 10,000 by 10,000 pixels 
(Figure 1). Because analyst workstations and storage systems 
were optimized for this size of data from previous updates, 
the move to 10,000 by 10,000 pixel, non-overlapping, tiles 
was logical. The resulting LANDFIRE tile system is shown in 
Figure 2. While most tiles remain 10,000 by 10,000 pixels, 
some were extended to capture adjacent coastlines and oth-
ers were cropped to reduce image fill outside the processing 
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Figure 1. Landsat-5 Tm image, WRS path 39 row 34, from 15 May 2007, re-projected to Albers Conical Equal Area. Image size is 8,749 
lines by 9,502 samples.

Figure 2. landfIre 2012 rslc tiles; 98 tiles cover the conterminous US.
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extent (e.g., along international borders). The tiling system 
consists of 98 non-overlapping tiles, reduced from 445 indi-
vidual scene frames processed in previous versions.  

Composite Target Dates
The MIICA methods used in the LANDFIRE RSLC process utilize 
imagery from two time periods per year: early growing season 
and late growing season. Pixels from scenes acquired from 
day-of-year 100 to day 199, centered on day 175 make up the 
first date; pixels from scenes acquired from day 200 to day 
299, centered on day 250 make up the second date. If every 
scene were acquired and usable, there would be approximate-
ly six scenes available for each path/row for each date period, 
with additional data available in portions of the scene where 
there is side overlap. Due to acquisition schedules and cloud 
cover, fewer useable observations are typically available.

Scene Selection
An automated scene selection process was developed, utiliz-
ing the U.S. Geological Survey (USGS) Landsat Bulk Metadata 
Service (http://landsat.USGS.gov/metadatalist.php). These re-
cords are updated daily, and contain the most recent metadata 
on all available scenes in the USGS Landsat archive. The meta-
data records are parsed to include only scenes within: CONUS, 
the years of interest, and the desired date range. From that 
reduced list, all scenes with less than 80 percent cloud cover 
based on the metadata and that intersect a given tile extent 
are selected for further processing. Two lists are generated 
from this process: a list of scene identifiers for use in scene 
ordering, and another more detailed list that includes scene 
ID, percent cloud cover, the nominal image corners, and a link 
to the online browse image for visual reference through the 
USGS Earth Explorer (http://earthexplorer.USGS.gov) system. 
The longer lists also contain tile framing information for the 
re-projection process that follows.

Image Stack Processing
The USGS Earth Resources Observation and Science (EROS) 
Center Science Processing Architecture (ESPA; USGS, 2014) is 
a processing system/service designed to assist an end user 
in performing common image transformations beyond that 
provided by the USGS Level-1 Product Generation System 
(LPGS) generated Level 1T standard products. Current ser-
vices are available for TM and ETM+ imagery and include TOA 
Reflectance conversions, SR computations using the LEDAPS 
algorithm, cloud mask generation, and image re-projection 
to a user specified projection and output extent. Given a text 
list of Landsat scene IDs, projection parameters, and output 
image extent coordinates, the ESPA system orders and retrieves 
data from the LPGS and applies SR corrections, produces data 
masks, and computes projection transformations in a parallel 
processing environment, allowing several tiles to be processed 
concurrently. The extent of each tile is specified to the ESPA 
system at order time, and each scene is processed to SR, re-
projected, and clipped to the tile extent. When complete, an 
automated script is used to parse the ESPA output webpage and 
download the processed imagery for composite generation.

In the absence of an operational SR algorithm for OLI data, 
scenes are converted to TOA reflectance as described above. In 
short, this process involves applying the reflectance rescaling 
coefficients given in the scene metadata and correcting for 
sun-angle by dividing the rescaled pixel values by the cosine 
of the scene-center solar zenith angle. The resultant images 
are then re-projected to tile-based coordinates using the same 
projection parameters and image extents used in the ESPA 
processing. At this point, each image (TM, ETM+, and OLI) is 
stored in a multi-band file in 16-bit integer format with reflec-
tance values mapped from 0 to 10,000.

Data Masking
The LEDAPS system generates cloud, cloud shadow, and other 
masks as part of the process of generating surface reflectance 
products. These masks are utilized in the LANDFIRE RSLC pro-
cesses to identify pixels to be omitted from further process-
ing. An extent mask is also used to identify non-mapped areas 
(beyond international borders and large water bodies). LEDAPS 
mask layers used in the masking process include the cloud 
mask, adjacent cloud mask, cloud shadow mask, water mask, 
snow/ice mask, and the dark-dense-vegetation (DDV) mask. 
The process of mask determination is generally suitable for 
RSLC processing, though systematic errors do exist. Terrain 
shadows are often identified as water, so a percent-slope 
image derived from the National Elevation Dataset (http:// 
http://ned.USGS.gov/) is used to remove any water mask pixel 
with a slope of greater than 2 percent. There is often confu-
sion between cloud shadow and water and between cloud 
and snow/ice, but since all of these classes are masked, these 
errors are deemed permissible. One exception is that snow/
ice pixels that have been misidentified as cloud will have 
associated shadows cast by the LEDAPS algorithm. These, and 
potentially other, erroneous shadows are removed by using a 
“dark-pixel” threshold; only those shadow pixels with reflec-
tance values below the threshold remain as shadow. Single-
pixels in the water and DDV masks are removed using a mov-
ing window filter and then the adjacent cloud, cloud shadow, 
cloud, and DDV masks are all passed through a final filter to 
fill in small gaps between clouds, adjacent clouds, and cloud 
shadows, unless the pixels are within the DDV mask.   

In addition to the revised LEDAPS masks, the ragged scan 
edges in TM images due to bumper mode (Storey and Choate 
2004; visible in Figure 1) are trimmed using nominal image 
corners from the metadata. The ragged edges are caused by 
the offset of the detectors in the focal plane and occur on the 
edge of valid image data. The multispectral information in 
TM and ETM+ images is also checked for image fill conditions. 
If any band of a multispectral pixel is filled, the entire pixel 
vector is masked.

Since the LEDAPS system currently does not process OLI 
data, the LEDAPS-derived masks are not available. While the 
OLI QA band includes flags for cloud, cirrus cloud, snow/ice, 
and water, the quality of these flags varies by product and 
scene. Combining the cloud and cirrus cloud flags results in a 
reasonable cloud mask in the majority of cases, though it was 
found to be insufficient in several test scenes (Plate 1).  

In addition, the snow/ice and water masks were found 
to be unrealistic in the majority of test scenes. Therefore, 
enhanced data masks for OLI were created using a combina-
tion of existing and modifications of existing algorithms. 
For each OLI scene, pixels that meet the fill condition in any 
band are considered fill in all bands, as in TM and ETM+ data. 
Next, spectral tests for snow/ice and water are conducted us-
ing the algorithm proposed by Luo et al. (2008) for use with 
Moderate Resolution Imaging Spectroradiometer data and the 
thresholds proposed by Oreopoulos et al. (2011) to adapt the 
algorithm to Landsat TOA reflectance data. The tests used for 
detecting snow/ice and water are shown in Equations 1 and 2, 
respectively.  

Snow/Ice = B4 > 0.24 && B6 < 0.16 && B4 > B5;  
where B4, B5, and B6 are un-scaled OLI reflectance  (1) 
values for bands 4, 5, and 6, respectively.

Water = (B4 > B5 && B4 > B6 * 0.67 && B2 < 0.30 and B4  
< 0.20) or (B4 > B5 * 0.80 && B4 > B6*0.67 && B4 < 0.06);  (2)
where B2, B4, B5, and B6 are un-scaled OLI reflectance  
values for bands 2, 4, 5, and 6, respectively.
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(a) (b)

(c) (d)

(e) (f)
Plate 1. Comparison of Landsat-8 cloud masks from Level 1T product and landfIre: (a) LC80170392013221LGN00 bands 6, 5, 4; (b) 
Level 1T qa band high confidence cloud and cirrus (red) on top of scene; (c) landfIre enhanced cloud mask (yellow) on top of scene; (d) 
Level 1T qa band high confidence cloud and cirrus (red) on top of landfIre enhanced cloud mask (yellow) showing holes in Level 1T QA 
band cloud mask that are filled with landfIre enhanced cloud mask; (e) Close up view of area depicted by cyan box in (a)-(d) with landfIre 
enhanced cloud mask (yellow) on top of scene; (f) Close up view of area depicted by cyan box in (a)-(d) with Level 1T qa band high confi-
dence cloud and cirrus (red) on top of scene.
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Next the OLI QA band is used to estimate the number of 
clear pixels in the scene, and the mean brightness tempera-
ture of all clear pixels in the scene is calculated using the 
thermal band data. This value is then used in the LEDAPS 
cloud determination algorithm (Schmidt et al., 2013). Since 
the spectral test thresholds set in the LEDAPS algorithm are 
based on SR data, they were modified to apply to the OLI TOA 
reflectance data. The LEDAPS algorithms for adjacent cloud 
and cloud shadow were also implemented for OLI, with the 
cloud shadow spectral test thresholds again being modified 
to reflect the OLI data range and properties. The resultant 
masks are then cleaned similarly to the LEDAPS masks for TM 
and ETM+ data. Water is removed from slopes greater than 2 
percent, cloud shadow is removed where the pixel values fail 
the darkness tests, and single pixels are removed from cloud, 
water, and snow/ice masks using a moving window filter. The 
resulting masks are stored in a single 8-bit image mask per 
scene alongside the imagery. Histograms of the image masks 
are computed and summaries are stored for later processing.

Best Pixel Algorithm and Composite Generation
Once the single-date imagery have been re-projected, clipped 
to tile extents, and refined pixel-level masks have been gener-
ated, the data are composited. Because there are generally 
several valid pixels to choose from in a given 100-day window, 
an algorithm is needed to determine which pixel to choose for 
the final composite image. While several existing compositing 
methods have been proposed (see above), the methods used in 
this effort combine elements of previous algorithms. LANDFIRE 
requires composite images for two target dates per year, while 
minimizing phenological changes, which precludes use of 
multi-year compositing methods. Additionally, the desire to 
ensure the selected pixels are representative of the available 
data makes similarity measures a more desired approach over 
the median reflectance of several pixels, which can be skewed 
by anomalous values that are not removed in the QA process. 
The similarity method could also be skewed if several unde-
sired pixels are not removed in the QA process, but in general, 
this should happen less frequently. Prior to choosing the best 
pixel for a given tile location, the scene-based metadata files 
are scanned, and all products that were processed to Level 1G 
(systematic) or those Level 1T products with questionably high 
model-fit residuals (see below) are omitted from the processing 
list. Next, the image mask histogram files are sorted based on 
number of unmasked pixels and proximity to the target date to 
create a processing-order list. Scenes that have the lowest per-
centage of masked pixels are given priority and sorted second-
arily by the absolute value of the image date minus the target 
date to give higher priority to images closest to the target date.

For each pixel within a tile, the best-pixel algorithm ex-
amines each input scene in the processing-order list, keeping 
at most the first five non-masked image pixels, storing all 
spectral bands. This vector of pixels is then processed with 
the algorithm listed in Table 1, utilizing the cosine similarity 
function (Sebastiani, 2002; Qian et al., 2004) for each combi-
nation of pixels where there are three or more valid observa-
tions. The cosine similarity represents the cosine of the angle 
between the two vectors, with smaller values indicating more 
similarity. The cosine similarity function is given in Equa-
tion 3 where A = vector A containing the six reflectance band 
values of a pixel from one date, B = vector B containing the 
six reflectance band values of pixel from a second date, and 
Sim(A, B) = the cosine similarity of the two pixel vectors. The 
best pixel is chosen as the pixel with the most similarity to 
other pixels that is closest to the target date.

Table 1. besT pIxel alGorIThm used for composITInG  
based on The number of observaTIons

Number of 
Observations Algorithm

0 No data present – pixel is masked

1 One observation – pixel is written to the output

2
Two observations; closest to target date is  
written to output

3
Most similar of 3 written to output  
(3 cosine similarity tests)

4
Most similar of 4 written to output  
(6 cosine similarity tests)

5
Most similar of 5 written to output  
(10 cosine similarity tests)

 
Sim A B

A B
A B

, . cos .( ) = − ( ) = − ⋅
1 0 1 0θ

 
(3)

If there are less than three valid observations the pixel 
acquired closest to the target date is selected. The best pixel 
algorithm maintains the 16-bit pixel range as described above, 
with the output in GeoTiff format. In addition, a byte-scaled 
version in ERDAS Imagine®1 format is created, scaling the 0 to 
10,000 integer reflectance mapping to 0 to 400 and clipping 
all values above 255 to 255, following Chander et al., (2009) 
to use for MIICA change detection processing.

The processing flow for generating tiled composites is 
illustrated in Figure 3, which shows the individual scenes 
within the tile space, the scenes converted to surface reflec-
tance and re-framed within the tile space, and the combina-
tion of overlapping scenes within the tiles to produce the 
final composite. Figure 3 also illustrates the process whereby 
multiple overlapping scenes are overlaid and the vector of 
pixels used to determine which pixel is chosen to populate 
the tiled composite.

Modified MIICA Algorithm and Estimation of Severity
The change detection processing uses a variation of the MIICA 
algorithm. Whereas MIICA was developed by the NLCD project 
for detecting change between multi-year epochs, the LANDFIRE 
RSLC project requires annual disturbance characterization. 
The MIICA algorithm used by LANDFIRE is a subset of the full 
MIICA implementation used by NLCD. Following the methods 
presented in Jin et al., (2013), the LANDFIRE MIICA process 
calculates the differenced Normalized Burn Ratio (dNBR), 
differenced NDVI (dNDVI), Change Vector, and Relative Change 
Vector Maximum indices for seasonally matched, multi-year 
image pairs (e.g., 2010 day 175 and 2011 day 175 composites). 
A series of conditional statements evaluating combinations 
of the four spectral indices against set thresholds, derived 
empirically in areas of diverse land cover types, is used to 
determine areas of increasing or decreasing biomass.

Examples of the conditional statements are given in Jin et 
al. (2013). The result is a series of output maps indicating ar-
eas of increasing and decreasing biomass for each combination 
of image pairs. MIICA outputs were generated separately for 
each target date and for each combination of consecutive years 
(e.g., 2010 to 2011) and each combination of current year plus 
2 years (e.g. 2010 – 2012) for a total of 10 output images. The 
various MIICA outputs are then combined manually by image 
analysts to produce the LANDFIRE annual disturbance layers. 

In addition to the dNBR and dNDVI data calculated by MIICA, 
a Normalized Difference Moisture Index is computed using 
the near-infrared and shortwave-infrared bands (TM/ETM+ 

1. Any use of trade, firm, or product names is for descriptive purposes only and does not imply endorsement by the U.S. Government.
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bands 4 and 5, OLI bands 5 and 6). These three layers, along 
with other ancillary data, are used by the mapping analysts to 
manually filter desired change from spurious noise or unde-
sired change. An example of undesired change would be agri-
cultural areas that are masked out of the MIICA biomass change 
products using the Cropland Data Layer available from the 
National Agricultural Statistics Service (Boryan et al., 2011). 
The dNBR data are further used to estimate the severity of dis-
turbances. For each dNBR image, the global mean and standard 
deviation (STDEV) are computed. The data are then classified 
into four severity classes where the dNBR values are: greater 
than 1 stdev above the global mean, within 1 stdev above the 
global mean, within 1 stdev below the global mean, and all 
other values. For each disturbance date, the maximum sever-
ity class of the two dNBR images corresponding to that date 
is used as the severity estimate for that date. For example, 
for 2011 day 175 severity, the 2010 day 175 to 2011 day 175 
dNBR, and the 2011 day 175 to 2012 day 175 dNBR images 
are considered. This process is repeated using two and three 
stdevs resulting in three severity estimates per date. These es-
timates are then used by the analysts to assign severity values 
to each MIICA-detected disturbance, both fire and non-fire.

Browse
The last step in the process of stacking and tiling is to create 
full resolution browse images of the resulting tile, as well as 
reduced resolution thumbnails. Satellite imagery is presented 
as a false color TM composite with bands 7, 5, and 3, and is 
stored in JPEG format for easy viewing in a web browser. Mask 

imagery are color-mapped in both full and reduced resolu-
tion and are stored in PNG format. The browse imagery is used 
for quick assessments of image quality and general refer-
ence where the full pixel data are not needed. They are also 
integrated into a web-based quality assurance and progress 
tracking system used by the LANDFIRE analysts during produc-
tion processing.

Results
Scene Processing
A total of 20,489 images were processed to create the CONUS 
tiles: 9,870 TM, 5,109 ETM+, and 5,510 OLI. Most scenes were 
split among multiple tiles. There were 47,038 partial scenes 
among the 98 tiles: 22,683 TM, 11,672 ETM+, and 12,683 OLI. 
Each scene was used in an average of two to three tiles. The 
average number of scenes used to create each tile varied from 
54 to 68 (Table 2). Each tile was manually reviewed for quality 
prior to completion. Tiles that were found to have excessive 
cloud cover remaining, data gaps due to incomplete input 
scene lists, incorrectly clipped bumper mode edges, or poor 
geometric registration were reprocessed to address these issues.

Geometric registration of Landsat data is generally well 
characterized for all LPGS-processed imagery. However, sev-
eral anomalous ETM+ scenes were discovered in the course 
of manual review of the output tiles. The scenes in ques-
tion had been processed to Level 1T and therefore should 
have been registered within ±30 m according to the product 

Figure 3. Overview of tiled composite process. Level 1T images are clipped and re-framed to tile space. Overlapping images are 
sorted by date and image quality. Vectors of pixels are extracted at each pixel location containing a maximum of five non-masked 
pixels closest to the target date. One pixel is selected from the vector based on distance to target date and similarity to other pixels 
in the vector and is used to populate the final composite tile.   
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specification. However, these scenes were, in some cases, 
shifted hundreds to thousands of meters. The issue was traced 
to questionably high model-fit residuals and error checks in 
the LPGS that were not handling this situation correctly. The 
affected scenes were excluded from LF2012 processing, and 
the LPGS issue was eventually corrected by USGS.

Masking Results
The LEDAPS-derived data masks that were enhanced and used 
for TM and ETM+ performed sufficiently well in most cases, 
though some undesired data still existed in the final composites.  

Undesired data occurred most often in areas that are con-
tinuously cloudy and was caused by optically thin clouds or 
cloud edges that were not captured in the cloud masks. Limit-
ed pixel choices leading to the selection of the closest pixel to 
the target date without regard to similarity further exacerbated 
this issue. Other cases could exist where three or more pixels 
were available to choose from but more than one was cloudy, 
and therefore the most similar pixels were cloudy, though 
still chosen as the most suitable. Cloud shadows were also 
problematic in many scenes. The LEDAPS algorithm uses an 
estimate of cloud height based on the brightness temperature 
and lapse rate calculations from the surface to then project 
cloud shadow positions based on solar position and illumina-
tion geometry. This method works well for some cloud types, 
such as mid-level optically thick clouds, though tends to pro-
duce unrealistic shadows for high-level optically thin clouds, 
haze, and some contrails. The shadow enhancement methods 
described above work well for removing unrealistic shadows 
from the mask, but there is currently no mechanism to add to 
the mask where cloud shadows are not recognized. This leads 
to unmasked cloud shadows being chosen for the composite 
in cases where the pixel similarity tests are not performed or 
multiple shadowed pixels are included in the available pixel 
set, leading to the same issue as multiple unmasked cloudy 
pixels as described above. The snow/ice and water masks 
performed reasonably well. Some instances were discovered 
where very turbid water was being included in the mask. 
However, within the MIICA process, if any data are masked on 
either one of the two dates of imagery, those pixels are exclud-
ed from change detection analysis. Therefore, as long as the 
water is masked in one date or the other it does not affect the 
change detection results, which generally was the case.

The OLI masks that were developed and enhanced were 
generally sufficient, though less so than the LEDAPS masks. 
Given the fundamental differences in OLI data compared to TM 
and ETM+, including increased radiometric resolution, slight-
ly modified band wavelengths, push-broom system design, 
and because the OLI data were corrected to TOA reflectance 
rather than SR, the thresholds and spectral tests used for cloud 
and cloud shadow masking were modified through several 
iterations of processing to tune, as much as possible given 
the available time, the algorithm to the data. Occasionally, a 
cloudy scene was included in some of the tiled composites. 

In these cases, the offending scenes were identified by manual 
review, removed from the processing list, and the tile was 
then re-processed. In addition, similar issues as above with 
cloud edges, thin clouds, and cloud shadows being selected 
in the final composites were present in the OLI tiles. For pro-
cessing efficiencies, since the OLI data used a separate prepro-
cessing system, the extent masks were not applied to the OLI 
tiles. This did not affect the change detection results since, as 
with unmasked water, the previous year’s data were masked 
to the processing extent and therefore the change detection 
products kept those areas masked.

Composite Results
In general, the composited tiles provided a clean and useful 
image source for LANDFIRE RSLC analysis; an example tile set is 
shown in Plate 2. Compared to previous updating using single 
scene images that were masked for clouds, cloud shadows, 
scan gaps, etc., and not filled, the composited tiles contained 
much more data, thereby maximizing the ability to capture 
landscape change. The LANDFIRE 2010 update used MIICA and 
two individual scenes per year to map annual change from 
2008 through 2010 (Nelson et al., 2013b). Since image pairs 
for the years 2010 to 2011 were used to run MIICA for both 
LF2010 and LF2012, the number of masked pixels was com-
pared to show the effects of compositing versus using single 
scenes. The single scenes from LF2010 were mosaiced using 
a maximum value filter in overlapping areas so that areas of 
change would take precedence over masked-out areas and 
then clipped to the LF2012 tiles to facilitate direct compari-
sons. For the leaf-on image dates (day 175 in LF2012) 71 mil-
lion hectares were masked out due to cloud, shadow, snow/
ice, and water in the LF2010 tiles or an average 9.4 percent 
of each tile, compared to 47.3 million hectares in the LF2012 
composites or an average of 6.5 percent of each tile. For the 
leaf-off image dates (day 250 in the LF2012), 71.4 million hect-
ares were masked out of the LF2010 tiles or an average of 9.6 
percent of each tile, compared to 39.6 million hectares in the 
LF2012 composites, or an average of 5.7 percent of each tile. 
The amount of water and snow/ice pixels should be compa-
rable; thus the differences are largely due to cloud and cloud 
shadows that are filled in the composite data and not in the 
single scenes.

Some data gaps remained in areas with constant cloud cov-
er or perennial snow/ice where no suitable pixels were avail-
able within the requisite time period. In addition, phenologi-
cal changes were evident in some tiles, especially those in the 
northern United States with substantial deciduous forests and 
cloud cover. In these cases, there were often few valid pixels 
available and the acquisition dates varied greatly compared to 
pixels in neighboring scenes. This pattern was also noticeable 
in agricultural areas primarily in the Midwestern states. An 
example generally covering portions of southwestern Michi-
gan, northeastern Illinois, and northern Indiana is shown in 
Figure 4 where there is a noticeable scene boundary with phe-
nological variation between scenes. The presence of an area 
with no data in the bottom left portion of the image indicates 
that scene availability was very low in this area, likely due to 
persistent cloud cover near Lake Michigan. Variations in phe-
nology led to mixed results from the MIICA algorithm. Howev-
er, since LANDFIRE does not capture agricultural changes, these 
areas were masked in the RSLC process and therefore were not 
problematic for LANDFIRE purposes. Reduced resolution mosa-
ics of each tiled dataset were produced, an example of which 
is shown in Plate 3.

Change Detection Results
LANDFIRE mapped a total of nearly 17 million hectares of 
disturbance for 2011 and 2012 across CONUS. Table 3 shows 
the total amount of disturbance mapped by LANDFIRE in CONUS 

Table 2. averaGe number of scenes used To creaTe each composITe TIle

Year Target Date Average Number of Scenes

2010 175 54

2010 250 59

2011 175 56

2011 250 62

2012 175 60

2012 250 60

2013 175 61

2013 250 68
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Plate 2. Completed tile set for r03c02. Images are three-band composites of Landsat shortwave infrared, near infrared, and red bands. 
Tile r03c02 covers south-central Oregon and parts of northern California and Nevada.
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across all available years. More disturbance was mapped 
in 2011 and 2012 than any previous year, which suggests 
that the LF2012 process is able to capture more change than 
previous LANDFIRE processes, though without further valida-
tion this finding is not definitive. Comparing the disturbance 
mapped by MIICA between 2010 and 2011 between the LF2010 
and LF2012 datasets showed a similar trend. In the leaf-on 
dates, 46 million hectares were mapped as decreased biomass 
disturbance using the LF2010 tiles derived from the indi-
vidual scenes (see above) compared to 55.1 million hectares 
mapped using the LF2012 composites. In the leaf off dates, 
43.2 million hectares were mapped as decreased biomass 
disturbance using LF2010 data compared to 44.5 million 
hectares using the LF2012 data. The amount of disturbance 
mapped by MIICA is much greater than the amount of dis-
turbance captured in the LANDFIRE final products because of 
the filtering and verification processes that LANDFIRE uses to 
remove undesired, ephemeral, or suspect changes from the 
disturbance data.

Table 3. ToTal amounT of dIsTurbance area (In ha)  
mapped by landfIre In conus by year

Year CONUS disturbance mapped (ha)

1999 3,717,315

2000 4,038,028

2001 2,907,001

2002 3,472,909

2003 3,347,009

2004 2,485,192

2005 3,755,944

2006 5,660,811

2007 5,482,051

2008 6,860,149

2009 6,203,863

2010 4,760,375

2011 9,320,719

2012 7,520,909

Figure 4. Example of phenological changes between scenes in agricultural areas, tile r4c11, 2011 day 250, band-4 surface reflectance, 
covering portions of Wisconsin, Illinois, Indiana, Michigan, and Ohio.
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Comparisons were also made with WELD composites to 
illustrate the differences between compositing methods. 
WELD summer composites for 2010 and 2011 were re-tiled 
to the LF2012 tiling system and used to run the LF MIICA 
change detection algorithm. Plate 4 shows 2011 leaf on tiled 
imagery from LF2010, LF2012, and WELD with 2010 to 2011 
leaf on MIICA results for tile “r7c11,” which covers portions 
of Mississippi, Alabama, and Tennessee. Visible differences 
exist between the images and MIICA results. The most obvious 
differences are the amount of masked pixels (white) in the 
LF2010 MIICA results, scan line artifacts in the WELD imagery 
and MIICA output, and the amount of change detected by MIICA 
using each of the three image sources from the same time pe-
riod. LF analysts who manually processed every LF2010 scene, 
and also processed each LF2012 tile indicated a qualitative 
increase in the ability to detect and classify landscape change 
using the LF2012 process. Visual inspection of the 2010 to 
2011 WELD MIICA results, in comparison with the LF2012 MIICA 
results, showed a general increase in the amount of change 
mapped in the LF2012 data, with more anomalous change 
flagged in the WELD data, as illustrated in Plate 4.

Discussion and Conclusions
Advantages to Tiled Approach
Moving from the previous individual scene-based processing 
to tile-based processing resulted in several advantages. Scene 
selection was able to be fully automated, compared to previ-
ous updates, which required manual selection of scenes to 
achieve the best combination of seasonally matching scenes 
of greatest image quality. Even with trained analysts viewing 
every available scene, there were many cases where the best 
available scenes had significant cloud cover and seasonality 
did not match well between image dates because of limited 
scene availability.  

By using the best portions of every available scene, the 
composited tile approach resulted in scenes of greater image 
quality with more tightly controlled seasonal dates, reduc-
ing the impact of phenological changes between years. The 

number of images to be processed post-MIICA was reduced 
by 78 percent; whereas in previous LANDFIRE updates, 445 
individual scene frames were mapped by analysts, only 98 
tiles were needed to cover the same area. The size of each tile 
was only slightly larger than the size of the re-projected single 
images, though there were more data within each tile, the fill 
area being replaced with pixels from neighboring scenes to fill 
the entire tile extent with valid data, each pixel only needed 
to be mapped once, eliminating the redundant processing of 
overlap areas. 

The results shown in Plate 4 were similar for other por-
tions of the country. In general, the LF2012 change detection 
results had much less area masked out due to clouds and 
cloud shadows than LF2010, allowing more change to be 
detected. Conversely, when no reasonable data existed for a 
given pixel, a no-data value was assigned, preventing anoma-
lies in the change detection results as seen in the WELD data 
where all pixels are given valid data, even if all available 
images are cloudy.

Limitations
Several limitations in the developed tiling and composit-
ing approach led to decreased image quality in some areas. 
The use of static target dates across the entire country likely 
contributed to the phenology-related issues described above. 
A more reasonable approach might be to define regional target 
dates that consider phenology patterns of local vegetation 
and cloud dynamics to optimize the time periods desired for 
compositing. For example, no scenes were selected between 
days 1 to 99 or days 300 to 365 (or 366). In some areas, espe-
cially the southeastern United States, images from these time 
periods may be appropriate. Adjusting the time period for a 
particular region would require only simple modifications 
to existing processing scripts to implement, once the desired 
date ranges were identified.

Improvements to the cloud, cloud shadow, water, and 
snow/ice masks could reduce the prevalence of undesired 
data in the final composites. The LEDAPS masks were chosen 
for the LANDFIRE process based on an evaluation of several 
different automated data masking routines that found the 

Plate 3. 2012 day 175 composite mosaic.
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LEDAPS masks to be consistently the most useful for all desired 
features, and the convenience of already using the LEDAPS 
data produced from ESPA led to a seamless processing system. 
Since that evaluation, there has been further development of 
the FMask algorithm (Zhu and Woodcock, 2012), which is 
also now being used within ESPA. Additionally, it is expected 
that the data masking algorithms in the OLI QA process will be 
further developed and improved over time as well. Re-eval-
uation of these and other recently published methods would 
be prudent before future updates commence. Similarly, SR al-
gorithms for OLI data were not available in time for this effort. 
The mixture of TM and ETM+ data corrected to SR and OLI data 
corrected to TOA reflectance within MIICA likely contributed 
to some level of error in the resultant change products. As the 
OLI data and processing algorithms mature, corrections for OLI 
data to SR will be forthcoming and will be tested for future 
updates. Previous studies have used relative normalization 

algorithms with Landsat imagery corrected to TOA reflectance 
in lieu of correcting to SR (e.g., Potapov et al., 2012). Relative 
normalization of the OLI data was briefly considered but not 
implemented largely because of processing and project time 
constraints plus the lack of research into relative normal-
ization algorithms using OLI data. Until an operational SR 
algorithm for OLI data exists, further research into relative nor-
malization of OLI data is warranted and may result in higher 
quality composite data.

An additional area that could be improved in future up-
dates is the selection of the compositing function or “best-pix-
el” algorithm. While the algorithm used here proved useful 
over much of the landscape, its sensitivity to undesired data 
values (i.e., unmasked cloud or shadow) and phenology led 
to composites that were degraded in some areas. Subsequent 
work is being conducted based on the premise that a single 
compositing criterion may not be optimal for producing data 

Plate 4. Source imagery and mIIca outputs for tile r7c11 covering Mississippi, Alabama, and Tennessee. Left column shows 2011 leaf on 
single scene images mosaiced to the tile boundary from LF2010, 2010 to 2011 leaf-on MIICA output with grey being no change, red as de-
creased biomass, and white as masked out; the bottom image is a close up view of the area indicated by the yellow box. The center column 
shows the results using Weld 2010 and 2011 summer composites. The right column shows the results using LF2012 tiled composites.
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over very large areas. Multiple compositing functions could 
be used over different areas with spatial masks or ancillary 
data used to determine the proper algorithm for each pixel. 
For example, in agricultural areas, a maximum NDVI or other 
spectral index-based function could be used while the current 
algorithm retained in forested areas. Alternatively, those areas 
with too few valid pixels to use the similarity approach could 
use a different algorithm, while those areas with many valid 
pixels the similarity approach may still be appropriate.
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Deriving the Spatiotemporal NPP Pattern in  
Terrestrial Ecosystems of Mongolia Using  

MODIS Imagery
Chinsu Lin and Narangarav Dugarsuren

Abstract 
Net primary production (NPP) is a carbon cycle process that is 
examined within terrestrial ecosystems. Exploring the distri-
bution of nationwide NPP helps to diagnose the response of 
ecosystems to natural/anthropogenic influences and resource 
management. Based on the CASA model, the MODIS-NDVI-derived 
spatiotemporal pattern of Mongolian NPP was analyzed by 
factorial ANOVA and regression analysis. Results showed that 
the nationwide distribution of NPP was coincidence with the dis-
tribution of terrestrial ecosystems. During the growing season, 
the monthly-NPP average of every terrestrial ecosystem behaved 
temporally as an inverse-U shape that peaked in June/July 
and varied as a power and logarithm function of the monthly 
average temperature and precipitation respectively. The desert 
had an insignificant growth of NPP during the growing season, 
while the forest, grassland, and desert steppe had a significant 
positive-growth in April/June period and then a significant 
negative-growth in July/October. Interannual NPP showed insig-
nificant change during a five-year period. 

Introduction
A number of studies concerning the global carbon cycle and 
observation of the atmosphere CO2 concentration have shown 
that annual net primary production (NPP) has increased in the 
middle and high latitudes of the Northern Hemisphere since 
the 1980s (Hicke et al., 2002; Fang et al., 2003; Nemani et al., 
2003; Piao et al., 2005). A consequence of CO2 fertilization, 
elevated N deposition, climate change, and changes in the 
forested area are likely factors resulting in the NPP increase 
(Bhatti et al., 2003; Chertov et al., 2009). Mongolia is located 
at the junction of Siberian taiga and central Asia desert. It has 
an extreme continental climate with long, cold winters and 
short summers. A significant climate shift from the humid-
ity of the North to an arid climate in the South is responsible 
for green cover spatially decreasing from the North to the 
South of Mongolia. The large temporal and spatial variations 
of precipitation in Mongolia make it more challenging to 
examine spatial-temporal variations in NPP and its relation-
ship to precipitation change with the aid of remote sensing. 
Mongolia’s terrestrial ecosystems can be classified into forest, 
grassland (steppe), desert steppe, and desert. Areas of each of 
the terrestrial ecosystems are fragile and sensitive to environ-
mental changes. Mapping changes of the NPP spatial pattern 
could help continuous exploration of how global warming 
influences the production of variant ecosystems in Mongolia.

NPP is generally defined as the difference between the total 
carbon uptake from the air through photosynthesis (GPP) and 
the carbon loss back to the atmosphere due to respiration by 
living plants (Ra) and is therefore the net carbon flux from 
the atmosphere into green plants per unit time (Clark et al., 

2001; Girardin et al., 2010; Zanotelli et al., 2013). Its altera-
tion greatly affects global carbon balance and global climate 
change (Nemani et al., 2003), and so it is a key focus area of 
study for ecologists. Primary productivity is generally deter-
mined at tree-level via complicated physiological processes 
(Pidwirny, 2006). The amount of biomass produced through 
photosynthesis per unit area in a given time by plants can 
then be calculated in order to derive the primary productiv-
ity of a community. The amount of biomass for an individual 
tree can be estimated using newly developed remote sensing 
technologies, such as airborne lidar (Chen et al., 2007; Gonza-
lez et al., 2010; Lin et al., 2011; Lo and Lin 2013), terrestrial 
lidar (Ku et al., 2012), and satellite imageries with very high 
spatial resolution (Wang, 2010; Gonzalez et al., 2010; Gleason 
and Im, 2012), or hyperspectral data (Jensen et al. 2012). It 
is also possible to derive the primary productivity of a plant 
community or terrestrial ecosystem using inventory data by 
a forest structure-based modeling technique (Tsogt and Lin, 
2014) and site- or stand-based eddy covariance (EC) methods 
(Schwalm et al., 2007; Peichl et al., 2010; Zanotelli et al., 
2013). Comparison of carbon cycle processes from years with 
different seasonal and annual weather patterns at the regional 
scale can give an indication of potential regional responses 
and biospheric feedbacks to climate change (Turner et al., 
2011). Global scale satellite data with suitable spatial resolu-
tion are therefore more suitable for use in the derivation of 
the primary productivity of a huge continental landscape.

NPP is regulated by many environmental factors such as pre-
cipitation, temperature, solar radiation, and soil nutrient avail-
ability. Among these, water stress is the most critical limiting 
factor determining light use efficiency (LUE) and vegetation 
productivity in Mongolia. The significance is due to the low 
precipitation and high evapotranspiration found in these areas 
(Li et al., 2008). Constraint factors of NPP may vary spatially 
and temporally (Nemani et al., 2003). Due to Mongolia’s im-
mense size and highly variable precipitation in time and space, 
logistical challenges make it difficult to monitor vegetation 
conditions using field measurements. This makes it difficult 
to obtain a comprehensive understanding of how ecosystems 
respond to environmental factors. Remote sensing is able to 
detect the response of vegetation to the integrated effects of 
environmental factors and provides an opportunity to estimate 
their spatiotemporal variations at regional and global scales.

A number of models, such as CASA, TEM, Century, BIOME3, 
BIOME-BGC, and 3PGS, have been developed to investigate the 
magnitude and geographical distribution of NPP at the global 
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scale. These models range in complexity from regressions that 
estimate association between climatic variables and the estimates 
of biosphere trace gas fluxes to quasi-mechanistic models that 
simulate the biophysical and ecophysiological processes. The 
CASA model was chosen from these options due to the following 
factors: (a) inclusion of different formulation for NPP down regu-
lation, controlled by environmental stress scalars (temperature 
and precipitation), (b) usage of constant versus variable maxi-
mum LUE for different vegetation types, and (c) the CASA Model 
variables can be inferred from remote sensing images, which 
make CASA suitable for estimation of NPP over large areas.

The CASA model was first developed by Potter et al. (1993) 
and then expanded to incorporate the combination of ecologi-
cal principles, satellite NDVI data, and surface data (temperature 
and water scalars) by Field et al. (1995). Subsequently this 
model has been successfully implemented in the estimation of 
regional and continental patterns of NPP and CO2 sink in other 
parts of the world (Ruimy et al., 1996; Goetz and Prince, 1999; 
Cramer et al., 1999; Bian et al., 2010). According to Monteith 
(1977), NPP is directly proportional to the absorption of photo-
synthetically active radiation (APAR) and the maximum LUE of 
green plants. Since LUE is characterized as an indicator of plants 
ability for fix solar energy (Bian et al., 2010), it is also adjusted 
for spatial temporally varying stress scalars such as tempera-
ture and precipitation (or moisture stress). In contrast to the 
estimation of global NPP, exploring the spatial distribution and 
temporal pattern of national NPP can be beneficial for success-
fully sustainable resource management. To meet this goal, the 
following questions need to be addressed: (a) What is the NPP of 
the terrestrial ecosystems in Mongolia?; (b) Are there any tem-
poral and/or spatial patterns in NPP distribution?; (c) How does 
NPP react to temperature or precipitation changes?; and (d) Does 
the NPP increment during a growing season show any spatial 
patterns across a sample scale of 5-years? This study attempts 
to answer these questions using the CASA model driven by me-
teorological data and remotely sensed vegetation parameters on 
data collected in Mongolia between 2000 and 2004.

Materials and Methodology 
Study Area and Materials
Mongolia experiences extreme diurnal (30°C) and annual 
temperature fluctuations (min –45° to –53°C, and max. 40° to 
45°C). Due to the country’s latitude (approximately 41°30'N 
–51°53'N) and high elevation (approximately 516 to 4,484 m), 
average annual temperatures are quite low, ranging from −7° 
to −5°C in the Northwest and 2° to 4°C in the Southeast. The 
total annual precipitation in the mountainous regions averages 
about 400 mm, in the steppe 150 to 250 mm and in the desert-
steppe less than 100 mm (Dagvadorj et al., 2009). About 85 to 
90 percent of the precipitation falls during the summer season 
(June/August) (Shiirevdamba, 1998). The number of rainy days 
decreases from north to south. There is very little precipitation 
at the beginning of the growing season (generally from April to 
October) but much more in the second half of the season when 
cool air starts to spread across the country. This variation has 
considerable effects on the growth of several spring plants. 
The precipitation in summer, autumn, and winter is a source 
of soil moisture but it is insufficient for vegetation to thrive 
(Shiirevdamba, 1998).

The parameters used in the CASA model for NPP estimation 
are satellite NDVI data, meteorological data such as temperature 
and precipitation, and vegetation types. The multi-temporal 
NDVI images used in this study were acquired from the standard 
product of MOD13Q1 Vegetation Indices with 250 m spatial 
resolution and 16-day temporal resolution. Meteorological data 
used in this study were monthly total precipitation, monthly 
mean temperature and monthly total solar radiation data, 

obtained from the National Agency for Meteorology, Hydrology 
and Environmental Monitoring (NAMHEM) and monthly gridded 
temperature, precipitation, and solar radiation maps at the 
same resolution as NDVI. A land cover map (Plate 2a) displaying 
water and the four types of terrestrial ecosystems, i.e., forest, 
typical steppe or grassland, desert steppe, and desert was used 
as the input of vegetation types in the CASA model. This map 
was produced by Dugarsuren et al. (2011) using MODIS13Q1 
data that was collected in the summer of 2000. The supervised 
maximum likelihood classification was carried out on the veg-
etation indices and the four reflectance bands of Blue, Red, NIR, 
and MIR based on the IGBP classification scheme (Gao and Yu, 
1998) with an overall accuracy of 89.6 percent.

Procedures for the Parametric Image Generation 
MODIS products downloaded from NASA were in the Sinusoi-
dal projection. These original images were reprojected to the 
geographical latitude and longitude projection in WGS84 datum 
in which pixel value of the output image was determined using 
nearest neighbor resampling method. The individual scenes 
(originally in 10° × 10° tiles) were mosaicked and subsetted as 
a seamless product covering the entire area of Mongolia. The 
dynamic range of NDVI is from −1 to +1. MOD13Q1 250-meter VI 
product was generated using the daily MODIS Level-2G (L2G) 
surface reflectance, pointer file, geo-angle file and 1-km state file 
by LP DAAC, NASA. Once all 16 days were collected, the MODIS VI 
composite data was produced using filter-based Maximum Value 
Composite (MVC) and/or Constrained View angle - Maximum 
Value Composite (CV-MVC) algorithms to remove the noise that 
consisted  of cloud pixels and extreme off-nadir sensor views 
(Solano et al., 2010).

Temporal temperature and precipitation data collected 
from all of the 53 meteorological stations in Mongolia were 
used to produce monthly average temperature and monthly 
accumulated precipitation images using inverse distance 
weighted method and then resampled using a nearest neigh-
bor method to generate 250-m/pixel raster images. After the 
data preprocessing, the NPP of the study site was calculated 
using the parameters demonstrated in Figure 1. 

The CASA Model 
In the CASA model, the NPP for a given location is determined 
using the absorbed photosynthetically active radiation at the 
grid x for a particular month t (APARx,t, MJ m–2 mo–1) and the 
actual light use efficiency at the same grid and month (εx,t, 
gC MJ–1) using Equation 1. APARx,t can be determined by the 
product of the incident photosynthetically active radiation 
(PARx,t) and the fraction of incoming PAR intercepted by green 
vegetation (fPARx,t). Since approximately half of the total solar 
radiation (TSRx,t, MJ m–2, which is from the database of the 
Institute of Meteorology, Hydrology, and Environment of Mon-
golia) is from the region of the PAR wavelength (0.40-0.70 µm), 
the APARx,t therefore may be determined using Equation 2.

Assuming a strong linear relationship exists between fPAR 
and NDVI (Fensholt et al., 2004), fPARx,t can be solved using 
the maximum and minimum NDVI values for each vegetation 
type i (NDVIi,max and NDVIi,min) and the corresponding maximum 
and minimum fPAR values using Equation 3 where fPARmax 
and fPARmin are independent of vegetation types and are set to 
be 0.950 and 0.001 respectively based on the least and most 
developed state of vegetation (Stöckli et al., 2011).

NPP(x,t) = APAR(x,t) × ε(x,t)  (1)

APAR(x,t) = PAR(x,t) × fPAR(x,t) = 0.5 × TSR(x,t) × fPAR(x,t) (2)

fPAR(x,t) = 
(NDVI(x,t) – NDVI(i, min))(fPARmax + fPARmin)

(NDVI(i, max) – NDVI(i, min))
+ fPARmin (3)
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The actual light use efficiency (εx,t) is generally affected by 
the suitability of temperature and availability of water for a 
given location and month-based time (x, t), and is also con-
sidered to be smaller than the maximum light use efficiency 
of vegetation (εmax). So, the actual light use efficiency (εx,t) can 
be calculated using Equation 4 by multiplying the index of 
water availability (Wx,t) and the index of temperature suit-
ability (Tx,t) and the scalar εmax (gC MJ-1). According to Zhu et 
al. (2006), the εmax of the vegetation types were given as 0.589, 
0.542, 0.485, 0.310, and 0.000 for forest, steppe, desert steppe, 
desert, and water, respectively.

In Equation 4, Te1 and Te2 account for the effects of temper-
ature stress on plant growth. Te1 is used to reflect the empiri-
cal observation that plants in very cold habitats typically have 
low growth rates and high root biomass, potentially imposing 
large respiratory costs. In contrast plants in very hot environ-
ments may have high growth rates while the efficiency of 
light utilization could be impacted by high rates of respiration 
(Ryan, 1991). Te1 expressed in Equation 5 is a function of op-
timum temperature (Topt, that is defined as the air temperature 
for the month when the NDVI reaches its maximum in a year) 
and varies spatially but not temporally. 

ε(x,t) = T(x,t) × W(x,t) × εmax = Te1(x,t) × Te2(x,t) × W(x,t) × εmax (4)

Te1(x) = 0.8 + 0.02Topt(x) – 0.0005(Topt(x))2 (5)

Te2(x) = 
1.1814

{1+e[0.2(–Topt(x)–10–Tair(x,t))]}×{1+e[0.3(–Topt(x)–10+Tair(x,t))]} 
(6)

For a Topt of 0°C, Te1 equals 0.8. The scalar rises paraboli-
cally to 1.0 at 20°C and then falls to 0.8 at 40°C. It varies only 
between 0.8 and 1. This is because virtually all terrestrial 
ecosystems have growing season temperatures between 0°C 
and 40°C. For mean monthly temperatures of below –10°C, Te1 
is set to zero. Te2 reflects the consideration that the efficiency 
of light utilization should be reduced when plants are grow-
ing at temperatures at variance with their optimum. This has 
an asymmetric bell shape that falls off more quickly at high 
and low temperatures. In Equation 6, Tair is the mean monthly 
air temperature. Te2 equals 1 when Tair = Topt and it falls to half 
its value at Topt at the two conditions, i.e., Tair is 10°C above or 
Tair is 13°C below Topt.

The index of water availability for a given location grid 
x time t (Wx,t) can be determined using Equation 7 in which 

Ep(x,t) and E(x,t) represent the potential evapotranspiration and 
the estimated evapotranspiration and were calculated using 
Equation 8 (Yu et al., 2009). W(x,t) varies from 0.5 in very arid 
ecosystems to 1 in very wet ecosystems. Epo(x,t) and E(x,t) in 
Equation 8 were calculated using the methods of Thornth-
waite (1948) and Yu et al. (2009), respectively.

W(x,t) = 0.5 +
 
0.5 × 0.5E(x,t)

Ep(x,t)   
(7)

Ep(x,t) = E(x,t) + 0.5Epo(x,t), 0°C ≤ Tair ≤ 26°C (8)

Statistical Analysis of the Changes of NPP Changes
In this study, the temporal-spatial variation of the NPP 
involves three independent variables (Vegetation types or 
VT, time-monthly or tMo, and time-yearly or tYr). Factorial 
experiment design offers a better efficiency in the study of the 
main effects of the multiple factors (i.e., variables) and at the 
same time the interaction effect between factors. A fixed mod-
el-based three-way factorial design was applied to account 
for the full component of all possible variable combinations 
including the main and interaction effects as shown in Equa-
tion 9 where the coefficients βi, βij, and βijk represent the effects 
of the three main variable, the three two-variable interaction, 
and the one three-variable interaction on the dependent vari-
able Y, the determined yearly-monthly NPP (gC m–2 mo–1). 

Y=β0+β1X1+β2X2+β3X3+β12X1X2+β13X1X3+β23X2X3+β123X1X2X3+ε (9)

In the ANOVA analysis, an effect is said to be significant if 
its coefficient is with a probability less than or equal to the 
significant probability 0.05. This indicates that the NPP chang-
es significantly among the treatments (also named levels) of 
a factor or 2- to 3-factor interaction. A moderate conservative 
post hoc test, Duncan’s new multiple range test is then ap-
plied for interpreting multiple comparisons. Since the num-
ber of treatments of the factors is 4, 7, and 5 for VT, tMo, and 
tYr, respectively, Duncan’s method can provide a reasonable 
determination of the difference between any two treatments’ 
mean (μi=μj for all i≠j) due to the nature of the significance 
level protection. Regression analysis was applied to examine 
the relationship between the NPP of terrestrial ecosystems and 
the climatic factors and to derive the models for predicting 
the percentage area of NPP increment in growing season.

Figure 1. Data flow in npp prediction.
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Results 
The monthly NPP in Mongolia have shown a temporal varia-
tion that is almost identical in each of the years 2000 to 2004. 
Detail of the NPP distribution in 2001 to 2003 was shown in 
Plate 1, the other years were not shown here due to their simi-
larity. A lower level NPP started in April and then continuous-
ly increased until reaching a peak in July before decreasing 
to a similar lower level in September. The lowest level of NPP 
among the seven months was in October. The calculated NPP 
ranged from 0 to 210 gC m–2 mo–1 during the observed peri-
ods. NPP in the terrestrial ecosystems of Mongolia in each of 
the months was generally observed to have a higher value in 
the North declining to a lower value in the South. This kind 
of variation in the spatial pattern of NPP still could be seen 
even in April, September, and October whose NPP was much 
lower than the months from May to August. Plate 2 gives two 
examples of the spatial profile of NPP from north to south dur-
ing 2004. The plateau (with bigger NPPs) distributed across the 
North and the lowland (with smaller NPPs) in the South indi-
cates that northern Mongolia experienced superior productiv-
ity to the South. This pattern was similar to the geographical 
distribution of terrestrial ecosystems in the country.

The mean average of monthly NPP (mNPP) of each of the 
vegetation types started to increase in April with a peak in 
June/July and then decreased until October. These results 
coincide with the seasonality of temperature and precipitation 
(Dugarsuren and Lin, 2011). The mNPP of these vegetation types 
all varied like a parabolic curve over a one-year period but 
the curve for each type had varying amplitudes. As shown in 
Figure 2, the biggest amplitude was around 100 gC m–2 mo–1 for 

the forest, the second one was around 50 gC m–2 mo–1 for the 
grassland (shortened as GL), the third was close to 20 gC m–2 
mo–1 for the desert steppe (shortened as DS), and the smallest 
amplitude was around 10 gC m–2 mo–1 for the desert. The mNPPs 
of the lake ecosystem (the water in Figure 2) were almost equal 
to zero throughout the growing seasons of the each of the years.

The estimated minimum and maximum values of monthly 
NPP in the 35 months span were 12.52 and 174.97, 18.09 and 
127.94, 17.33 and 84.50, 13.17 and 43.14, and 0.00 and 0.02 
gC m–2 mo–1 for forest, steppe, desert steppe, desert, and water, 
respectively. As a result, the determined monthly NPP of the 
whole area in Mongolia from April to October in 2000 to 2004 
was between 0.0446 and 0.1352 PgC mo–1.

The fluctuation of NPP accumulated monthly during the 
years 2000 to 2004 in Mongolia is similar to the variation of 
monthly average NPP of vegetation types (Figure 2). Since the 
temperature in Mongolia generally starts to drop below 0°C in 
late October, and the land remains below freezing until early 
April; the total amount of annual NPP can be calculated using 
the summation of the monthly NPP from April to October in a 
given year. As a result, the annual NPP of the whole Mongolia is 
0.7285, 0.7227, 0.7070, 0.7012, and 0.7225 PgC yr–1 for the years 
from 2000 to 2004, respectively. The five-year mean average 
and standard deviation of annual NPP is 0.7149±0.0116 PgC yr–1. 

Discussion
Using a Clean Lake as an Indicator of Prediction Bias for Tuning NPP Estimate
Based on the examination of water quality using the data 
collected by water quality monitoring networks in UNP/WHO 

Plate 1. The predicted monthly npp (gC m–2 mo–1) of the whole area in Mongolia in 2001 to 2003.
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GEMS programme (UNEP, 1995), Kelderman and Batima (2006) 
concluded that the water quality of the rivers originating 
from northern Mongolia and flowing into Lake Khovsgol (also 
called Khuvsugul) is clean in terms of total suspended solid, 
total dissolved solid, electrical conductivity, and water pol-
lution parameters. Nutrient contents such as NH4-N, NO3-N, 
PO4-P, and permanganate value in the rivers was 0.23, 0.13, 
<0.01, and 4.0 (mg/L) less than the maximum allowable 
concentrations determined by Mongolian environmental 
standards. In addition, Davaa et al. (2006) also demonstrated 
Lake Khovsgol has very low value of water quality index 
(Wqi <0.3) which accounts for the pollutants concentration 
of dissolved oxygen, biochemical oxygen demand, chemical 
oxygen demand, ammonium, nitrate, and nitrite. These stud-
ies agreed that lake water of Khovsgol is very clean. Since the 
nutrient contents during the period 1940 to 2002 are so small 
that phytoplankton is extremely limited, there should be 
little chlorophyll present for lake to exhibit NPP. On the other 

words, Lake Khovsgol should have no positive NPP and thus 
any anomaly NPP whose values are greater than zero could be 
an indicator of prediction bias.

By zonal maximum analysis, an anomaly value of the CASA 
model derived NPP 0.02 gC m–2 mo–1 was found in the subarea 
of Lake Khovsgol in 2000 to 2004 multi-temporal images. 
Although this quantity is small, it should be logically consid-
ered as a prediction bias that was probably caused by envi-
ronmental factors and the uncertainty of model parameters 
measurement. It is suggested that this quantity be adopted as 
an adjustment scalar (Sadj) for tuning the terrestrial ecosys-
tems’ NPP. In summary, the CASA model derived first estimates 
of terrestrial ecosystems’ NPP (NPPoriginal) is tuned using the 
criterion NPP = NPPoriginal – Sadj. 

ANOVA-Derived Differences of Monthly-Yearly NPP among Vegetation Types
The ANOVA revealed significant main effect for the vegetation 
types, VT (F(3, 280) = 470.79, P <0.001) and the time-monthly, 
tMo (F(6, 280) = 66.17, P <0.001) but insignificant for the 

Plate 2. (a) Land cover map of Mongolia and examples of the spatial distribution of npp in 2004. Transect lines A and B in subfigure (b) 
start in the North and end in the South whose pixel values (gC m–2 mo–1) across the profiles as illustrated in subfigures (c) and (d). 

Figure 2. A temporal variation of the mean average of monthly npp (mnpp for different vegetation types in 2000 to 2004. 
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time-yearly, tYr (F(4, 280) = 0.30, P >0.875). This indicates 
that the NPPs of Mongolia terrestrial ecosystems during the 
years 2000 to 2004 had no statistical difference, and the NPP 
varied significantly among the months in a year (tMo) and 
vegetation types (VT).

The mean average of annual NPPs determined based on 
all of the months and vegetation types (shortened Yr_mNPP) 
for the years 2000 to 2004 were between 62.04 to 64.54 gC 
m–2 mo–1. The mean average of monthly NPP determined us-
ing all of the monthly NPPs in months in years 2000 to 2004 
(shortened Mo_mNPP) for the forest, grassland, desert steppe, 
and desert was 110.86, 67.22, 46.21, and 27.25 gC m–2 mo–1, 
respectively. Based on the Duncan’s test, those values were 
divided into four groups indicating that the Mo_mNPP of the 
vegetation types significantly differed from each other where 
forest > grassland > desert steppe > desert (Table 1). In ad-
dition, the mean average of monthly NPPs calculated using 
the monthly NPP of all of the vegetation types (abbreviated 
as VT_mNPP) were also statistically significant. The monthly 
VT_mNPP were also divided into four groups (Table 2). Briefly 
the VT_mNPP in June and July made the biggest biomass pro-
duction contribution to the Mongolian terrestrial ecosystem at 
around 80.10 gC m–2 mo–1, next 71.14 gC m–2 mo–1 in May and 
August, then 53.00 gC m–2 mo–1 in April and September, and 
finally 31.72 gC m–2 mo–1 in October. 

Figure 3 demonstrates the variation of NPP values in the 
terms of interaction of VT and tMo. NPP of the 28 combination 
of VT and tMo was classified into seven groups. Briefly, the 
June-Forest (JF) and July-Forest (JuF) have the highest NPP at 
around 145 gC m–2 mo–1. The May-Forest (MF) and August-
Forest (AuF) have the second highest NPP at around 130 gC m–2 
mo–1, and this is followed by the April-Forest (AF), September-
Forest (SF), June-Grassland (JG) and July-Grassland (JuG) with 
NPP around 90 gC m–2 mo–1. This indicates that the highest NPP 
value of Grassland in growing season is statistically identical 
to that of Forest during the months at the fringe of the grow-
ing season. The grassland NPP in April and September (AG and 
SG) was also the same as that of October-Forest (OF) and the 
NPP of Desert Steppe in the period May-August (MDS, JDS, JuDS, 
and AuDS) at around 50 gC m–2 mo–1.

Relationship for the Monthly Average Values of NPP and Climate Factors 
In Figure 4a, the monthly average temperature (mTemp) of each 
of the four ecosystems varied in a similar trend throughout 

the months and the years; while in Figure 4b, the monthly av-
erage precipitation (mPrep) in the areas of the four ecosystems 
changed temporally inconsistently. The mPrec in each of the 
terrestrial ecosystems showed a pattern similar to the pattern 
of mTemp. In July 2000, only the mPrec in desert area dropped 
off noticeably; this inconsistency reoccurred in the grassland 
ecosystem in July 2001; later, the mPrec in the grassland area 
increased abnormally in October 2002. The mPrec in the areas 
of each of the terrestrial ecosystems coincidentally dropped 
off following the same pattern in 2003, while an abnormally 
lower precipitation occurred in June of that year.

Climatic factors such as temperature and precipitation drive 
the vegetation productivity. The significance of the two vari-
ables on the prediction of vegetation NPP was further examined 
using regression analysis with ANOVA F-test. The relationship 
between the mean average of monthly NPP (shortened mNPP) 
and the mTemp or the mPrec in each of the terrestrial ecosys-
tems can be generalized using nonlinear model. In Figure 5, 
the level of NPP varied directly with a power function of the 
mTemp while increasing as a logarithm function of the mPrec 
for forest, grassland, desert steppe, and desert. Table 3 lists the 
fitted NPP models using the mTemp or the mPrec. Those models 
show a dramatic difference in the proportional change of mNPP 

among the terrestrial ecosystems. Briefly, 
the slope coefficient of the power models 
for grassland, forest, desert steppe, and des-
ert was 0.6495, 0.5964, 0.2154, and 0.1687, 
respectively; this implies that the effect 
of temperature on grassland mNPP was the 
largest followed by a lesser effect on forest, 
desert steppe, and finally desert. The slope 
coefficient of the logarithm models for for-
est, grassland, desert steppe, and desert was 
27.9592, 16.1714, 6.7736, and 2.3884, re-
spectively. This indicates that the precipita-
tion had a greater effect on the mNPP of forest 
and grassland and a smaller effect on desert 
steppe and desert. It may also be concluded 
that a significant anomaly precipitation will 
cause serious impact on terrestrial NPP (Pei 
et al., 2013). In the view of the coefficient of 
determination (R2) among the temperature-
based mNPP models, the mNPP variations in 
each of the Mongolian terrestrial ecosys-
tems can be explained by the mean average 
of monthly temperature being 81, 85, 71, 
and 64 percent for forest, grassland, desert 
steppe, and desert respectively. In contrast, 
the mNPP variations in forest, grassland, 

Table 1. resulT of The duncan’s TesT for The  
dIfference beTWeen The mo_mnpp of veGeTaTIon Types

Vegetation type Desert Desert steppe Grassland Forest

NPP 27.25 46.21 67.22 110.86

Grouping* a b c d

*: Alphabetical codes in the entries of “Grouping” stand for the 
grouping of the mean value of NPP as determined by Duncan’s test. 
NPP values with the same letter indicating that there is no difference 
between them at the 0.05 probability level.

Table 2. resulT of The duncan’s TesT for The  
dIfference beTWeen The vT_mnpp In monThs

Month Oct Sept Apr Aug May Jul Jun

NPP 31.72 51.90 54.09 69.63 72.65 79.81 80.39

Grouping* a b b c c d d
*: same as table 1.

Figure 3. Bar chart of the NPP values for the interactions of vegetation types (vT) and 
months (tmo). The error bar shows the standard error of npp and the alphabets above 
the bars represent the group codes.
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desert steppe, and desert can be explained by the monthly 
average precipitations of 50, 65, 48, and 26 percent, respec-
tively; each of the values was smaller than the temperature-
based mNPP model for its corresponding terrestrial ecosystems.

The positive relationship between NPP and monthly 
temperature and precipitation in Mongolia agrees with the 
conclusions of Tang et al. (2010) and Wang et al. (2011) 
that were derived from New England in northeast USA and 
Guizhou in southwest China. The relationship consistency 
among these regions also indicates that terrestrial ecosystems’ 
NPP in growing season varies increasingly with temperature 
and precipitation in typical continental climate, humid con-
tinental climate, and subtropical humid climate. It was also 
found that the effect of precipitation is negligible (coefficient 
is statistically identical to zero due to the P-value of t statistic 
is very large, e.g., P >0.15) if both temperature and precipi-
tation were applied simultaneously as predictors for NPP 
estimation in each of the terrestrial ecosystems using multiple 
regression analysis. It appeared that the precipitation is prob-
ably restrained by the temperature if both climatic factors are 
input into a regression model. This condition does not appear 
to have been addressed by other relevant articles. Since the 
coefficients of these two regressors were tested with VIF <3 as 
well as small values of conditional indices (ranging between 2 
and 6), the models should be free of multicollinearity. In sum-
mary, precipitation and temperature are logically the driving 
force of terrestrial ecosystems’ NPP while the prediction of NPP 
can be more complicated to clarify which one or both of them 
are imperative for better prediction in particular for regions 
with continental climates and subtropical humid climates. 
It is therefore suggested that further studies of the multiple 

effects of climatic factors on NPP prediction should be con-
tinuously carried out as well as exploration of a generalized 
model of climate factors on NPP in climate regions.

Change Pattern of the Increment Rate of mNPP
The percentage change of mNPP from between successive 
months (dNPP = 100*(mNPPt2 − mNPPt1)/mNPPt1) was used to 
determine the increment rate of mNPP for each of the vegeta-
tion types. A positive increment rate indicates vigorous plant 
growth. The dNPP of forest, grassland, desert steppe, and 
desert has shown that their temporal trends of growth rates in 
years 2000 to 2004 were very similar (Figure 6). The biggest 
positive slope of the trends was observed during the first pe-
riod April to May for all of the terrestrial ecosystems. This il-
lustrates that vigorous plant growth occurred and was almost 
identical in each of the early growing seasons. Subsequently, 
a smaller positive dNPP occurred in the second period May to 
June indicating the vegetation was able to keep a similar level 
of green biomass production in years 2000 to 2004. Another 
general trend is that negative dNPP occurred simultaneously 
in and after the period July to August among the terrestrial 
ecosystems demonstrating that the vegetative vigor in Mongo-
lia started to decrease and reached low productivity after July.

Another noticeable phenomenon in June 2003 is that the 
mPrec in each terrestrial ecosystem dropped off simultane-
ously. This suggests that the precipitation in June was abnor-
mal, particularly the degree of precipitation shortage in forest 
and grassland was more significant than desert steppe and 
desert. In comparison to the temporal trend of dNPP in Figure 
6, all of the terrestrial ecosystems could retain dNPP at the 
level of 20 percent in the second period May to June, a level 
that was rarely achieved in the same period in the other years. 

Figure 4. Temporal trends of (a) the monthly average temperature, and (b) precipitation of the vegetation types. The arrow indicates an 
abnormal drop in June during the growing season in 2003.
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This also indicates the temporally precipitation shortage in 
early of the growing season would not probably cause serious 
water-stress to forest and grassland. It is inferred that forest 
and grassland ecosystems seem less sensitive to a short-span 
shortage of precipitation during the growing season.

In contrast to the relationship demonstrated in previous 
section, forests tend to exist in an environment where soil 
moisture is sufficient such that increasing NPP is likely to be 
associated with higher temperature. In addition, Bat-Oyun et 
al. (2010) revealed by analyzing the effects of temperature and 
water stress on vegetation productivity that water stress is a 
stronger down-regulator of NPP in the Mongolian grasslands. 
The slight changes in rainfall during the critical months of 
May through July in this region resulted in a large difference in 
the aboveground NPP of the Mongolian plateau (Chuluun and 

Ojima, 2002). Moreover, the variation of annual NPP at given 
location are not only due to variations of precipitation amount 
but also probably due to changes in the growing season length 
(Piao et al., 2003) and nutrient availability (Owensby et al., 
1970). Grazing intensity is another driver of the decrease of 
NPP increment due to increasing numbers of livestock in Mon-
golia (Chen et al., 2007; Sugita et al., 2007; Li et al., 2005).

Changes of the Spatial Pattern of NPP Growth
Results of the factorial ANOVA reveal that Mongolian terres-
trial ecosystems’ NPPs exhibited significant difference among 
the interaction of vegetation types (VT) and during different 
months (tMo). Since the 95 percent confidence interval of 
the NPP values for the combination of VT and tMo was 17.24 
(gC m–2 mo–1), the Duncan’s multiple range test determined 

Table 3. The derIved mnpp models of The TerresTrIal ecosysTems In monGolIa

Vegetation types Regressor (x) Equations# (y is mNPP, gC m–2 mo–1) F# R2 R Model types

Forest mTemp y = 34.9889 + 18.7513x0.5964 69.9** 0.81 0.90 Power

mPrec y = 14.5106 + 27.9592ln(x) 33.5** 0.50 0.71 Logarithm

Grassland mTemp y = 30.5133 + 7.6005x0.6495 93.5** 0.85 0.92 Power

mPrec y = 17.8821 + 16.1714ln(x) 61.0** 0.65 0.81 Logarithm

Desert steppe mTemp y = 28.2790x0.2154 81.5** 0.71 0.84 Power

mPrec y = 29.8713 + 6.7736ln(x) 30.4** 0.48 0.69 Logarithm

Desert mTemp y = 17.7519x0.1687 57.9** 0.64 0.80 Power

mPrec y = 19.5453 + 2.3848ln(x) 11.3** 0.26 0.51 Logarithm

#: The symbol “**” indicates the F-value is significant at the probability 0.01. ##: mNPP is the abbreviation of the mean average of monthly 
NPP for different vegetation types.

Figure 5. An illustration of the relationship between the mean of monthly npp and the monthly average temperature or precipitation for 
the vegetation types: (a) forest, (b) grassland, (c) desert steppe, and (d) desert in Mongolia. The dots and circles in every subfigure repre-
sent precipitation and temperature respectively.

594 J u l y  2015  PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING



minimum significant difference (MSD) between any two 
values of monthly NPP was conservatively suggested 8.62 
(gC m–2 mo–1). The NPP increment (or growth) in a time span 
(a period from time 1 to time 2) can be defined as the differ-
ence of NPP for any two adjacent months in a year, i.e., DNPP 
= NPPt2-NPPt1. The value of MSD therefore could be applied to 
evaluate whether a NPP growth is statistically meaningful; 
specifically, a significantly positive growth (PG) will be coded 
as 1 if ΔNPP≥MSD, a significantly negative growth (NG) will be 
coded as -1 if ΔNPP<–MSD, and an insignificant growth (IG) 
will be coded as 0 when – MSD<ΔNPP<MSD indicating an stable 
growth. There are three kinds of spatiotemporal patterns that 
can be identified in the sequential images of NPP growth in 
Mongolia in the years from 2000 to 2004. Representatives of 
the spatiotemporal patterns can be seen in Figure 7. Briefly, a 
major positive growth happened in the early growing season, a 
pronounced insignificantly stable growth was seen during the 
middle growing season, and a major negative growth occurred 
in the late growing season. Detail of the NPP growth patterns 
are shown in Table 4.

Seasonal Trend of Percentage Area of Positive and Negative NPP Growth
In Figure 8, the percentage area of the significantly positive 
and negative growth (PASPG and PASNG) of Mongolia terrestrial 
ecosystems changed following a nonlinear trend throughout 
the time spans of the growing season. PASPG in the first span 
April to May (coded as AtoM) was the largest during the grow-
ing season; it ranged from 52 to 78 percent among the years 
2000 to 2004. In the second span May to June (coded as MtoJ), 
PASPG reduced in percentage to between 28 to 57 percent, and 
then reduced continuously during the subsequent time spans. 
The pronounced raise in 2003 has shown that the PASPG 
during the time span May to June differs obviously from the 
decreased trends in the other years. This phenomenon indi-
cates that the NPP growth in 2003 did not behave according to 
the general trend and also reflects the abnormal precipitation 
in 2003 that has been shown in Figure 7. On average, the five-
years-based PASPG was around 66, 36, 16, 2, 0, and 0 percent 
for the six time spans of the growing season, respectively. A 
very small amount of PASNG started during the second span 
May to June, then it increased around 3 to 18 percent during 
the third span, June to July (coded as JtoJ); after that, PASNG at 

the spans July to August (JtoA), August to September (AtoS), 
and September to October (StoO) increased sharply. In general, 
the five-years-based PASNG raised sharply from 0, 2, 11, 43, 70, 
and 77 percent during the six time spans, respectively.

Using the time span x as a regressor, where  x= {1, 2, …, 6} 
represents the span April-May, May-June, June-July, July-
August, August-September, and September-October, the value 
of PASPG and PASNG in the growing season could be well ex-
plained by sigmoid function. PASPG followed a declining non-
linear trend while in contrast PASNG varied like an increasing 
trend of a nonlinear curve. The slope of the fitted sigmoid model 
was -0.7518 and 0.5002 for PASPG (Equation 9) and PASNG 
(Equation 10) indicating that the percentage area of positive 
growth changed more sharply in a relatively shorter period of 
time than that of negative growth during the growing season.

y = 92.1618/(1+exp(–(x–1.6954)/–0.7518)), 
R2=0.9301, SE(y)=6.9481.  (9)

y = 77.7217/(1+exp(–(x–3.9075)/0.5002)), 
R2=0.9627, SE(y)=6.5135.  (10)

Conclusions
This study explored the spatial and temporal patterns of 
NPP of Mongolia over a five-year duration. Annual NPP of the 
whole area of Mongolia was around 0.71 PgC yr–1, which 
was mainly produced in the period from May to August, 
then April and September, and finally October. Although the 
nationwide annual NPP appeared to exhibit a trend of continu-
ously slight decrease from 2000 to 2003 and then a rise to the 
level of 2001 in the following year, the difference among the 
nationwide annual NPP in 2000 to 2004 was statistically insig-
nificant. For specific type of terrestrial ecosystems in Mongo-
lia, forest whose average monthly NPP (110 gC m–2 mo–1) in the 
growing season was the largest; compared to grassland, desert 
steppe, and desert; the productivity of these four terrestrial 
ecosystems was in the relative ratio of 4.1 : 2.5 : 1.7 : 1.0. The 
highest NPP of the grassland in June and July was almost equal 
to the forest’s NPP in April and September. The lowest NPP of 
the forest in October was very close to the NPP of grassland in 

Figure 6. Temporal changes of npp growth rate of the vegetation types in Mongolia.
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April and September and the pronounced NPP of desert steppe 
in the span May-August.

The monthly NPP of Mongolia revealed a spatial pattern 
that has close similarity to geographical distribution of the 
terrestrial ecosystems in the country. In the view of seasonal 
trend through the years, the mean of monthly NPP of the ter-
restrial ecosystems behaved as a parabolic curve or inverse 
U-shape in the growing season of a year. This temporal pat-
tern, which starts in April, peaks in June or July, and ends in 
October, was relatively stable in each terrestrial ecosystem 
and repeatable interannually.

In contrast to the mean of monthly NPPs, the increment 
of NPP in a succession of six growing periods from 2000 to 
2004 has shown three kinds of spatial patterns in which 
their positively and negatively significant growth and stably 

insignificant growth occurred in accordance with spatial and 
temporal variations. The derived common features of the NPP 
growth in Mongolia were a major positive growth which oc-
curred initially at the early stage of growing season, then an 
insignificant stable growth became dominant in the middle of 
the growing season, and finally negative growth turned out to 
be in the majority during the late stage of the growing season.

Mongolia has typical continental climate. The mean aver-
age of monthly terrestrial ecosystems’ NPP was positively 
related to the monthly average temperature and precipitation 
during the growing season in Mongolia. This relationship is 
similar to the one of the continental humid climate region 
such as New England in USA and the subtropical humid cli-
mate region such as Guizhou in China. More specifically, the 
mean average of monthly NPPs of the forest, grassland, desert 

Figure 7. Spatiotemporal patterns of the increment of npp in Mongolia. The growth of monthly npp (gC m–2 mo–1) are presented with white 
and black according to whether the increment is positively or negatively significant, respectively. The insignificant increment (stable 
growth) is presented in grey color.

Table 4. Temporally spaTIal feaTures of monGolIan npp GroWTh In 2000 To 2004
Months

Duration
Pattern 1

(2000, 2001)
Pattern 2

(2002 and 2004)
Pattern 3

(2003)

April- May Dominant PG in the Center / North of 
the country.

Dominant PG around the center and 
North (similar to Pattern 1).

PG or IG evenly distributed over 
the whole country.

May- June Some PG keeps mainly in the North. 
Mainly widely distributed IG.

Some PG in the North. Mainly 
widely distributed IG.

PG dominant in the Center / 
North. Some IG in the South. 

June- July Little PG in North / NW, some NG in 
NE. Widespread IG.

Partial PG in center and East. Mainly 
dominant IG with some NG in the 
North and West

PG continues partially and spreads 
East. Some NG in center / North. 
Mainly IG elsewhere.

July- Aug Little PG with large area of NG in the 
North. IG dominant in the South.

Little PG. Dramatic NG in the North. 
IG dominant in the South.

Little PG.  Increasing NG in center 
/ North. IG is dominant.

Aug- Oct NG dominant in the middle-north and 
then spreads widely over the country

NG dominant North to South. IG co-
dominant South. 

NG dominant in the North then 
spreads widely over the country
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steppe, and desert in Mongolia varied in a power function as 
temperature increased while changed in a logarithm func-
tion as precipitation increased. The effect of temperature and 
precipitation on the mean of monthly NPPs of forest and grass-
land was much stronger than desert steppe and desert. 
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SUSTAININGMEMBERS

3D Laser Mapping LTD 
Bingham, Nottingham, United Kingdom
www.3dlasermapping.com
Member Since: 2/2010

Acute3D
Sophia Antipolis, Cedex, France
www.acute3d.com
Member Since: 4/2014

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

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

Aero-Graphics, Inc.
Salt Lake City, Utah
www.aero-graphics.com
Member Since: 4/2009

AeroTech Mapping Inc.
Las Vegas, Nevada
www.atmlv.com
Member Since: 8/2004

Aerovel Corporation
White Salmon, Washington
www.aerovelco.com
Member Since: 10/2014

Air Photographics, Inc.
Martinsburg, West Virginia
www.airphotographics.com
Member Since: 1/1973

The Airborne Sensing Corporation
Toronto, Ontario, Canada
www.airsensing.com
Member Since: 1/2013

Axis GeoSpatial, LLC
Easton, Maryland
www.axisgeospatial.com
Member Since: 1/2005

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

BNP Media, Point of Beginning Magazine
(formally POB Magazine)
Troy, Michigan
www.bnpmedia.com
Member Since: 7/2006

Bohannan Huston, Inc.
Albuquerque, New Mexico
www.bhinc.com
Member Since: 11/1992

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

Certainty 3D LLC
Orlando, Florida
www.certainty3d.com
Member Since: 11/2012

CompassData, Inc.
Centennial, Colorado
www.compassdatainc.com
Member Since: 3/2014

DAT/EM
Anchorage, Alaska
www.datem.com
Member Since: 1/1985

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

DigitalGlobe
Longmont, Colorado
www.digitalglobe.com
Member Since: 7/1996

DMC International Imaging Ltd.
Guildford, Great Britain
www.dmcii.com
Member Since: 3/2008

Dynamic Aviation Group, Inc.
Bridgewater, Virginia
www.dynamicaviation.com
Member Since: 4/2003

Eagle Mapping, Ltd
British Columbia, Canada
www.eaglemapping.com
Member Since: 1/1999

Elecnor Deimos Imaging
Boecillo - Valladolid, Spain
www.deimos-imaging.com
Member Since: 1/2014

Environmental Research Incorporated
Linden, Virginia
www.eri.us.com
Member Since: 8/2008

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

EXELIS
Boulder, Colorado
www.exelisvis.com
Member Since: 1/1997

Flatdog Media, Inc./Professional Surveyor 
Magazine
(formally Reed Business-Geo)
Frederick, Maryland
www.profsurv.com
Member Since: 1/1998

Fugro EarthData, Inc. 
(formally EarthData, Inc.)
Frederick, Maryland
www.earthdata.com
Member Since: 1/1994

GeoBC
Victoria, Bristish
www.geobc.gov.bc.ca
Member Since: 12/2008

GEOconnexion International
Cambridge, United Kingdom
www.geoconnexion.com
Member Since: 11/2011

GeoCue Corporation
(formerly NIIRS10, Inc.)
Madison, Alabama
info@geocue.com
Member Since: 10/2003

Global Science & Technology, Inc.
Greenbelt, Maryland
www.gst.com
Member Since: 10/2010

GRW Aerial Surveys, Inc.
Lexington, Kentucky
www.grwinc.com
Member Since: 1/1985

Harris Corporation
Melbourne, Florida
www.harris.com
Member Since: 06/2008

Hexagon Geospatial      
Norcross, Georgia
www.hexagongeospatial.com
Member Since: 4/2015

HyVista Corporation 
Castle Hill, Australia 
www.hyvista.com
Member Since: 3/2010

ICAROS, Inc.
Fairfax, Virginia 
www.lcaros.us
Member Since: 2/2013

Intergraph (ERDAS Inc.)
Norcross, Georgia
www.intergraph.com/geospatial
Member Since: 1/1985
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Keystone Aerial Surveys, Inc.
Philadelphia, Pennsylvania
www.keystoneaerialsurveys.com
Member Since: 1/1985

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

Lead’Air, Inc. 
(formerly Track’air BV)
Kissimmee, Florida
www.trackair.com
Member Since: 6/2001

LizardTech
Seattle, Washington
www.lizardtech.com
Member Since: 10/1997

Magnolia River Geospatial
(formerly Aeroquest Optimal, Inc./Optimal 
Geomatics)
Huntsville, Alabama
www.magnolia-river.com
Member since: 2/2006

MDA Information Systems LLC
(formerly MDA Federal Inc.) 
Gaithersburg, Maryland
www.mdaus.com
Member Since: 1/1993 (rejoined in 2011)

Merrick & Company
Greenwood Village, Colorado
www.merrick.com/gis
Member Since: 4/1995

Michael Baker Jr., Inc.
Beaver, Pennsylvania
www.mbakercorp.com
Member Since: 1/1950

Microsoft UltraCam Team (Vexcel Imaging, 
GmbH)
Graz, Austria
www.microsoft.com/ultracam
Member Since: 6/2001

Miller Creek Aerial Mapping, LLC
Seattle Washington
http://www.mcamaps.com/
Member Since: 12/14

NGA-National Geospatial-Intelligence 
Agency
Springfield, Virginia
https://www.nga.mil
Member Since: 11/2008

NOAA National Geodetc Survey
Silver Spring, Maryland
www.ngs.noaa.gov
Member Since: 7/2009

North West Group
Calgary, Canada
www.nwgeo.com
Member Since: 1/1998

NSTec, Remote Sensing Laboratory 
Las Vegas, Nevada
www.nstec.com
Member Since: 7/2005

Observera, Inc.
Chantilly, Virginia
www.observera.com
Member Since: 7/1995

PANalytical NIR
(formerly ASD)
Boulder, Colorado
www.asdi.com
Member Since: 1/1998

PCI Geomatics
Richmond Hill, Ontario, Canada
www.pcigeomatics.com
Member Since: 1/1989

Pickett & Associates, Inc.
Bartow, Florida
www.pickett-inc.com
Member Since: 4/2007

Pictometry International Corp.
Rochester, New York
www.pictometry.com
Member Since: 5/2003

Pix4D US, Inc.
San Francisco, California
www.pix4d.com
Member Since: 10/2014

Riegl USA, Inc.
Orlando, Florida
www.rieglusa.com
Member Since: 11/2004

Robinson Aerial Survey, Inc. (RAS)
Hackettstown, New Jersey
www.robinsonaerial.com
Member Since: 1/1954

SIIS (SI Imaging Services)
Daejeon, Republic of Korea
www.si-imaging.com
Member Since: 4/2015

The Sidwell Company
St. Charles, Illinois 
www.sidwellco.com
Member Since: 1/1973

Spectral Evolution
North Andover, Massachusetts
www.spectralevolution.com
Member Since: 10/2010

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

Teledyne Optech 
Toronto, Canada
www.teledyneoptech.com
Member Since: 1/1999

Trimble
Westminster, Colorado
www.trimble.com
Member Since: 4/1994

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

University of Twente/Faculty ITC
[formerly International Institute for Geo-In-
formation Science and Earth Observation 
(ITC)]
Enschede, Netherlands
www.itc.nl
Member Since: 1/1992

USDA/National Agricultural Statistics Service
Fairfax, Virginia
www.nass.usda.gov
Member Since: 6/2004

U.S. Geological Survey
Reston, Virginia
www.usgs.gov
Member Since: 4/2002

Visual Intelligence Systems, LP 
Houston, Texas
www.visualintelligenceinc.com
Member Since: 4/2014

Wilson & Company, Inc., Engineers &  
Architects
Albuquerque, New Mexico
www.wilsonco.com
Member Since: 3/2007

Wiser Company, LLC
Murfreesboro, Tennessee
www.wiserco.com
Member Since: 7/1997

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

XEOS Imaging Inc.
Quebec, Canada
www.xeosimaging.com
Member Since: 11/2003

SUSTAININGMEMBERS



What does an ASPRS 
Member look like?

You!
Join ASPRS (American Society for Photogrammetry and Remote 
Sensing), the premier international society of over 6,500 geospatial 
professionals from private industry, government, and academia. 
Together we advance imaging and geospatial information into the 21st 
century.

Geospatial professionals are critically needed to help rebuild our 
country’s infrastructure. In this age of economic and environmental 
uncertainty, you are essential to building the tools for inventorying 
resources, monitoring change, and predicting the outcome of 
management and policy decisions across space and time. ASPRS 
provides you with a forum for networking, scientific exchange, 
consensus building, and outreach.

THE
IMAGING & GEOSPATIAL
INFORMATION SOCIETY



A clear level of standard in an unclear environment
http://www.asprs.org/Certification-Program/Introduction-to-ASPRS-Certification-Program.html
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