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MANUAL OF REMOTE SENSING
Fourth Edition

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

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

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

NOW AVAILABLE!
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The goal of the Manual of Remote Sensing-4 was to create a more effective, affordable, and durable Man-
ual, and to broaden its scope to include economic and societal benefits. Effective in the sense that MRS-
4’s content could be found online as an enhanced e-book; affordable in the sense that content could be 
retrieved by everyone on an annual subscription basis; and durable in the sense that it could be easily up-
dated as a “living” manual through fresh, contributor-driven and vetted material as technologies advance. 

It does not reprise the extensive mathematical basis for remote sensing given in MRS-2, but instead focuses on system 
designs; data processing, storage, and retrieval; and on societal applications. A key feature of this concept is to facil-
itate timely updates of cutting edge or new developments from a wide spectrum of sophisticated contributors facile 
collectively with the technological, mathematical, and utilitarian aspects of Earth and space sciences. 
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as a member benefit or 
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INDUSTRYNEWS To have your press release published in 
PE&RS, contact Rae Kelley, rkelley@asprs.org.

ANNOUNCEMENTS

GeoCue Group is pleased to announce a partnership with 
Sumac Geomatics Incorporated, based in Thunder Bay, Ontario, 
as a Canadian distributor for GeoCue’s True View® integrated 
LIDAR/Imaging sensors for UAV/drone operations.  Sumac 
Geomatics will be supporting True View customers in Ontario 
and Manitoba.  GeoCue’s new True View product line provides 
integrated drone-based 3D LIDAR/Imaging sensors with full 
workflow software from data capture to product generation.  The 
True View 410 is available for immediate delivery, with additional 
models being introduced later this year.  True View sensors are 
available as a traditional equipment purchase or as an innovative 
Hardware-as-a-Service (HaaS) subscription model.

Sumac Geomatics is a service provider to the forestry, mining 
and civil engineering sectors.  With strong foundations in 
Geographic Information Systems (GIS), remote sensing, photo-
grammetry, and field services, Sumac’s team has a reputation of 
delivering projects across Canada, especially in remote locations 
and communities.  In a rapidly evolving industry, Sumac works 
hard to stay on the cutting-edge of software, hardware, and 
operational advances to remain responsive and effective both 
in the field and in the office.  The company was one of the first 
in Canada to pioneer the commercial use of Remotely Piloted 
Aerial Systems (drones) and photogrammetry for high resolution 
mapping and surveying, has developed new approaches to forest 
operations planning, and is the Eastern Canada field service 
partner for the Photodocufy facility documentation service.  
More recently, Sumac has diversified its business with a hard-
ware solutions business line.  This includes becoming Canadian 
sales and service representative for the Teledyne Optech Cavity 
Monitoring System (CMS), an industry standard technology for 
monitoring/measuring stope-based mining.  Sumac’s project 
experiences are now perfectly suited to bringing the True View 
3D imaging system to its customers in Ontario and Manitoba. 

To learn more, visit www.geocue.com.

Teledyne Optech, a Teledyne Technologies, is pleased to 
announce that OGL Engineering of Calgary, Alberta is the first 
Canadian company to purchase the Optech Galaxy T2000 lidar 
sensor. With the purchase of the Galaxy T2000 and a GSM4000 
sensor mount, OGL will increase the efficiency of their aerial 
data collection, which includes projects for a variety of industries 
including: electric utilities, pipelines, forestry, mining, and 
government infrastructure. As a team that provides A to Z 
aerial survey services from project design and data acquisition, 
through to data processing and engineering analysis, OGL 
understands how integral a reliable and efficient data acquisi-
tion solution is to achieve project success. 

The Galaxy T2000 boasts a true 2 MHz laser emission rate 
directed fully to the ground by a new high frequency, pro-
grammable scanner for effective point distribution. Combined 

with Teledyne Optech’s patented SwathTRAK™ capability, 
the Galaxy T2000 is capable of maintaining fixed-width data 
swaths in mountainous terrain via an innovative and dynamic 
field-of-view (FOV), enabling far fewer flight lines and more 
equidistant point spacing compared to fixed-FOV sensor designs.

Find out more at www.teledyneoptech.com.

EQUIPMENT

A SPECTRAL EVOLUTION distributor in China, Azup 
International Group, Ltd., mounted a new RS-8800 field spect-
roradiometer on a drone and took some field scans. 

The RS-8800 field spectroradiometer is a full range (350-
2500nm) high resolution/high sensitivity system including an 
Internet of Things (IoT) operating system that allows you to 
operate the system by iPhone, Android device, or tablet. In 
combination with our new Sensa/Tilt™ gimbal stabilized fiber 
holder, researchers can access and store more important field 
data in addition to their scans, including:

• A picture of the exact sample Field of View that you want 
to scan

• The angle of the scan
• The sun height angle
• The GPS location
The SR-8800 uses its IoT operating system to control the pistol 

grip functionality so that any user can get consistent scans. The 
IoT uses a WiFi network accessed by an Android device, iPhone 
or tablet for controlling the system and downloading data stored 
on the instrument.

For more information, visit: https://spectralevolution.com/
applications/remote-sensing/rs-8800-mounted-on-a-drone/.

CALENDAR

• 7-9 May, GISTAM 2020—6th International 
Conference on Geographical Information Systems 
Theory, Applications and Management, Prague, 
Czech Republic. For more information, visit: www.gistam.
org/. 

• 18-20 May, UAV STRATUS, Buffalo, New York. For more 
information, visit http://stratus-conference.com/home.

• 20-22 May, AutoCarto 2020, Redlands, California. For 
more information, visit https://cartogis.org/autocarto/. 

• 15-22 August, 43rd COSPAR Scientific Assembly, 
Sydney, Australia. For more information, visit www.
cospar-assembly.org/. 

mailto:rkelley@asprs.org
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PEER-REVIEWED ARTICLES
215 Satellite-Imagery Geometric Accuracy Improvement Based 
on Direct Correction of Dominant Coefficients
Xinming Tang, Changru Liu, Ping Zhou, Ning Cao, Fengxiang Li, and Xia Wang

An important and difficult point in the application of satellite imagery is refining the 
positioning model and improving the geometric accuracy. In this article, we focus on 
improvement in geometric accuracy and develop a new rational function model (RFM) 
refinement method. 

225 Temporal Validation of Four LAI Products over Grasslands in 
the Northeastern Tibetan Plateau
Gaofei Yin, Ainong Li, Zhengjian Zhang, and Guangbin Lei

Time series of leaf area index (LAI) products are now widely used, and the temporal 
validation is the prerequisite for their proper application. However, a systematical 
comparison between different products using both direct and indirect methods 
is still lacking. The objective of this paper is to assess and compare the temporal 
performances of four LAI products: Moderate Resolution Imaging Spectroradiometer 
(MODIS) LAI (MOD)15A2, MOD15A2h, Geoland2 Version 1 (GEOV1), and Global Land 
Surface Satellite (GLASS).

235 Building Extraction from High-Resolution Remote Sensing 
Images Based on GrabCut with Automatic Selection of 
Foreground and Background Samples
Ka Zhang, Hui Chen, Wen Xiao, Yehua Sheng, Dong Su, and Pengbo Wang

This article proposes a new building extraction method from high-resolution remote 
sensing images, based on GrabCut, which can automatically select foreground and 
background samples under the constraints of building elevation contour lines. 

247 Topographic and Geomorphological Mapping and Analysis 
of the Chang’E-4 Landing Site on the Far Side of the Moon
Bo Wu, Fei Li, Han Hu, Yang Zhao, Yiran Wang, Peipei Xiao, Yuan Li, Wai Chung Liu,  Long 
Chen, Xuming Ge, Mei Yang, Yingqiao Xu, Qing Ye, Xueying Wu, and He Zhang

The Chinese lunar probe Chang’E-4 successfully landed in the Von Kármán crater on the far 
side of the Moon. This article presents the topographic and geomorphological mapping and 
their joint analysis for selecting the Chang’E-4 landing site in the Von Kármán crater. 
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The United States purchased Alaska from Russia in 1867 for $7.2M.  Alaska 
became a state in 1959 and has vast natural resources that remain largely unex-
plored today.  Alaska was never mapped to National Map Accuracy Standards and 
has never had statewide digital orthophotos -- common in every other state. Why, 
you ask?  Even today, there are very few photo-identifiable control points in a large 
state that spreads over 10 UTM zones; GPS hadn’t been invented yet in the 1960s 
to survey in remote areas, many of which are inaccessible; for decades, we didn’t 
have cloud free aerial or satellite imagery in many areas because of persistent 
cloud cover; and modern aerial triangulation techniques had not been invented 
yet.  It was no surprise to learn that some mountains in the National Elevation 
Dataset had been mapped a mile away from their correct location, so attempts to 
produce orthophotos resulted in streams that appeared to flow over hills rather 
than through the valleys.  

In 1884, John Wesley Powell, 2nd Director of the U.S. Geological Survey (USGS), in 
his testimony to Congress, stated: “A Government cannot do any scientific work of 
more value to the people at large, than by causing the construction of proper topo-
graphic maps of the country.” That statement is as true today as it was in 1884.  

In 2008, the Alaska Statewide Digital Mapping Initiative (SDMI) hired Dewberry 
Engineers to prepare the Alaska DEM Whitepaper that recommended aerial IfSAR 
(which maps through clouds) for statewide mapping at mid-accuracy. Dewberry 
was selected to write this whitepaper because it had edited and authored the 
ASPRS textbook: Digital Elevation Model Technologies and Applications: The DEM 
Users Manual that provided guidance on the need to establish user requirements, 
accompanied by chapters explaining the advantages and disadvantages of pho-
togrammetry, IfSAR, topographic and bathymetric lidar, and sonar for mapping of 
elevations from the tops of the mountains to the depths of the waters. Dewberry 
stressed the fact that the topographic layer is foundational and must be correct 
in order for other mapping layers to fit together in compliance with accuracy 
standards 

In 2009, Dewberry prepared the Alaska DEM Funding and Implementation Plan on 
how to pay for statewide IfSAR mapping by cost sharing among stakeholders.  Be-
tween 2010 and 2020, as a USGS prime contractor, Dewberry subcontracted with 
Fugro EarthData and Intermap Technologies to produce hydro-enforced DTMs and 
DSMs and Ortho-rectified Radar Imagery (ORIs), with QA/QC checkpoints surveyed 
by JOA Surveys. Dewberry performed all management and QA/QC.  Dewberry also 
subcontracted with CompassData to survey the official elevation of Denali (20,310 
ft.) with GPS and to survey the depth of the ice and snow on Denali’s peak (6.1 
meters) using ground penetrating radar (GPR). 

The IfSAR mapping was paid for by USGS, the state of Alaska, and other federal 
stakeholders, and cost $67.3M to complete in 2020.  Statewide US Topo maps and 
digital orthophotos will be available from USGS in 2021.

The front cover, from Intermap Technologies, compares the hydro-rich IfSAR DTM 
(top) with the prior DTM from the NED (bottom) for a portion of the Kuskokwim 
River.  The accompanying highlight article summarizes the challenges and joys of 
mapping America’s Last Frontier. The article includes several quotes from Kevin 
Gallagher, USGS Associate Director, Core Science Systems, who provides great 
insights into the value of this mapping program now, and over the next 20, 30 or 
50 years.

www.facebook.com/ASPRS.org
www.twitter.com/ASPRSorg
www.youtube.com/user/ASPRS


PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING Apr i l  2020  201

Brought to you by:

HIGH-ACCURACY 
UAS MAPPING WORKSHOP

Standards, Principles, and Best Practices

AUVSI  XPONENTIAL
May 4 - 7, 2020 | Boston, MA

Are you frustrated by not achieving the results your surveyor or 
engineering client expects, despite your investment in drone 
technology? If you are like many entrepreneurs in this industry, 
you started with a drone and a basic camera and ran into 
problems with hardware performance, digital product accuracy, 
and lack of good data in areas of heavy vegetation.

To learn basic principles and to avoid missing out on the latest 
technology advances, you may bene�t from having someone 
explain system design, best practices, and quality control 
processes step-by-step, in simple terms, without a lot of 
equations and complicated jargon.

The ASPRS High-Accuracy UAS Mapping Workshop provides you 
the opportunity to hear from geospatial professionals with years 
of practical experience who are now working on the “bleeding 
edge”, using UAS to produce accurate products that meet client 
expectations.

ASPRS has been leading the world for over 80 years, advancing 
standards in photogrammetry, mapping and remote sensing and 
providing certi�cation for practitioners who have the right skills 
and a proven track record. ASPRS can help you achieve the 
results you and your clients are looking for.

WHAT YOU'LL LEARN

DISCOVER ALL THE DETAILS
https://conferences.asprs.org/AUVSI-2020

•    How do professionals assure the 
quality and accuracy of their results?

•    What is photogrammetry and why is it 
important?

•    What are best practices for mapping 
with drone imagery in a variety of use 
cases?

•    When you should use you 
drone-based lidar?

•    What are best practices for mapping 
with drone lidar in a variety of use 
cases?

•    What circumstances favor mapping 
with drones over conventional 
platforms?



The Challenges and 
Joys of Mapping 
America’s Last 
Frontier

An interview with Dr. Dave Maune, 
Project Manager for Alaska Statewide 
IfSAR Mapping

Although all other states had USGS 1:24,000-scale topographic quad maps produced to National 
Map Accuracy Standards (NMAS) as well as large-scale orthophotos refreshed every few years 
to modern digital mapping standards, Alaska has never had statewide orthophotos, and its 
1:63,360-scale topo quad maps from USGS did not satisfy NMAS for several reasons: (1) lack of 
cloud-free stereo imagery; (2) lack of photo-identifiable ground control; and (3) because photogram-
metric block triangulation and GPS technologies hadn’t been invented yet when USGS produced 
Alaska’s quad maps many decades ago. Recent attempts to produce digital orthophotos by draping 
satellite imagery over DEMs from the National Elevation Dataset (NED) failed because the NED 
was too inaccurate to support orthorectification, as demonstrated by Figure 1. 

Figure 1. The NED’s low-res 60m DEM had horizontal errors 
as large as one mile in the Brooks Range, shown here. When 
draping satellite imagery over a DEM from the NED, some riv-
ers flowed uphill and not through valleys as they should. Image 
courtesy of UAF GINA.

“ 
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“

Why was Alaska never previously mapped to National 
Map Accuracy Standards?



At the Alaska Surveying and Mapping Conference in 2008, 
I used ASPRS’ DEM Users Manual (that I authored/edit-
ed) as a reference, explaining why the topographic layer is 
foundational for producing orthoimagery and other mapping 
layers. The DEM Users Manual explained the need for es-
tablishing DEM requirements first -- prior to deciding what 
DEM technology to use. Alaska then hired Dewberry to 
produce the Alaska DEM Whitepaper. Contrary to my lidar 
recommendations elsewhere, the Alaska DEM Whitepaper 
recommended aerial IfSAR statewide for Alaska because 
our requirements analysis indicated that DSMs and DTMs 
with 20’ contour accuracy satisfied known statewide require-
ments, including immediate aerial navigation and safety 
requirements of the Federal Aviation Administration (FAA), 
and because IfSAR could meet this requirement while map-
ping through persistent clouds. Alaska then asked USGS to 
contract with Dewberry to execute statewide IfSAR mapping 
under its USGS GPSC contract.

Figure 2.  Looking up at Denali (20,310 ft.) from the base camp 
at 7,000 ft. from which 4 surveyors traversed ~83 miles hor-
izontally and climbed ~6 miles vertically (including back-and-
forth caching) while carrying over 700 pounds of equipment 
each year to the peak to perform GPS & GPS surveys in 2015 
and 2016. Image courtesy of CompassData.

Despite the logistical challenges in GPS surveying IfSAR 
prism reflectors and QA/QC checkpoints throughout vast 
remote areas of Alaska, the Dewberry team knew that we 
could do the job technically, but we didn’t know how much 
it would cost or who would pay for it. I authored the Alaska 
DEM Funding & Implementation Plan that recommended 
cost sharing among multiple federal and state stakeholders, 
and Dewberry worked with its two IfSAR subcontractors to 
submit a technical proposal to USGS. We estimated it would 
cost $77.3M to map Alaska over a 2-year period, with Fugro 
EarthData mapping the most-difficult 23% of the state using 
its GeoSAR system, and Intermap Technologies mapping the 
less-difficult 77% of the state using its (three) STAR systems. 
Fugro’s perceived advantage was that the GeoSAR included 
both X-band and P-band; combined with GeoSAR’s lidar pro-
filer, the P-band should be better able to map DTMs through 
dense forests, but Fugro did not have a mature production 
line for doing this. Intermap’s advantage was that it had pro-
duced NEXTMap®Europe, NEXTMap®Britain, and NEXT-
Map®USA over 49 states; it had a mature production line for 
delivering standard products that exceeded USGS specifica-
tions for mid-accuracy DEMs, even though it used algorithms 
to estimate vegetation heights for production of DTMs from 
X-band IfSAR that maps top reflective surfaces (DSMs).
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“A Government cannot do any 
scientific work of more value 
to the people at large, than by 
causing the construction of proper 
topographic maps of the country,” 
by John Wesley Powell, 2nd Director 
of USGS, in his testimony to 
Congress on December 5, 1884.”

“ “

Why was Dewberry selected to 
solve Alaska mapping problems?

“ 

“

What were your initial challenges?

 



We first needed to develop consensus on standards, specifica-
tions, priorities and deliverables. Dewberry provided overall 
project management and rigorous QA/QC, using checkpoints 
from JOA Surveys. Data were delivered in the Alaska Albers 
projection, then converted to multiple file formats for USGS 
and NGA. Elevation data was delivered in both orthometric 
and ellipsoid heights, using Geoid09 throughout for consis-
tency. Intermap’s Ortho-rectified Radar Images (ORIs) had 
62.5-cm resolution, whereas Fugro’s ORIs had 2.5-meter res-
olution – both better than USGS’ 5-meter resolution require-
ment. Fugro delivered hydro-enforced DSMs and DTMs that 
met USGS’ hydro specifications whereas Intermap’s stan-
dard hydro masks exceeded USGS specifications for lakes 
and double-line streams. USGS received data that exceeded 
specifications, but this caused edge-join issues and incon-
sistencies along seam lines between the two firms. Mapping 
the easier terrain, Intermap routinely exceeded accuracy 
specifications whereas Fugro struggled to satisfy accuracy 
requirements partly because the P-band didn’t just penetrate 
vegetation, but sometimes also penetrated the ground, de-
pending on soil wetness. Fugro developed an X-band/P-band 
hybrid model for DTMs, but some issues remained. Geo-
SAR appeared to lower Denali’s peak elevation by 60+ feet, 
possibly from IfSAR foreshortening, shadow or layover. This 
caused Dewberry to launch two expeditions to climb Denali 
in 2015 to GPS survey the official elevation of the top of the 
ice and snow (at 20,310 ft), returning in 2016 to install a 
USGS survey monument at Windy Corner and to use ground 
penetrating radar (GPR) to measure the 6.1-meter depth of 
ice and snow on the peak. Both years, Blaine Horner of Com-
passData led 4-person teams that carried equipment loads of 
over 700 pounds from their base camp at 7,000’, to the peak, 
under extremely difficult conditions. 
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Figure 3. Rather than being funded efficiently for large contiguous blocks in two 
years, small non-contiguous blocks were mapped each year between 2010 and 
2019 as funds became available from different stakeholders. This also impacted 
Dewberry’s ability to efficiently acquire annual QA/QC checkpoints in advance of 
accuracy testing.

In addition to these technical and logistical challenges, USGS 
lacked the funding necessary to acquire the data efficiently 
in large contiguous blocks over a 2-year acquisition period. 
Instead, as funds became available from diverse stakeholders, 
funding was received in piecemeal fashion for smaller blocks 
each year between 2010 and 2019 (see Figure 3) for annual 
project areas. By the time funds were available in 2019 for 
mapping of Kodiak Island which we had planned to map with 
GeoSAR (because of the rugged terrain and dense forests), 
GeoSAR had already been retired from service by Fugro and 
was no longer operating commercially. Intermap did the best 
they could to map Kodiak Island with X-band IfSAR only.

Because funds were received so erratically in small, inefficient 
acquisition blocks, members of the Dewberry team acquired 
much data on speculation, taking financial risks and not 
knowing whether they would ever be paid. 

Figure 4. Intermap efficiently mapped all Alaska 1-degree cells shown in pink, 
and Fugro efficiently mapped all cells shown in blue.

Figure 5. JOA Surveys efficiently surveyed 1,044 QA/QC checkpoints in 
remote terrain within each of the cells mapped by Intermap and Fugro.

“ “

What challenges did you face once 
you received funded task orders?
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My biggest joy is that we successfully mapped all of Alaska, 
consistently meeting or exceeding USGS’ specifications, at a 
total cost of $66.3M, rather than the $77.3M originally esti-
mated. This is a tribute to cost efficiencies by all involved.

My second joy is knowing the vast improvement in usability 
of IfSAR DEMs compared to the prior DEMs from the NED. 

 y In preparing the initial Alaska DEM Whitepaper, I 
learned of the importance of hydro features to Alaskans. 
Figure 6 (courtesy of Intermap) shows the richness of the 
hydro features from IfSAR, compared with sparse hydro 
features in the NED. Hydro-enforced IfSAR DTMs are 
now being used to update National Hydrography Data-
sets (NHD) throughout Alaska.

 y I also learned of the importance of being able to map 
through clouds and produce digital orthoimages. Figure 
7 shows how higher-resolution greyscale IfSAR ORIs can 
be used to pan-sharpen lower-resolution color satellite 
imagery; and Figure 8 demonstrates how IfSAR ORIs can 
be used to produce color orthophotos, even when satellite 
images are cloudy.

Figure 6. Aerial IfSAR (top) of Kuskokwim River compared with the prior NED 
(bottom). IfSAR hydro features are extremely rich.

Figure 7. This figure demonstrates how to pan-sharpen 5m color satellite 
imagery with 62.5-cm greyscale IfSAR ORIs. 

Figure 8. This figure demonstrates how IfSAR ORIs can be used to pan-sharp-
en cloudy satellite imagery – mapping through the clouds.

“The detailed mapping of elevation in the State of 
Alaska significantly improves the economy, quality of life 
and safety of our largest State. It satisfied needs for 
flood modeling, flight safety, precision forestry, landslide 
modeling, critical minerals assessments, natural resource 
assessments, and transportation and infrastructure 
development. And while the data that has been collected 
has significant value today, it will be even more 
valuable 20, 30 or 50 years from now as it will provide 
a baseline for which changes can be measured. For 
example, changes in shoreline, glacial mass, subsidence 
and hydrologic regime. It raises Alaska to the modern 
mapping standard and it opens the door for the next 
chapter in the future of Alaska, a future that recognizes 
Alaska as a natural resource wonder, a thriving economy 
and strategic national security interest.” By Kevin T. 
Gallagher, USGS Associate Director, Core Science Systems.

“ “

What are your greatest joys, now 
that the project is complete?
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Figure 11. Blaine Horner (left) with 
Rhett Foster, Udi Karriere and Tom 
Heinrichs prior to flying to the Base 
Camp at 7,000’ for their climb to GPS 
survey Denali’s peak in 2015.

Figure 12. Kristen Schild (left) with hus-
band Seth Campbell, Patrick Saylor and 
Blaine Horner at the Base Camp prior 
to their climb to GPR survey the ice/
snow depth on Denali’s peak in 2016.

Figure 13. In 2016, Blaine Horner 
installed and surveyed a USGS survey 
marker at Windy Corner and then 
rescued two badly injured European 
climbers who had fallen.

My third joy is in finding that everything now fits when drap-
ing satellite imagery over IfSAR DTMs. See Figures 9 and 10.

My fourth joy is exhilaration received from Blaine Horner’s two 
mountaineering expeditions to perform GPS and GPR surveys 
to officially survey Denali’s elevation at 20,310 ft and the depth 
of the ice/snow at 6.1 meters. Whereas many have died at-
tempting to climb Denali with no extra heavy burden to carry, 
Blaine Horner’s two teams, shown in Figures 11 and 12, carried 
over 700 pounds of car batteries, power tools and other heavy 
equipment both years to the top. During his 2016 expedition, 
Blaine even won NPS’ Mislow-Swanson Denali Pro Award for 
saying the lives of two badly injured European climbers. 

My fifth joy is knowing the 7.5-minute 1:25,000-scale US Topo 
map series of Alaska, to include statewide orthoimagery, will 
be completed in 2021 (Figures 14 and 15 courtesy of USGS). 
With IfSAR completed in 2020, USGS will acquire commercial 
satellite imagery in 2021 for orthorectification to the IfSAR. 
The Dewberry team is proud of its accomplishments in provid-
ing the accurate topographic foundational layer to which other 
layers now fit. (Figure 16).

Figure 10. The top image shows a 
satellite image draped over the IfSAR 
DTM of Denali’s peak. The lower im-
age shows a Denali fly-by photograph 
taken by E-Terra. The similarity is 
remarkable.

Figure 9. This is a satellite image draped over the IfSAR DTM of Mt. Hayes, 
then viewed from a perspective selected by Dewberry. Compare this image 
with Figure 1 to see the vast improvements.

Figure 14. US Topo of Juneau with shaded relief turned on.
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Figure 15. Glaciated US Topo with orthoimagery layer turned on.

Figure 16. the proud Dewberry team includes Fugro, Intermap, JOA Surveys and 
CompassData.

Lastly, it gives me great joy that America’s Last Frontier was 
mapped with such outstanding teamwork, not just by the 
Dewberry team but by numerous federal and state stake-
holders.  In addition to organizing Skybreaking events that 
showcased the SAR aircraft and technology, Nick Mastrodica-
sa of AK DOTPF arranged for OMB and over 20 other federal 
agencies to meet for the first Alaska Mapping Roundtable 
in Washington, D.C. in 2012 (Figure 17).  After briefings by 
Alaska’s Lt Gov Mead Treadwell, Dave Maune, Nick Mast-
rodicasa and briefers from USGS, agency executives unan-
imously agreed on the urgent need for accurate mapping of 
Alaska which holds major natural resources and is becoming 
more vital each year as marine navigation routes are opening 
through the Arctic and as the search expands for mining of 
critical minerals for USGS’ Earth Mapping Resources Initia-
tive (Earth MRI). Ultimately, $66.3M in funding was received 
from USGS, the State of Alaska, NRCS, BLM, NPS, DOD, 
USFS, and FWS. Senator Lisa Murkowski led the effort to 
obtain needed funding at the federal level. Project success 
can be attributed to collaboration by all involved. This was a 
total team effort and its major reason for success.

Dr. Dave Maune, is an 
Associate Vice President 
at Dewberry Engineers, 
Inc., headquartered in Fairfax, Virginia, with more than 50 
locations and 2,000+ professionals nationwide. Dave is best 
known as the editor and principal author of all three editions 
of The DEM Users Manual published by ASPRS in 2001, 
2007 and 2018, and as the author of the National Enhanced 
Elevation Assessment (NEEA) that provided the blueprint for 
USGS’ 3D Elevation Program (3DEP) based on QL5 IfSAR 
of Alaska and QL2 lidar elsewhere in the U.S.  Dewberry is 
a full-service A/E firm that specializes in geospatial technol-
ogies, products and services, including remote sensing data 
acquisition and processing, data analytics, digital ortho-
photography, emergency response, geospatial benefit-cost 
analyses, GIS, topographic and hydrographic mapping and 
surveying, and independent QA/QC of geospatial data provid-
ed by others.

Figure 17. Lt Gov Mead Treadwell briefing the Alaska Mapping Roundta-
ble on June 28, 2012 in Washington D.C.  Image courtesy of USGS.

“This data and information is provided to the world, license-free, in 
the public domain, for its use and application in all areas previously 
mentioned as well as recreation and scientific research. These maps 
are easily downloaded electronically and used for a wide variety 
of applications from recreational, to city planning, to emergency 
response. Lastly, data layers such as hydrography, roads, trails, 
boundaries and other data layers will be enhanced because of the 
new, more detailed elevation data.”  By Kevin T. Gallagher, USGS.
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geospatialrevolution.psu.edu

CONTACT
Please make a philanthropic gift  
to WPSU Penn State to support 
the new episode. For more 
information, contact:

Elaine Brzycki 
Project Development 
WPSU Penn State
ejb23@psu.edu

Kristian Berg 
Director, Geospatial Revolution Project 
WPSU Penn State
kjb35@psu.edu

Dr. Todd S. Bacastow 
Teaching Professor  
Dept. of Geography • Penn State 
tsb4@psu.edu

Karen Schuckman 
Associate Teaching Professor  
Dept. of Geography • Penn State 
kls505@psu.edu

THE NEXT GENERATION
WPSU Penn State is celebrating the 10th Anniversary (2010-2020) of  
the launch of the original Geospatial Revolution Project with a new video 
episode about next-generation innovations in geospatial technology. 

Our Emmy Award-winning production team explores stories from public 
safety, business, and national defense. The real revolution in geospatial 
technologies is just beginning!

With more than 1 million video views, the Geospatial 
Revolution Project is the go-to source for government, higher 
education, and workforce development for an overview of how 
geospatial technology is changing the world. The Geospatial 
Revolution Project is anchored in a world-class research 
university and trusted for its PBS editorial standards. 

AUDIENCES & DISTRIBUTION
The new episode—with ready-made Geospatial Revolution audiences in 
government, public safety, industry, education, and the general public—
will be screened at conferences, posted to social media, linked to the 
original project website, and shared with original engagement partners: 

• U.S. government (e.g., U.S. DOD, NGA, FBI, U.S. Army Corps  
of Engineers)

• Higher education/workforce development collaborators

• K-12 STEM education

 “Geospatial Revolution  
is considered the ‘Bible’  
of the GIS field. I can’t wait 
to see the next episode!”

– Dr. Salvatore Amaduzzi 
University of Udine, Italy

This publication is available in alternative media on request. Penn State is committed to affirmative action, equal opportunity, and the diversity of its workforce. Copyright © 2020 The Pennsylvania State University 
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GIS &Tips     Tricks By Dave Maune, Ph.D., CP, GS, PS, 
and Al Karlin, Ph.D, CMS-L, GISP
By  Al Karlin, Ph.D, CMS-L, GISP

Looking for Topographic Terrain or Bathymetric Lidar Data? Look to the NOAA Digital Coast

It was over 10 years ago, in 2007, that the US Geological Sur-
vey (USGS), the National Aeronautics and Space Administra-
tion (NASA), and the Association of America State Geologists 
(AASG) cited the need for a national lidar (light detection and 
ranging) dataset (Stoker, 2007). In the years since the incep-
tion of the USGS 3D Elevation Program in 2012, the USGS, 
in cooperative projects with federal, state and local agencies, 
has funded the collection of over 2 million ASPRS LAS tiles; 
that equates to approximately 12 trillion lidar point cloud re-
cords and not to mention the IfSAR data collected for Alaska.( 
https://www.usgs.gov/core-science-systems/ngp/3dep/3dep-da-
ta-acquisition-status-maps). Since 1999, the National Ocean-
ographic and Atmospheric Administration (NOAA), through 
the Digital Coast Partnership has been collecting and distrib-
uting lidar data. The lidar (and derived products) are available 
from several sources. Without getting too much into the weeds 
regarding the technical aspects, here is my favorite source.

The NOAA Digital Coast Data Section (https://coast.noaa.gov/
digitalcoast/data/) stores and distributes lidar (and other) data 
sets for coastal states (note: if you know that you are only looking 
for lidar data, you can go directly to the Digital Coast Data Ac-
cess Viewer (DAV) and bypass the other data available (https://
coast.noaa.gov/dataviewer/#/lidar/search/). The lidar data are 
searchable through either a geo-interface, i.e. draw a box and 
the search returns available datasets, or through a simple two 
parameter (what type of data are you searching for, and where in 
the US) search interface. Alternatively, you can browse through 
the available datasets (Elevation, Land Cover, Weather/Cli-
mate, Imagery, and Economics/Demographics) by category.

In this example, I chose to find “lidar” data (Find box) near 
“Pittsburgh, PA, USA” (Near box) and the search returned 
three (3) datasets. 

One of the nice features of this search utility is that you can 
preview the geographic extent of the dataset (Preview) and 
read the Metadata (Metadata button) before you go to the 
Download button to get the data.

Finally, when you go to the Download button and click on “Cus-
tom Download” you get a map in a new window showing the 
footprint of the dataset. You can zoom/pan to find your area of 
interest, and use the “Draw Search Area” tool (pencil draws a 
box), or enter an address, or enter the Lat/Lon to find the data.

Once you have completed the search, to download the data, 
put it into your cart and select, from dropdown choices, the 
Projection & Datum, Geoid Model (in Advanced options), 
Output options (points, rasters, derived products such as con-
tours and/or intensity images) and file format (LAS, LAZ, AS-
CII). Enter you e-mail address, review your order, and wait. 
You will receive your “order number” and confirmation for 
your order on the last screen.

Photogrammetric Engineering & 
Remote Sensing

Vol. 86, No. 4, April 2020, pp. 209–211.
0099-1112/20/209–211

© 2020 American Society for 
Photogrammetry and Remote Sensing

doi: 10.14358/PERS.86.4.209

https://www.usgs.gov/core-science-systems/ngp/3dep/3dep-data-acquisition-status-maps
https://www.usgs.gov/core-science-systems/ngp/3dep/3dep-data-acquisition-status-maps
https://coast.noaa.gov/digitalcoast/data/
https://coast.noaa.gov/digitalcoast/data/
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You should receive an e-mail message within a few minutes 
with confirmation of your order and a link to check on the sta-
tus and progress of your data request. Clicking the link will 
return a page like the image displayed above.

When the data are ready for download (you get a hint of how 
long it will take), you will get another message with a link 
to download the file. I specified the complete point cloud in 
LAZ format (to shorten the download time). Download the file 
(your data will be available for 10 calendar days), decompress 
(if your software requires a LAS file) using a LASzip utility 
(https://rapidlasso.com/laszip/) and you are ready to go.

One word of clarification, the NOAA Digital Coast Data View-
er is not the same as the US National Map (see below). Al-
though there are some overlapping datasets, the NOAA DAV 
has been focusing on distributing data since 1999 and gen-
erally limits coverage to coastal states. Another difference is 
that the NOAA DAV distributes both topobathymetric and 
bathymetric lidar data which are not a part of the 3DEP. For 
more tips on using the DAV, there is a GeoZone blog (https://
geozoneblog.wordpress.com) and search for “DAV” or “DAV 
Tips”.

Just a final note, another great source of terrain data prod-
ucts is the US National Map Download (https://viewer.na-
tionalmap.gov/basic/). Lidar point cloud data are available for 
a fee through the Amazon Public Dataset (https://www.usgs.
gov/news/usgs-3dep-lidar-point-cloud-now-available-amazon-
public-dataset).

Stoker, J. 2007. The need for a national LIDAR dataset. 
PE&RS. 74:1066-1068.

Al Karlin, Ph.D., CMS-L, GISP is with Dewberry’s geospa-
tial and technology services group in Tampa, Florida. As a 
senior GIS professional, Karlin works with all aspects of lidar, 
remote sensing, photogrammetry, and GIS-related projects. 
Many thanks to Kirk Waters (NOAA/Applied Sciences Pro-
gram) for helpful hints on this column.

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

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

asprsfoundation.org/donate

https://rapidlasso.com/laszip/
https://geozoneblog.wordpress.com
https://geozoneblog.wordpress.com
https://viewer.nationalmap.gov/basic/
https://viewer.nationalmap.gov/basic/
https://www.usgs.gov/news/usgs-3dep-lidar-point-cloud-now-available-amazon-public-dataset
https://www.usgs.gov/news/usgs-3dep-lidar-point-cloud-now-available-amazon-public-dataset
https://www.usgs.gov/news/usgs-3dep-lidar-point-cloud-now-available-amazon-public-dataset
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Hans J. Wehrli passed away on 
February 20, 2020.  He is survived 
by his wife of 64 years, Lisette 
Wehrli, and his children Nicole 
Wampfler, Gregory Wehrli, and 
Linette LaMountian, as well as his 
seven grandchildren. 

Hans, born in Aarau, Switzerland, 
on April 25, 1926 came to the 
United States in 1953 to expand 
Kern Instruments Inc., a subsid-
iary of Kern & Co. AG, Aarau, 
Switzerland. Initially the focus of 
his assignment was in surveying 
instrumentation, including adap-
tation of such instruments for the 
optical tooling industry, ranging 
in applications from alignment of 
paper machines to sophisticated 
guidance systems in the aerospace 
industry. 

By the early 1960’s, under Hans’s 
leadership, Kern entered the photogrammetric market and 
quickly became an industry leader.  Under his guidance in 
the concept, design and sales are instruments such as the 
PG2, AT Table, Monocomparator, Point marker, Stereo com-
parator, DSR analytical stereoplotter, and several one-off 
instruments.

Hans understood early the benefit of electronics to improve 
productivity.  

For example, the DKM2-A, a universal one-second theodo-
lite became the standard for a new generation of optical/me-
chanical theodolites with automatic vertical indexing. And 
when combined with an electronic distance meter, displayed 
the distance in digital format. In addition to surveying uses, 
the next generation of this new theodolite found wide accep-
tance for highly precise industrial measurements.   

Hans was instrumental in 1969 in having Kern optical lens-
es accompany the moon landing of Apollo 11 where these 
lenses were used in the craft’s acquisition cameras which 
filmed the tests of reactions of men and materials in space.  

In Memoriam

Hans J. WehrliHans J. Wehrli
Photogrammetric Pioneer

As a visionary, Hans very quickly 
recognized the power and validity 
of PC’s.  As the leader, he dedicated 
his time and efforts to a team that 
would convert the entire software 
suite to this new DOS platform.  

Hans and his Kern team brought 
the first Industrial Measurement 
System when it released the ECDS 
(Electronic coordinate Determi-
nation System) integrating an E2 
theodolite with a PC and software 
providing three essential compo-
nents: data collection, data reduc-
tion and data analysis.  This system 
was used for the alignment of the 
magnets of the SLC (Stanford Lin-
ear Collider).

In 1988, Hans received the ASPRS 
Fairchild Award established to rec-
ognize someone who demonstrated 
outstanding efforts and influence in 

the development of the art of aerial photogrammetry in the 
United States.

Even after retiring in 1988 when Kern was merged with 
Wild Leitz (Hexagon), Hans continued to influence the 
photogrammetric market.  He designed and implemented 
the low-cost Alpha 2000 (analytical stereo plotter), RM-1 to 
RM-6 photoscanners and DAS digital aerial cameras under 
the company Wehrli & Associates.

Kern 25 Years USA Anniversary, May 24th, 1979
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2020 William T. Pecora Award Nominations 2020 William T. Pecora Award Nominations 
Now Being Accepted through May 1, 2020Now Being Accepted through May 1, 2020

The William T. Pecora Award is 
presented annually to individuals or 
groups that have made outstanding 
contributions toward understanding 
the Earth by means of remote sens-
ing.  The Department of the Interior 
(DOI) and the National Aeronautics 
and Space Administration (NASA) 
jointly sponsor the award.

The award was established in 1974 
to honor the memory of Dr. William 
T. Pecora, former Director of the 
U.S. Geological Survey and Under 
Secretary, Department of the Inte-
rior.  Dr. Pecora was a motivating 
force behind the establishment of 
a program for civil remote sensing 
of the Earth from space.  His early 
vision and support helped establish 
what we know today as the Landsat 
satellite program.

The Award Committee must 
receive nominations for the 2020 
award by May 1, 2020.  Additional 
questions can be directed to the 
Committee at pecora@usgs.gov.

ELIGIBILITY
Any individual or group working in the field of remote sensing of the Earth is 
eligible to receive the William T. Pecora Award.  We accept nominations for 
public and private sector individuals, teams, organizations, and professional 
societies.  Both national and international nominations are welcome.  Previous 
nominees not selected as recipients may be re-nominated for future awards.

An individual award recognizes achievements in the scientific and technical 
remote sensing community, as well as contributions leading to successful 
practical applications of remote sensing. Consideration will be given to sus-
tained career achievements or singular contributions of major importance to 
the field of remote sensing.

A group award recognizes a team, a group of individuals, or part of an organi-
zation that has made major breakthroughs in remote sensing science or tech-
nology or developed an innovative application that has a significant impact on 
the user community or national/international policies.

Specific individual and group achievements should be peer-reviewed and 
documented in industry-recognized and scientifically credible publications.  

This year’s flyer also provides additional details and can be shared with other 
interested parties:  

https://prd-wret.s3-us-west-2.amazonaws.com/assets/palladium/production/
atoms/files/PECORA-Award-flyer-2020.pdf.

Detailed Instructions for preparing a nomination and other information about 
the award can be found on the Pecora Award web site: www.usgs.gov/pecora.

mailto:pecora@usgs.gov
https://prd-wret.s3-us-west-2.amazonaws.com/assets/palladium/production/atoms/files/PECORA-Award-flyer-2020.pdf
https://prd-wret.s3-us-west-2.amazonaws.com/assets/palladium/production/atoms/files/PECORA-Award-flyer-2020.pdf
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Satellite-Imagery Geometric Accuracy 
Improvement Based on Direct Correction of 

Dominant Coefficients
Xinming Tang, Changru Liu, Ping Zhou, Ning Cao, Fengxiang Li, and Xia Wang

Abstract
An important and difficult point in the application of satellite 
imagery is refining the positioning model and improving the 
geometric accuracy. In this study, we focus on improvement 
in geometric accuracy and develop a new rational function 
model (RFM) refinement method. First, we derive the conver-
sion relationship between the rigorous sensor model and the 
RFM, based on which we illustrate the approximate meaning 
of the zero-order and first-order terms of the rational poly-
nomial coefficients (RPCs). Second, the correlation problem 
between RPCs and the influence of individual RPCs on geo-
metric positioning accuracy are analyzed and verified. The 
dominant coefficients that determine geolocation are then 
identified. Finally, a new RFM refinement method based on 
direct correction of the dominant coefficients is proposed and 
validated. The experiments, conducted with ZY3-02 satel-
lite imagery, indicate that the proposed method can effec-
tively improve the geometric accuracy of satellite images.

Introduction
In recent decades, with the continuous development of satel-
lite technology, numerous high-resolution optical satellites 
have been put into use, providing an effective means for rapid 
and large-scale collection of geospatial information. In particu-
lar, with the successful launch of satellites such as the United 
States’ Ikonos (Fraser, Hanley and Yamakawa 2002; Ager 2003; 
Lutes 2004), QuickBird (Noguchi et al. 2004), and WorldView 
series (Aguilar, Saldaña and Aguilar 2013), France’s SPOT sys-
tem (Madani 1999), Japan’s ALOS (Osawa 2004), and China’s 
Ziyuan-3 (X. Tang et al. 2013; Xu et al. 2017) and Gaofen 
series (Zheng and Zhang 2016), remote sensing satellite im-
ages have been increasingly used in digital model generation 
(Toutin 2004; Poon et al. 2005), topographic mapping (Di, Ma 
and Li 2003; Holland, Boyd and Marshall 2006), environmen-
tal protection (Stumpf, Malet and Delacourt 2017), and more, 
producing significant economic and social benefits. However, 
the imaging model of the satellite image is the key technology 
in processing and application of remote sensing images. How 
to refine the imaging model to improve geometric accuracy is 
an important and difficult research point.

Nowadays, the rational function model (RFM) is the main-
stream postprocessing model of most satellites, owing to its 
advantages of sensor independence, computational conve-
nience, and universality, and it is the first choice to replace 
the rigorous sensor model (RSM; Tao and Hu 2001; Grodecki 
and Dial 2003; Fraser, Dial and Grodecki 2006). Usually, the 

RFM provided by satellite-imagery vendors is calculated from 
an RSM with direct least-squares solutions. However, due to 
the effects of incomplete calibration and measurement er-
rors of satellite orbit and attitude, inherent errors are always 
introduced into the RFM, which affect the geometric position-
ing accuracy. To eliminate these errors, various compensation 
methods have been proposed.

Regenerating the rational polynomial coefficients (RPCs) 
with control data is the simplest solution (Tao and Hu 2001; 
Hu and Tao 2002; Long, Jiao and He 2014). This scheme is 
simple in theory and effective when the RSM is excessively 
complicated to develop or is not available. However, this 
method is obviously terrain dependent, and it is highly 
dependent on the actual terrain relief and the number and 
distribution of ground control points (GCPs), which are dif-
ficult constraints in practical applications. When the accuracy 
requirement is not stringent, this method can be used for pho-
togrammetry rectification and remote sensing applications.

Correction parameters attached to the RFM are the most 
commonly used bias-compensation method at present. These 
bias-compensation models are defined in image space or 
object space and usually modeled as shift, shift and drift, 
affine transformation, and second-order polynomial models 
(Fraser and Hanley 2005). Aguilar et al. (2013) and Fraser 
and Hanley (2003) have demonstrated that the shift model is 
effective for Ikonos, WorldView, and GeoEye satellites. As for 
QuickBird images, Noguchi et al. (2004) have stated that the 
shift-and-drift model is warranted if the highest possible ac-
curacy is sought. Tong, Liu, and Weng (2010) and J. Wang, Di, 
and Li (2005) compared shift, shift-and-drift, affine transfor-
mation, and second-order polynomial models using Quick-
Bird and Ikonos imagery and obtained meter-level accuracy 
with a number of good-quality GCPs. Experiments by Pan et 
al. (2013), T. Wang et al. (2014), and Liu et al. (2013) con-
firmed that the affine transformation model is effective for the 
Ziyuan-3 (ZY3) and TH1 satellites. Similar research has been 
reported for other types of satellite images with this biase-
compensation method (Jiang et al. 2015; Jeong et al. 2016; 
Topan et al. 2016; M. Wang et al. 2017).

Although these bias-compensation methods can improve 
geometric positioning accuracy, they are implemented with 
additional parameters and the original RPCs remain un-
changed; thus, the geometric positioning often depends on 
these correction parameters. In addition, for compatibility 
with different photogrammetric systems it is often necessary 
to generate new RPCs using these correction parameters (Fraser 
et al. 2006; Tong et al. 2010; Rupnik et al., 2016). Although 
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these new RPCs exhibit better substitution accuracy, generating 
them involves significant work.

Wu et al. (2015) presented an RFM direct-refinement ap-
proach to the geometric integration of high-resolution satellite 
imagery and airborne lidar data and showed a method that 
improved the dominating RPCs and the ground coordinates of 
the lidar points, decreased the inconsistencies between the 
two data sets, and improved geopositioning accuracy. S. Tang, 
Wu, and Zhu (2016) also used this method in a combined 
adjustment of multiresolution satellite imagery to improve 
geopositioning accuracy. Their method is implemented with 
only part of the RPCs modified and is a novel RFM refinement 
method. However, there is no theoretical analysis, and numer-
ous RPCs need to be corrected even though some of them are 
unnecessary.

In this study, a new and improved RPC direct-correction 
method is developed and verified based on theory and experi-
ments. The advantage of this method is that it corrects only a 
few RPCs, and the result of the refinement still consists of RPCs. 
This allows different commercial software packages to be 
seamlessly linked together. In addition, this method is theo-
retically applicable to all remote sensing images using the RFM 
as the geometric model. The method is validated with ZY3-02 
satellite images in single-scene and block-network modes. 
Experimental results verify the feasibility and effectiveness of 
the proposed method.

Principles and Methods
RSM and RFM
The RSM describes the correspondence between the projection 
center, the image point, and the ground point. It is a sensor 
geometry model based on a collinear equation (Habib et al. 
2007; Jiang et al. 2018):
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where t represents the imaging time, (X, Y, Z)WGS84 represents 
the object coordinate of the image point in the World Geodetic 
System 1984 (WGS84) coordinate system, (X(t), Y(t), Z(t))WGS84 
represents the center coordinate of the GPS antenna in the WGS84 
system, and m is the scale factor. The expressions RWGS84

J2000 (t), 
R J2000

body (t), and R body
cam  are, respectively, the rotation matrices from 

the J2000 coordinate system to the WGS84 system, from the sat-
ellite’s body coordinate system to the J2000 coordinate system, 
and from the camera coordinate system to the satellite’s body 
coordinate system; and (x, y, –f)are the image-point coordinates 
in the camera coordinate system, with f the focal length.

The RFM uses the ratio of two polynomials to represent the 
correspondence between the image-point coordinates (x, y) 
and the ground coordinates (X, Y, Z). Equation 2 is an exam-
ple of an RFM based on third-order polynomials (Toutin 2004; 
Poon et al. 2005):
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where (x, y) are the normalized image coordinates, (X, Y, Z) 
are the normalized object coordinates, and aijk, bijk, cijk, dijk are 
RPCs. The maximum power of each ground coordinate (m1, m2, 
m3, n1, n2, n3) is limited to 3, and the total power of all ground 
coordinates is also limited to 3; hence, this RFM usually con-
sists of 78 RPCs: ai, bi, ci, and di (i = 0–19), where b0 and d0 are 
equal to 1.

The RSM is essentially a collinear equation, and Equation 1 
can be converted to the following format at time t0:
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Equation 3 can be expanded as follows:
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The constant term in the denominator of Equation 4 is 
rationalized and simplified as follows:
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Equation 5 is the commonly used direct linear transforma-
tion model of the frame sensor, that is, the simple form of the 
RSM. For the linear-array push-broom sensor, the denominator 
term of the second rational polynomial (y value, flight direc-
tion) in Equation 5 should be 1.

When the RFM takes the one-order terms, Equation 2 can be 
simplified as follows:
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By comparing Equation 2 with Equations 5 and 6, we find 
that the RFM is essentially a generic expression, and the latter 
two equations can be deducted from Equation 2 using different 
RPCs. That is to say, the RFM is an approximation of the RSM.

As we know, the RSM is physically meaningful and theo-
retically rigorous; therefore, we can confirm that the zero-
order and first-order terms in the RFM can express the optical 
projection in the imaging process, which demonstrates the 
approximate physical meaning of these coefficients. How-
ever, it should be noted that all the coefficients in Equation 
5 are rationalized by the constant term of the denominator 
in Equation 4. That is, each coefficient in Equation 5 is a 
function expression for those in Equation 4. Considering that 
Equation 5 is the first-order approximation of the RFM, the 
RPCs can be regarded as all different function combinations 
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of RSM parameters, from which the correlation between the 
RPCs is preliminarily proved in the theory. Theoretically, we 
can obtain the conversion relationship between the RFM and 
RSM through Equations 4 and 5, but as the RFM generally takes 
the third-order polynomial form and its denominator terms 
generally take different values, it is difficult to accurately 
calculate the RFM from the RSM, and vice versa—and thus, it is 
impossible to accurately express the physical meaning of the 
RPCs. That is to say, the RPCs do not have a specific physical 
meaning, but are merely a mathematical expression.

Correlation Analysis of RPCs
Regarding the particular imaging characteristics of the high 
orbit, the narrow field of view, and the foregoing preliminary 
discussion of the correlation problem within the RPCs, we can 
theoretically derive the correlation between RPCs from a math-
ematical point of view.

According to the corresponding points and the RFM, the 
image-point residuals can be calculated as follows:
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where (f,g) are the image-point residual errors, R are the RPCs, 
(x,y) are the image-point coordinates, and (x′,y′) are the image 
coordinates calculated by the RFM. Then for any point k, we 
can obtain the coefficient matrix:
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Then the cofactor matrix can be determined by
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where n is the number of corresponding points and Pk is set 
as the identity matrix.

According to the error theory, the correlation coefficient cij 
can be calculated by
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where q is the cofactor of the RPCs in the cofactor matrix and i 
and j are the indices for the RPCs (= 0–19).

From the perspective of mathematics, the two formulas in 
Equation 7 respectively represent the sample and line direc-
tions of the image and have no relationship; thus, we discuss 
only the correlation between a and b, and c and d are similar.

The correlation coefficient between a0 and a1 is calculated as
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When the corresponding points are sufficient in quantity 
and are widely distributed within the whole image, we can 
obtain the relationship ΣX = 0; then the correlation coefficient 
is close to 0, which could also be derived from the polyno-
mial expressions. Similarly, we can conclude that the correla-
tion coefficients within a0, a1, a2, a3 and within b1, b2, b3 are 
all close to 0.

Similarly, the correlation coefficient between a1 and a11 is 
expressed as
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According to the transform principle of limitation sum to 
definite integral, Equation 12 can be transformed into
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It can be noted that there are strong correlations between a1 
and a11.

Similarly, we calculated the correlation coefficients be-
tween the other coefficients, and found that groups such as 
a0 – b2 , a1 – b4, a2 – b8, a2 – b9, a3 – b6, and a4 – b1 have strong 
correlations. As a result, these correlation problems inevitably 
caused the normal equations to be ill conditioned and inde-
terminate in the least-squares solutions; thus, the correlation 
problem should be considered.

Influence of Individual RPCs on Geometric Positioning
Because there are many RPCs and they have no specific physi-
cal meaning, it is impossible to theoretically deduce the 
influence of individual RPCs on the whole imaging geometry. 
In this investigation, we designed an exeperiment from the 
perspective of numerical error, to verify the impact of RPCs 
on geometric positioning accuracy under different accuracy 
conditions as follows:
1. The test image was divided into a regular grid (e.g., 20 × 20), 

and the image coordinate of each grid point was set as the 
image point of the virtual control point; then the image point 
was used to calculate the object coordinate with the RFM in 
different elevation layers. To ensure computational stability, 
the number of elevation layers should be greater than 3.

2. According to the principle of single variable, each RPC was 
subjected to different magnitude errors (e.g., 0.01r, 0.02r, 
…, 0.1r, where r represents the coefficient value), whereas 
the other coefficients remained unchanged. With this new 
RFM and the virtual control points, a new image coordinate 
was obtained and the image-point coordinate variance 
calculated.

3. Counting the variances of those coordinates, the influence 
of the independent RPCs on geopositioning accuracy was 
analyzed.
The experiment conducted with a nadir (NAD) image of 

the ZY3-02 satellite indicated that the geometric geolocation 
error was proportional to the coefficients’ numerical precision 
for every RPC. Hence, Figure 1 shows only the effect trend of 
different RPCs on the geometric location accuracy under the 
condition of 0.05r.

Obviously, the degree of influence that different RPCs have 
on the geometric accuracy is very different. First, in terms 
of the same class of polynomial coefficients, the geometric 
errors of the 0th, 1st, 2nd, 3th, 4th, 7th, and 8th items in each 
polynomial—especially the first four (i.e., the zero-order and 
first-order terms of the RPCs)—are significantly greater than 
those of the other items. Compared with those first four items, 
the degree of influence of the other items is extremely small 
and in fact almost negligible. In addition, comparing the dif-
ferent classes of polynomial coefficients, the influence of the 
coefficients in the numerator is extraordinary larger than that 
of the coefficients in the denominator, and the latter can be 
considered negligible. A similar principle was reflected with 
the forward (FWD) and backward (BWD) sensors, which were 
arranged at an inclination of ±22° from the NAD.
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This analysis indicates that although the RPCs are numer-
ous, only some of them have a substantial influence on the 
geometric positioning, particularly the first four terms of the 
numerator polynomials. We refer to these eight coefficients 
that have a significant impact on geometric positioning ac-
curacy as the dominant coefficients. Therefore, to improve the 
image geometric positioning accuracy, we must improve the 
accuracy of these dominant coefficients.

Geometric Refinement Based on  
Direct Correction of Dominant Coefficients
The foregoing experiments and analyses reveal the approxi-
mate relation between the RFM and the RSM. The geometric 
positioning accuracy of the RFM is actually determined by the 
zero order and first order of each polynomial; therefore, it 
is necessary to improve the numerical precision for the RPCs 
corresponding to those in the RSM, that is, the zero-order and 
first-order terms in the RFM, for the purpose of improving 
the stability of the imaging geometry. Furthermore, consider-
ing the different influence of these coefficients on geometric 
positioning accuracy and their weak correlation, the image 
geometric positioning accuracy can be significantly improved 
by increasing the precision of the first four terms (dominant 
coefficients) of the numerator polynomials.

Based on this analysis, the R in Equation 7 becomes the first 
four terms (dominant coefficients) of the numerator polynomi-
als in the RFM; then the error equation for the RFM becomes
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For the block-network images, the unknowns also include 
the object coordinate of the tie point. The error equation can 
be expressed as
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where (vx, vy) are the image-point residuals; (x, y) are the im-
age measurement coordinates, which can be obtained through 
manual picking or image matching; (x′,y′) are the calculated 
image-point coordinates with the RFM and object coordinates; 
Δa0, Δa1, Δa2, Δa3, Δc0, Δc1, Δc2, and Δc3 are the corrections of 
the RPCs; and (ΔX, ΔY, ΔZ) are the corrections of the object 
coordinates.

Moreover, as the RFM is an approximation of the RSM, 
the dominant coefficients can also be treated as a weighted 
pseudo-observation, which could provide certain constrains 
on the RPCs to avoid unpredictable corrections.

Combining this analysis, the direct correct method (DCM) of 
the RFM refinement can be expressed as
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where V1, V2, and V3 are the measurement residual vectors; x 
= {Δa0, Δa1, Δa2, Δa3, Δc0, Δc1, Δc2, Δc3} are the corrections of 
the dominant coefficients; y = {ΔX, ΔY, ΔZ} are the corrections 
of the object coordinates; A1, A2, and B2 are the partial deriva-
tive coefficient matrix of the unknown parameters; l1, l2, and l3 
are the measurement values; and P1, P2, and P3 are the weight 
matrix.

Compared with the method of Wu et al. (2015), the method 
proposed in this study reduces the number of parameters to 
be solved (from 18  to eight), and only the coefficients in the 
numerator polynomials that have the greatest influence on 
the geometric accuracy of the image are corrected, which can 
rapidly reduce the calculation complexity while still ensur-
ing geometric accuracy. Moreover, our improved method is 
conducive to programming implementation.

In the actual calculation, the initial value of the dominant 
coefficients can be obtained from the original RPC file, and the 
object coordinate can be calculated by the first order of the 
RFM with the average elevation or by directly using the aver-
age coordinates of each RFM.

The observations are used to estimate the correction pa-
rameters with priori information. The weight of observation is 
defined as

 
P =

σ
σ

0
2

2
, (17)

where σ0 is the error of unit weight and σ is the a priori error 
of the observation.

The first two observation equations in Equation 16 refer 
to the control-point and tie-point observations, and their 
weights are related to the coordinate accuracy of the image 
points. For the tie point, the matching accuracy determines 
its weight. Owing to the high-precision matching algorithm, 

(a)

(b)

Figure 1. Plane errors affected by rational polynomial 
coefficients (RPCs) with numerical accuracy of 0.05r for 
ZY3-02 nadir image: (a) RPCs of a and c; (b) RPCs of b and d.
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the error of the tie points is assumed to be 0.3 pixels. For the 
control point, the weight should be very large because of the 
high measurement accuracy, but it can change moderately 
in the iteration process according to the image-point adjust-
ment residual. For P1 and P2, the weight value represents the 
contributions of the image-point observations to the geometric 
accuracy, and the larger the weight is, the greater the contri-
bution. The third equation is related to the model parameters, 
with weight determined by the original positioning accuracy 
of the image. In our investigation, the setup of P3 follows 
that of Wu et al. (2015). In addi-
tion, considering the sensitivity of 
the dominant coefficients to the 
geolocation accuracy, the absolute 
corrections of the dominant coef-
ficients can be set as the iteration 
convergence conditions to guar-
antee the iterative efficiency and 
accuracy with parameters that vary 
within a reasonable range.

Experiments and Discussion
Satellite images captured by the 
ZY3-02 satellite were used to verify 
the validity and feasibility of the 
proposed method. The ZY3-02 
satellite, one of the Chinese civil-
ian stereo-mapping satellites, was 
launched in May 2016 equipped 
with triple-linear cameras and a 
multispectral camera. Three experi-
ments were conducted to test the 
proposed method in single-scene 
and block-network modes with dif-
ferent terrains. In addition, the cor-
relation problem was validated by 
using all the images. Two types of 
GCP were used in the experiments: 
one is automatically matched with 
high-precision reference data, and 
the other is obtained by GPS with ac-
curacy better than 1 m. The image-
point coordinates of the GCPs were 
obtained by manual measurement 
with accuracy better than 0.5 pixel. 
The statistics used in the experi-
ments were the root-mean-square er-
ror, maximum error, and mean error.

Study Areas and Data Sets
The first data set, which was captured by the ZY3-02 triple-lin-
ear stereo cameras and distributed in Taiyuan, Shanxi, China, 
was used to verify the effectiveness of the proposed approach 
in the single-scene mode. A total of 55 uniformly distributed 
GCPs were obtained from the corresponding digital orthophoto 
map and digital elevation model using a high-precision match-
ing algorithm. All GCPs were imaged simultaneously in these 
three images, namely, the triple-linear stereo camera GCPs. 
The details and distribution of the image and control data are 
shown in Figure 2 and listed in Tables 1 and 2, respectively.

The second data set comprises the Hubei and Xinjiang test 
areas. The Hubei area consists of 42 images from the ZY3-02 
satellite, with an area of approximately 20,000 km2. This 
area is located in the eastern part of Hubei Province, China, 
with flat and hilly terrain. The Xinjiang test area is located in 
the central part of the Xinjiang Uygur Autonomous Region, 
China. This area consists of 63 scenes from the ZY3-02 satellite, 
covering an area of approximately 30,000 km2 with mountains 
and hills as the dominant terrain. There is a sufficient number 

of GCPs in the two areas, and they are evenly distributed. 
The tie points were obtained by a high-precision matching 
algorithm. The detailed information of the second data set is 
listed in Table 3.

Verification of RPCs Correlations
The correlation coefficients between RPCs were calculated 
with all the test images. The virtual control points used 
in this study were obtained as described under Influence 
of Individual RPCs on Geometric Positioning. Then we 
calculated the cofactor matrix as shown in Equation 9 to 
estimate the correlation coefficient for each image. Because of 

Table 2. Information for control data used in Taiyuan.

Area

GSD of 
DOM 
(m)

Horizontal 
accuracy of 

DOM RMS (m)

Elevation 
accuracy of 

DEM RMS (m)
Height 

range (m)
Size 
(km) Center position

Shanxi 0.5 1 1.5 (487.11, 2398.7) 50 × 95 38.00° N, 112.52° E

GSD = ground sampling distance; DOM = digital orthophoto map; RMS = root -mean -square error;  
DEM = digital elevation model.

Figure 2. Distribution of the images and control data used in Taiyuan.

Table 1. Information for images used in Taiyuan.

Item Value

Sensor type TLC
Center position 112.54° E, 38.21° N
Acquisition time 2017-01-04
Terrain Flat, Hill
Stereo GCP number 55
Verify item Plane, stereo

TLC = triple-linear camera; GCP = ground control point.

Table 3. Information for images from the second data set.

Area
Number 
of GCPs

Number 
of images

Image 
type

Size of 
area (km2) Terrain

Hubei 38 42 TLC 20,000 Flat, Hill
Xinjiang 18 63 TLC 30,000 Mountain, Hill

GCP = ground control point; TLC = triple-linear camera.
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the differences in imaging perspective between the sensors, 
we used the mean value of the correlation coefficients as the 
statistic. According to the analysis under Correlation Analy-
sis of RPCs, only the correlation coefficients between a and b 
are discussed, given that c and d are similar. RPCs that have a 
high correlation—a correlation coefficient greater than 0.7—
are listed in bold in Table 4. If the correlation coefficient is 
smaller than 0.2, we consider those two RPCs to be unrelated 
and set the coefficient to 0.

As can be observed in Table 4, there is indeed a signifi-
cant correlation between RPCs, even a strong one, which is 
consistent with the theoretical derivation under Correlation 
Analysis of RPCs. In terms of the polynomial order number, 
the zero-order and first-order terms of the RFM—that is, the 
first four terms of each polynomial—have small correlation 

coefficients, even no correlation, but are closely related to oth-
er-order coefficients. There is little correlation between most 
of the second-order and third-order coefficients, but there is 
a strong correlation in the small remaining part, where the 
correlation coefficient is relatively large, close to 0.9 or even 
1. In terms of the class of coefficients, the correlation within a 
is little, whereas the correlations within b and of a with b are 
significantly increased, and the situation is more complicated.

Single-Scene Refinement
Both the planimetric and stereoscopic accuracies were 
verified because of the stereoscopic observations of ZY3-02 
satellite. Different numbers of GCPs were used to refine the 
RFM, and the remaining points were selected as check points 
to inspect the accuracy. Note that the GCPs were located in the 
four corners of the stereo pair when four points were used 

Table 4. Matrix of correlation coefficients between rational polynomial coefficients.

a0 a1 a2 a3 a4 a5 a6 a7 a8 a9 a10 a12 a14 a15 a16 a18 b1 b2 b3 b15 b18

a0 1.0
a1 0.0 1.0
a2 0.0 0.0 1.0
a3 0.0 0.0 0.0 1.0
a7/a8/a9 0.7 0.0 0.0 0.0 0.0 0.0 0.0
a11/a12/a13 0.0 0.9 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
a14/a15/a16 0.0 0.0 0.8 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.0
a17/a18/a19 0.0 0.0 0.0 0.7 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
b1 0.0 0.0 0.0 0.0 1.0 0.0 0.0 0.5 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.0
b2 0.7 0.0 0.0 0.0 0.0 0.0 0.0 0.5 1.0 0.6 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.0
b3 0.0 0.0 0.0 0.0 0.0 0.0 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.0
b4 0.0 0.7 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.0 0.0 -0.3 0.0 0.0 0.0 0.0 0.0
b5 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
b6 0.0 0.0 0.0 0.7 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.0 0.0 0.0 0.0
b7 0.0 0.4 0.6 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.0 0.5 0.5 0.0 0.0 0.0 0.0
b8 0.0 0.0 0.9 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 -0.3 0.6 1.0 0.7 0.0 0.0 0.0 0.0
b9 0.0 0.0 0.7 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.6 0.6 1.0 0.0 0.0 0.0 0.0
b10 0.0 0.0 0.0 0.0 0.0 0.7 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
b11/b12/b13 0.3 0.0 0.0 0.0 0.8 0.0 0.0 0.6 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.9 0.0 0.0
b14 0.5 0.0 0.0 0.0 0.0 0.0 0.0 0.7 0.7 0.4 0.0 0.0 0.0 0.0 0.0 0.0 0.4 0.7 0.0
b15/b16 0.6 0.0 0.0 0.0 -0.0 0.0 0.0 0.3 1.0/0.8 0.4/0.7 0.0 0.0 0.0 0.0 0.0 0.0 -0.0 0.9/0.8 0.0 1.0/0.7
b17/b18/b19 0.0 0.0 0.0 0.0 0.0 0.0 0.6/0.9/0.9 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.7/0.9/0.9 0.0 0/1.0/0.8

Table 5. Results of refinement of ZY3-02 images with different models.

Model

Number 
of 

GCPs/CPs

Plane accuracy (pixels) Stereo accuracy (m)

NAD BWD FWD Plane
Heightx y x y x y East North

Direct reproject 0/55 4.93 9.14 1.16 12.95 3.60 6.87 15.4 11.19 17.57

Affine 
transformation

4/51 0.75 0.35 0.77 0.68 0.81 0.77 0.79 1.89 3.45
5/50 0.70 0.35 0.76 0.67 0.68 0.79 0.85 1.72 3.39
6/49 0.70 0.36 0.74 0.60 0.71 0.81 0.79 1.72 3.43
9/46 0.51 0.33 0.59 0.62 0.54 0.91 0.75 1.34 3.63
12/43 0.47 0.32 0.59 0.60 0.57 0.78 0.72 1.31 3.24
16/39 0.34 0.30 0.51 0.61 0.36 0.79 0.72 0.89 3.31
20/35 0.42 0.40 0.52 0.49 0.37 0.75 0.76 1.00 2.85
25/30 0.40 0.30 0.51 0.62 0.44 0.72 0.66 1.07 3.16

DCM

4/51 0.79 0.42 0.74 0.68 0.71 0.78 0.86 1.59 3.44
5/50 0.64 0.35 0.71 0.70 0.82 0.93 0.86 1.58 3.94
6/49 0.65 0.35 0.69 0.62 0.64 0.90 0.82 1.52 3.65
9/46 0.52 0.39 0.58 0.63 0.54 0.89 0.74 1.30 3.59
12/43 0.47 0.32 0.58 0.61 0.59 0.80 0.77 1.30 3.23
16/39 0.34 0.30 0.48 0.66 0.36 0.77 0.72 0.82 3.37
20/35 0.41 0.39 0.51 0.49 0.38 0.76 0.80 0.95 2.70
25/30 0.40 0.29 0.51 0.62 0.44 0.73 0.66 1.07 3.16

WuDCM

9/46 2.01 1.76 2.48 1.48 0.78 4.37 6.44 4.88 14.86
12/43 0.69 0.52 0.68 0.64 0.57 0.99 1.11 1.51 3.36
16/39 0.85 0.38 1.04 0.61 0.82 0.80 0.79 2.33 3.43
20/35 0.44 0.42 0.49 0.42 0.45 0.79 0.79 1.00 2.72
25/30 0.48 0.34 0.53 0.60 0.48 0.81 0.76 1.23 3.27

GCP = ground control point; CP = check point; NAD = nadir; BWD = backward sensor; FWD = forward sensor; DCM = direct correct method; 
WuDCM = the method of Wu et al. (2015).
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(four-corner control), and more points were used in other situ-
ations to guarantee uniform distribution. In addition to the 
proposed method (DCM), we tested and compared the affine 
transformation model, the method of Wu et al. (2015; WuDCM), 
and direct reproject. The statistics are shown in Table 5.

As the results for the proposed model demonstrate in Table 
5, the image-plane positioning achieved accuracy even better 
than 1 pixel under four-corner control, which is significantly 
improved compared with the original positioning accuracy 
of approximately 10 pixels. Similarly, the stereo accuracy is 
dramatically improved, with the plane direction better than 2 
m and the elevation direction better than 3.5 m. Moreover, the 
geometric accuracy gradually improved as the number of GCPs 
increased. All this reveals that the image positioning model 
refined with the proposed method became more rigorous, and 
the overall consistency with the ground control system was 
substantially better. However, accuracy was not effectively 
improved when a sufficient number (e.g., 25) of points were 
used, which could have resulted from the limited geometric 
accuracy of the GCPs themselves and a loss of accuracy due to 
matching errors. Overall, however, our method for RFM refine-
ment in single-scene mode is feasible and effective.

Compared with the affine transformation model, the pro-
posed method achieved similar or even better results and ob-
tained high geometric accuracy with fewer GCPs. The WuDCM 
model was subjected to the number of GCPs, and the geometric 
refinement results were poor, with several pixels level when 
only the minimum necessary GCPs (nine) were available. This 
may be due to the lack of redundant observations and the 
strong correlations between RPCs. However, as the number of 
GCPs increased, the refinement results increasingly improved, 
and at the end they were basically consistent with the pro-
posed model. Compared with WuDCM, our method has advan-
tages regarding refinement accuracy and GCP requirements. 
Although the coefficients are regarded as weighted observa-
tions, the WuDCM calculation results are limited because of the 
strong correlation and overparameterization of the unknowns. 
In contrast, only the coefficients in the numerator polynomi-
als with weak correlation were corrected in our method; thus, 
our approach is more stable and the result is more robust.

Block-Adjustment Refinement
The affine transformation model, WuDCM, and the proposed 
method were again used as adjustment models in this experi-
ment, and the adjustment results estimated with absolute 
and relative accuracies. The absolute accuracy is evaluated 
by the check-point coordinate residuals, whereas the relative 
accuracy is assessed by the reprojection error of the tie points. 
As this experiment only verified the feasibility of the pro-
posed model in block adjustment, only the four-corner control 
strategy was used. Detailed statistics are listed in Tables 6 and 
7, and the residual vector distributions of the two areas are 
shown in Figures 3 and 4.

Table 6. Absolute accuracy of Hubei area with different models.

Model
Number of 
GCPs/CPs

East (m) North (m) Height (m)
RMS Max RMS Max RMS Max

Direct 
intersection

0/38 7.71 15.06 8.92 17.98 4.83 10.47

Affine 
transformation

4/38 1.90 5.03 5.13 7.68 3.50 8.04

DCM 4/38 1.60 3.17 2.49 5.16 1.51 3.04

WuDCM 4/38 1.40 3.77 2.46 4.75 1.56 3.53

GCP = ground control point; CP = check point; RMS = root -mean 
-square error; Max = maximum error; DCM = direct correct method; 
WuDCM = the method of Wu et al. (2015).

(a)

(b)

(c)

(d)

Figure 3. Residual vector distribution of Hubei area: (a) 
direct intersection, (b) affine transformation model, (c) 
direct correct method, (d) WuDCM (from Wu et al. 2015).
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There was an obviously large systematic positioning error 
in the initial images, as shown in Figures 3a and 4a. After 
block adjustment with the different geometric refinement 
methods, the systematic error was effectively compensated, 
the residual vector distribution was chaotic, and the remain-
ing random error was eliminated. Combined with Tables 6 
and 7, the geometric positioning accuracy improved signifi-
cantly, from 10 m to 5 m, in both plane and height.

In addition, it can be observed from Tables 6 and 7 that 
the proposed method is better than the affine transformation 
model at accuracy improvement, in both the horizontal and 
elevation directions. The root -mean -square and maximum 
values are smaller than those in the affine transformation 
model, indicating that the image-error distribution is more uni-
form and reasonably refined with the proposed method. This 
phenomenon is similar in both areas. Furthermore, comparing 
the proposed method with the WuDCM model, we can see that 
the two methods achieved basically the same results, with only 
slight differences in some index values. However, it should be 
noted that the number of RPC corrections in the Hubei and Xin-
jiang areas were, respectively, 756 and 1134 for WuDCM, versus 
only 336 and 504 for the DCM. Combined with the analysis un-
der Influence of Individual RPCs on Geometric Positioning, the 
modification of the coefficients of the denominator term does 
not generate a significant improvement in accuracy, but instead 
it imposes higher requirements on the algorithm calculation; 
therefore, our method has more practical application value.

The relative accuracy is the statistic of reprojection error of 
the image point, which is mainly related to the random error 
and can better reflect residual elimination during the refine-
ment process. Tables 8 and 9 show the statistical values of rela-
tive accuracy of the two measurement areas after adjustment.

As can be observed in Tables 8 and 9, the original relative 
accuracy is very poor, at 10 pixels, which is affected by the 
original RFM geometric accuracy. However, it improved greatly 
after adjustment with different refinement models. The three 
models achieved similar results. With respect to root -mean 
-square error, the relative accuracy in both areas was improved 
to 0.3 pixel or even better, which satisfies the requirement of 
seamless stitching. Moreover, the mean values in both direc-
tions dropped to 0 and the maximum ones decreased to better 
than 1.8 pixels, demonstrating that the adjustment refinement 
results were unbiased. The high relative accuracy proved the 
efficiency of our method in constructing a robust network 
structure and securing internal consistency in accuracy.

Conclusions
This article presents a new RFM refinement approach based 
on directly correcting the dominant coefficients to improve 
geometric positioning accuracy. Through theoretical analysis 
and experimental validation, the following conclusions can 
be drawn.

Table 7. Absolute accuracy of Xinjiang area with different models.

Model
Number of 
GCPs/CPs

East (m) North (m) Height (m)
RMS Max RMS Max RMS Max

Direct 
intersection

0/18 7.45 16.88 7.72 13.81 8.99 16.20

Affine 
transformation

4/14 3.81 8.51 1.66 2.73 5.40 8.87

DCM 4/14 2.69 4.07 1.43 3.24 2.07 3.24

WuDCM 4/14 2.71 4.13 1.35 3.09 2.11 3.45

GCP = ground control point; CP = check point; RMS = root -mean 
-square error; Max = maximum error; DCM = direct correct method; 
WuDCM = the method of Wu et al. (2015).

(a)

(b)

(c)

(d)

Figure 4. Residual vector distribution of Xinjiang area: 
(a) direct intersection, (b) affine transformation model, (c) 
direct correct method, (d) WuDCM (from Wu et al. 2015).
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The special physical meaning of each RPC cannot be rigor-
ously derived, but the correlation exists in reality, and there is 
even a strong correlation between parts of RPCs. The influence 
of individual RPCs on geometric positioning accuracy is in-
consistent, and only the dominant coefficients—the first few 
terms of the numerator polynomials—dominate the geometric 
accuracy; hence, an improvement in the numerical precision 
of these determinants will greatly improve the image-geom-
etry accuracy. The proposed approach takes into account the 
different influence of RPCs on geopositioning, and the weak 
correlation, having the characteristics of a simple model and 
convenient and fast calculation, can effectively improve the 
geometric accuracy. Further study will focus on the adaptabil-
ity of this method to other satellite images and try to perform 
the combined block adjustment of large-scale multisource 
satellite remote sensing images.
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Temporal Validation of Four LAI Products over 
Grasslands in the Northeastern Tibetan Plateau

Gaofei Yin, Ainong Li, Zhengjian Zhang, and Guangbin Lei

Abstract
Time series of leaf area index (LAI) products are now widely 
used, and the temporal validation is the prerequisite for 
their proper application. However, a systematical compari-
son between different products using both direct and indi-
rect methods is still lacking. The objective of this paper is 
to assess and compare the temporal performances of four 
LAI products: Moderate Resolution Imaging Spectroradi-
ometer (MODIS) LAI (MOD)15A2, MOD15A2h, Geoland2 Version 
1 (GEOV1), and Global Land Surface Satellite (GLASS). The 
study area, which is dominated by grasslands, is located in 
the northeastern Tibetan Plateau (TP), and temperature is 
the main stress factor affecting grass growth. Both a correla-
tion analysis with temperature and a direct comparison with 
temporally continuous LAI reference maps were implemented 
in our temporal validation experiments. The results show 
that no single product can capture the rapid change and the 
seasonal trend in LAI simultaneously, and the compositing 
period used in each product determines the quality of the 
corresponding LAI time series. The MOD15A2 and MOD15A2h 
products, which have short compositing windows (eight 
days), are suitable for detecting rapid change. A grazing-
induced biomass decrease that occurred around day of year 
205 in 2014 in our study area was clearly revealed in these 
two products. For the GEOV1 and GLASS products, which have 
compositing windows of 30 days and 1 year, respectively, the 
grazing date was shifted (GEOV1) or even invisible (GLASS). 
However, products with prolonged compositing windows 
may be more robust to observation noise, and the resulting 
products may be suitable for capturing the seasonal trend. 
This study highlights that the concurrent use of data from 
various sensors onboard different satellites, and the introduc-
tion of new generations of satellites (e.g., Gaofen-6), are two 
promising ways to further improve existing LAI time series.

Introduction
The leaf area index (LAI), which is a key vegetation structure 
and function parameter, describes the surface area available 
for energy and mass exchanges between vegetation and the 
atmosphere. Currently, several coarse-resolution (~1 km) LAI 
products are routinely produced, including the Moderate 
Resolution Imaging Spectroradiometer (MODIS) (Myneni et 
al. 2002), Geoland2 Version 1 (GEOV1) (Baret et al. 2013), and 
Global Land Surface Satellite (GLASS) (Xiao et al. 2014) prod-
ucts. These LAI products are widely used as proxy indicators 
of vegetation status to monitor ecosystem variations in re-
sponse to climate change and anthropogenic activities (Jiapaer 
et al. 2015). Although the LAI products have been extensively 

validated, spanning a wide range in space (Camacho et al. 
2013; Fang, Wei, and Liang 2012; Garrigues et al. 2008), their 
performance in time series is still not clear.

To assess their performance in time series, temporal vali-
dations (TVs) of LAI products are needed (Fang et al. 2019b; 
Xie et al. 2019). Current TV studies perform two categories of 
analyses, specifically indirect TVs and direct TVs. An indirect 
TV compares the relationship between LAI trends and key 
meteorological variables in areas where these variables limit 
plant growth (Yan et al. 2016b). On the other hand, a direct TV 
uses multiple LAI reference maps within a single year, gener-
ally derived from up-scaling the in situ LAI measurements, to 
assess the temporal dynamics of uncertainty in LAI products 
(Fang et al. 2019a; Yin et al. 2017a). Generating temporally 
continuous LAI reference maps is the key issue in performing 
direct TVs (Yin et al. 2017a). To the best of our knowledge, 
there are very few studies, if they exist, to implement both di-
rect and indirect TVs simultaneously to systematically assess 
the temporal performance of LAI products.

The objective of this paper is to fill the gap existing in 
the TV of LAI products. To fulfill the research objective, both 
the direct and indirect TV methods were used for four com-
monly used LAI products, i.e., MOD15A2 (Myneni et al. 2002), 
MOD15A2h (Yan et al. 2016a; Yan et al. 2016b), GEOV1 (Baret et 
al. 2013; Camacho et al. 2013), and GLASS (Xiao et al. 2014). 
The remainder of the paper is structured as follows. In the 
next section, we introduce the data and method used in this 
study. The “Results” section presents both the direct and 
indirect TV results; a discussion is presented in the section 
“Discussion”, and conclusions are given in the last section.

Materials and Methods
Study Area and Field Data Collection
The research was conducted in a 5 km × 5 km region centered 
on ~33°55′ N, 102°51′ E that is close to Huahu Lake in the 
Zoige National Nature Reserve (Figure 1a). It is located at the 
northeastern edge of the Tibetan Plateau (TP). The study area 
is mainly covered by alpine meadows, which have substantial 
ecological vulnerability (Li et al. 2012). In recent years, the 
degradation of grasslands has become more and more serious, 
which is directly due to the influence of human activities, such 
as excessive grazing (Roy et al. 2014). The climate is cold and 
wet, and the temperatures, which range from -15°C to 15°C 
(as measured at a nearby meteorological station; see Figure 2), 
are the main limited factor for the temporal variations in the 
grasslands in our study area (Hansen et al. 2013). The spatial 
variations of grass growth are mainly controlled by altitude, 
and it ranges from 3400 m to 3500 m (see Figure 1b) according 
to the ASTER GDEM V3 dataset (METI and NASA 2019).Gaofei Yin* is with the Faculty of Geosciences and 
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In our study area, we selected five homogeneous perma-
nent plots, each of which covered a 100 m × 100 m area. To 
capture the spatial heterogeneity within the study area, the 
plots were distributed along the northeast-southwest altitu-
dinal gradient. During 2014, eight field campaigns spanning 
the whole growing season were carried out, and the specified 
experimental dates were days of the year (DOY) 124, 154, 169, 
184, 205, 237, 258, and 296 (see Figure 3). During each field 
campaign, four square (0.2 m × 0.2 m) quadrats were chosen 
in each plot. The location of each quadrat was recorded using 
a portable Global Positioning System. It should be noted that 
the four quadrats were randomly chosen in a limited homoge-
neous ~30 m × 30 m area, rather than representing the whole 
plot. For each field campaign, the quadrats were selected as 
far as possible from the quadrats sampled earlier, unless the 
regrowth after harvest had compensated for the loss of bio-
mass. In summary, we adopted a two-level hierarchical sam-
pling design: the five spatially fixed plots along the altitudinal 
gradient were used to capture the heterogeneity at the scale 
of the whole study area (5 km × 5 km), and the four randomly 
distributed quadrats within each plot were used to character-
ize the heterogeneity at the 30 m × 30 m scale. Finally, the 
eight field campaigns during 2014 can capture the temporal 
variation of LAI. The above treatments 
ensure that the derived reference maps 
represent the spatiotemporal dynamics in 
this grassland ecosystem.

The field measured LAI was deter-
mined using a regression relationship 
between the aboveground biomass and 
the leaf area. For each quadrat, the 
aboveground grass was mowed and 
transported to the laboratory. We then 
measured the harvested biomass after 
oven-drying the sample at 80°C for 48 
hours. Sixteen quadrats were randomly 
chosen, and their corresponding total leaf 
area for each quadrat was measured using 
an LI-3000C portable leaf area meter. In 
addition, the specific leaf area, i.e., the 
leaf area per leaf dry weight, was then 
retrieved through the regression analysis 
between biomass and leaf area (see Figure 4). Finally, the LAI 
for each quadrat was estimated using the following formula:

 L = B×wl /0.04, (1)

where L is the leaf area index, B is the aboveground biomass, 
wl is the specific leaf area (0.0113 m2/g), and the denominator 
denotes the area of the quadrat (0.2 m × 0.2 m). The strong 
correlation between leaf area and biomass (Figure 4) gives us 
confidence about the applicability of Equation 1.

Figure 1. (a) The composite image of HJ-1A’s 4, 3, and 2 bands (corresponding to R, G, and B colors); (b) elevation map. The 
maps were overlaid by a grid representing the pixels of the MOD15A2 LAI product, which has a nominal resolution of 1 km × 1 
km. The study area is located in the northeastern TP. The green points represent the locations of the sampling plots.

Figure 2. Temporal course of daily air temperatures (dots) 
measured in 2014 at a nearby meteorological station. The 
solid line represents the corresponding fitted line using a 
double logistic function.

Figure 3. Temporal distributions of the HJ- 1A/1B observation and field 
measurements during 2014 over our study area.
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Development of LAI Reference Maps
A critical issue in the validation of coarse-resolution LAI prod-
ucts is the scale discrepancy between field measurements and 
the retrieved values. The hierarchical four-stage validation 
approach (Morisette et al. 2006) was used to upscale the field 
measurements to the scale of coarse resolution pixels, using 
the Chinese Huan Jing (HJ)-1A/1B charge coupled device 
(CCD) camera images as the bridge.

The HJ-1A/1B satellites are small, civilian, Earth-observing 
satellites, and each satellite carries two CCD cameras, which 
are named CCD1 and CCD2 and have a 700 km swath width. 
They provide a unique opportunity to collect remote sens-
ing observations with high spatial and temporal resolutions, 
with a revisit period of two days and a pixel width of 30 m. 
The HJ-1A/1B CCD cameras have three visible bands (blue (B): 
430–520 nm, green (G): 520–600 nm, and red (R): 630–690 
nm) and one near-infrared band (NIR: 760–900 nm) band. 
Eight cloud-free images acquired on DOYs 127, 153, 168, 190, 
207, 241, 262, and 296, which correspond to the eight field 
campaigns in sequence (see Figure 3), were obtained. The 
temporal mismatch between field and satellite observations 
was very small, and the largest temporal disparity is six days 
(field measurement and satellite image acquisition occurred 
on DOY 184 and 190, respectively), and this would not incur 
too much uncertainty because the vegetation was growing 
during the growing peak and its status was relatively stable. 
The images were processed to obtain the surface reflectance 
after applying geometric and atmospheric corrections accord-
ing to the method of (Wen et al. 2015).

The field measured LAI values from the four quadrats within 
each plot were first averaged to provide a reference value at 
the scale of an HJ image pixel, and then the corresponding nor-
malized difference vegetation index (NDVI) value was extracted 
from the temporally synchronous image. In total, 40 reference 

LAI-NDVI pairs were compiled. An empirical regression model-
ing approach was used to derive the transfer functions that 
relate the field measurements to the corresponding NDVI val-
ues. Three commonly used functions, i.e., liner, exponential, 
and logarithmic, were tested and the one with the best fitting 
capacity was selected during the upscaling procedure.

LAI Products
In this study, the MOD15A2, MOD15A2h, GEOV1, and GLASS LAI 
products were validated, and their main characteristics can be 
found in Table 1.

MOD15A2 and MOD15A2h LAI Products
The MOD15A2 LAI product has a spatial resolution of 1 km and 
a temporal resolution of eight days. The main algorithm is 
based on lookup tables (LUTs) obtained from a three-dimen-
sional radiative transfer model. Given daily land surface bidi-
rectional reflectance factors and their uncertainties, the algo-
rithm finds the best LAI estimate from a biome-specific LUT. A 
backup empirical method based on the relationships between 
the NDVI and LAI is used to produce estimates with relatively 
poor quality. LAI is first produced daily. The LAI value cor-
responding to the maximum fraction of photosynthetically 
active radiation (FPAR) is selected as the final retrieval result 
over the eight-day compositing period. Vegetation clumping is 
accounted for in the simulation of canopy reflectance, so the 
retrieval corresponds to the true LAI (Myneni et al. 2002).

The MOD15A2h LAI product, which belongs to the latest 
Collection 6 MODIS LAI, is an update of MOD15A2 (Myneni 
and Park 2015; Yan et al. 2016a; Yan et al. 2016b). The most 
important change in MOD15A2h is that the products are being 
produced at a spatial resolution of 500 m instead of 1 km, as 
in MOD15A2. To achieve this, a new version of MODIS surface 
reflectances (MOD09GA C6) is used to replace the previously 
used 1-km intermediate dataset (MODIS daily aggregated sur-
face reflectance product, MODAGAGG). Because of the low qual-
ity of the retrievals obtained using the backup algorithm, for 
the MOD15A2 and MOD15A2h products, only the values retrieved 
with the main algorithm were used in this study.

GEOV1 LAI Product
The GEOV1 LAI product is developed within the framework 
of the Copernicus Land service and has a spatial resolution 
of 1/112° and a temporal frequency of 10 days. It relies on 
neural networks trained to generate the “best estimates” of LAI 
obtained by fusing the MODIS and CYCLOPES products. Once 
trained, these networks were run to provide LAI values from 
SPOT/VEGETATION directionally normalized reflectances. The 
normalization is performed by inversion of a bidirectional 
reflectance distribution function (BRDF) model every 10 days 
within the 30-day composite period. Therefore, the temporal 
resolution (10 m) and compositing window (30 m) of GEOV1 
are different. The GEOV1 LAI values represent a combination of 
true and effective LAI values, because the MODIS and CYCLO-
PES LAI estimates correspond to true and effective LAI values, 
respectively (Baret et al. 2013; Camacho et al. 2013).

Figure 4. Correlation between leaf area and leaf dry weight.

Table 1. Characteristics of the global LAI products under study. 

Product GSD Frequency Main algorithm LAI definition Reference

MOD15A2 1 km 8 days
LUT based on three-
dimensional (3D) RTM

tLAI (Knyazikhin 1999; Myneni et al. 2002)

MOD15A2h 500 m 8 days LUT based on 3D RTM tLAI (Myneni and Park 2015; Yan et al. 2016a; 
Yan et al. 2016b)

GEOV1 1/112° 10 days
ANN trained with 
existing products

Fused with tLAI  
and eLAI

(Baret, Pacholczyk, and Lacaze 2012; Baret et 
al. 2013; Camacho et al. 2013)

GLASS 1 km 8 days
GRNN trained with 
existing products

tLAI (Xiao 2014; Xiao et al. 2014)

LUT, RTM, ANN, GRNN, tLAI, and eLAI stand for “lookup table”, “radiative transfer model”, “artificial neural network”, “general regression 
neural network”, “true LAI”, and “effective LAI”, respectively.
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GLASS LAI Product
GLASS has a temporal resolution of eight days and spans from 
1982 until the present. For the period extending from 2000 to 
the present, the product was derived from reprocessed MODIS 
land surface reflectance data and has a spatial resolution of 1 
km. The GLASS LAI product was derived using General Regres-
sion Neural Networks (GRNNs). The GRNNs were trained with 
a database that was generated from the fusion of MODIS data 
and clumping-corrected CYCLOPES LAI products. Therefore, it 
corresponds to true LAI. The reprocessed MODIS reflectance 
data from an entire year were input into the GRNNs to estimate 
the 1-year LAI profiles. Obviously, the temporal resolution and 
compositing window of GLASS are quite different: eight days 
and one year, respectively. Thanks to its long compositing 
window, the GLASS LAI product has the ability to generate tem-
porally continuous and smooth LAI profiles (Xiao et al. 2014).

Evaluation of the LAI Products
The direct TV was implemented by comparing the LAI prod-
ucts with the LAI reference maps date by date. This compari-
son was implemented by comparing the mean values of the 
5 km × 5 km study area calculated from the LAI products and 
reference maps, respectively. This aggregation process can 
reduce the influence of geolocation errors and the difference 
in the point spread function.

Meanwhile, the indirect TV was conducted through a cor-
relation analysis between the LAI values and temporal profiles 

of temperature during the growing season in 2014. The 
temperature data were collected from a nearby meteorological 
station (see Figure 2). When implementing the correlation, 
the mean air temperature during each compositing period 
was used. The temperature was selected, rather than other 
meteorological variables, because it is the main stress factor 
for grass growth in our study area (Hansen et al. 2013).

Results
LAI Reference Maps
The exponential relationship between LAI and NDVI was found 
to be better than other regression types. The final transfer 
function established through the regression analysis based 
on the 40 reference LAI-NDVI pairs is shown in Figure 5. NDVI 
correlates well with LAI, and the transfer function can explain 
72% of the variation in LAI, with a root-mean-square error 
(RMSE) equal to 0.34. This transfer function was then applied 
to the eight NDVI maps calculated using the HJ images. The 
generated reference LAI maps are shown in Figure 6.

The temporal variation in grasslands covering almost the 
whole growing period was well captured by the LAI reference 
maps (see Figure 6). At the beginning of our study period 
(DOY 124), the grass had just started to grow and the area had 
low LAI values (ranging from 0 to 1.0 in the study area). Then, 
from DOY 124 to 184, the grass grew rapidly to its growth 
peak. During the growth peak, the grass had great growth 
potential and experienced ideal hydrothermal conditions. 
However, the mean LAI in our study area dropped quickly 
from 2.5 to 2.0. The field campaign that took place on DOY 205 
found that this drop was caused by livestock grazing. After 
the grazing took place, some patches with low LAI regrew to 
nearly equal and even larger LAI values on DOY 235, compared 
to DOY 184. This regrowth was caused by overcompensation 
effects (Li et al. 2010). After DOY 237, the grass continued to 
decay, and the mean LAI value of the study area declined from 
2.0 on DOY 237 to 1.1 on DOY 296.

Direct Temporal Validation
Within our study area, all the LAI products display simi-
lar seasonality and reproduce the reference LAI dynamics 
very well (Figure 7). The main discrepancies appear around 
DOY 205, when heavy grazing was recorded during the field 
campaign. Both the MOD15A2 and MOD15A2h products capture 
this grazing event, and a sharp drop was observed. In fact, the 
temporal profile of the GEOV1 product also shows a sharp drop, 
but it is shifted to a later date (i.e., the right side of the plot). 
In contrast, the GLASS LAI time series do not represent this Figure 5. The transfer function between LAI and NDVI.

Figure 6. LAI reference maps. The white parts represent non-vegetation land cover types.

228 Apr i l  2020  PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING

http://my.asprs.org


grazing-caused drop, i.e., it contains 
no direct information on livestock 
grazing, and the LAI value decreases 
slowly after the growth peak.

The MOD15A2 and MOD15A2h 
present very noisy and even dis-
continuous profiles due to insuf-
ficient remote sensing observations, 
and this makes them sensitive to 
residual clouds (Flood et al. 2013). 
Anomalously low LAI values and a 
gap in both MOD15A2 and MOD15A2h 
on DOYs 169 and 217, respectively, 
were observed. In contrast, GEOV1 
and GLASS display smoother tempo-
ral variations thanks to their longer 
compositing windows.

Moreover, an interesting phe-
nomenon is observed when compar-
ing the MOD15A2 and MOD15A2h LAI 
products, which use the same re-
trieval algorithm but have different 
spatial resolutions: the magnitude 
of the LAI profile from MOD15A2h is 
larger than that from MOD15A2, espe-
cially during the growing peak. This 
is because of the scale effect, which 
derives from both the heterogeneity 
of land surface and the nonlinear 
characteristics of the retrieval mod-
el (Yan et al. 2016b). The underesti-
mation of LAI products compared to 
their counterparts with high spatial 
resolution was also reported in (Yin 
et al. 2015).

The scatter plots between the 
reference and estimated LAI from 
the four products are shown in 
Figure 8. Compared with the 
uncertainty threshold established 
by the Global Climate Observation 
System (GCOS) (2011), i.e., max (0.5, 
20%), the MOD15A2 and MOD15A2h 
products performed unsatisfacto-
rily in our study area and revealed 
an obvious underestimation. The 
consistence between the MOD15A2h 
and reference LAI was rather low 
with R2 = 0.59, caused by the 
abnormal low LAI observed on DOY 
169 (see Figure 7). In contrast, the 
accuracy of GEOV1 and GLASS LAI 
was satisfactory for grassland, with 
most of the dots within the bound-
ary defined by the GCOS uncertainty 
threshold (GCOS 2011).

Indirect Temporal Validation
Several studies have reported the 
correlation between LAI and meteo-
rological variables that govern plant 
growth and have demonstrated the 
potential of LAI products to track 
meteorological change (Jiapaer et 
al. 2015; Yan et al. 2016b). How-
ever, the difference in the capac-
ity of different LAI products to 
capture meteorological variability 
is still not clear. The correlations 
of the four LAI products with air 

Figure 7. Seasonal trajectories of different LAI products. The reference LAI is also drawn 
in each plot.

Figure 8. Direct comparison between the reference LAI and the four LAI products in our 
study area. The red dotted lines represent the accuracy boundaries (max (0.5, 20%)) 
established by the GCOS.
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temperature, which is the main 
stress factor in our study area, were 
analyzed and are shown in Figure 
9. It should be noted that the anom-
alously low LAI values observed 
in the MOD15A2 and MOD15A2h LAI 
products on DOY 169 were filtered 
out before the analysis was per-
formed. It can be clearly seen that 
the four LAI products all display 
statistically sound correlations 
with air temperature; however, the 
correlation coefficient (R2) values 
differ among the products. The 
MOD15A2 and MOD15A2h products 
have similar R2 values (0.63 and 
0.60, respectively), which are lower 
than those obtained from the GEOV1 
(0.71) and GLASS (0.72) products.

Discussion
Uncertainties in the Validation
The TV for the four selected LAI 
products, i.e., MOD15A2, MOD15A2h, 
GEOV1, and GLASS, was implement-
ed through both direct and indirect 
methods. The performance of the 
four LAI products in temporal di-
mension was accordingly analyzed. 
Several sources of uncertainty exist 
in this research.

To make the indirect TV tempo-
rally consistent with the direct TV, only a one-year tempera-
ture temporal profile was used in the correlation analysis. In 
addition, to address the concern that vegetation growth is also 
limited by moisture availability, precipitation and soil mois-
ture are also widely used to implement indirect TV (Yan et al. 
2016b). However, the moisture availability mainly explains 
the interannual rather than seasonal variations of vegetation 
growth in TP (Zhang et al. 2016), so we did not use moisture 
indicators in the indirect TV.

Accuracy assessments of LAI reference maps per se are 
reported with large dynamic range. For example, the R2 and 
RMSE of the reference maps were typically ranged within 
[0.42, 0.84] and [0.05, 0.60], respectively, depending on land 
covers (De Kauwe et al. 2011; Fang et al. 2019a; Heiskanen et 
al. 2012; Li et al. 2014; Zhu et al. 2014). Two validation ac-
tivities, implemented by (Zhu et al. 2014) and (Li et al. 2014), 
for grasslands in China obtained R2/RMSE of 0.60/0.50 and 
0.68/0.60, respectively. The accuracy of our reference maps 
(R2 = 0.72, RMSE = 0.34) is obviously better than the above 
comparable studies. However, several sources of uncertainty 
still exist in our reference maps, including the sampling 
design and potential temporal variations in the transfer func-
tion. To assess if the generated sample is representative for 
the spatiotemporal variations of LAI in our study area, we 
compared the frequency distribution of LAI from ground mea-
surements and reference maps (Figure 10). Results show that 
the sampling design can reproduce the overall shape of the 
frequency distribution histogram of the whole spatiotemporal 
variation. The overlapping area (OA) between the two histo-
grams, a commonly used indicator to evaluate the representa-
tiveness of sampling design (Yin et al. 2017b), was 81.2%, i.e., 
the sample can preserve 81.2% of the whole spatiotemporal 
variations. Our transfer function was dependent on an empiri-
cal regression analysis between NDVI and LAI, and the fitting 
relationships between these variables may be temporally 
dependent (Tillack et al. 2014). We did not have sufficient 

field measurements to establish temporally specific transfer 
functions. However, the high correlation between LAI and 
temperature during the whole growing season demonstrates 
the quasi-stability of the transfer functions over time.

The definition of the LAI may also induce uncertainty. We 
collected field LAI measurements through destructive mea-
surements, which correspond to the true LAI. Theoretically, 
MODIS LAI products also contain true LAI values (Myneni et al. 
2002). However, the GLASS and GEOV1 products (Baret et al. 
2013; Xiao et al. 2014), although they are both fused products 
that integrate MODIS and CYCLOPES, use different definitions 
of the LAI. Before fusion, GLASS use MODIS data and clumping-
corrected CYCLOPES LAI products to obtain “best estimates” 
of the LAI (Xiao et al. 2014); therefore, it corresponds to true 
LAI values. On the other hand, to produce the GEOV1 product, 

Figure 10. Frequency distribution of LAI from ground 
measurements and reference maps. The OA between the two 
frequency distribution histograms was used to assess the 
sampling efficiency.

Figure 9. Correlation between air temperature and LAI products. The solid lines 
represent the best-fit lines.
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MODIS and CYCLOPES data are fused directly (Baret et al. 2013). 
Thus, this product represents a combination of true and 
effective LAI, because the MODIS and CYCLOPES LAI products 
correspond to true and effective LAI, respectively.

NDVI was used to calibrate the transfer function. Although 
it was widely reported that NDVI is sensitive to vegetation 
greenness and structure, it is also affected by other confound-
ing factors, including atmospheric condition and soil back-
ground (Jiang et al. 2008). Many other vegetation indices were 
proposed to mitigate the influence of confounding factors. 
For example, the Enhanced Vegetation Index is insensitive to 
atmospheric conditions and saturation problems (Jiang et al. 
2008), and the recently developed NIR reflectance of terrestrial 
vegetation is independent from the background influence and 
more correlated with the vegetation structure (Badgley et al. 
2017). Therefore, these vegetation indices are also worth test-
ing in the generation of LAI reference maps.

HJ-1A/1B imageries were adopted during the upscaling 
procedure because of their high resolution in both spatial (30 
m) and temporal dimensions (see Figure 3). Landsat imager-
ies are also characterized by decametric spatial resolution, yet 
their revisiting frequency is too low to capture the rapid veg-
etation dynamics (Zhu et al. 2019). Sentinel-2 imageries cur-
rently provide an appropriate trade-off between spatial (10–60 
m) and temporal resolutions (five days) (Lamquin et al. 2019). 
However, there was no Sentinel-2 imagery available during 
our field campaign (the Sentinel-2A was launched in 2015).

Finally, this study focuses on evaluating the performance 
of four LAI products on capturing the temporal variation of 
LAI. The temporal variation of error was not explicitly ana-
lyzed, because of the spatial limitation of the study area. More 
validation activities are needed in our future study to give 
detailed temporal accuracy.

Implications for LAI Product Improvements
This study reveals that all four LAI products reproduced the 
vegetation dynamics, yet no one can reproduce the rapid 
change and the seasonal trend in LAI simultaneously. The 
MOD15A2 and MOD15A2h products successfully detected the 
grazing-induced sudden drop of LAI around DOY 205. In con-
trast, this drop was shifted and even undetectable in GEOV1 
and GLASS LAI products, respectively. When it comes to the 
seasonal trend detection, the GEOV1 (R2 between LAI tempera-
ture is 0.71) and GLASS (R2 = 0.72) outperformed the MOD15A2 
(R2 = 0.63) and MOD15A2h products (R2 = 0.60).

The direct TV results (Figure 7) implies that the capacity 
of LAI time series to detect the rapid change (e.g., grazing-
caused drop on DOY 205) depends on the compositing method 
used in each product. The MODIS LAI products (including 
MOD15A2 and MOD15A2h) use a nonoverlapping compositing 
method, and the LAI value corresponding to the maximum 
FPAR during each eight-day compositing period is selected as 
the final retrieval result (Myneni et al. 2002). The relatively 
short compositing window makes them suitable for captur-
ing rapid changes in LAI values. For the GEOV1 LAI product, 
although the nominal temporal interval is 10 days, there is a 
10-day overlap to each side of the compositing period; i.e., 
the compositing window is 30-days (Baret et al. 2013). This 
overlapping compositing method leaves out subtle variations 
in the seasonal trajectory of LAI values, and the exact dates of 
the disturbances may also shift. Unlike all other LAI products, 
the GLASS LAI products used a special method to composite 
the LAI time series. The reprocessed MODIS reflectance data 
from an entire year are input into GRNNs to estimate the 1-year 
LAI profiles (Xiao et al. 2014). Although the nominal temporal 
interval is eight days, the temporal window used in process-
ing is an entire year long. Therefore, there is significant loss 
in the high frequency information in a time series during the 
compositing procedure. Generally speaking, the compositing 
window should be short enough to detect the rapid changes 

in LAI caused by anthropogenic activities (grazing in our 
study area) or extreme weather events. On the other hand, the 
compositing window should not be too short to avoid a “too 
noisy” temporal profile. For example, indirect TV revealed 
that the GEOV1 and GLASS LAI products have long compositing 
windows and this results in smooth LAI profiles, which are 
suitable for capturing meteorology-derived gradual changes 
(see Figure 9). Accordingly, the length of the compositing 
window should achieve an appropriate trade-off to detect 
both the rapid change and the seasonal trend.

Several methods can be used to improve the LAI time 
series. First, many gap-filling algorithms have been proposed 
based on temporal constraints (Fang et al. 2008; Verger et al. 
2013). However, after gap-filling, the local details are missing 
because of the smoothing tendency of the interpolator. There-
fore, it can improve the capacity of LAI products to capture 
long-term trend, but it reduces the advantages of remote sens-
ing in real-time monitoring of vegetation. The second method 
to improve LAI time series involves the concurrent use of 
various sensors from different satellites (Flood et al. 2013; 
Mousivand et al. 2015). Currently, many sensors onboard 
different satellite platforms are taking land surface snapshots 
simultaneously. These sensors can build “virtual constella-
tions” and provide more potential observations within a given 
time period, thus increasing the availability of data, especially 
for regions with a high probability of cloud coverage. Finally, 
some newly launched satellites can provide improved remote 
sensing observations and can be used to retrieve improved LAI 
time series. For example, China launched the Gaofen (GF)-
6 satellite, characterized by both high spatial and temporal 
resolutions.

Conclusions
This study implemented a systematical temporal validation, 
over grasslands in the northeastern TP, for four LAI products 
(MOD15A2, MOD15A2h, GEOV1, and GLASS) with both direct and 
indirect methods. The direct validation was implemented 
by comparing the LAI products with temporally continuous 
reference maps. These reference maps were generated by 
upscaling the field measurements with Chinese HJ-1A/1B CCD 
camera images as the bridge. Meanwhile, the indirect valida-
tion was conducted through a correlation analysis between 
the LAI product values with temporal profiles of temperature 
during the growing season.

Although all four LAI products reproduce the vegetation 
dynamics, no one can reproduce the rapid change and the sea-
sonal trend in LAI simultaneously. The MOD15A2 and MOD15A2h 
products successfully detected the grazing-induced sudden 
drop of LAI around DOY 205. In contrast, this drop was shifted 
and even undetectable in GEOV1 and GLASS LAI products, 
respectively. As for the correlations of the four LAI products 
with air temperature (indirect validation), the MOD15A2 and 
MOD15A2h products have similar R2 values (0.63 and 0.60, 
respectively), which are lower than those obtained from the 
GEOV1 (0.71) and GLASS (0.72) products. This study reveals 
that the compositing method determines the quality of the 
retrieved LAI time series to a large extent. The MOD15A2 and 
MOD15A2h products have short compositing windows (eight 
days), and they are suitable for detecting rapid changes in 
ecosystems, which are often caused by anthropogenic activi-
ties. On the other hand, GEOV1 and GLASS, with compositing 
windows of 30 days and 1 year, respectively, are more suitable 
for capturing gradual changes which are sensitive to climate 
change. In addition, this study found that a compositing win-
dow that is too short may result in a noisy or even discontinu-
ous LAI temporal profile. Therefore, this research highlights 
the importance of the concurrent use of various sensors from 
different satellites and the introduction of the new generation 
of satellites (e.g., GF-6) for improving LAI time series.
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Building Extraction from High-Resolution 
Remote Sensing Images Based on GrabCut 
with Automatic Selection of Foreground and 

Background Samples
Ka Zhang, Hui Chen, Wen Xiao, Yehua Sheng, Dong Su, and Pengbo Wang

Abstract
This article proposes a new building extraction method from 
high-resolution remote sensing images, based on GrabCut, 
which can automatically select foreground and background 
samples under the constraints of building elevation contour 
lines. First the image is rotated according to the direction 
of pixel displacement calculated by the rational function 
Model. Second, the Canny operator, combined with mor-
phology and the Hough transform, is used to extract the 
building’s elevation contour lines. Third, seed points and 
interesting points of the building are selected under the 
constraint of the contour line and the geodesic distance. 
Then foreground and background samples are obtained 
according to these points. Fourth, GrabCut and geomet-
ric features are used to carry out image segmentation and 
extract buildings. Finally, WorldView satellite images are 
used to verify the proposed method. Experimental results 
show that the average accuracy can reach 86.34%, which 
is 15.12% higher than other building extraction methods.

Introduction
Buildings, as an important component of the living environ-
ment, have been the focus of numerous studies, including in 
urban planning and construction, change detection, popula-
tion-density estimation, and disaster assessment. Automatic 
and efficient extraction of geometric and spatial information 
of buildings has always been an important research topic in 
the field of geoinformation science (X. Huang et al. 2017). 
With the advance of remote sensing technology, spatial reso-
lutions of images from very-high-resolution satellites (e.g., 
SPOT-5, WorldView-1 through WorldView-4, and QuickBird) 
have reached meter level, providing more detailed spatial and 

textural information (Cheng and Han 2016). Therefore, extrac-
tion of building information from high-resolution remote sens-
ing images has become a research hot spot (Cao et al. 2016).

However, accurate building extraction from high-resolution 
images remains a challenge due to various factors in remote 
sensing images, such as diversity of objects, complexity of 
buildings, noise, occlusions, shadows, and low contrast. To 
make it worse, when the viewing perspective is oblique there 
will be much coverage of building elevations in remote sensing 
images. Using monocular optical images to automatically ex-
tract the top contour of buildings, those elevation areas are hard 
to distinguish from building tops (Cui, Yan and Reinartz 2012; 
J. Wang et al. 2015)—but the main goal of building extraction is 
to have a clean boundary for each building (J. Wang et al. 2015).

At present, methods based on shadow and auxiliary in-
formation are frequently used. However, in locating a build-
ing, shadow-based methods treat the elevation and the roof 
equally, producing inaccurate boundaries (Ok, Senaras and 
Yuksel 2013; Ngo, Collet and Mazet 2015; Gao et al. 2018). 
Other methods based on auxiliary data such as lidar (light 
detection and ranging) can distinguish the roof and elevation 
well, but the cost of obtaining such data is high (Zarea and 
Mohammadzadeh 2016; Fernandes and Dal Poz 2017; S. Kim 
and Rhee 2018). Apart from those, deep learning-based im-
age object extraction is a new research trend, but this kind of 
method needs large amounts of training data, and usually do 
not use such data containing a large quantity of elevations of 
buildings (J. Huang et al. 2019; Wurm et al. 2019).

This article proposes a building extraction method that can 
distinguish the roof from the elevation under the constraint of 
the building’s elevation contours without any other types of 
data or training data. First, building elevation contour lines are 
extracted. Then the foreground samples are selected under the 
constraints of elevation contours, which are used as back-
ground samples. Finally, GrabCut is used for image segmenta-
tion, and geometric features of the segmented area are used to 
accurately extract buildings from high-resolution images. The 
method is tested on two urban data sets (Guangdong, China, 
and Tripoli, Libya) using WorldView-2 and WorldView-3 satel-
lite image configurations. All results are evaluated qualita-
tively and quantitatively compared with ground truths. The re-
sults show that building tops can be accurately distinguished 
from the elevations of buildings in the monocular images of 
highly oblique viewing angles with a high level of automation.
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Related Work
Recent methods of extracting buildings from high-resolution 
remote sensing images can be divided into four categories: 
based on (a) edge and corner detection (Cui et al. 2012; Cote 
and Saeedi 2013; Manno-Kovacs and Sziranyi 2015); (b) 
auxiliary information such as shadows (Ok et al. 2013; Ngo et 
al. 2015; Gao et al. 2018); (c) fusion of multisource data such 
as lidar, synthetic aperture radar, and DSMs (digital sur-
face models), and so on (Zarea and Mohammadzadeh 2016; 
Fernandes and Dal Poz 2017; S. Kim and Rhee 2018); and (d) 
deep learning classification (Y. Liu et al. 2018; J. Huang et al. 
2019; Wurm et al. 2019).

Methods of the first category generally adopt some edge-de-
tection operators to process the image first, and then combine 
features of spectrum, texture, corner, or spatial information to 
optimize the contours (Cui et al. 2012; Cote and Saeedi 2013; 
J. Wang et al. 2015). J. Wang et al. (2015) used a line-segment 
detector called EDLines to extract building lines, and then 
perceptual grouping was applied to reorganize the relation-
ship of detected line segments and to gain complete contours 
of buildings. Cote and Saeedi (2013) developed an automatic 
system for detecting rooftops using line segments and corners. 
Although these methods can effectively utilize the underlying 
features of the image, they are mostly prone to false detec-
tions caused by shadows, roads, noise, and others, resulting 
in inaccurate building boundaries. The final extraction results 
depend on the effect of edge and corner detection.

Methods based on auxiliary information, such as building 
shadows, can help determine the locations of buildings and 
select samples for an image-segmentation algorithm through 
the spatial relationship between building and shadow. Gao et 
al. (2018) used a shifted shadow algorithm to select samples 
of buildings, and then buildings were extracted using a sup-
port vector machine. Ngo et al. (2015) proposed an origi-
nal region-level Markov random-field image-segmentation 
method, and buildings were extracted based on the segment 
rectangularity and location with respect to shadows. Al-
though this type of method can automatically locate building 
areas to a certain extent and improve the level of automation, 
it is difficult to distinguish a building from the surrounding 
background when the foreground and background have simi-
lar spectral properties.

Another type of method is to extract buildings by fusing 
the height and spectrum information of image pixels. Fer-
nandes and Dal Poz (2017) obtained a normalized nDSM from 
an airborne laser-scanning point cloud and projected onto 
the image, then used the height information from the DSM to 
delimit regions (subimages) to be segmented in the image. 
Then a Markov random-field probabilistic approach was used 
to extract building roof contours. Zarea and Mohammadza-
deh (2016) extracted off-terrain objects including trees and 
buildings, then a number of features were produced as inputs 
of support vector machines to separate buildings from trees. 
These methods use elevation information from auxiliary data 
(e.g., DSM, synthetic aperture radar) as constraints, obtaining 
promising results, but the cost of using multiple data is high, 
and the extraction accuracy is easily affected by the quality 
of data fusion (Zarea and Mohammadzadeh 2016; Fernandes 
and Dal Poz 2017; S. Kim and Rhee 2018).

Recent studies have demonstrated that deep convolutional 
neural networks can achieve impressive performance on 
remote sensing image processing, such as scene classifica-
tion and object detection (J. Huang et al. 2019). Thus many 
building extraction methods based on deep learning have 
been proposed (Wurm et al. 2019). J. Huang et al. (2019) 
used a gated residual refinement network to extract buildings 
from high-resolution aerial images and lidar data. Y. Liu et 
al. (2018) established a multilevel building detection model 
using convolutional neural networks to extract buildings 
from remote sensing images. Although this kind of method 

can obviously improve extraction accuracy, it needs a large 
number of samples and long running time, and can still result 
in incomplete boundaries (Wurm et al. 2019).

These four categories of methods mainly aim at building 
extraction in the case of using true orthophotos or ones with 
a negligible view of building elevations. When the oblique 
viewing angle is large in high-resolution images, they tend to 
suffer (El-naggar 2018). In fact, many studies have achieved 
promising results in complex image segmentation by using 
the graph-cut optimization framework (Li et al. 2018; Ullah 
et al. 2018). The basic idea is to use the graph-cut correlation 
theory to separate regions of interest from images after the 
initial foreground samples are obtained manually or by intro-
ducing other auxiliary information (S. Liu et al. 2015; Zheng 
et al. 2018; Reza et al. 2019). S. Liu et al. (2015) automatically 
calculated the threshold value of each image, and used the 
graph-cut algorithm to perform prebackground segmentation 
after the initial sample was selected. Privalov and Kazantsev 
(2018) proposed a new method based on graph cuts which 
proposes a hybrid algorithm with efficient parallel implemen-
tation on a general-purpose graphics processing unit. Howev-
er, in complex geographic scenes, the results of these methods 
are not ideal.

Thus, in light of limitations of all of these methods in 
building extraction from high-resolution and oblique-viewing 
remote sensing images, this article proposes a building extrac-
tion method based on GrabCut with automatic selection of 
foreground and background samples.

Method
The proposed method consists of four steps (Figure 1). The 
first step is to use the rational function model to calculate the 
direction of building image displacement, and then rotate the 
remote sensing image. In the next step, an algorithm based 
on the Canny operator and morphology is proposed to extract 
building elevation contour lines from the rotated images. The 
third step is to select foreground and background samples 
with constraints of building elevation contour lines. In the 

Figure 1. The flow chart of the algorithm in this article.
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last step, the GrabCut algorithm is applied to image segmenta-
tion using the samples, and then buildings are extracted from 
the segmentation results according to simple geometric rules.

Image Rotation
In order to make it easier to extract the elevation contour line 
of the building, the image is rotated according to the angle 
of image-point displacement. In this way, the line can be ex-
tracted using a rectangular morphological structure element. 
In this part, the rational function model is used to determine 
the angle of image rotation. The rational function model is a 
general geometric imaging model for charge-coupled device 
satellite images which is independent from the sensor (Gro-
decki and Dial 2003):
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Most satellite systems will provide an RPC file (rational 
polynomial coefficients or rapid positioning capability) con-
taining various parameters in the model. Rational function 
models can be divided into a positive-solution model and a 
negative-solution model. Equation 1 represents the transforma-
tion from object to image, which is a positive-solution model. 
In contrast, the general inverse solution model is as follows:
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where (r, c) and (X, Y, Z) are the image-space coordinates of 
the normalized image points and their corresponding object-
space coordinates, and P1 through P8 are rational polynomial 
functions (Moghaddam, Mokhtarzade and Moghaddam 2018).

In this article, the process of calculating the displacement 
angle of image points by the RPC model is as follows: First 
we take a random point (r0, c0, Z0), where Z0 is the average 
elevation of the area. Based on Equation 2, a virtual object 
point (X0, Y0, Z0) can be obtained after transformation. Then 
P points near Z0 are taken at an interval of 10 m, and the cor-
responding P image points are obtained by Equation 1. The 
value of P can be between 5 and 10.

According to the theory of the epipolar line (T. Kim 2000; 
Morgan et al. 2006), the epipolar line of a remote sensing 
image can be regarded as a straight line in a small range (M. 
Wang et al. 2011; Jannati, Zoej and Mokhtarzade 2018). More-
over, the WorldView images have good parallel characteris-
tics, meaning their epipolar lines are almost parallel. There-
fore, these image points can be fitted with a straight line, and 
the displacement direction of the image point is the direction 
angle α of the straight line:

 α = tan–1k, (3)

where k is the slope of the fitting line. The original image is 
noted as I and the rotated image is Irot, as shown in Figure 2.

Building Elevation Contour-Line Extraction  
Based on Canny and Morphology Operators
In order to obtain the elevation contour line in an image, we 
first use bilateral filtering to denoise the image Irot and then 
the Canny edge detector (Xu, Baojie and Guoxin 2017) to 

get a binary image I1 that contains building contours. Next, 
the binary image is filled with small voids by a morphologi-
cal closing operation, and then a rectangular morphological 
structure element of a certain length is constructed to extract 
the horizontal lines by a morphological opening operation. 
Morphology is used to analyze or extract image features cor-
responding to structural elements in images, so the shape and 
size of the structural element will directly affect the results of 
image analysis. Because the contours of buildings are horizon-
tal after rotation, structural elements with a width of 1 pixel 
and a length of Lm are used in this experiment. The value of 
Lm depends on the size of displacement of the building in 
images. Generally, the more the image points are displaced, 
the larger the value of Lm is. Finally, the Hough transform, for 
which the angle threshold is set to 90°, is used to detect the 
horizontal building contours in the image. Those horizontal 
contours are the building elevation contour lines as shown in 
red in Figure 3.

(a) Original image I

(b) rotated image Irot
Figure 2. Image rotation using displacement direction angle α.
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Foreground and Background Sample Determination  
with Constraints of Building Elevation Contour Lines
High-resolution remote sensing images without orthorectifi-
cation may contain large areas of building elevations, which 
are difficult to distinguish from the tops of buildings because 
their texture and spectral characteristics are very similar. This 
phenomenon will be more obvious with improved spatial res-
olution in sensing images. However, these elevations are also 
effective features to distinguish buildings from other ground 
objects. In this article, after the elevation contour lines are ex-
tracted, a foreground sample is selected under the constraint 
of the elevation contour lines, and the elevation contour lines 
are taken as the background. Finally, the top of the building is 
extracted using GrabCut.

FAST Corner Detection
FAST is a corner-detection algorithm for optical images pro-
posed by Rachmawati, Supriana, and Khodra (2017). It shows 
good performance in corner extraction and computational 
efficiency. The main principle of FAST is shown in Figure 4. 
To detect if a pixel is a corner point, it is taken as the center 
of a circle whose radius is 3 pixels. If there are nine or more 
consecutive pixels of the 16 on the circle that are not similar 
to the center pixel, the center pixel is judged to be a corner 
point. The result of FAST corner detection on a remote sensing 
image is shown in Figure 5, in which corner points are in red 
and horizontal lines are in green.

Horizontal-Line Adjustment Using Corners and Geometric Rules
In order to select the foreground samples more accurately 
under the constraint of the building elevation contour lines, 
the length of the contours must be accurate. Therefore, the 
detected horizontal lines are refined according to geometric 
shape rules and adjusted under corner constraints. Suppose 
that the left and right endpoint coordinates of a horizontal 
line are (ll.

x, y), (lr
x, y). The merging rules of horizontal lines 

(Figure 6) are as follows:
1. The horizontal and vertical distances of two lines are be-

low certain thresholds: l2
r
x − l1

l
x ≤ t1, y1 − y2 ≤ t2.

2. Both ends of a horizontal line exceed those of a neighbor-
ing line: l1

l
x ≤ l2

l
x, l1

r
x ≥ l2

r
x, y1 − y2 ≤ t2.

Figure 3. Horizontal lines obtained by morphology and 
Canny operators.

Figure 4. FAST pixel distribution.

(a) Before the merge (b) After the merge
Figure 6. Contour-line merge.

Figure 5. The result of FAST corner detection.
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3. The distance between the right end of one line and the left 
end of the other line is below a certain threshold: l1

l
x − l2

l
x 

≤ t1, y1 − y2 ≤ t2.
In these rules, t1 and t2 are the distance thresholds of the 

linear coordinates x and y, and the values of t1 and t2 can be 
set between 5 and 10 pixels.

After the horizontal contour lines are merged, the detected 
corners are used to further refine their lengths. First, a small 
window of Ds × Ds pixels is used to find the nearest corner 
from the endpoint. (If the satellite’s view perspective is on the 
right side of the area, the corners of the tops of buildings are 
on the left of the endpoints.) The size of Ds can be between 
5 and 9 pixels. The displacement of buildings with different 
satellite viewing directions is shown in Figure 7. The green 
lines in Figure 8a are the initial result of the contour-line ex-
traction, and the green lines in Figure 8b are the adjusted ex-
traction result. The red points are the detected corner points. 
The length of the contour line can be corrected by extend-
ing or shrinking it to the nearest corner points at either end, 
depending on whether it is shorter or longer than the contour 
length. See Figure 8 for the results of line adjustment.

Horizontal-Line Grouping and Initial Seed-Point Setting
False detections of contour lines can be observed on objects 
that resemble buildings. In order to eliminate the false detec-
tions, all lines are grouped as follows. First, let the set of all 
horizontal lines be Lall. Given a certain distance interval D, 
Lall is divided into several subsets of t horizontal lines (L1, L2, 
…, Lt). The size of the threshold D is related to the algorithm 
running time and the number of samples selected. Generally 
speaking, the denser the building, the smaller the value of D; 
and the more samples selected, the longer the algorithm run-
ning time. Normally, there will be at least two contour lines 
of a building elevation, and thus if the number of horizon-
tal lines in Li is 1, it can be considered a false detection. In 
Figure 9, the correct contour lines are highlighted in green 
rectangles and the incorrect contour line in a red rectangle.

After elimination, the final number of subsets is denoted 
m, and each subset determines a seed point. Then the average 
value (xai, xai) of the line coordinates (x, y) is calculated near 
the top contour of the building in each set. In order to prevent 
the coordinates of the initial seed points from sitting on the 
edge line of the building contour, an offset τ is necessary. If the 
coordinates of the initial seed point Ci are (Cxi, Cyi), then they 
are changed to (Cxi + τ, Cyi). The values of τ are in the range of 10 
to 20 pixels. The coordinates of P points that were used to cal-
culate the displacement angle of the image are used to decide 
whether τ is positive or negative. If the x coordinate of the point 
in P is positively correlated with the virtual elevation Z, the 
roof is to the right of the elevation contour lines and τ is posi-
tive. The initial seed points are shown in green in Figure 10.

Sample Selection Based on the Geodesic Distance
The geodesic distance is a standard proposed by Gulshan et 
al. (2010) to measure the difference between image points by 
combining with gradient and spectral information. The spe-
cific calculation form is shown in Equations 4 and 5:
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where Γ is an arbitrary parametrized discrete path with n pix-
els given by {Γ1, Γ2, …, Γn}, d(Γi, Γi+1) is the Euclidean distance 
between successive pixels, and the quantity ||∇I(Γi)||2 is a finite 
difference approximation of the image gradient between the 
points (Γi, Γi+1). The gradient image here is obtained using 
the Sobel operator. The parameter γg weights the Euclidean 
distance with the geodesic length. Using the above definition, 
the geodesic distance can be defined as

(a) The satellite is view-
ing from the right and the 
building is offset to the left.

(b) The satellite is viewing 
from the left the building 
is offset to the right.

Figure 7. Displacement of buildings with satellite viewing 
from different directions.

(a) Before line adjustment

(b) After line adjustment

Figure 8. The result of line adjustment.

Figure 9. Correct and incorrect elevation contour lines.
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where Pa,b denotes the set of all discrete paths between two 
grid points a and b. Here we use the geodesic distance as a 
measure of the point of interest and the seed point. First of 
all, the initial seed point is determined and the search win-
dow size set as Tse × Tse pixels. Then the corner point satisfy-
ing dg(a,b)≤Tgeo is the required point of interest, and all the 
pixel points between this point and the seed point are taken 
as foreground samples.

In order to distinguish the building elevation from the roof, 
the extracted elevation contour lines are taken as the back-
ground samples. In Figure 11, the purple lines are background 
samples and the yellow lines are foreground samples.

Image Segmentation Based on GrabCut
The basic idea of GrabCut (Li et al. 2018) is to map the entire 
image to the s-t network diagram, as shown in Figure 12, in 
which the source point s represents the foreground endpoint 
and the confluence point t represents the background end-
point. To build a GrabCut network, foreground and back-
ground samples are required to establish a Gaussian mixture 
model, which is initiated using the k-means algorithm, and 
then the distances between nodes and foreground or back-
ground and the distances between adjacent nodes are calcu-
lated. Then the energy weight of segmentation is obtained, 
and the s-t network graph is constructed for unknown regions. 
Finally, the max-flow-min segmentation algorithm is used to 
segment the unknown regions. The process of GrabCut seg-
mentation updates and modifies the parameters of the Gauss-
ian mixture model iteratively to ensure convergence. After the 
image is segmented by these procedures, the buildings can be 
extracted by screening the sizes of the extracted patches.

Experiment and Results
Data and Evaluation Methods
Data Sets
Five WorldView satellite images are tested, as shown in Table 
1 and Figure 13. In the five images, building tops are clear but 
building elevations or other ground objects have similar spectrum 
features, which leads to the difficulty in separating top contours 
from elevation contours and from the ground. All the images are 
shown after fusion of multispectral and panchromatic bands.

Evaluation Method
The precision, recall, and F1 scores were used to quantitative-
ly evaluate the building extraction results:

 
Precision

TP
TP FP

%=
+

× 100  (6)

 
Recall

TP
TP FN

%=
+

× 100  (7)

 
F1

2
100=

× ×
+

×
Precision Recall

Precision Recall
%, (8)

where TP (true positive) indicates the number of buildings 
extracted by the algorithm compared to the manually labeled 
ground truth; FP (false positive) indicates the number of ob-
jects falsely detected as buildings; and FN (false negative) de-
notes the number of buildings that are labeled in the ground 
truth but not detected by the algorithm.

Experimental Results and Analysis
The proposed method is implemented using Visual C# .NET 
2013 programming language and Emgu CV function library in 
a Windows 10 environment.

Parameter Sensitivity Analysis
In this section, the effects of different parameters on the final 
results are discussed. The four steps of this algorithm involve 
three main parameters: geodesic-distance weight γg, search 
range Tse, and geodesic-distance threshold Tgeo, as shown in 
Table 2.

Using the data in this article, the real contours of the image 
are hand-drawn by reference to the DSM, and the sensitivities 
of the algorithm’s precision, recall, and F1 scores with respect 
to the three parameters are obtained, as shown in Figure 14.

Figure 10. Examples of initial seed points in green.

Figure 11. Foreground sample (yellow) and background 
sample (red).

Figure 12. GrabCut s-t network diagram.
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Table 1. Experimental data sets.

Data set Satellite Band Imaging area Image size (pixels)

a WorldView-3
4-Multispectral, 1.24 m

1-Pan, 0.31 m
Tripoli 948 × 914

b WorldView-3
4-Multispectral, 1.24 m

1-Pan, 0.31 m
Tripoli 1036 × 706

c WorldView-2
4-Multispectral, 1.8 m

1-Pan, 0.5 m
Guangzhou 798 × 853

d WorldView-2
4-Multispectral, 1.8 m

1-Pan, 0.5 m
Guangzhou 1063 × 909

e WorldView-3
4-Multispectral, 1.24 m

1-Pan, 0.31 m
Tripoli 1661 × 2104

(a) WorldView-3 Image Area1 (b) WorldView-3 Image Area2

(c) WorldView-2 Image Area1 (d) WorldView-2 Image Area2

(e) WorldView-3 Image Area 3

Figure 13. Experimental data in different areas.
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It can be seen that the three parameters have a certain 
regularity in their effects on the performance of the algorithm. 
Along the growth of parameter γg, the result changes slowly 
in the beginning, then reaches the maximum and stabilizes. 
When the parameters Tse and Tgeo become larger, the results 
get better and tend to a fixed value. They both change quickly 
first and then tend to be stable. Therefore, the optimal thresh-
olds of the algorithm can be determined as γg = 0.9, Tse = 80 
pixels, and Tgeo = 100.

Selection of Foreground and Background Samples
The selection of foreground and background samples depends 
on the quality of building elevation contour-line extraction. 
In order to extract the building elevation contour line better, 
both the high and low thresholds of the Canny detector were 
set to 200 (to keep the contour more detailed). After that, mor-
phological closing operations were performed to fill the small 
holes in the contour, so that the contour looks more coherent.

The structure of morphological structural elements is very 
important to the final experimental results when the horizon-
tal lines of buildings are extracted (Bibiloni, González-Hidal-
go and Massanet 2017). In this experiment, structural ele-
ments of 15 pixels (a smaller value) were chosen to perform 
the morphological opening operations in the processed image 
to get more lines. Then the angle threshold was set to 90 and 
the horizontal lines were detected by the Hough transform. 
The threshold of FAST was set to 70 in order to adapt to differ-
ent images and get more accurate corner points.

Method Comparison
In order to verify the effectiveness of the method proposed 
in this article, we selected for comparison the most popular 
software—ENVI 5.5 FX—and the most recent building extraction 
method, the shifted shadow algorithm (Gao et al. 2018). The 
extraction results and comparison of each method are shown 
in Figures 15–19. The true detection, false detection, and 
missed detection of building areas in the figures are colored 
in green, red, and blue, respectively. Specific accuracy com-
parisons are shown in Table 3.

The comparison demonstrates that the proposed method 
exceeded the compared methods in terms of F1 score for all 
the tested data. The ENVI FX method requires a lot of manual 
work and takes a long time to determine the parameters of 
segmentation and fusion and to select the samples in the later 
stage. The shifted shadow algorithm, though using shadow as 
auxiliary information to accurately locate the initial building 

Table 3. Comparison of building extraction results from 
various methods (highest results in boldface).

Data 
set Method Precision (%) Recall (%) F1 (%)

a

Proposed method 91.58 90.52 91.04

Shifted shadow algorithm 60.53 95.45 74.08

ENVI FX 87.72 90.06 88.87

b

Proposed method 88.41 83.51 85.89

Shifted shadow algorithm 69.66 79.29 74.16

ENVI FX 73.14 81.91 77.28

c

Proposed method 87.84 84.12 85.94

Shifted shadow algorithm 60.89 84.00 70.61

ENVI FX 91.17 77.71 84.16

d

Proposed method 84.09 84.61 84.35

Shifted shadow algorithm 45.44 98.18 62.13

ENVI FX 80.30 82.33 81.30

e

Proposed method 85.78 83.24 84.48

Shifted shadow algorithm 80.31 70.56 75.12

ENVI FX 73.17 86.49 79.28

Table 2. Parameters and descriptions.

Parameter Description Range

γg
The larger γg is, the larger the proportion of 
gradient difference.

0–1

Tse

If the value is too small, the search scope of 
interest point will be smaller, resulting in too 
few samples. If the value is too large, it is easy 
to take the point outside the building as the 
point of interest, thus causing false detections.

20–150

Tgeo

The smaller the value, the more similar the 
pixel gradient and spectral value between the 
interest points and the seed points.

20–160

(a) γg

(b) Tse

(c) Tgeo

Figure 14. Curve of building extraction results with the 
change of parameters.
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samples, did not effectively distinguish the roofs and eleva-
tions, resulting in a large number of false detections. In this 
article, the elevations of buildings are sampled separately, so 
that the roof contours of buildings can be distinguished well. 
In general, the average accuracy of the proposed method can 
reach 86.34%, which is 11.12% higher than that of the shifted 
shadow algorithm and 4.16% higher than that of ENVI FX. Nev-
ertheless, because some building elevations are occluded by 
other objects, they cannot be effectively sampled, which leads 

to missed detection, as shown in Figure 19a. This is the main 
limitation of the proposed method.

Conclusions
In this article, an effective and highly automated method of 
building extraction is proposed that can distinguish the top of 
a building from the elevation under the constraint of eleva-
tion contour lines, from a monocular optical high-resolution 

(a) The proposed method (b) Shifted Shadow Algorithm (c) ENVI FX (d) Ground truth

Figure 15. Building extraction results of data set a (see Table 1).

(a) The proposed method (b) Shifted Shadow Algorithm (c) ENVI FX (d) Ground truth

Figure 16. Building extraction results of data set b (see Table 1).

(a) The proposed method (b) Shifted Shadow Algorithm (c) ENVI FX (d) Ground truth

Figure 17. Building extraction results of data set c (see Table 1).

(a) The proposed method (b) Shifted Shadow Algorithm (c) ENVI FX (d) Ground truth

Figure 18. Building extraction results of data set d (see Table 1).
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(a) The proposed method (b) Shifted Shadow Algorithm

(c) ENVI FX (d) Ground truth

Figure 19. Building extraction results and comparison of data set e (see Table 1).

image. Compared with the method of using shadows as aux-
iliary information, the elevation contours of the building can 
not only accurately locate the building but also better reflect 
the relationship between the building roof and elevation. 
Moreover, image segmentation with GrabCut can better pre-
serve the entire building boundary. In summary, the method 
has the following characteristics:
1. The method needs only the RGB image, meaning no other 

auxiliary data are needed. For the selection of samples, 
both foreground and background samples are automati-
cally localized, and no sampling is required for the bare 
ground, vegetation, or shadow.

2. Without the use of DSM for orthorectification, building 
elevations in high-resolution images can be well distin-
guished from building-top contours, and thus false detec-
tions are reduced.
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Honesty, justice, and courtesy form a moral philosophy 

which, associated with mutual interest among people, 

should be the principles on which ethics are founded.

Each person who is engaged in the use, development , 

and improvement of the mapping sciences (Photogram-

metry, Remote Sensing, Geographic Information Systems, 

and related disciplines) should accept those principles as a 

set of dynamic guides for conduct and a way of life rather 

than merely for  passive observance.  It is an inherent 

obligation to apply oneself to one’s profession with all dili-

gence and in so doing to be guided by this Code of Ethics.

Accordingly, each person in the mapping sciences pro-

fession shall have full regard for achieving excellence in the 

practice of the profession and the essentiality of maintain-

ing the highest standards of ethical conduct in responsibil-

ities and work for an employer, all clients, colleagues and 

associates, and society at large, and shall . . .

1. Be guided in all professional activities by the  

  highest standards and be a faithful trustee or    

 agent in all matters for each client or employer.

2. At all times function in such a manner as will bring   

 credit and dignity to the mapping sciences profession.

3. Not compete unfairly with anyone who is engaged in   

 the mapping sciences profession by:

 a. Advertising in a self-laudatory manner;

 b. Monetarily exploiting one’s own or another’s  

   employment position;

 c. Publicly criticizing other persons working in or  

   having an interest in the mapping sciences;

 d. Exercising undue influence or pressure, or soliciting   

   favors through offering monetary inducements.

4. Work to strengthen the profession of mapping  

  sciences by:

 a. Personal effort directed toward improving personal   

  skills and knowledge;

 b. Interchange of information and experience with   

  other persons interested in and using a mapping   

  science, with other professions, and with students   

  and the public;

 c. Seeking to provide opportunities for professional   

  development and advancement of persons working   

  under his or her supervision;

 d. Promoting the principle of appropriate compensa-  

  tion for work done by person in their employ.

5. Undertake only such assignments in the use of  

  mapping sciences for which one is qualified by   

 education, training, and experience, and employ or   

 advise the employment of experts and specialists   

 when and whenever clients’ or employers’ interests   

 will be best served thereby.

6. Give appropriate credit to other persons and/or firms   

 for their professional contributions.

7. Recognize the proprietary, privacy, legal, and  

  ethical interests and rights of others. This not only   

 refers to the adoption of these principles in the  

  general conduct of business and professional  

  activities, but also as they relate specifically to the   

 appropriate and honest application of photogramme  

 try, remote sensing, geographic information systems,   

 and related spatial technologies.  Subscribers to this   

 code shall not condone, promote, advocate, or    

tolerate any organization’s or individual’s use of    

these technologies in a manner that knowingly  

  contributes to:

 a. deception through data alteration;

 b. circumvention of the law;

 c. transgression of reasonable and legitimate  

   expectation of privacy.

ASPRS Code of Ethics



Topographic and Geomorphological Mapping and 
Analysis of the Chang’E-4 Landing Site on the Far 

Side of the Moon
Bo Wu, Fei Li, Han Hu, Yang Zhao, Yiran Wang, Peipei Xiao, Yuan Li, Wai Chung Liu,  
Long Chen, Xuming Ge, Mei Yang, Yingqiao Xu, Qing Ye, Xueying Wu, and He Zhang

Abstract
The Chinese lunar probe Chang’E-4 successfully landed in the 
Von Kármán crater on the far side of the Moon. This paper 
presents the topographic and geomorphological mapping and 
their joint analysis for selecting the Chang’E-4 landing site 
in the Von Kármán crater. A digital topographic model (DTM) 
of the Von Kármán crater, with a spatial resolution of 30 m, 
was generated through the integrated processing of Chang’E-2 
images (7 m/pixel) and Lunar Reconnaissance Orbiter (LRO) 
Laser Altimeter (LOLA) data. Slope maps were derived from 
the DTM. Terrain occlusions to both the Sun and the relay 
satellite were studied. Craters with diameters ≥ 70 m were 
detected to generate a crater density map. Rocks with diam-
eters ≥ 2 m were also extracted to generate a rock abundance 
map using an LRO narrow angle camera (NAC) image mosaic. 
The joint topographic and geomorphological analysis identi-
fied three subregions for landing. One of them, recommended 
as the highest-priority landing site, was the one in which 
Chang’E-4 eventually landed. After the successful landing of 
Chang’E-4, we immediately determined the precise location of 
the lander by the integrated processing of orbiter, descent and 
ground images. We also conducted a detailed analysis around 
the landing location. The results revealed that the Chang’E-4 

lander has excellent visibility to the Sun and relay satellite; 
the lander is on a slope of about 4.5° towards the southwest, 
and the rock abundance around the landing location is al-
most 0. The developed methods and results can benefit future 
soft-landing missions to the Moon and other celestial bodies.

Introduction
On 3 January 2019, the Chinese lunar probe Chang’E-4, carry-
ing the Jade Rabbit-2 lunar rover, successfully landed in the 
Von Kármán crater in the northwestern South Pole-Aitken 
(SPA) basin on the far side of the Moon (Figure 1). Chang’E-4 
was the first spacecraft to make a soft landing on the lunar far 
side. The Chang’E-4 lander and the Jade Rabbit-2 rover are 
now exploring the surface and subsurface of the Von Kármán 
crater’s mare-covered floor with their onboard scientific in-
struments. Their tasks include investigating the compositions 
of mare basalt and the subsurface structure of the regolith of 
this far side region (Wu et al. 2017), and finding clues that 
could provide insight into the early geologic history of the 
Moon (Wilhelms, John, and Trask 1987; Huang et al. 2018; Li 
et al. 2019; Di et al. 2019).
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Figure 1. The Chang’E-4 landing site. (a) The landing site shown in a global view of the far side of the Moon; (b) an enlarged 
view of the landing site inside the Von Kármán crater shown in a Chang’E-2 image, with the green box indicating the targeted 
landing region; and (c) a further enlarged view of the landing site shown in a LRO NAC image.
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Chang’E-4 is part of the second phase of the Chinese Lunar 
Exploration Program (Wu et al. 2017; Jia et al. 2018). This 
probe is a former backup of the Chang’E-3 probe (Jia et al. 
2018), which made a successful lunar landing in the Sinus 
Iridum region in the Mare Imbrium on 14 December 2013 (Wu 
et al. 2014a). Unlike the landing site of the Chang’E-3, the 
targeted landing region of Chang’E-4 is on the far side of the 
Moon; therefore, a relay satellite was sent to the Earth-Moon 
Lagrangian Point 2 (L2) halo orbit in May 2018, which serves 
as a communication relay station between Earth and the lunar 
far side (Jia et al. 2018).

The selection of the Chang’E-4 landing site includes sev-
eral steps. In the first step, two craters located inside the SPA 
basin, including the Von Kármán crater and the nearby Chre-
tien crater, were selected. This is because a similar latitude to 
the Chang’E-3 landing site was preferred (i.e., at about 45°S in 
latitude) and due to the temperature and communication con-
straints. At the latitude of about 45°S inside the SPA basin, the 
Von Kármán crater and Chretien crater are superior to others 
in terms of crater size and roughness of the crater floor. In the 
second step, two candidate landing regions located inside the 
Von Kármán crater and Chretien crater, each covering an area 
of about 50 × 30 square kilometers, were selected for detailed 
analysis in terms of surface elevations, terrain slopes, and ter-
rain occlusions to sun illumination and telecommunication. 
The candidate landing region located in the southeast floor 
of the Von Kármán crater, outlined in Figure 1b by the green 
box, was chosen based on its superiority in all these aspects.

To ensure a safe and successful landing, a careful analysis 
of the topography and geomorphology (De Rosa et al. 2012; 
Wu et al. 2014a) of the targeted landing region for further se-
lecting a suitable landing site is critical. Topographic features, 
such as surface slopes and occlusions, along with geomor-
phological features such as the distributions of craters and 
boulders/rocks, were mapped and analyzed to identify the 
best suitable site for landing. In this research, we created digi-
tal topographic models (DTMs) of the Von Kármán crater at a 
spatial resolution of 30 m through the integrated processing of 
Chang’E-2 images and Lunar Reconnaissance Orbiter (LRO) La-
ser Altimeter (LOLA) data (Wu, Hu, Guo 2014b). Based on the 
DTMs, we scrutinized the surface slopes and terrain occlusions 
to the solar illumination and the relay satellite. Based on the 
Chang’E-2 images and the high-resolution LRO narrow angle 
camera (NAC) images, we analyzed the crater distribution and 
rock abundance inside the targeted landing region. The topo-
graphic and geomorphological features were then analyzed 
jointly to identify three subregions for landing. Chang’E-4 
eventually landed in the subregion of the highest priority on 
3 January 2019. After the landing, we precisely located the 
lander by using the images collected both in orbit and during 
the descent phase, together with a ground panorama collected 
by the lander’s overhead camera upon landing. A detailed 
terrain occlusion analysis around the landing location was 
performed, and a 1.5 m/pixel DTM was generated using the 
shape-from-shading (SfS) approach (Wu et al. 2018a). This 
made it possible to conduct detailed topographic analyses to 
support the surface operations of the lander and rover.

This paper focuses on the targeted landing region inside 
the Von Kármán crater. It is organized as follows. The next 
section describes the methods and results regarding topo-
graphic mapping, with the topic of geomorphological map-
ping reserved for the section “Geomorphologic Mapping and 
Analysis of the Landing Region”. The joint topographic and 
geomorphological analysis with the purpose of identifying 
subregions for landing are presented in the subsequent sec-
tion. The section “Landing Site Localization and Analysis” 
includes further results regarding the precision localization 
of the lander and a detailed analysis of the surface slopes and 
occlusions around the landing site. Finally, the last section 
offers concluding remarks and discussion.

Topographic Mapping and Analysis of the Landing Region
Topographic Mapping
High-resolution DTMs are the vital data resources for topo-
graphic analysis of the targeted landing region. Currently, the 
Selenological and Engineering Explorer (SELENE) and LRO digi-
tal elevation model (SLDEM) generated by the co-registration of 
the photogrammetric results from the SELENE imagery and the 
LOLA measurements (Barker et al. 2016), provides full cover-
age of the targeted landing region at a spatial resolution of 
about 60 m. The SLDEM offers a typical vertical accuracy of 3 to 
4 m. The SLDEM has favorable geometric accuracies but sparse 
spatial resolution. In this research, we used the Chang’E-2 
images (7 m/pixel) covering the Von Kármán crater to gener-
ate a DTM with a spatial resolution of 30 m by the integrated 
processing with the LOLA measurements (Wu, Hu, Guo 2014b).

The Chang’E-2 camera consists of two linear push broom 
sensors with a convergence angle of about 25° that are used 
to formulate an along-track stereo configuration of the im-
ages (Wu, Hu, Guo 2014b). There is an overlap of about 50% 
between the images in the adjacent tracks. We developed 
a combined block adjustment approach for the integrated 
processing of the multiple-track Chang’E-2 images and the 
LOLA measurements to generate high-precision DTMs. By doing 
so, inconsistencies can be reduced between the multiple-
track Chang’E2 images, and between the three-dimensional 
(3D) measurements from the Chang’E-2 images and the LOLA 
measurements. This approach was used for the integrated 
processing of the Chang’E2 images and LOLA measurements 
covering the Von Kármán crater and thus improved the orien-
tation parameters of Chang’E-2 images. Dense image matching 
was carried out on the stereo Chang’E-2 images to generate 
dense matches, using a texture-aware semiglobal matching 
algorithm (Hu et al. 2016). 3D point clouds were then gener-
ated from the matching results based on the improved image 
orientation parameters, and finally, a DTM of the region with a 
spatial resolution of 30 m was interpolated from the 3D point 
clouds. The generated DTM was compared with the SLDEM cov-
ering the same region. The results indicated that the former 
has a degree of geometric accuracy similar to the latter but 
offers better spatial resolution (Hu and Wu 2019).

Figure 2a shows a 3D view of the generated DTM covering 
the Von Kármán crater. The right column shows an enlarged 
view of the targeted landing region as marked with a red box 
in the left column. Based on the generated DTM, the Von Kár-
mán crater measures about 180 km in diameter, with a rim-
to-floor depth of about 5 km. The crater floor has a diameter 
of about 140 km, and there is a central peak of about 1.55 km 
in height in the middle part of the crater. Within the targeted 
landing region, the terrain surface has a minimum height of 
-6076 m and a maximum height of -5776 m, respectively, 
with respect to a reference sphere of radius 1737.4 km. Figure 
2b shows the generated ortho-image mosaics. Based on the 
generated DTM, the Chang’E-2 images were ortho-rectified and 
mosaicked to generate an orthographic image mosaic covering 
the Von Kármán crater, as shown in the left column of Figure 
2b, which has the same resolution of 7 m/pixel as the original 
Chang’E-2 images. Inside the targeted landing region, LRO NAC 
images were collected to generate an image mosaic with a 
higher spatial resolution (1.5 m/pixel), as shown in the right 
column of Figure 2b.

Slope Analysis
Surface slope is an important engineering constraint in land-
ing site evaluation to ensure the stability of the lander during 
touchdown, which is the magnitude of the derivatives of the 
gridded topographic model (i.e., the DTM) at a specific base-
line. With two grid cells required for slope calculation along 
one direction, the corresponding baseline for slope analysis 
is two times the spatial resolution of the DTM, which is 60 
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m for the DTM generated from the 
Chang’E-2 images. For any point in 
the DTM, slopes along the east-west 
and north-south directions are 
calculated based on the distance 
and elevation difference of the 
two neighboring grid cells, and 
the square root of the sum of their 
squares is calculated as the maxi-
mum slope at that point. The slope 
calculation method is consistent 
with those provided in popular 
software systems, such as ArcGIS. 
After the slopes of all the points 
in the DTM have been calculated, a 
slope map can be generated. Figure 
3 shows the slope map and statis-
tics of the targeted landing region 
at a baseline of 60 m. It can be seen 
that most of the region (99.7%) has 
slopes of less than 15°, and 96.9% 
of the region has slopes of less than 
8°. Only 3.1% of the region has 
slopes larger than 8°, and those 
areas are mainly distributed inside 
some craters.

A baseline of 8 m is further 
imposed for slope analysis, consid-
ering the lander footprint size of 
about 4.5 m plus a buffer for attitude adjustment of the lander 
before touchdown. However, slope analysis at an 8-m baseline 
requires a higher resolution DTM. There is only one stereo pair 
of LRO NAC images covering a small portion of the middle-
north part of the landing region that could be used to generate 
a DTM of 4 m resolution. No high-resolution DTMs are available 
for other areas inside the landing region. In our previous work 
(Wang and Wu 2017), we presented a correlation analysis of 
slopes derived from the same terrain surface with different 
baselines. The results indicated that it is possible to estimate 
slopes at short baselines from slopes calculated from relative-
ly longer baselines. The same method was used here for the 
estimation of slopes at different baselines. The 4-m resolution 
DTM from the stereo NAC images and the corresponding 30-m 
resolution DTM from the Chang’E-2 images, both covering 
the same local area inside the landing region, were used for 
correlation analysis of slopes at baselines of 8 m and 60 m. A 
slope amplification function with multipliers in the range of 
[1.1, 1.6] was obtained from the correlation analysis in this 
local area, which was then used for estimation of slopes at 
8-m baseline in other areas inside the landing region, based 
on the assumption that the influences of different baselines 
on slopes should be similar for this local area and its nearby 
region. Therefore, we also compute an aggressive (the lower 
amplification bound of 1.1) and a conservative (the upper 
amplification bound of 1.6) estimation of the slopes at the 8 m 
baseline based on the original slopes at 60 m baseline. In the 
case of conservative estimations, about 3.4% of the areas have 
slopes larger than 8°, and this value only rises to about 5%, 
even in the aggressive case. Similarly, the areas with larger 
slopes are located inside the craters.

Occlusion Analysis
As the targeted landing region is on the floor of the Von 
Kármán crater and the height difference from the floor to the 
crater rim is about 5 km, it is crucial to analyze the possible 
terrain occlusions to solar illumination and communication 
signals from the relay satellite. The lander and rover rely on 
solar energy to charge the batteries of the onboard instru-
ments. Also, communications and data transfer between the 
Earth control center and the lander require that the latter stays 

in the sight of the relay satellite. Therefore, areas with maxi-
mum visibility of the Sun and the relay satellite, that is, areas 
that feature the least amount of occlusion from the terrain, are 
preferred when evaluating landing site suitability.

In the analysis of the occlusion conditions caused by the 
terrain, a search radius of 200 km surrounding the targeted 
landing region is considered, to enclose the entire rim of the 
Von Kármán crater and some high mountains outside the 
crater that may cause occlusions. Due to the long distances 
involved when calculating terrain occlusion angles, the cur-
vature of the lunar surface cannot be ignored. An approach 

(a)

(b)

Figure 2. Topographic mapping results of the Von Kármán crater. (a) 3D view of the 
DTM (30 m/pixel), (b) 3D view of the orthographic image mosaics projected on the DTM. 
The left column shows the Chang’E-2 image mosaic (7 m/pixel), and the right column 
shows the LRO NAC image mosaic (1.5 m/pixel) in the targeted landing region. The red 
cross indicates the landing location.

(a)

(b)

Figure 3. Slope map and statistics of the targeted landing 
region. (a) The slope map at a baseline of 60 m and (b) 
histogram of the slope statistics.
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based on the geodesic line (Karney 2013) was developed to 
analyze the altitude angles of terrain occlusions, as illustrated 
in Figure 4. For each target point A(λ1, φ1) at longitude λ1 and 
latitude φ1 in the landing region, a geodesic line l is deter-
mined by a specific azimuth angle α. Given a specific distance 
s12, the geographic coordinates of the search point B(λ2, φ2) 
can be determined based on the geodesic line (Karney 2013). 
The height of point B can be sampled from the DTM. Then, 
the 3D coordinates of B can be projected to a local Cartesian 
coordinate system of the target point A, in which the altitude 
and distance of B, with respect to the target point A, can 
be determined, and an altitude angle θ can be calculated to 
represent the terrain occlusion of point B to A. The process 
just described is repeated for all of the azimuth angles and the 
entire search radius of 200 km. The intervals for the azimuth 
angle α and geodesic distance s12 are set to be 1° and the spa-
tial resolution of the DTM, respectively, considering the accu-
racy in capturing the topographic features and the processing 
time. Next, the maximum occlusion angle for point A along 
each azimuth direction can be determined, and the maximum 
occlusion angle among all the azimuth directions from 0° to 
360° can be obtained. This procedure is further repeated for 
each grid point in the targeted landing region to generate the 
terrain occlusion map shown in Figure 5.

Figure 5 shows the terrain occlusion maps of the targeted 
landing region. Figure 5a shows the maximum altitude angle 
of terrain occlusion for each point inside the region, and 
Figure 5b shows the corresponding azimuth of the maximum 
altitude angle for each point. For most of the flat areas inside 
the landing region, the maximum terrain altitude angle is 
less than 10°. Also, most of the maximum altitude angles are 
caused by the rims of the Von Kármán crater in the southeast 
and east parts, as indicated by the azimuth map of terrain oc-
clusion in Figure 5b. In the targeted landing region located in 
the southeast part of the crater floor, as shown in Figure 1, the 
southeast and east parts of the crater rim create larger terrain 
occlusions because they are closer to the landing region. In 
contrast, terrain occlusions in the northwest corner of Figure 
5b show that the terrain occlusions in this part come from 
the northwest direction, either from the rim of the Von Kár-
mán crater far to the northwest at a far distance or from the 
nearby central peak of Von Kármán crater, also located in the 
northwest of the landing region. The large terrain occlusions 
indicated in red or yellow in Figure 5a are inside the craters 
and along the slopes of the hills.

For a period of six months after the landing of Chang’E-4, 
from 3 January  to 3 July 2019 (the designed working period of 
Chang’E-4), the solar azimuth and altitude of each point inside 
the landing region can be obtained from ephemeris informa-
tion and compared with the altitude angle of the terrain occlu-
sion along the same azimuth. The solar occlusion conditions 
are derived for each point by summarizing the possible occlu-
sions of all the solar azimuth directions. Figure 6a presents 
the resulting percentage of visibility of the Sun during the 
six-month period over the entire region, with red representing 
occlusions to the Sun. It should be noted that the lander and 
rover hibernate during the lunar night and they will automati-
cally wake up when the solar altitude angle is greater than 
10°; therefore, only the time slots with solar altitude angles 
greater than 10° (43.7% of the designed working period of six 
months) were considered in the above occlusion analysis. It 
can be seen from Figure 6a that a majority (99.8%) of the land-
ing region has 100% visibility of the Sun during the six-month 
period (excluding the time when the solar altitude angles are 
≤ 10°); however, in some areas, especially inside small craters 
and near hills, the solar visibility is as low as 86%.

Figure 6b presents the terrain occlusions to the relay 
satellite. As mentioned earlier, a relay satellite was sent to 
the Earth-Moon L2 point and stayed there in a halo orbit 
to provide continuous communication between the Earth 

control center and the Chang’E-4 lander on the far side of the 
Moon. For the same period of six months after the landing of 
Chang’E-4, the azimuth and altitude of the relay satellite with 
respect to each point inside the landing region were estimated 
from the orbit design of the relay satellite. An occlusion map 
to the relay satellite for the entire landing region was gener-
ated following the same process as for occlusion to the Sun, as 
shown in Figure 6b. As before, the time slots with solar alti-
tude angles less than 10°, when the lander and rover hibernate, 
were ignored in the occlusion analysis. From Figure 6b, the 
relay satellite is 100% visible over the majority (99.98%) of the 
landing region during the six-month period of interest. Never-
theless, there are several places, shown in red, where the relay 

Figure 4. Computation of terrain occlusions based on the 
geodesic line. (a) The terrain occlusion is searched along the 
geodesic line for a specific target point A and sampled by a 
uniform interval. (b) The searched point B is projected to the 
local Cartesian coordinate system of target point A and the 
altitude angle of terrain occlusion is calculated.

(a)

(b)
Figure 5. Terrain occlusion maps of the targeted landing 
region. (a) The maximum altitude angles of terrain 
occlusions for each point in all azimuth directions, (b) the 
corresponding azimuth angles for the maximum occlusion 
of each point.
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satellite is visible only for 95.8% of the time. Fortunately, these 
places are rare and are distributed mainly inside a few craters 
or around the foot of the hill in the northwest of the landing 
region. The occlusions to the relay satellite are less severe 
compared with the occlusions to the Sun, as can be noted from 
Figure 6. This is reasonable considering that the altitudes of 
the relay satellite, with respect to the targeted landing region, 
are consistently larger than ~25° by the design of the halo orbit.

Geomorphologic Mapping and Analysis of the Landing Region
Crater Distribution
Craters are common geomorphologic features on the Moon. 
Craters are considered possible hazards in landing site 
evaluation due to their internal slopes and protuberant rims. 
Therefore, a lower crater density is preferred in selecting the 
landing site. Also, Chang’E-4 had to avoid landing in any 
small craters (a few meters to dozens of meters in diameter) 
to allow the maximum maneuvering capability of the rover 
(Brady et al. 2009; Wu et al. 2014a).

We developed an active machine-learning algorithm (Wang 
and Wu 2019) for automatic crater detection in the targeted 
landing region. The 7 m/pixel Chang’E-2 image mosaic was 
used for crater detection inside the landing region. We aimed 
to identify all craters larger than 70 m in diameter, which is 
equivalent to 10 pixels on the image, as the performance of 
our algorithm decreases for craters smaller than 10 pixels in 
diameter. It should be noted that the LRO NAC image mosaic 
was not used for crater detection here. Even though it offers 
higher resolution, LRO NAC imagery has varying illumination 
conditions and unbalanced image contrasts, as shown in the 
right column of Figure 2b, which will influence the crater 
detection and result in biases in crater density analysis across 

the landing region. By contrast, the Chang’E-2 image mosaic 
has consistent illumination and contrast conditions, as can 
be seen in the left column of Figure 2b. After the automatic 
crater detection on the Chang’E-2 image mosaic using the 
algorithm (Wang and Wu 2019), a manual checking process 
was further carried out to ensure the reliability of the detected 
craters, by digitizing missing craters and removing artifacts 
with the assistance of a grid with a cell size of 70 m × 70 m 
overlaid on the image mosaic. Ultimately, 9391 craters with 
diameters ranging from 70 m to 1405 m were detected in the 
landing region. Figure 7a shows the distribution of those 
detected craters.

To understand the crater distribution in the targeted land-
ing region, a crater density map depicting crater numbers in a 
unit area was generated, as shown in Figure 7b. The map was 
obtained by using a moving circular window with an area of 
10 km2 to count the numbers of craters. Smaller density rep-
resents a sparser distribution of craters and thus a relatively 
safer situation for landing. Figure 7b shows that the eastern 
part of the targeted landing region has relatively higher crater 
density compared with the central and western parts. The 
average crater density in the targeted landing region is about 
60 craters over a circular window of 10 km2 area.

Rock Abundance
Rocks are another type of major feature on the lunar surface 
that can be hazardous for the lander and rover. Rock abun-
dance, defined as the cumulative fractional area covered by 
rocks with respect to their diameters, is another crucial factor 
in evaluating the suitability of finding a landing site for any 
landing mission (Golombek and Rapp 1997; Golombek et al. 
2003; De Rosa et al. 2012; Wu et al. 2018b). For example, one 

(a)

(b)

Figure 7. (a) Distribution of craters (≥ 70 m in diameter) 
in the targeted landing region. The red cross indicates the 
landing location, and the inset figure on the right shows an 
enlarged view of the detected craters around the landing 
location. (b) The crater density map in terms of crater 
numbers calculated using a moving circular window.

(a)

(b)

Figure 6. Visibility maps of the targeted landing region for 
the six-month period after the landing of Chang’E-4 from 3 
January to 3 July  2019. (a) Visibility map to the Sun and (b) 
visibility map to the relay satellite.
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criterion for selecting the landing site of National Aeronau-
tics and Space Administration’s (NASA’s) InSight mission on 
Mars was that the rock abundance had to be less than 10% 
(Golombek et al. 2017); and for the ExoMars mission of the 
European Space Agency, the rock abundance must be less 
than 7% (Pajola et al. 2017). In this research, a rock abun-
dance constraint of 7% was considered in landing site evalu-
ation given the ability of the lander and rover to tolerate rocks 
during their maneuvering.

We developed a rock detection algorithm (Li and Wu 2018) 
to extract rocks from the LRO NAC image mosaic. The algorithm 
detects rocks based on their particular brightness distribu-
tions and relief properties presented in the image. The details 
pertaining to this rock detection algorithm can be found in 
our previous work. Using the algorithm, a total of 21 004 
rocks were identified from the LRO NAC image mosaic (1.5 m/
pixel) covering the targeted landing region. The minimum 
size of rocks that were detected is 2 m (the longest diameter 
of the rock boundary), and the maximum size is 17.24 m. The 
detected rocks were manually checked by two independent 
operators to further ensure the reliability of rock detection. The 
distribution of the final detected rocks is shown in Figure 8a.

Figure 8a shows the distribution of rocks larger than 2 m 
within the targeted landing region. However, for landing site 
assessment, we will need to understand the overall distribu-
tion of rocks of all sizes. A rock abundance model developed 
by Li and Wu (2018) is used here, which allows us to infer 
the overall distribution of rocks of all sizes from rocks above a 
particular size. The rock abundance model has the following 
exponential format:
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where D is the rock diameter, k is rock abundance, and 
Fk = (D) is the fractional area covered by rocks with diameters 
larger than D. Based on the rock detection result, the rock 
abundances were estimated using the above rock abundance 
model to generate a rock abundance map of the targeted land-
ing region, as shown in Figure 8b. It should be noted that the 
rock abundance model can only be used to estimate the over-
all distribution of rocks in an area from the size-frequency 
distribution of the detected rocks. If no rock is detected from 
the image in a local area, this either indicates that the area is 
indeed rock-free, or there might be smaller rocks, but they are 
ignored. The latter case requires higher-resolution image data 
for checking the existence of smaller rocks. Nevertheless, the 
rock abundance map generated from the method above can 
still be used to analyze the relative rock abundances of differ-
ent local areas in the targeted landing region.

The rock abundance map shown in Figure 8b was generat-
ed by calculating the fractional area of detected rocks within 
each tile of 250 m × 250 m inside the landing region and by 
further extrapolating the rock abundance values for each 
tile based on Equation 1. The tile size of 250 m was selected 
considering its statistical significance (Li and Wu 2018) and 
meaningfulness for comparing with LRO Diviner Radiometer 
data, as described below. According to the rock abundance 
map and the rock distribution map, as shown in Figure 8, 
most rocks are located around rocky impact craters and slopes 
of hills. Within the targeted landing region, 99.9% of the 
region has a rock abundance of < 7%, and 97.1% of the region 
has a rock abundance of < 1%. The highest rock abundance in 
the region is 18.21%, appearing on the slope of a rocky crater 
close to the south-western boundary of the target landing 
region located at (176.4488°E, 45.8222°S).

Our rock abundance map is further compared with the 
rock concentration map obtained from the LRO Diviner Ra-
diometer data. Based on the contrasting thermal conductivi-
ties between rocks and lunar regolith, Bandfield et al. (2011) 
derived a rock concentration map (http://ode.rsl.wustl.edu/
moon/index.aspx) using the LRO Diviner Radiometer data. The 
same reference system (Mean Earth/Polar Axis) and the same 
map projection (Mercator) were used for the Diviner map and 
the LRO NAC image mosaic, and we found that the two maps 
matched well in general by referring to the locations and 
shapes of some big craters commonly visible on them. The 
Diviner map has a spatial resolution of 128 pixels per degree 
(~250 m at the equator), and each pixel presents an aerial 
fraction of rocks with diameters larger than ~1 m. To compare 
with the Diviner map, the areal fraction of rocks ≥ 1 m was ex-
trapolated from our detected rocks (≥ 2 m in diameter), which 
were then binned into pixels of the same scale of the Diviner 
bins, using the rock abundance model as shown in Equation 
1. The differences between our results and the Diviner map 
in the landing region are shown in Figure 9a. The average 
absolute difference between our map and the Diviner map 
is 0.25%. The greatest positive difference is 12.8%, and the 
greatest negative difference is -2.2%, as shown in Figure 9b. 
The first row in Figure 9b shows the case in which the great-
est positive difference appears. The fraction area of rocks (≥ 1 
m) derived from our rock detection result is as high as 15.1%, 
while the Diviner result is only 2.3%, leading to a positive 
difference of 12.8%. Our higher value is more reasonable than 
the Diviner result considering that the areal fraction of the 
detected rocks (≥ 2 m) already reaches 8.2%. The reason for 
this kind of discrepancy might be that craters with various 
slopes may show a range of temperatures with the Diviner 
measurements, which may consequently lead to uncertainties 

(a)

(b)

Figure 8. Rock abundances in the targeted landing region. 
(a) Distribution of rocks larger than 2 m in diameter overlaid 
on the LRO NAC image mosaic. The red cross indicates 
the landing location, and the inset figures on the right 
show enlarged views of the detected rocks. (b) The rock 
abundance map showing the cumulative fractional area of 
rocks in the region.
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and errors (Li and Wu 2018; Bandfield et al. 2011). The sec-
ond row in Figure 9b shows the greatest negative difference 
of -2.2%. This type of discrepancy can be attributed to the 
unfavorable illumination conditions in which rocks cannot be 
identified in the dark shadows. Fortunately, such shadowed 
areas cover less than 1% of the landing region.

Joint Topographic and Geomorphological  
Analysis for Landing Site Selection
The previously described topographic factors, including 
surface slopes and occlusions, and the geomorphologic fac-
tors, including crater distribution and rock abundance, are 
critical considerations when selecting suitable landing sites 
for Chang’E-4 to avoid hazards during touchdown and ensure 
favorable maneuverability of the robotic rover. Therefore, we 
carried out a joint topographic and geomorphologic analysis 
to identify subregions inside the targeted landing region that 
could be favorable for a safe landing.

The Chang’E-4 lander had an orbital inclination angle rang-
ing from 80° to 100° from the east by orbit design dependent 
on the launching window. There were various uncertainties 
in orbit determination which might affect the actual landing 
(Li et al. 2017). In the longitude direction, considering the 
influence of midcourse orbit correction, near-Moon braking, 
and other orbit control errors, there were certain errors in the 
orbital inclination relative to the nominal design, which would 
be propagated along the longitude direction. In addition, simu-
lation analysis of the powered descent phase also revealed 
kilometer-scale deviations in the longitude direction caused by 
the powered descent. In the latitude direction, uncertainties 
included the prediction error of the start point of the powered 

descent phase and the thrust deviation of the 7500 N motor 
onboard the lander, which were also in kilometer scale. Con-
sidering the above engineering factors, a rectangle centered at 
the orbit track with a width of ± 5 km across the orbit direction 
and a length of ± 15 km along the orbit direction was defined 
as a subregion for landing. The targeted landing region was 
then divided into 25 subregions for detailed analysis, as shown 
in Figure 10a. There was a 2 km offset between any two neigh-
boring subregions, and the areas beyond the targeted landing 
region were ignored in the analysis.

For all the 25 subregions, we examined five specific crite-
ria to evaluate their suitability for a safe landing, including 
surface slopes, terrain occlusions to the Sun, terrain occlu-
sions to the relay satellite, crater densities, and rock abun-
dances. For each criterion, we set a soft threshold and scored 
the subregion based on the percentage of areas that exceed 
the threshold. For the slope threshold, 8° was applied on the 
slopes at the 8 m baseline. For the crater density, the average 
crater density of the landing region plus its standard devia-
tion was used as the threshold, which was 78 craters (≥ 70 
m in diameter) per 10 km2. For the rock abundance, 7% was 
used as the threshold. For the occlusions to both the Sun and 
relay satellite, we directly counted the percentages of areas 
with any occlusions during the six-month period after land-
ing with respect to the total area of the subregion. It should 
be noted that some of these threshold parameters (e.g., slopes 
and rock abundance) were considered mainly based on the 
engineering constraints described previously. Some threshold 
parameters (e.g., the crater density) might not directly relate 

(a)

(b)

Figure 9. Comparison between the rock abundances 
from our results and the LRO Diviner Radiometer data in 
the targeted landing region. (a) Difference map of rock 
abundances (ours minus the Diviner map) and (b) enlarged 
views of examples for detailed comparison.

(a)

(b)

Figure 10. Joint analysis for selecting the subregion for 
landing. (a) 25 subregions covering the targeted landing 
region; (b) the three short-listed subregions, with 11 being 
the highest priority, where Chang’E-4 actually landed. The 
red cross indicates the exact landing location of Chang’E-4. 
The underlying image is a shaded relief of the DTM of the 
targeted landing region.
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to an engineering constraint, but they worked fine as we were 
interested in the subregions of relatively favorable conditions.

We carried out the above analysis for all 25 subregions. 
The subregions (1–8) in the western part of the targeted land-
ing region have relatively large slopes and rock abundances. 
Their crater densities are all below the threshold. The subre-
gions (9–15) in the middle part have fewer slopes and rock 
abundances. Their crater densities are gradually increased. 
The subregions (16–25) in the eastern part have relatively 
large crater densities and slopes. Their rock abundances are 
moderate. For the occlusions to the Sun and the relay satel-
lite, the first two subregions in the west and several subre-
gions in the east (e.g., 19–23) have relatively large occlusions 
compared with other subregions. Comparing the subregions 
in the western, central, and eastern parts of the landing 
region, subregions 4, 11, and 24 show overall superiorities as 
compared with others in their neighborhoods. Therefore, they 
were short-listed for further consideration. The locations of 
the three short-listed subregions are shown in Figure 10b.

Table 1 lists the statistics of slopes, occlusions, crater 
densities, and rock abundances of the three short-listed 
subregions 4, 11, and 24. Their average slopes, crater densi-
ties, rock abundances, and occlusions to the Sun and relay 
satellite were further compared. From Table 1, it can be seen 
that subregion 11 shows the best performance in terms of all 
the aspects. Subregion 4 was ranked as the last, as it has a 
relatively high rock abundance and more serious occlusions 
to both the Sun and relay satellite. Subregion 11 was finally 
selected as the landing site with the highest priority, and 
Chang’E-4 actually landed in this subregion, with the exact 
location marked by a red cross in Figure 10b.

Landing Site Localization and Analysis
Localization of the Chang’E-4 Lander
On 3 January 2019, Chang’E-4 successfully landed in the Von 
Kármán crater. Identifying the exact location of the lander 
within the landing region and with respect to other surface 
features as soon as possible after landing was critical for plan-
ning science and engineering activities in the initial stages 
of surface exploration. The identification of other nearby fea-
tures was also needed in traverse planning for the rover over 
the course of the mission. This was accomplished within two 
hours of landing before the rover drove off the lander. The 
related procedures involved Doppler positioning of the orbit 
track, reconstructing the entry, descent, and landing (EDL) 
process using returned descent images, and locating common 
features in the orbiter, descent, and ground images.

The navigation team determined the location of the lander 
at 45.5°S, 177.6°E, by Doppler positioning and orbit determi-
nation, which offered an initial location of the lander. A series 
of descent images collected by a descent camera mounted on 
the lander during the EDL process were used to reconstruct the 
lander’s descent track, and the endpoint of the descent track 
was already close to the lander location. Finally, a ground 
panorama image, taken by the terrain camera mounted on top 
of the lander after landing, was used for the precise localiza-
tion of the lander. As shown in Figure 11a, three meter-sized 
craters were manually identified on the ground panorama, 
and their centers were marked with red dots. Their corre-
sponding positions on the descent image were then manually 
identified and marked with red dots as shown in Figure 11b. 
The descent image was geo-referenced to the LRO NAC image 
(M134022629L), as shown in the background in Figure 11b. 
The LRO NAC image was ortho-rectified using the Integrated 
Software for Imagers and Spectrometers software, which was 
already in the Mean Earth/Polar Axis reference system with 
planetocentric coordinates. The latitude and longitude coordi-
nates of the lander were then calculated based on the optimal 
cartographic triangulation (Li et al. 2004) using these three 

Table 1. Statistics of slopes, crater densities, rock abundances, and occlusions of the three short-listed subregions.

Subregion

Slope Crater density Rock abundance

Occlusion to 
the Sun (%)

Occlusion 
to the relay 
satellite (%)

Priority as 
landing site

Average 
(°)

% of 
areas ≥ 8°

Average (no. 
craters per 10 km2)

% of areas ≥ 78 
craters per 10 km2

Average 
(%)

% of areas 
≥ 7%

4 2.39 2.37 58 0.00 0.04 0.031 0.44 0.02 3

11 2.32 1.96 46 0.00 0.00 0.000 0.32 0.00 1

24 2.65 3.04 81 0.38 0.00 0.011 0.41 0.00 2

Figure 11. Localization of the Chang’E-4 lander. (a) Three small craters marked as red dots on the ground panorama image. (b) 
The corresponding positions of the craters marked on the descent image, which was geo-referenced with the LRO NAC image. The 
red cross indicates the lander location obtained by optimal cartographic triangulation. (c) The LRO NAC image (M1303619844LR) 
taken on 1 February 2019, showing the real locations of the lander and rover as indicated by the white arrows.
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terrain features, which were in the same cartographic system 
of the used LRO NAC image. The elevation of the lander was 
measured from the DTM of the same location. The determined 
landing location of Chang’E-4 was at 45.4561°S, 177.5892°E, 
and at -5926 m elevation. The elevation was with respect to a 
reference sphere of radius 1737.4 km.

One week after the landing (on 11 January 2019), the LROC 
team at Arizona State University also identified the location 
of the Chang’E-4 lander at 45.457°S, 177.589°E, plus or minus 
20 meters (http://lroc.sese.asu.edu/posts/1087), based on the 
co-registration of the Chang’E-4 descent frames and the NAC 
image (M1298916428LR). Liu et al. (2019) also located the 
Chang’E-4 landing site as 45.4446°S, 177.5991°E with an ele-
vation of -5935 m using the digital orthophoto map and DTM 
of Chang’E-2 as geo-reference data, whose relative position to 
the surrounding terrain features is consistent with our results.

About one month later, after the successful landing of 
Chang’E-4, NASA’s LRO passed by the Chang’E-4 landing 
region on 1 February 2019. The LRO NAC collected an im-
age (M1303619844LR) of the landing region with a spatial 
resolution of 0.85 m/pixel, as shown in Figure 11c, on which 
the Chang’E-4 lander (the white dot with a dark shadow) and 
the Jade Rabbit-2 rover (the dark dot) can be clearly seen, as 
indicated by the white arrows. Comparing Figure 11b and 
11c, it can be seen that the lander’s location, as determined by 
our approach, is generally consistent with its real location, as 
imaged by the LRO NAC.

Analysis Around the Landing Site
After determining the lander’s location, the analysis of its sur-
rounding environment is vital for planning the subsequent sci-
ence and engineering activities. We first examined the detailed 
terrain occlusions at the landing site. The approach described 
in the section “Occlusion Analysis” was adopted to analyze 
the occlusions at the landing site induced by the terrain, and 
the results are shown in Figure 12. Specifically, 360 geodesic 
lines were cast from the landing location at an azimuth inter-
val of 1° as shown in Figure 12a. The position with the largest 
altitude angle induced by the nearby terrain was denoted by 
the endpoint of each geodesic line. Places with no geodesic 
lines visible are due to the terrain occlusions that happened 
in close ranges. Similarly, the relatively large occlusions were 
caused by the east-west rim of the Von Kármán crater. Over-
all, the terrain occlusion angles are generally less than 3° at 
the landing location. Figure 12b illustrates the relationships 
among the terrain occlusions, solar altitude angles, and alti-
tude angles of the relay satellite at the landing location for the 
six-month period after landing, from 3 January  to 3 July 2019. 
It can be seen that the solar altitude angles and the altitude 
angles of the relay satellite are both much higher than the ter-
rain occlusion angles at the landing location, which indicates 
its excellent visibility to the Sun and relay satellite.

For a detailed analysis of surface slopes and geometric 
information of small surface features around the landing 
location, higher resolution DTMs are required. However, at the 
time when Chang’E-4 landed, no high-resolution stereo pair 
of LRO NAC images had been collected around the landing site. 
Therefore, generating high-resolution DTMs from stereo images 
using the traditional photogrammetric approach was not pos-
sible. We developed an innovative SfS method for generating 
pixel-wise lunar DTMs from a single image with the constraint 
of a lower-resolution DTM (Wu et al. 2018a). Given a single im-
age with a known light source, the SfS method is able to refine 
a lower-resolution DTM covering the same image area to higher 
resolution, the same as the image resolution, by using shading 
information to optimize regularization with respect to shape 
reconstruction (Kirk et al. 2003). Details about this SfS method 
can be found in our previous publications (Wu et al. 2018a; 
Liu et al. 2018). The developed SfS method was applied to the 

1.5 m/pixel LRO NAC image (M134022629L), and the SLDEM, 
with a resolution of 60 m used as the constraint, from which 
a high-resolution DTM (1.5 m/pixel) was generated, as shown 
in Figure 13. The differences in elevation between the SfS DTM 
and a photogrammetric DTM generated later using a stereo pair 
of NAC images is less than 5% (Liu and Wu 2020).

The upper row of Figure 13 shows a side-by-side compari-
son of the low-resolution SLDEM and the generated high-reso-
lution SfS DTM, the latter showing overall consistent geometry 
with the former but providing much better details of the 
terrain features. The landing location of Chang’E-4 is marked 
in the SfS DTM and LRO NAC image with cyan crosses. It can 
be seen that the small craters around the landing location are 
clearly visible on the SfS DTM, but they are entirely missing on 
the SLDEM.

(a)

(b)

Figure 12. Occlusion analysis at the landing site. (a) The 
geodesic lines cast from the landing location (the red cross) 
at an interval of 1° and (b) the relationships among the 
terrain occlusions, solar altitude angles, and altitude angles 
of the relay satellite at the landing location for the six-
month period after landing.
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Based on the 1.5 m/pixel SfS DTM, a slope map with a 
baseline of 3 m was generated as shown in Figure 14a, from 
which it can be seen that the eastern part of the landing site 
has relatively larger slopes and the western part is relatively 
flat. For any point in the DTM, an aspect is calculated, which 
is the angle from the direction of the maximum slope at that 
point to the north direction. An aspect map was then generat-
ed to show the orientations of the slopes, as shown in Figure 
14b. From the slope and aspect maps, the slope of the lander 
location is measured to be about 4.5°, and its aspect is toward 
southwest with an angle of 205° from the north.

The high-resolution DTM also enables the measurement of 
the detailed geometric information of small terrain features 
(e.g., diameters and depths of small craters) around the land-
ing location. For instance, the three small craters surrounding 
the lander (see in Figure 13) have diameters of about 20–30 
m and depths of about 2–2.6 m. These three craters all have a 
depth–diameter ratio of about 0.1. The shortest distance from 
the lander to any of these three craters is about 13 m. From 
the aforementioned rock abundance map, measurements 
show that the rock abundance around the landing location 
is almost 0. This type of detailed information is vital for the 
operation of instruments on the lander and for the surface 
operations of the rover.

Conclusions and Discussion
This paper presents the efforts concerning the landing site 
selection for the Chang’E-4 mission by jointly analyzing 
topographic and geomorphological features. Additionally, this 
paper describes the localization of the landing site and the 
analytical methods used to understand its surrounding area. 
The investigation leads to the following conclusions:
1. The DTM, with a resolution of 30 m generated from the 

integrated processing of Chang’E-2 images and LOLA data, 
reveals that the inner part of the Von Kármán crater is 

quite flat. In the targeted landing region, about 5% of the 
areas have slopes larger than 8°. In addition, within the 
region there is satisfactory visibility to both the Sun and 
relay satellite, which are not occluded by the terrain sur-
face in most areas.

2. The eastern part of the targeted landing region has rela-
tively higher crater density. Overall, on average the crater 
density is about 60 craters (≥ 70 m in diameter) in a circular 
window of 10 km2. Most of the landing region is rock-free 
based on our investigation, and most of the rocks are lo-
cated around large impact craters and on the slopes of hills.

3. The joint analysis of surface slopes, occlusions to the Sun 
and relay satellite, crater densities, and rock abundances 
identified three subregions inside the targeted landing re-
gion. The one located close to the center of the region was 
recommended as the site with the highest priority, and the 
Chang’E-4 eventually landed at this site.

4. The integrated processing of orbiter, descent, and ground 
images identified the precise location of the Chang’E-4 
lander within two hours after its successful landing, 
positioning it at 45.4561°S, 177.5892°E, and at -5926 m 
in elevation. This location is consistent with the actual 
observed location of the Chang’E-4 lander as fixed by the 
LRO NAC image one month later.

5. Detailed occlusion analysis around the landing location 
reveals that the lander has excellent visibility to the Sun 
and relay satellite. A detailed slope analysis around the 
landing location using an SfS DTM with a high resolution of 
1.5 m/pixel indicates that the lander is on a slope of about 
4.5° toward the southwest. The rock abundance around 
the landing location is almost 0.
The analytical methods described in this paper have 

demonstrated their effectiveness in real operations of the 
Chang’E-4 mission. The developed methods and results can 
benefit future missions of soft landings on the Moon and 
other celestial bodies.

Figure 13. High-resolution DTM generated by the SfS method. The landing location is marked with a cyan cross. The elevations 
of the DTMs are exaggerated three times for better visualization.
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