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

ANNOUNCEMENTS
Esri, the global leader in location intelligence, recognized 
Dewberry with a Partner Conference Award for Maximizing 
ArcGIS in Service Offerings at this year’s Partner Conference. 
The firm was selected based on its work with Esri to integrate 
elevation and hydrography tools in its new ArcGIS Pro software. 

For more than 30 years, Dewberry has been an industry leader 
in geospatial and remote sensing technologies, and recently 
published the third edition of the DEM Users Manual, which 
serves as a guide to 3D elevation technologies, products, and 
applications. 

“Our long-standing partnership with Esri has been instrumental 
in the success of our geospatial practice at Dewberry,” says 
Dewberry Associate Sid Pandey, CSM. “As geospatial technology 
continues to evolve at a rapid rate, we’re eager to help the 
communities where we live and work be successful and resilient 
by using the data and technology that we’re developing with the 
help of organizations like Esri.”

“Having spent more than 30 years in this industry, I am 
thrilled to see the advances that technology is making, and we’re 
proud to be at the forefront of those changes,” states Dewberry 
Executive Vice President Phil Thiel.

To learn more, visit www.dewberry.com. To learn more about 
the DEM Users Manual, visit page 412.

Spectral Evolution’s PSR+ spectroradiometer was used in an 
advanced environmental science class at Colorado College in 
Colorado Springs during January/February 2019. This intensive 
3.5-week undergraduate course called “Climate Change in the 
High Alpine” with Dr. Ulyana Horodyskyj as the instructor, 
integrated science and technology, providing students the 
opportunity to get their hands dirty through field experiences 
in the high alpine regions in Colorado. It was composed of 27 
students, mostly junior and senior undergraduates. 

“Class assignments included completing a series of “alpine 
challenges” and writing up the results in technical reports,” said 
Dr. Horodyskyj. “As an example, for one challenge students were 
members of a US Geological Survey team, tasked with solving 
a scientific problem while provided with a small budget,” she 
added. Students were taught how to build their “field toolboxes” 
and how to effectively use tools such as Google Earth, Excel and 
SNICAR (a numerical modeling program that shows the impacts 
of pollution on snow), backcountry snow kits, handheld Kestrels 
(weather stations), aerial and underwater drones, and a full-
resolution visible/near-infrared spectroradiometer sponsored by 
Spectral Evolution. “The course provided multiple opportunities 
for hands-on experience using scientific instrumentation to 
answer specific questions, depending on the alpine region we were 
studying,” Dr. Horodyskyj said. “In many cases, the students did 
not have prior experience with the instrumentation, including 
the spectroradiometer, and they commented on the ease of use, 
especially in challenging field conditions.”

In order to determine how pollutants such as black carbon and 
natural contaminants (like dust) impacted the snowpack, the 

PSR+ was useful in providing snow “spectral fingerprints.” The 
dirtier the snow, the less the reflectance, which is clearly visible in 
the spectrum. The less reflectance, the more the snow can absorb 
solar radiation and melt faster. Spectral changes, given amounts 
of snow contaminants, can be numerically modeled using the 
online SNICAR tool mentioned above and compared with actual 
field data collected from the PSR+. In order to determine whether 
such drops in reflectance were due simply to natural causes (such 
as snow grain size differences), students also collected field data 
with backcountry snow kits. “Given its high resolution, ease 
of use, and clean data (we collected data with a lens and not a 
contact probe), the PSR+ was incredibly useful in the field for 
snow/ice applications,” Horodyskyj said.

For more information on SPECTRAL EVOLUTION, visit 
www.spectralevolution.com.

GeoCue Group announced today the release of Get3Di, a 
geospatial data portal specifically designed to make finding, 
accessing, and downloading our nation’s vast collection of 
public Lidar and Image data sources (3Di) as easy as any online 
shopping experience. 

Get3Di differs from other online geospatial data portals by 
offering public data that can be used for any purpose, royalty free. 
Subscription prices are set to recover data download costs.

Hank DiPietro, GeoCue’s VP of Business Development, says, 
“Our mission with Get3Di is to make public 3D data easy to find 
and download. Currently, to get quality public data you must 
look through multiple sites or try to download the data from a 
crowded server. We designed Get3Di to solve that problem. Our 
goal is to make Get3Di the ‘one-stop-shop’ of the best public 3D 
imagery data in the United States.” 

Get3Di can be accessed at get3di.com . 
The initial release of Get3Di focuses on the state of Florida, 

other state datasets are coming online daily. If you are a public 
data provider and want more information on how your state can 
participate in Get3Di, please contact info@geocue.com .

CALENDAR

• 11 -15 August, SPIE—Imaging Spectrometry XXIII, 
San Diego, California. For more information, visit spie.
org/OP423.

• 17-18 September, GIS IN THE ROCKIES, Denver, 
Colorado. For more information, visit http://
gisintherockies.org.

• 28 September – 2 October, GIS-PRO 2019, New Orleans, 
Louisiana. For more information, visit www.urisa.org/
gispro2019.

• 6-11 October, Pecora 21/ISRSE 387, Baltimore, 
Maryland. For more information, visit http://www.asprs.
org/event/pecora21-isrse38.

mailto:rkelley@asprs.org
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COVER DESCRIPTION

If the jagged structures sticking out of the flat, dry landscape in northwest New Mex-
ico seem otherworldly, that’s for a good reason. Protruding from the high desert plain, 
Shiprock has much in common with terrain on Mars, where volcanic activity formed 
similar razor-like, vertical walls.

The natural-color image above, acquired by the Operational Land Imager (OLI) on Land-
sat 8, shows Shiprock on April 12, 2017. Its central formation, a stone tower, consists 
of a 30 million-year-old volcanic neck, “the central feeder pipe of larger volcanic land-
form which has since eroded away,” according to the New Mexico Bureau of Geology 
and Mineral Resources.

Shiprock rises 500 meters (more than 1,600 feet) above the surrounding desert, but 
there was a time when it hid below the soil like a sunken ship under water. The Bu-
reau estimates that it formed 750 to 1000 meters (2,460 to 3,280 feet) below the 
Earth’s surface. The formation was likely created in a hydrovolcanic eruption, in which 
“magma in upward-migrating dikes encounters groundwater, and heats it to steam 
under confining pressure,” according to a paper on the Navajo Volcanic Field. Two 
perpendicular walls—“radial dikes” that radiate outward from the volcano’s center—
come together at the rocky outcrop. Initially, hot lava seeped into cracks in the older 
rock here, creating dikes. Since then, erosion has worn away the sandstone and shale 
around the dikes.

The red planet’s ridges are thought to have been formed by similar volcanic and erosional 
processes to those that created Shiprock. “The features on Mars could be intrusive dikes 
like Shiprock,” said Laszlo Kestay, director of the Astrogeology Science Center for the 
U.S. Geological Survey. “The region has plenty of volcanism and the Medusae Fossae 
Formation is easily eroded, making it a good host-rock for such features.”

The origin of Mars’s Medusae Fossae continues to puzzle geologists. Located in the Am-
azonis Planitia region of the planet, it lies between two volcanic domes, Tharsis and Ely-
sium. Scientists generally agree that the formation is young and fine-grained, but beyond 
that, they are divided in theories on how it was created. Some hypotheses propose that it 
was formed as result of deposits from a meteorite impact into an aquifer underneath the 
planet’s surface. Others suggest that it was created by pyroclastic flows—the outpouring 
of hot ash, lava, and other materials that run downhill after an eruption.

The inset image on the cover shows polygon-shaped ridges in the Gordii Dorsum por-
tion of the Medusae Fossae region of Mars. The image was captured on April 9, 2010, 
by the High Resolution Imaging Science Experiment (HiRISE) camera on NASA’s Mars 
Reconnaissance Orbiter. The dikes here are a fraction of a kilometer long—less than 
ten times shorter than their counterparts at Shiprock.

“For Shiprock, it is the classic location to show what is going on under the vents for 
a volcano,” Kestay said. Although he is not aware of any studies directly on Shiprock 
that have been applied to the Red Planet, “It is the best example of a process that 
undoubtedly happens on Mars.”

NASA Earth Observatory images by Jesse Allen, using Landsat data from the U.S. 
Geological Survey and Mars Reconnaissance Orbiter High Resolution Imaging Science 
Experiment (HiRISE) image courtesy of the University of Arizona Lunar and Planetary 
Laboratory. Story by Pola Lem.

For more information visit, https://landsat.visibleearth.nasa.gov/view.php?id=90221.
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DR. QASSIM ABDULLAH
Dr. Qassim Abdullah, 
Ph.D., CP, PLS, is an 
accomplished scien-
tist with more than 
40 years of combined 
industrial, research 
and development, 
and academic expe-
rience in analytical 
photogrammetry , 

digital remote sensing, and civil and surveying 
engineering. His current responsibilities include 
designing and managing strategic programs 
to develop and implement new remote sensing 
technologies focused on meeting the evolving needs 
of geospatial users.

Currently, Abdullah is the Chief Scientist for 
Woolpert Geospatial Services and a member of 
Woolpert Labs team. In addition, he serves as an 
adjunct professor at the University of Maryland, 
Baltimore County, and at Penn State University, 
teaching graduate courses on unmanned aircraft 
systems (UAS), photogrammetry and remote 
sensing.

His latest accomplishments include evaluating 
and introducing Geiger and single photon lidar 
to the geospatial industry and leading Woolpert 
research activities in the field of UAS, its sensor 
calibration, and its workflow development.

He was elected as an ASPRS Fellow in 2017 and 
he is the recipient of several prestigious ASPRS 
awards, such as the Lifetime Achievement Award, 
the Photogrammetric (Fairchild) Award, the 
Outstanding Service Award for publishing the 
monthly column “Mapping Matters” for more than 
10 years, the Presidential Citation Award in rec-
ognition to his contributions in co-authoring the 
new “Positional Accuracy Standards for Digital 
Geospatial Data,” and the ASPRS Outstanding 
Workshop Instructor award.

He is an ASPRS-certified photogrammetrist and 
a licensed professional surveyor and mapper with 
the states of Florida, Oregon, Virginia, and South 
Carolina. He is also a certified thermographer by 
the FLIR Infrared Training Center and a Certified 
GEOINT Professional in Remote Sensing and 
Imagery Analysis (CGP-R) by the United States 
Geospatial Intelligence Foundation (USGIF).

What has been your most fulfilling accomplishment as a 
scientist / engineer? Why? 
My most fulfilling accomplishment so far has been authoring the new “AS-
PRS Positional Accuracy Standards for Digital Geospatial Data.” The last 
standards were published in the early 1980s, so this was truly a lifetime 
opportunity. I was glad that I was ready and well qualified for the task. It 
provided a constructive and impactful conduit for the theoretical and prac-
tical knowledge I have learned over 40 years of professional experience. 

What significant changes have you seen in your field during 
your career? 
The digital revolution has been the most significant change that I’ve ex-
perienced, and I have embraced it. It has introduced an exciting era that 
has transformed our business. It transitioned us from an industry relying 
solely on film cameras and analogue stereo plotters to the new era of digital 
cameras, lidar, GPS, IMU, UAS, IFSAR, multispectral and hyperspectral 
sensors, machine learning, image processing software, big data, cloud host-
ing and processing, etc. Truly, there are no limits to our new capabilities 
when it comes to sensor design and data processing.

What would you consider to be the most important advice you 
could offer a younger, upcoming scientist/engineer? 
My sincere advice for young professionals is to embrace changes in technol-
ogy and be prepared for difficult challenges through hard work, the pursuit 
of knowledge and a strong work ethic. Knowledge is not a status you reach 
and conquer; it is an evolving process that does not age or retire. Practice 
your profession with integrity and selflessness and be there for others when 
they need you. 

What do you think are the most pressing scientific needs that 
should be met in the coming years? What would you like to 
see scientific research accomplish? 
Data analytics and data mining are going to be our biggest challenges. As 
big data gets even bigger with the advancement of smart sensors, smart 
transportation, smart cities, smart infrastructure and smart everything, 
the need for analytical tools and algorithms grows even stronger. Mining 
big data is the way to improve citizens’ lives and the environment we live in. 

Have you seen many changes in ethical conduct within your 
field during your career?
The change and ease of use of geospatial sensors and processing software 
have drawn a new generation of mapping professionals, some of whom do not 
fully understand the profession or the ethical commitments that come with it. 
For example, the community of UAS-operators-turned-mappers. Due to UAS 
affordability and the ease of use of the processing software, some individuals 
started practicing mapping activities. Often, they try to sell products with 
false accuracy statements derived from their ignorance and detour from the 
reality of mapping practices. I advise them to invest in themselves and gain 
the necessary knowledge they need to qualify them for the title of mapping 
professionals. 
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How important do you think interdisciplinary 
collaboration will be for solving some of the 
challenges that lie ahead in science? 
We are witnessing a time of great scientific achievement and 
vastly improved channels for communicating thoughts and 
capabilities. The internet of things (IoT) made it possible for 
any person, with the click of a mouse, to search a bank of giant 
libraries on the other side of the world. Such open and easy 
communication channels have made it possible for scientists 
and researchers from different disciplines to exchange ideas 
and thoughts and therefore cooperate toward greater innova-
tion. A good example on the interdisciplinary collaboration 
is the introduction of UAS into our industry. This presented 
a challenge to our photogrammetric community and the cur-
rent tools we are using. Because of the cooperation between 
computer scientists, machine learning techniques and photo-
grammetrists, a new generation of algorithms and processing 
software were developed to solve the challenges we are faced 
with in processing UAS-based imagery. It is always beneficial 
to investigate any problem from different perspectives to en-
rich the experience and to develop a creative solution. 

What is the biggest open question in your field 
of photogrammetry that will require the most 
attention in the future?
I would not call it a question, but one of the biggest challeng-
es we are against or will be faced with is the need for machine 
learning-based methods in data mining and data analytics. 
Today’s space-based, ground and aerial sensors are acquiring 
massive amounts of data, but we can only utilize a portion of 
that data through our manual analyses and interpretation 
routines. The intelligence community is already in dire need 
of new ways of information extraction. The industry must pay 
careful attention to this need by allocating enough resources 
and grants for universities and research institutes to develop 
smart and automated methods of information extraction.

Tell us about your educational background includ-
ing your doctoral research.
I obtained my bachelor’s degree in civil engineering from the 
University of Basrah, Iraq. I came to the United States to 
complete my master’s and doctoral degrees in photogramme-
try and geodetic engineering at the Civil Engineering Depart-
ment of the University of Washington, Seattle. 

Do you have a particular teacher or professor who 
inspired your love of science? Why? 
I’ve had several of them over the years. In my youth, my father 
was my mentor and biggest influence when it came to my in-
terest in how things work. He was a self-made inventor and he 
got me interested in civil engineering when I helped him with 
his construction contracting business. I am also grateful to my 
PhD program supervisor, the late Dr. Sandor Veress of the 
University of Washington. In more recent years, I have had 
great admiration for my friend and colleague, Dr. Riadh Munjy 

of CSU-Fresno, whom I consider a role model and a mentor 
when it comes to learning. He is a genius in applied mathemat-
ics and geodetic sciences, including photogrammetry

What is the focus of your current research? 
My focus is on anything that involves sensors and product 
quality and accuracy. After GPS-controlled aerial triangula-
tion, lidar continues to fascinate me. Today, I spend a lot of my 
research time on enhancing the quality of UAS-derived prod-
ucts and thermal survey for energy modeling and analysis.

Tell us about something we might see in our daily 
lives that directly correlates to your work.
These days, a lot of people, articles, and specifications ref-
erence the new “ASPRS Positional Accuracy Standards for 
Digital Geospatial Data.” If you see that, it should remind 
you of me. I am proud to be part of the team that authored it. 

Give us an example of how multi-disciplinary 
research directly contributed to your work. 
My research on energy modeling and analysis using aerial 
thermal cameras combined our mapping methods and tech-
niques with that of mechanical engineering through the joint 
research project I pursued with students and faculty of the 
University of Dayton. Woolpert developed the “Heat Score 
Map” to educate consumers of power companies on the heat 
efficiency of their homes. 

What has your ASPRS membership meant to you?
ASPRS membership has provided me with a natural envi-
ronment for my professional and technical development. 
Through the ASPRS journal, publications, webinars and 
technical conferences, I have found opportunities to polish 
my skills and knowledge. 

Has ASPRS helped further your career? If so, how?
ASPRS offered me the opportunity to publish my monthly 
column “Mapping Matters.” Answering the questions, I re-
ceive through the column has pushed me to read, investigate 
and learn how to provide solutions or ideas. When you are out 
there entertaining readers’ questions, you need to be ready to 
provide guidance and advice to the people who seek it. Such 
guidance and advice must be communicated precisely, accu-
rately and in a timely manner. There is a lot at stake when 
you claim to be an authority on any subject; you must earn 
respect and repeatedly prove yourself. The column and that 
presence helped my career because it pushed me to excel. 

When you’re not working on your research, what 
do you do in your free time? 
I enjoy running in my free time. It’s a great way to meet new 
people, and I enjoy the challenge of trying to improve my times 
or increase my distance. I’m fortunate to have several great 
places to run near my home. I also enjoy hiking, gardening, 
cooking, and artisan bread baking when I have the time.
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Question: I am a college student working on my bachelor degree in Spatial Science 
(Surveying). 

I am interested in photogrammetry and my study is on drone-based surveys. I have 
the following questions on the new “ASPRS Positional Accuracy Standards for 
Digital Geospatial Data:”

1. In sections 7.7 and 7.8, when it talks about checkpoint and ground control accu-
racy being 1/2 RMSEmap, is RMSEmap the desired/intended accuracy class?

2. With GCPs having three times the accuracy of the geospatial data set being 
tested, does that mean the GCP accuracy will be three times more accurate 
than the desired/intended accuracy class?

3. Do you use Table D.1 to calculate all the statistics and then use the results to 
determine the ASPRS accuracy class? Is that the typical workflow? Is there a 
sample report you can supply?

4. Are there guidelines on what you should aim for regarding the additional 
statistics discussed on the standards, such as max, min, skew, kurtosis and 
mean absolute?

5. Can you clarify what it means when you can state ‘tested to meet’ versus 
‘produced to meet?’

6. Can you direct me to a document regarding planning and best practice 
guidelines?

7. Do the vegetated area ground control points simply go on the bare ground 
between vegetation?

8. How do you assess seamline mismatch?

9. If an orthophoto fails a column in Table B.3 (e.g. the RMSEr is okay, but the 
accuracy at 95% CI exceeds the limit), do you select the accuracy class where 
your project meets or exceeds all standards in a single row?

10. I note that many drone-based surveys seem to have a mean error much higher 
than 25% of the RMSE. What does this information tell you about the quality of 
the project, and how can you correct it?

11. I also noticed that nearly every drone software company reports accuracy as a 
function of GSD, e.g. heights within three times the GSD. How are these related, 
and is GSD really related to accuracy in any way? I did a project with a GSD of 
1 cm, but I achieved 11 mm RMSE heights and mean of 3 mm.

12. Can you direct me to where I can read more about rigorous total propagated 
uncertainty regarding photogrammetry?

James Wallace
University of Southern Queensland, Australia 

Dr. Abdullah: Due to the length of this list of good 
questions, I will address them over the span of 
several articles.

Part I 
Question 1—In section 7.8 of the stan-
dards, when it talks about ground control 
accuracy being ½ RMSEmap, is RMSEmap 
the desired/intended accuracy class?

Answer: Yes, it is. The standards, in section 
7.8 impose the following relationship between 
the accuracy of the ground control points and 
the derived product or map:

 y Accuracy of ground control designed for 
planimetric data (orthoimagery and/or digi-
tal planimetric map) production only:
 – RMSEx or RMSEy = 1/4 * RMSEx(Map) or 

RMSEy(Map), 
 – RMSEz = 1/2 * RMSEx(Map) or RMSEy(Map)

 y Accuracy of ground control designed for 
elevation data, or planimetric data and 
elevation data production:
 – RMSEx, RMSEy or RMSEz = 1/4 * 

RMSEx(Map), RMSEy(Map) or 
RMSEz(DEM)

Therefore, if your photogrammetric processing 
is solely for producing 2D planimetric data, 

“The independent source of higher 
accuracy for checkpoints shall be 
at least three times more accurate 
than the required accuracy of the 
geospatial data set being tested.”

Photogrammetric Engineering & 
Remote Sensing

Vol. 85, No. 6, June 2019, pp. 407–408.
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such as orthoimagery and/or 2D vector maps with a horizon-
tal accuracy class of 30 cm, your ground control points need 
to be surveyed with:

 – Horizontal accuracy of RMSEx or RMSEy = 7.5 cm
 – Vertical accuracy of RMSEz = 15 cm 

However, if you plan to produce any elevation data, such as 
point clouds, contours or 3D vector maps, your ground con-
trol points need to be surveyed with:

 – Horizontal accuracy of RMSEx or RMSEy = 7.5 cm
 – Vertical accuracy of RMSEz = 7.5 cm 

Question 2—In section 7.9 of the standards, when it 
talks about checkpoints being three times the accuracy 
of the geospatial data set being tested, does that mean 
the GCP accuracy will be three times more accurate 
than the desired/intended accuracy class?

Answer: Yes, it does. The standards in section 7.9 state the 
following:

“The independent source of higher accuracy for checkpoints 
shall be at least three times more accurate than the required 
accuracy of the geospatial data set being tested.” Therefore, 
if you are testing products that must meet a vertical accura-
cy class of 10 cm, your checkpoints should be surveyed to a 
vertical accuracy of RMSEz = 3.33 cm. 

Question 3—Do you use Table D.1 to calculate all the 
statistics and then use the results to determine the 
ASPRS accuracy class? Is that the typical workflow? Is 
there a sample report you can supply to me?

Answer: Table D.1 in the standards represents the meth-
odology reported in the “National Standard for Spatial Data 
Accuracy (NSSDA)” testing guidelines. While you can use 
any organization to compute the statistical terms needed to 
calculate the accuracy figures (according to ASPRS stan-
dards), Table D.1 is particularly helpful. 

Question 4—Are there guidelines on what you should 
aim for regarding the additional statistics discussed 
in the standards, such as max, min, skew, kurtosis and 
mean absolute?

Answer: No, not at this moment. However, textbooks and 
manuals on statistics can be consulted to derive desirable 
values based on the limits of RMSE and bias set by the stan-
dards. I will add your question to the list of issues catalogued 
for future enhancements to the standards. 

Question 5—Can you clarify what it means when you 
can state, ‘tested to meet’ versus ‘produced to meet?’

Answer: Formal testing statements were provided to users 
in section 7.12 of the standards. There are two types of state-
ments for reporting product accuracy:
1) ’PRODUCED TO MEET’: This statement is usually 

provided by data producers or providers when accuracy 
is not verified by an independent set of checkpoints. 
The producers report their achieved accuracy based on 
confidence in their workflows and by the data fit to the 
control they used to calibrate the products. 

2) ’TESTED TO MEET’: This statement is usually pro-
vided by data users or their consultants when accuracy 
is verified using an independent set of checkpoints. For 
product accuracy to be independently validated ac-
cording to ASPRS standards, the test must satisfy the 
following conditions:
a. Independent checkpoints are ground control points 

that are not used in the calibration process during 
product generation.  Check points can also be derived 
from existing datasets with known accuracy. 

b. Checkpoints should be more accurate than the tested 
products. According to the standards, checkpoints 
should be at least three times more accurate than the 
tested product.

c. To make it a valid statistical sample, regardless 
of the project size, there should be at least 20 
well-distributed checkpoints used in the accuracy 
assessment.

Question 6—Can you direct me to a document 
regarding planning and best practice guidelines??

Answer: Unfortunately, no such document exists at ASPRS 
for UAS-related activities. I co-instruct several workshops 
during the ASPRS annual conferences that you may find 
useful. In those workshops, we explore best practices based 
on past project experience and technical guidelines devel-
oped over the years from our standard mapping practices. 
However, I am working with the ASPRS UAS subcommittee 
to encourage them to develop such a document that we can 
include as an addendum in a future version of the standards.

(to be continued)

**Dr. Abdullah is S Chief Scientist and Senior Associate at Woolpert, 
Inc. He is ASPRS fellow and the 2010 recipient of the ASPRS 
Photogrammetric Fairchild Award.

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

“’PRODUCED TO MEET’ statement is usually 
provided by data producers or providers when 
accuracy is not verified by an independent set of 
checkpoints.”

“’TESTED TO MEET’ statement is usually 
provided by data users or their consultants when 
accuracy is verified using an independent set of 
checkpoints.”
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The area now known as the Swiss 
Confederation was occupied by Helvetians 
who were conquered by the Romans; the 

southwest was invaded by Burgundians, and the 
northeast was invaded by Alamanni. In 1291 the 
Forest Cantons, or provinces of Uri, Schwyz, and 
Unterwalden, formed an anti-Hapsburg league 
that became the nucleus of the Confederation. 
The perpetual neutrality of Switzerland was 
guaranteed by international agreement in 1815 at 
the Congress of Vienna and again in 1919 by the 
Treaty of Versailles. Its present constitution was 
adopted in 1874. The highest peak of this Federal 
Republic is Monte Rosa at 4,638 m (15,217 ft). The 
Swiss Confederation shares borders with France, 
Germany, Italy, Austria, and the Principality of 
Liechtenstein.

G. H. Dufour, later to become a general, founded the Eid-
genößisches Topographisches Bureau (Topographical Bureau) 
in Geneva in 1838. Dufour decided to use the “carte du jour” 
projection of Europe for the time which was the ubiquitous 
Ellipsoidal Bonne originally used for topographic mapping by 
Cassini himself during the Napoleonic Campaigns. The grid 
used for this Ellipsoidal Bonne has a Latitude of Origin (jo 
) = 46° 57´ 06.02˝ N, a Central Meridian (lo) = 7° 26´ 24.75˝ 
East of Greenwich (5° 06´ 10.80˝ East of Paris), a False East-
ing of 600 km and a False Northing of 200 km. The Berne Ob-
servatory Datum was circa 1840, and the ellipsoid used was 
the Schmidt 1831 where a = 6,376,804 m, and 1/f = 302.02. 
Although my notes show a false origin for this old grid, I sus-
pect that the original use was with the traditional quadrant 
system. The false origin probably crept into use as the base 
was updated after the Rosenmund System was introduced in 
the 20th century. From 1845 to 1864, the publication of the 
first accurate map, known as the “Dufour Map,” covering the 
whole of Switzerland was performed at the scale of 1:100,000; 

THE

The Grids & Datums column has completed an exploration of 
every country on the Earth. For those who did not get to enjoy this 
world tour the first time, PE&RS is reprinting prior articles from 
the column. This month’s article on the Swiss Confederation was 
originally printed in 2001 but contains updates to their coordinate 
system since then.

the slopes were shown by hatchures. By this time, the classi-
cal triangulation of Switzerland comprised 40 triangles that 
had been observed with Kern instruments, and the average 
error of a figure was 0.86 arc seconds. The Swiss triangu-
lation calculations were based on the Bessel 1841 ellipsoid 
after 1863 where a = 6,377,397.155 m, and 1/f = 299.1528. The 
office was transferred to Berne in 1868, and the publication of 
the original surveys at 1:25,000 (Swiss Central Plains) and at 
1:50,000 (Alps) with contours was performed from 1870-1916. 
The Old Berne Observatory Datum of 1898 published an As-
tronomical Latitude (Φo) = 46° 57´ 08.66˝ N, based on obser-
vations executed by E. Plant amour in 1875 and an Astro-
nomical Longitude (Λo) = 7° 26´ 22.5˝ East of Greenwich. The 
defining azimuth to station Rötifluh was (αo) = 11° 12´ 05.24˝. 
The ellipsoid  height and deflection of the vertical are not de-
fined and therefor are forced to zero at the origin. 

Photogrammetric Engineering & Remote Sensing
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In 1900, the national mapping agency was renamed the 
Eidgenößische Landestopographie. The vertical Datum was 
defined as Repère Pierre du Niton 1902, a large rock in the 
harbor of Geneva, where Ho = 373.600 m (“Gebrauchshöhe”) 
with a connection to the tide gauge in Marseilles, France. M. 
Rosen mund, an engineer with the bureau, developed a new 
projection. The new system is an oblique conformal cylindri-
cal double projection, similar in concept to what General Jean 
Laborde developed for Madagascar. For the grid of the Swiss 
National  Maps, the value jo = 46° 57´ 07.90˝ N was chosen 
based on more recent measurements (1937), and the Central 
Meridian (lo) = 7° 26´ 22.5˝ East of Greenwich. The radius 
of the Gaussian Sphere evaluated at the grid origin for the 
Bessel 1841 ellipsoid is R = 6,378,815.9036 m. The Grid Scale 
Factor at Origin (mo) = 1.00072913843, and the false origin 
is the same as previously listed for the old Swiss Bonne Grid 
of 600 km and 200 km. Conformal doubles became the “carte 
du jour” projections of Europe during the early 20th centu-
ry, and the cylinder, the cone and the plane were all used as 
developable surfaces. The  “oblique” for this Swiss system is 
really a misnomer; it’s merely transverse at an oblique lati-
tude. Laborde actually used the first oblique cylinder with a 
tilt at the origin, Rousilhe used the first oblique plane for the 
stereographic for most of his hydrographic surveys, and Kro-
vak used the first oblique (tilted) cone for the Czech Republic. 
Rousilhe was the only system developed that became a widely 
used conformal double projection. The Rosenmund projection 
is truly unique in the world for a national grid. The combina-
tion of the Bern Observatory (horizontal) Datum of 1898 with 
the Pierre du Niton (vertical) Datum of 1902 or LN02, and the 
Rosenmund projection and grid of 1903 have collectively been 
known since as the “CH1903 System” (Convention Helvetica 
1903 System), of Switzerland.

The use of aerial photographs for map making commenced 
in 1930, although terrestrial photogrammetry was already in 
common use. By 1938, the first 1:50,000 series of the entire 
country was completed, and the office moved to a new build-
ing in Wabern, near Berne in 1941. The Swiss National Map 
series was completed at the 1:25,000 scale in 1979, and the 
first use of satellite receivers for national surveys was in 1979. 
In 1980 the office was renamed the Bundesamt für Landes 
topographie, and the first Swiss National map sheet was dig-
itally updated in 1989.

In 1988, a new network of 104 GPS station observations 
began, and the resultant adjustment has become the new 
national (terrestrial) reference system of Switzerland and is 
called the CHTRS95. The local reference frame realized for 
the old CH1903 Datum is called LV95. The “CH1903+” was 
held fixed at a new fundamental point, Zimmerwald Zo where 
jo = 46° 52´ 42.27031˝ N, lo = 7° 27´ 58.41774˝ East, and Xo 
= 191,775.0616 m, Yo = 602030.7698 m, all still referenced 

to the Bessel 1841. The new point was chosen because the 
original location no longer exists, and the original coordinates 
of triangulation point Gurten were kept to maintain orien-
tation. The deflection of the vertical is now defined at Zim-
merwald Zo: ζo  = +2.64˝, ηo = +2.73˝, and Ho = 897.8408 m. 
Transforming the CH1903+ Datum the to CHTRS95 Datum 
(WGS84 ellipsoid) then is accomplished by ∆X = +674.253 m, 
∆Y = +015.053 m, ∆Z = +405.324 m, according to the Swiss 
Federal Office of Topography.

The European Datum of 1950 was computed for Swit-
zerland by the U.S. Army Map Service in the 1950s, and to 
transform from EU50 to WGS84, ∆X = –87 m, ∆Y = –96 m, 
∆Z = –120 m. To transform from EU79 to WGS84, ∆X = –6 m, 
∆Y = –98 m, ∆Z = –119 m. These parameters are according to 
NIMA’s TR 8350.2, 3 January 2000.

According to the Swiss Federal Office of Topography, the 
seven-parameter Datum shift from CH1903+ to WGS84 
is: ∆X = +660.077 m ±4.055 m, ∆Y = +013.551 m ±4.816 m, 
∆Z = +369.344 m ±3.914 m, α = 2.484 cc ±0.417 cc, β = 1.783 cc 
±0.455 cc, γ = 2.939 cc ±0.411 cc, and M = 1.000000566 
±0.000000052. “Different applications of these transforma-
tion parameters, particularly in northern Switzerland, have 
shown that WGS84 coordinates can be computed for all of 
Switzerland from the national coordinates with an accuracy 
better than 1 meter (1 sigma).”

Update
Significant geodetic activities have been performed in Swit-
zerland since 2001, and all is reported in National Reports to 
the International Union of Geodesy and Geophysics (IUGG).  
The accuracy of the known geoid in Switzerland is consid-
ered known to better than a few centimeters, largely due to 
an enormous amount of observations for the deflection of the 
vertical (DOV).  The European Reference Frame (EUREF) is 
supported and the country is in full cooperation with all of its 
neighbors.

1 http://www.bernese.unibe.ch/publist/publist_2015.php.
2 h t t p s : / / i a g . d g f i . t u m . d e / f i l e a d m i n / I A G - d o c s /

NationalReports2007/Switzerland.pdf.
3 https://www.swisstopo.admin.ch/en/knowledge-facts/

surveying-geodesy/reference-frames/transformations-
position.html.

4 File:///Users/cjmce/Downloads/ch1903wgs84_e.pdf.

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

The GIS 20: Essential Skills, 3rd Edition 
Gina Clemmer 
Esri Press, Redlands, California. 2017. xiii and  182 pp., 
Illustrated, Softcover. ISBN 978-1-58948-512-9.

Reviewed by Esra Tekdal-Yilmaz, Assistant Professor, 
Surveying Engineering Program, The Pennsylvania State 
University, Lehman, Pennsylvania.

The GIS 20: Essential Skills is a well-structured practical book 
for new, entry-level, and experienced Geographic Information 
System (GIS) users covering basic skills including, finding and 
editing data, querying GIS maps, creating and sharing reports, 
and publishing maps.

The introduction part of the book has the instructions on 
downloading and installing ArcGIS desktop software and chap-
ter data files. Twenty chapters in this book covers data collec-
tion, organization, and storage (shapefiles, projections, attribute 
tables, queries) data analysis (geocoding, geodatabases, reports) 
and data visualization (publishing and sharing maps). 

The book covers key terms in the use of ArcGIS such as shape-
files, excel spreadsheets, and map projections. In Chapter 1, the 
author explains shapefiles, ArcMap interface, and essential tools 
to familiarize users with the program. Chapter 2 focuses on key 
elements of creating maps and layouts by working with layers, 
changing colors, creating labels, layouts and legends, and creating 
titles, using scale bars and north arrows. Chapter 3, Projecting 
Shapefiles, starts with a brief summary on understanding the ba-
sics of projections. In the application part, State Plane Coordinate 
System (SPCS) and Universal Transverse Mercator (UTM) are 
used. The author compares the two projections by creating a map 
of the USA. This example gives the user a better sense of different 
projections.       

After covering the key terms, the author guides the reader by 
introducing basic concepts.  Chapters 6 and 9 , Creating The-
matic and Creating a Categorical Maps focus on the visualiza-
tion of written information.  

Geocoding, another important skill is covered in detail in 
Chapter 8, gives the user the necessary skills to map anything 
with a physical location on a map. This chapter also covers ad-
dress locators, auto and manual geocoding which gives the user 
the ability to convert non-spatial data into spatial. Chapter 10 
explains the Global Positioning System (GPS) Point Mapping 
which is another method to generate addresses in GIS using 
latitude and longitude. Since our world is moving towards more 
practical and technological ways to collect data this chapter has 
significant importance.

Chapter 11, Editing, guides the user towards editing tasks 
such as changing boundary outline and creating shapefiles. This 
chapter also gives the user the chance to work with and un-
derstand vector data. Use of raster data is introduced later in 
Chapter 17, Working with Aerial Photography. Since the book 
uses both raster and vector data for various application it gives 
the user the chance to compare and see which data format is 
better for various applications. 

Chapters 12, Creating Attribute Queries and 13, Creating Lo-
cation Queries cover writing and erasing queries and creating 
new shapefiles based on query results. These chapters clearly 
explain the difference between attribute and location queries.

Chapter 14 covers GIS power tools for geoprocessing to manip-
ulate spatial data such as buffer, merge, union, append, clip and 
dissolve.  Chapter 15 explains explains ArcCatalog and creating 

and working with geodatabases. It also covers the strengths of 
geodatabases and how they can make GIS data easier to man-
age and access. 

Chapter 16 covers combining two shapefiles (and their data 
and tables) using spatial join function which is a very useful 
function that saves users time. 

Chapter 18, Creating and Exporting Reports in ArcGIS and 
Chapter 19, Sharing Work using layer, map, and geoprocessing 
packages are guiding users to create and share reports and maps. 

Chapter 20 covers publishing maps using ArcGIS online and 
creating geo-enabled PDFs to share GIS work with other GIS 
users. ArcGIS online is a popular cloud-based mapping and 
analysis solution hosted by ESRI which allows users to make 
maps, analyze data, and to share.

The twenty chapters mentioned above cover important materi-
als and key points in GIS to guide the user through the learning 
process. Since instructions are supported by figures, tables, maps, 
and screenshots content is easy to follow. Overall, The GIS20: 
Essential Skills is a comprehensive, well-organized self-learning 
book presenting  instructions on how to perform widely used 20 
skills needed to successfully use ArcGIS Desktop software.

Photogrammetric Engineering & Remote Sensing
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Special Issue on the
ISPRS TCII Symposium 2018 

Fabio Remondino and Isabella Toschi, Guest Editors

This PE&RS Special Issue originates from the ISPRS 
Technical Commission II Midterm Symposium (www.isprs.
org/tc2-symposium2018), that was held in Riva del Garda 
(Italy), in June 2018. ISPRS TCII “Photogrammetry” covers 
all aspects of measurement and information extraction in 
photogrammetry, with special focus on the geometric, radio-
metric and multi-temporal aspects of 3D imaging techniques. 
Particularly, the uniqueness of TCII mainly comes from its 
multi-scale perspective, encompassing theory and methods 
to derive accurate information from terrestrial, aerial and 
satellite images and point clouds, in various application 
fields – industrial metrology, heritage, geosciences, etc. These 
elements made the TCII Midterm Symposium a reference 
meeting point for researchers, practitioners and companies 
working in the field of photogrammetry, computer vision, 
geospatial data analysis and point cloud processing. 

As event organizers, we selected the most promising con-
tributions, that convey deep insight into the latest advanc-
es of photogrammetry, from image orientation and point 
cloud generation, to 3D scene reconstruction and large-scale 
machine learning methods for geospatial analysis. Data 
acquisition and processing in underwater and environmental 
applications are also treated. This Special Issue contains the 
most salient outcomes of the studies presented at the Sympo-
sium, and includes 10 peer-reviewed papers grouped into two 
issues.

In this issue, the reader will find the following articles:

CNN-Based Dense Image Matching for Aerial Remote Sensing Images
Dense stereo matching plays a key role in 3D reconstruction. 
The capability of using deep learning to stereo matching of 
remote sensing data is currently uncertain. This paper inves-
tigated the application of deep learning based stereo methods 
in aerial image series and proposed a deep learning based 
multi-view dense matching framework. Firstly, we applied 
three typical convolutional neural network models, MC-CNN, 
GC-Net and DispNet, to aerial stereo pairs, and compared 
the results with that of the SGM and a commercial software 
SURE. Secondly, on different datasets the generalization 
ability of each network is evaluated by using the direct 
transfer learning with models pretrained on other datasets 
and by fine-tuning with a small number of target training 
data. Thirdly, we present a deep learning based multi-view 
dense matching framework where the multi-view geometry 

is introduced to further refine matching results. Three sets 
of aerial images as the main datasets, and two open-source 
sets of street images as auxiliary datasets are used for 
testing. Experiments show that: first, the performance of 
deep learning based stereo methods is slightly better than 
traditional methods. Second, both the GC-Net and MC-CNN 
have demonstrated good generalization ability and can obtain 
satisfactory results on aerial images using a pretrained mod-
el on several available stereo benchmarks. Third, multi-view 
geometry constraints can further improve the performance of 
deep learning based methods, which is better than that of the 
multi-view based SGM and SURE.

Semantic Façade Segmentation from Airborne Oblique Images
In this paper, oblique airborne images with very high reso-
lution are used to address the problem from aerial views in 
urban areas. Traditional classification method (i.e. random 
forests) is compared with state-of-the-art fully convolution-
al networks (FCNs). Random forests use hand-craft image 
features including RGB, SIFT and Texton, and point cloud 
features consisting of normal vector and planarity extracted 
from different scales. In contrast, the inputs of FCNs are the 
RGB bands and the third components of normal vectors. In 
both cases, 3D features are projected back into the image 
space to support the facade interpretation. Fully connected 
conditional random field (CRF) is finally taken as a post-pro-
cessing of the FCN to refine the segmentation results. Sever-
al tests have been performed and the achieved results show 
that the models embedding the 3D component outperform the 
solution using only images. FCNs significantly outperformed 
random forests, especially for the balcony delineation.

RoofN3D: A Database for 3D Building Reconstruction with Deep 
Learning
Machine learning methods, in particular those based on 
deep learning, have gained in importance through the latest 
development of artificial intelligence and computer hardware. 
However, the direct application of deep learning methods to 
improve the results of 3D building reconstruction is often 
not possible due, for example, to the lack of suitable train-
ing data. To address this issue, we present RoofN3D which 
provides a 3D point cloud training dataset that can be used 
to train machine learning models for different tasks in the 
context of 3D building reconstruction. The details about 
RoofN3D and the developed framework to automatically 
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derive such training data are described in this paper. Fur-
thermore, we provide an overview of other available 3D point 
cloud training data and approaches from current literature 
in which solutions for the application of deep learning to 
3D point cloud data are presented. Finally, we exemplarily 
demonstrate how the provided data can be used to classify 
building roofs with the PointNet framework.

Through-Water Dense Image Matching for Shallow Water Bathymetry
The introduction of Dense Image Matching (DIM) has reac-
tivated the interest in photogrammetric surface mapping, as 
it allows the derivation of Digital Elevation Models (DEM) 
with a spatial resolution in the range of the ground sampling 
distance of the aerial images. While the primary field of 
application is wide-area mapping of topography and urban 
scenes, charting bathymetry of clear and shallow water areas 
is equally feasible via application of multimedia photogram-
metry. The article specifically investigates the potential of 
through-water DIM for high resolution mapping of generally 
low textured shallow water areas using modern techniques 
like semi-global matching and off-the-shelf software. In a 
case study, the DIM-derived underwater surfaces of coastal 
and inland water bodies are compared to concurrently ac-
quired laser bathymetry data. With an achieved penetration 
depth of more than 5 m and deviations in the dm-range com-
pared to the laser data as reference, the results confirm the 
general feasibility of through-water DIM. However, sufficient 
bottom texture and favorable environmental conditions are a 
precondition for achieving accurate results.

Object-Based Point Cloud Analysis for Landslide and Erosion Monitoring
Today point clouds from close-range sensing are used for 
operational erosion and landslide monitoring. Distances 
between points from multi-temporal acquisitions can indicate 
surface deformation, while a designation of the underlying 
geomorphological processes is often handicapped by complex 
terrain structures and vegetation. We present an approach 
to landslide monitoring that integrates semantic information 
and 3D deformation detection automatically. Surface changes 
are assigned to (i) semantic object classes (landslide scarp, 
eroded area, deposit) and (ii) to spatially contiguous, individ-
ual objects (like parts of the landslide scarp and moving clods 
of turf and soil). We demonstrate this object-based approach 
with a time series of 13 topographic LiDAR point clouds, 
covering a site affected by shallow landsliding. The results 
of this case study illustrate how the presented methods 
translate the unstructured point clouds into information on 
geomorphological process dynamics to support erosion and 
landslide assessment.



CNN-Based Dense Image Matching for Aerial 
Remote Sensing Images

Shunping Ji, Jin Liu, and Meng Lu

Abstract
Dense stereo matching plays a key role in 3D reconstruction. 
The capability of using deep learning in the stereo matching 
of remote sensing data is currently uncertain. This article 
investigated the application of deep learning–based stereo 
methods in aerial image series and proposed a deep learning–
based multi-view dense matching framework. First, we ap-
plied three typical convolutional neural network models, MC-
CNN, GC-Net, and DispNet, to aerial stereo pairs and compared 
the results with those of the SGM and a commercial software, 
SURE. Second, on different data sets, the generalization ability 
of each network is evaluated by using direct transfer learning 
with models pretrained on other data sets and by fine-tuning 
with a small number of target training data. Third, we present 
a deep learning–based multi-view dense matching framework 
where the multi-view geometry is introduced to further refine 
matching results. Three sets of aerial images as the main data 
sets and two open-source sets of street images as auxiliary 
data sets are used for testing. Experiments show that, first, the 
performance of deep learning–based stereo methods is slight-
ly better than traditional methods. Second, both the GC-Net 
and the MC-CNN have demonstrated good generalization abil-
ity and can obtain satisfactory results on aerial images using 
a pretrained model on several available stereo benchmarks. 
Third, multi-view geometry constraints can further improve 
the performance of deep learning–based methods, which 
is better than that of the multi-view–based SGM and SURE.

Introduction
Reconstructing terrestrial 3D scenes from stereo or multi-view 
aerial/satellite images has been a core problem in photogram-
metry and remote sensing. The key technique is to obtain 
the correspondent points for each pixel in the stereo image 
pairs, which is commonly called dense stereo matching. A 
conventional process of dense stereo matching includes four 
steps (Scharstein and Szeliski 2002). The first is to calculate 
matching cost. Typical matching costs include luminance 
difference, correlation coefficient, and mutual information 
related to a pixel’s values or distributions. Given a search area 
along an epipolar line, one of these costs is calculated pixel 
by pixel, and the minimum cost corresponds to the optimal 
matching candidate. These empirical designed costs could 
be heavily affected by the nontexture area, mirror reflec-
tion, and repeated pattern (Kendall et al. 2017). The second 
step is to aggregate the matching costs. The cost aggregation 
is commonly a weighted sum of all of the matching costs 
within a given neighborhood. However, traditional methods, 
such as Graph-Cut (Boykov et al. 2001) and SGM (Furukawa 
and Ponce2010), could oversimplify the cost aggregation, for 

example, using an empirical fixed window size and treating 
the pixels in a neighborhood independently. The third step 
is disparity calculation. At each pixel, the disparity value 
corresponds to the minimum cost. Interpolation can be used 
to achieve subpixel accuracy. The last step is parallax refine-
ment including a series of postprocessing techniques, such as 
left and right consistency checking, median filter smoothing, 
and subpixel enhancement. Finally, the dense disparity map 
could be converted to a depth map to reconstruct a 3D scene.

Dense matching has been extensively studied. We classify 
them into conventional methods and deep learning–based 
methods. Graph Cut (Boykov et al. 2001) is a widely accepted 
global stereo matching algorithm introduced early in the 21st 
century. It uses graph theory, especially graph cut, to solve the 
problem of 2D energy minimization. Global matching algo-
rithms such as Graph Cut are computationally expensive and 
are not suitable for large-volume remote sensing images. In 
2008, a semiglobal matching method (SGM) with higher match-
ing efficiency has been proposed (Hirschmuller 2008). The SGM 
considers the 2D cost aggregation as 16 1D cost aggregations and 
performs dynamic programming to solve the minimum cost. 
The Patch-Match (Bleyer et al. 2011) algorithm uses the local 
correlation of the image and assumes that the areas around the 
matching points also match each other. In addition to stereo, 
multi-view geometry is often used in dense matching for stron-
ger constraints. The PMVS (Patch-Based Multi-View Stereo) al-
gorithm (Furukawa and Ponce 2010) extracts feature points and 
retrieves the surrounding patches centered at the feature points 
and performs patch matching to obtain quasi-dense matching 
points. The SURE algorithm proposed by Rothermel et al. (2012) 
extends the stereo SGM to multi-view image matching. Multi-
view geometry fusion is added to merge the redundant depth 
estimation values to achieve mutual restraint.

Deep learning, especially convolutional neural networks 
(CNNs), have been widely applied in image processing. It 
has been shown that CNN-based methods (LeCun et al. 2015; 
Schmidhuber 2015) can not only improve the accuracy of image 
recognition and classification but also increase the efficiency 
of online operations. More important, empirical and manual 
feature engineering can be replaced by the powerful representa-
tion learning ability of deep learning. From 2015, some studies 
have started applying deep learning to dense stereo matching to 
replace the empirically designed matching costs, cost aggrega-
tion, or the whole matching procedure. The matching results 
obtained on the computer vision benchmarks have gradually 
exceeded the traditional methods in speed and accuracy.

Two strategies are commonly used for CNN-based dense 
matching methods: (1) the end-to-end prediction from image 
to disparity image and (2) applying CNN to learn parts of the 
four standard steps of stereo matching. For example, the MC-
CNN network (Zbontar and LeCun 2015) automatically learns 

Shunping Ji and Jin Liu are with the School of Remote 
Sensing and Information Engineering, Wuhan University, 
Wuhan, China, 430079 (jishunping@whu.edu.cn).

Meng Lu is with the Department of Physical Geography, 
Faculty of Geoscience, Utrecht University, Utrecht, The 
Netherlands.

Photogrammetric Engineering & Remote Sensing
Vol. 85, No. 6, June 2019, pp. 415–424.

0099-1112/19/415–424
© 2019 American Society for Photogrammetry

and Remote Sensing
doi: 10.14358/PERS.85.6.415

PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING J une  2019  415



the matching cost (i.e.,, step 1) via a Siamese CNN structure. 
SGM-Net (Seki and Pollefeys 2017) introduces a CNN learning 
penalty terms in the standard process of SGM.

The end-to-end learning strategy predicts disparity images 
directly from stereo pairs. For example, DispNet (Mayer et al. 
2016) is a typical fully convolutional network (FCN). In the en-
coding stage, the network extracts high-level features of stereo 
images layer by layer; in the decoding stage, the network re-
stores the feature map from coarse to the original image resolu-
tion to produce the disparity map. GC-Net (Kendall et al. 2017) 
makes full use of the geometric information and semantic 
information between pixels. 3D volume with context informa-
tion, consisting of 2D feature maps cross disparities extracted 
by 2D CNN, is convoluted by a series of 3D kernels and finally 
flattened into a 2D disparity image. The pyramid stereo match-
ing network (PSM-Net) (Chang and Chen 2018) is a pyramid 
stereo matching network consisting of spatial pyramid pools 
and 3D convolutional layers. It combines the global background 
information into stereo matching to achieve reliable estima-
tion of occlusion areas, textureless areas, or pattern repeated 
areas. The cascade residual learning (Pang et al. 2017) method 
concatenates two improved DispNet networks. The first net-
work obtains the initial disparity value between stereo pairs; 
the second network uses the residuals of the previous stage to 
train a finer disparity map. In Shaked and Wolf (2017), a new 
highway network structure is proposed; multi-level residual 
skip connections and composite loss function is applied. All 
of these methods operate in a supervised manner, requiring 
high-precision disparity maps as labels for training. An excep-
tion was presented by Zhong et al. (2017), who designed a CNN 
to learn disparity maps directly from the stereo pair without 
training samples based on the assumption that the left dispar-
ity map (based on the left image) and the right disparity map 
(based on the right image) learned by the network are inversed.

Although the deep learning–based stereo methods have 
been applied to match close-range images and have achieved 
improved results compared to conventional methods, it has 
not been applied to remote sensing images. In addition, the 
capability of it has not been compared with the mainstream 
photogrammetric algorithms. The main objective of this 
work is to comprehensively investigate the application of 
deep learning–based stereo methods on aerial remote sens-
ing images and to compare them with conventional methods, 
including commercial software. The second contribution is to 
introduce multi-view geometry for deep learning–based dense 
matching for the first time. Multi-view geometry gives more 
constraints between co-visible images and could be more ro-
bust than a stereo vision. In addition, we evaluate the general-
ization ability of deep learning in aerial stereo matching; that 
is, can the model trained on the available benchmark data sets 
be directly applicable to aerial imagery? It is highly relevant, 
as in the existing and upcoming aerial image data sets, accu-
rately labeled samples are commonly lacking or insufficient.

Method
CNN for Learning Only Matching Cost
The similarity score calculated by the normalized correlation 
coefficient, intensity difference, or cross entropy is shown to 
be incompetence in some complex situations. Matching cost 
learned by CNNs has shown advantages over those empirical 
designs on close-range data (Han et al. 2015; Zagoruyko and 
Komodakis 2015; Aguilera et al. 2016). In this study, we use the 
MC-CNN (especially the fast structure) (Zbontar and LeCun 2015) 
for evaluating the performance of a CNN-based matching cost.

The fast MC-CNN structure uses Siamese convolutional 
networks with shared weights to extract feature vectors from 
the input stereo tiles. The dot product operator measures the 
similarity between the two extracted and normalized feature 
vectors. The network structure is shown in Figure 1.

In this article, the number of convolution layers is set to 
4, and the convolution kernel size is set to 3 × 3. The MC-CNN 
calculates the loss values of a pair of positive and negative 
samples and trains the network by minimizing a hinge loss 
function. The hinge loss of the positive and negative samples 
is defined as max (0, m + s−, s+) where s+ is the output of the 
positive sample, s− is the output of the negative sample, and 
the tolerance m is set to 0.2.

Based on the initial disparity map that is computed with the 
learned matching score, a series of postprocessing steps includ-
ing cost aggregation (Zhang et al. 2009), semiglobal matching, 
left and right consistency check, subpixel enhancement, medi-
an filtering, and bilateral filtering are applied to ensure the best 
matching results. The process bears a resemblance to SGM.

Special CNN for End-to-End Stereo Matching
We use the GC-Net (Kendall 2017) as an end-to-end stereo 
benchmark algorithm and evaluate its performance on aerial 
data sets. Its core concept of geometry and context combina-
tion is to treat the parallax as the third dimension orthogonal 

Figure 1. MC-CNN fast network framework (Zbontar  and 
LeCun 2015).

Figure 2. GC-Net network structure (Kendall et al. 2017).
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to the image plane. The feature maps, which are learned 
from a series of 2D convolutional layers, consist of a 3D tensor 
across each disparity. The 3D convolution then learns geomet-
ric and semantic features to obtain an optimal disparity map 
(i.e.,, a curved surface cutting through the 3D tensors). The 
GC-Net network structure is shown in Figure 2. Several 2D con-
volutions are applied to the stereo pairs with shared weights 
to extract feature maps. The m feature maps of the last layer 
with size of w × h are concatenated across 0 ~ n disparity to 
constructed m feature volumes with size of w × h × (n + 1). 3D 
convolution and deconvolution are executed to learn a series 
of 3D feature maps. The size of the final 3D maps is W × H × n, 
where H and W are the length and width of the original image, 
respectively. The last step is to flatten the 3D feature map to 
a 2D disparity map with a Soft Argmin operation. The pre-
dicted disparity map and its corresponding label are utilized 
to train the optimal parameters by iterating the forward- and 
backward-propagating process. In our experiment, we used 18 
2D convolutional layers with 32 3 × 3 kernels; 14 3D convolu-
tional layers, and five 3D deconvolution layers with a kernel 
size of 3 × 3 × 3.

General FCN for End-to-End Stereo Matching
Although GC-Net can combine context information with 
geometry and is preferable theoretically, the 3D convolution 
requires much more memory compared to the 2D convolution. 
An end-to-end learning from a 2D image pair to a 2D disparity 
map could be achieved using a general FCN. Among several 
2D FCNs that have reported satisfactory performance in stereo 
matching (Mayer et al. 2016), we used the DispNet network 
for evaluation, which is based on the FlowNet (Flow Estima-
tion Network) (Dosovitskiy et al. 2015) and is modified to 
calculate disparity maps. DispNet is a typical FCN structure 
consisting of an encoder and a decoder. The encoder has six 
convolutional layers where the kernel sizes of the first two 
layers are 7 × 7 and 5 × 5, respectively, and all the other layers 
are 3 × 3. The decoder consists of five up-convolutional layers 

with kernel size 4 × 4; each layer is first concatenated with the 
feature map of the corresponding layer in the encoding step 
and then merged by a series of convolution operations. The 
structure is similar to mainstream semantic segmentation CNN, 
such as U-Net (Ronneberger et al. 2015). A schematic diagram 
of the DispNet network is shown in Figure 3.

Transfer Learning
The performance of applying a pre-trained dense matching 
model on a different data set is a key issue in practice, as we 
seldom have enough highly accurate disparity maps in target 
data to train a CNN with multiple parameters. We adopt and 
evaluate two transfer learning strategies (Pan and Yang 2010) 
direct model transfer and model fine-tuning—with small 
samples available in target data set.

A direct model transfer utilizes the model pretrained on 
the source data set, predicting the target data without any pa-
rameter tuning. This method requires high generalization abil-
ity of the model. Especially, we evaluate whether the learned 
features through a CNN for finding pixel correspondence is 
universal for all sorts of data sources, including close-range 
images, aerial images, and simulated scene images.

Assuming that the target data set have insufficient samples 
to train a robust network model, fine-tuning with these sam-
ples conditioned on a pretrained model is a common choice. 
It can reduce the number of iterations required for training a 
new model and alleviate the problem of insufficient samples. 
There are two different strategies for fine-tuning: one is to 
train the parameters of all layers, and the other is to train only 
the top layers and freeze the bottom layers. As the number of 
network layers involved in this article is relatively few, we 
retrain all the parameters in the CNN.

Deep Learning–Based Multi-View Dense Matching
Up to now, most of the CNN-based stereo methods evaluate 
their performances only at a pixel level (i.e.,, disparity rather 
than in depth), which is insufficient, as their accuracy is not 

Figure 3. The DispNet structure.
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equal. Further, the important multi-view geometry has not 
been applied to CNN-based stereo matching. We translate the 
disparity to depth and merge the multi-view matching results 
on the georeferenced coordinate system for comprehensively 
understanding the depth accuracy that a CNN-based method 
could reach.

To generate rectified epipolar stereos of each image pair 
given a base image, we adopt the method used in Fusiello 
et al. (2000), where only some simple 3 × 3 2D perspective 
transformation matrices are required for transferring between 
the epipolar stereos and between the original image and the 
rectified one. The relationship between the disparity and the 
depth of a pixel is

 
Z =

Bf
d  

(1)

where B denotes the baseline between the rectified stereos 
and d, f, and Z are the disparity, focal length, and depth 
value, respectively. Similarly, the depth of a pixel in a recti-
fied image along the ray is
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where (xr, yr, f) is the camera coordinate of a point in the recti-
fied base image. The rectified depth map can be converted 
into the original image coordinate according to the inverse 
perspective transformation matrixes. In Figure 4, the depths 
of the ray in stereo (l, b) and stereo (r, b) are D1 and D2, respec-
tively. Ideally, D1 and D2 are equal. According to the average 
accuracy σ (e.g., 0.3 m) of the depth map obtained by stereo 
methods, a threshold could be set to discriminate whether the 
depth values of the two stereos are consistent.

Figure 5 shows the process of the deep learning–based 
multi-view dense matching. Triple-view images are used for 
demonstration where Ib represents the base image and Il and 
Ir are the left image and the right image, respectively. The two 
stereos (consisting of Il, Ib and Ir, Ib, respectively) are first recti-
fied via the corresponding perspective transformation matri-
ces H for obtaining two epipolar stereos. Then a CNN model is 
separately applied to the two rectified stereos to output two 
corresponding disparity maps, dr

1,b and dr
2,b. The two dispar-

ity maps are converted to depth maps Dr
1,b and Dr

2,b 
according 

to Equation 2. Then the depth maps are transferred to the 
original image coordinates (Figure 4). Finally, the difference 
between the values of every overlapped pixel below a given 
threshold indicating multi-view compatibility and the mean 
value is used as the final depth; otherwise, the pixel is treated 

as an abnormal disparity point, which is filtered out and filled 
in with its neighborhood values.

In this work, we utilize the multi-view constraint as a 
postprocessing, as in the conventional methods (Rothermel 
et al. 2012), instead of learning a depth map directly from 
multi-view stereos. This multi-view constraint could also 
be embedded into the learning loop (forward and backward 
propagation) in the end-to-end deep learning methods. How-
ever, as is shown in Figure 5, many pixel-wise coordinate 
transformations and massive computations are involved in 
the process, which may not be feasible with a single graphics 
processing unit (GPU).

Data Sets
To evaluate the performance of the deep learning–based 
stereo methods in aerial images, five data sets (KITTI, Driving, 
Hangzhou, München, and Vaihingen) are used in this experi-
ment, among which the KITTI and Driving data sets are open 
source and consist of close-range data. The Hangzhou data 
set is collected from unmanned aerial vehicles (UAVs) and 
the München and Vaihingen data sets from traditional aerial 
photography platforms.

KITTI Data Set
The KITTI data set (Menze and Geiger 2015) consists of street-
scene data in the German city of Karlsruhe captured from 
stereo cameras with a 54-cm baseline mounted on the roof of 
a car. The ground-truth depth is recorded by a rotating a laser 
scanner installed behind the left camera, ensuring that 30% of 

Figure 4. Depths of the ray in stereo (l, b) and stereo (r, b) 
are D1 and D2 in the uniform base image coordinate. The 
difference of D1 and D2 reflects the multi-view consistency.

Figure 5. The process of the deep learning–based multi-view dense matching.
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pixels have depth value. Both KITTI2012 and KITTI2015 data sets 
consist of about 200 rectified stereo pairs for training and 200 
pairs with unpublic labels for testing with an average image 
size of 1240 × 375 pixels. In our experiment, eighty percent of 
the original training set was used for training and the remain-
ing 20% for testing.

Driving Data Set
The Driving data set (Mayer et al. 2016) is a set of virtual 
street-view images with configurated accurate stereo pairs, 
3D scenes, and disparity maps. This data set consists of much 
more data than other existing real data sets and could fa-
cilitate the training of large CNNs. The rectified stereo image 
size is fixed at 960 × 540. In the experiment, 300 rectified 
960 × 540 stereo pairs were selected from the whole data set, 
from which 80% were used as training sets and the remaining 
20% as test sets.

Hangzhou Data Set
The Hangzhou data set is a series of UAV images that were 
taken by a drone at a low altitude of about 640 m aboveg-
round, recording the scene of a mountain village near the city 
of Hangzhou, China, in August 2017. Twenty aerial images 
consist of four strips with 80% heading overlap and 60% 
side overlap, with 0.07-m ground sampling distance (GSD). 
Lidar point cloud measurements are used as the ground truth 
with approximate 0.15-m height accuracy. The original 9000 
× 6732 images are rectified into epipolar images. The dispar-
ity values of each pixel are calculated from the point cloud. 
Due to the limitation of the GPU capacity, the rectified aerial 
images are cropped into subimages of size 1325 × 354. After 
manually removing some image pairs with large visual bias 
between LiDAR point and images, the remaining 328 pairs of 
images were used as training sets and 40 pairs as test sets.

München and Vaihingen Data Sets
The München aerial data set consists of 15 14,114 × 15,552 
aerial images that were captured in three strips with 80% 
heading overlap and 80% side overlap, covering urban build-
ings, roads, and greenbelts. The Vaihingen data set consists 
of 36 9,420 × 14,430 aerial images of three strips with 60% 
heading overlap and 60% side overlap, covering flat rural 
scenes. The München and Vaihingen data sets have a GSD of 
0.14 m and 0.23 m, respectively. The ground truth of depth 
is provided in forms of semidense DSM with 0.1 m and 0.2 m 
GSD, respectively, which was generated and filtered using 
the median of the results calculated by seven commercial 
software and shows high visual accuracy. It is empirically 
inferred that the DSM height accuracy is between 0.2 m and 
0.4 m. Similar to the preprocessing of the Hangzhou data set, 
the rectified epipolar images are cropped into subimages of 
1150 × 435 and 955 × 360, respectively. Finally, the München 
data set consists of 540 stereo pairs, and the Vaihingen data 
set consists of 740 pairs. The ratio of the training and test sets 
is 4:1.

Experiment and Result Analysis
Three experiments were designed to comprehen-
sively evaluate the performance and generalization 
ability of the deep learning method in aerial remote 
sensing images. The first tests the performance of 
deep learning methods using the three aerial data 
sets Hangzhou, München, and Vaihingen. The results 
are compared with the SGM and SURE. The second is 
to test the generalization of stereo dense matching. 
The models pretrained on computer vision open data 
sets were applied to aerial imagery. The third one is 
to extend deep learning–based stereo matching to 
multi-view matching and evaluate its performance.

Three-pixel-error (3PE, the percentage of pixels with a 
disparity error less than three pixels) and one-pixel-error (1PE, 
the percentage of pixels with a disparity error less than one 
pixel) are used for accuracy assessment. In multi-view match-
ing, the depth map is compared to the ground truth in meters. 
All deep learning methods are implemented with an NVIDIA 
Titan Xp 12G GPU.

Comparison of the Deep Learning–Based  
Methods with Traditional Methods
We evaluated the performance of the MC-CNN, GC-Net, and 
DispNet on dense matching and compared this with the SGM and 
SURE. The basic settings of these methods/software are as follows.

For the MC-CNN, at the training stage, the input of model 
is 128 pairs of positive and negative samples composed of 
9 × 9 image blocks. Small batch gradient descent is adopted 
to minimize the loss, and the momentum is set to 0.9. The 
learning rate is 0.002 and was adjusted to 0.0002 after several 
iterations.

For the GC-Net, which is less effective on the sparse dispar-
ity map, the network is trained only on three dense data sets 
(the data sets that were not processed are represented as “—” 
in Table 1). The batch size is set to 1, all data are iterated 50 
times, and the learning rate is 0.001.

For the DispNet, the batch size is set to 32, and the learn-
ing rate is 0.0001 and was gradually decreased during the 
training process. All training data were iterated 1500 times.

For the SGM, we used the implemented function in 
Opencv3.0 library, with postprocessing, such as Gaussian 
smoothing and median filtering.

For the SURE, the inputs are the original aerial images and 
orientation information, and the output is a 3D model in the 
format of OSGB. Therefore, experiments were conducted 
on three sets of aerial images exclusively. We used the 3D 
workflow mode with the default parameters and settings. To 
evaluate the accuracy, the corresponding disparities of each 
point on epipolar images are calculated from the 3D model 
and compared with the real disparity values.

The performance of the traditional methods and deep 
learning methods on five data sets is shown in Table 1.

In general, the GC-Net performs the best; the MC-CNN per-
forms comparable to the commercial software SURE in 3PE and 
slightly lower in the 1PE indicator and far superior to SGM; 
DispNet performs the worst in 1PE.

Using the GC-Net model, the accuracy on the flat Vaihingen 
data set is 99.7% (98.0%) and is slightly better than all the 
other well-performed methods. The München data set has 
obvious variations in elevation and has more discriminatory 
power for the comparison of the methods. The 3PE of the GC-
Net is about 2% higher than the MC-CNN model (second best), 
and 1PE is 7.4% higher than the SURE (second best). On the 
Driving data set, 92.6% (85.7%) of the test accuracy is also 
much higher than other methods.

The performance of MC-CNN model on all the data sets is 
stable. The accuracy of each data set is much higher than the 
SGM: 6.7% (4.6%) higher in the KITTI2015 and 5.7% (7.7%) 

Table 1. Accuracy comparison between the traditional and deep 
learning stereo methods on the five data sets.

Method

Accuracy (3PE/1PE)

KITTI2015 Driving Hangzhou München Vaihingen

MC-CNN 0.960/0.778 — 0.953/0.816 0.965/0.867 0.992/0.932

GC-Net — 0.926/0.857 — 0.984/0.953 0.997/0.980

DispNet 0.937/0.737 0.835/0.547 0.923/0.591 0.883/0.532 0.950/0.710

SGM 0.893/0.732 0.713/0.505 0.896/0.739 0.921/0.859 0.987/0.925

SURE — — 0.968/0.831 0.932/0.879 0.990/0.969
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higher in the Hangzhou data sets. On the three aerial image 
data sets Hangzhou, München, and Vaihingen, the MC-CNN is 
equivalent to the multi-view-based SURE in 3PE and slightly 
lower (1.5%, 1.2%, and 3.7%, respectively) in 1PE.

The DispNet with a generic FCN structure obtained the 
worst accuracy on the remote sensing image data sets. The 
poor results on 1PE especially reflect the limitation of a ge-
neric model on dense matching tasks. DispNet is suitable only 

for stereos with very small disparity values. For example, 
DispNet preforms better than SGM on the KITTI2015 data set, 
which has a maximum disparity of merely 70 pixels, while 
on remote sensing data sets with large terrain fluctuations, the 
results become inaccurate and unstable.

Figure 6 shows the predicted disparity maps of all of 
the methods on the three aerial image data sets. From top 
to bottom are the stereo image pairs, ground truth, and the 

Figure 6. From top to bottom: stereo image pairs, ground truth, and the prediction results of the MC-CNN, GC-Net and SGM 
methods. For predicting the Hangzhou image with only sparse depth points, the GC-Net model, which requires dense depth 
points as training samples, is trained on the München data set.

Figure 7. The MC-CNN results on different land cover categories: flat ground (a), trees (b), and buildings (c). From left to 
right: the left image, ground truth, and the predicted disparity map and residual map. In the residual maps, green indicates 
disparity error below three pixels, and red indicates disparity error above three pixels.
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prediction results of the MC-CNN, GC-Net, and SGM methods. It 
can be observed that the result of the GC-Net is the closest to 
the reference map.

Results of applying the MC-CNN method to the München 
data set are used to analyze the influence of land cover 
categories. Three image patches, including ground, build-
ings, and trees, respectively, were selected. The differences 
between the predicted results and ground truth are shown in 
Figure 7. Generally, the MC-CNN performs well at all catego-
ries and shows no obvious difference. Mismatching appears 
at the boundary of occluded areas. An obvious mismatching 
occurred in Figure 7c. It can be observed that the path is par-
tially obscured by tree branches in both or either of the stereo 
images.

Figure 8 shows the 3D scenes recovered from the dense 
disparity maps. The result of SURE shows some distortions 
in the Hangzhou data set. Compared to the other methods, it 
processes the whole aerial images and is more vulnerable to 
the accuracy of interior and exterior orientation elements. On 
the München data set, the results of all the methods are close 
to the referenced 3D scene and accurate. However, the texture 
of the buildings’ side is much clearer using the SURE, as it 
utilizes multi-view images, especially those from a side strip. 
All methods perform well on the Vaihingen data set, which 
consists of flat landscapes.

Transfer Learning of Deep Learning–Based Stereo Methods
We evaluate direct transfer learning of the MC-CNN and GC-Net 
(the poorly performed DispNet was omitted). Table 2 shows 
the test results of the MC-CNN on 3PE and 1PE indicators. The 
source data set is used for model training and the target data 

set for prediction. For example, when using the Hangzhou 
data itself for training, the 3PE accuracy is 95.3% (bold di-
agonal elements) on the Hangzhou data set; when using the 
KITTI2012 for training, the accuracy is 94.4%. The difference 
between them reflects the degradation of each model using 
transfer learning (see the last row).

In general, the MC-CNN method has good generalization 
ability whether the model is trained on close-range images, 
simulated scenes, or aerial images. The degradation degree 
varies between 0.2% and 2.2% on 3PE with an average of 
0.6% on the three aerial data sets, 0.8% and 5.6% on 1PE, and 
an average of 2.1% on the aerial data sets. When comparing 
the 3PE, using a pretrained MC-CNN model is still superior to 
SGM and equivalent to the SURE software.

Better generalization ability is achieved when the source 
and target sets are similar. For example, the KITTI2012 model 
obtained a test accuracy of 95.8% with the KITTI2015, decreas-
ing by only 0.2%. The test accuracy of using the Hangzhou 
data decreased by 0.5% using the pretrained model on either 
the München or the Vaihingen data but decreased by 2.2% us-
ing the models pretrained on the street-view data. The Vaihin-
gen model shows the worst generalization ability among the 
three aerial data sets, as the terrain of Vaihingen is relatively 
flat, and very little information about the dramatic parallax 
changes is learned.

Table 3 shows the results of direct transfer learning based 
on the GC-Net model. As only the Driving, München, and Vai-
hingen data sets contain the dense depth maps, the three data 
sets are used to train the models, which are then applied to 
the test data set for prediction.

Figure 8. 3D scenes recovered from predicted disparity maps. From top to bottom: the left images, referenced 3D scenes, and 
the prediction results of the MC-CNN, GC-Net, SGM, and SURE.

PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING J une  2019  421

http://my.asprs.org


The GC-Net has good generalization ability but slightly 
worse than the MC-CNN. Compared with the model trained 
on the same data set, the degradation degree of the model 
pretrained on other data sets varies between 1.5% and 3% on 
the 3PE and with an average of 1.8% on the München and Vai-
hingen data sets, 3.1% and 9.9% on the 1PE, and 5.7% on the 
two aerial data sets. When transferring between the aerial data 
sets, the test accuracy decreased by about 2%, while with the 
MC-CNN, the decrease was only 0.6%.

To sum up, both the pretrained MC-CNN and the GC-Net mod-
els can be directly applied to a different data set if the focus is 
the outlines of 3D scenes with 3PE as an indicator. To identify 
very fine structures and using the 1PE as an indicator, fine-
tuning on small target samples may be required.

Triple-View Geometry for Deep Learning–Based Dense Matching
We evaluate whether using a multi-view geometry could fur-
ther improve the accuracy of the deep learning–based stereo 
methods. Table 4 shows the comparison results between stereo 
and triple-view dense matching on the München data set with 
two indicators. One indicator is the percentage of the pixels 
with errors less than 1 m among all pixels (shown as P indica-
tor); the other is the average absolute error of all pixels com-
pared to the georeferenced depth map (shown as A indicator).

Both the stereo MC-CNN and the GC-Net methods have high 
performance and better than the other methods on the P indi-
cator (Table 4). When triple-view geometry was introduced, the 
P indicator remains almost the same. It seems that errors larger 
than 1 m have been mostly eliminated by the postprocessing 
of the MC-CNN and the integration of the context and geometry 
information in the GC-Net, respectively. The remaining large 
errors may be due to the occlusions which cannot be compen-
sated for by the triple-view geometry. Anyway, the parallel is 
between occlusions and label errors.

In addition, the stereo-based GC-Net performs much better 
than other methods on the A indicator and reaches 0.397 m. 
When the multi-geometry is introduced into the model, the 
GC-Net and MC-CNN improved slightly. The GC-Net outperforms 
the MC-CNN by 0.137 m, SURE by 0.243 m, and SGM by 0.318 m 
in depth accuracy, respectively. As the MC-CNN and the SGM 

share almost the same struc-
ture except the matching cost, 
they are comparable, and the 
difference of accuracy (0.171 m) 
indicates that the matching cost 
of a simple CNN structure is bet-
ter than an empirical one. Both 
show some improvement (0.041 
m and 0.049 m, respectively) 
when the triple-view geometry 
is introduced. In either case, the 
DispNet functions the worst.

It could be concluded that when measured by depth 
instead of parallax, the GC-Net is the best method and that 
the MC-CNN is slightly better than the SURE. By introduc-
ing triple-view geometry, the MC-CNN achieved more 
significant improvement comparing to the GC-Net.

Figure 9 shows the depth maps of a triple-overlapping 
area of a whole aerial image generated by the three 
multi-view methods. It visually demonstrates that the 
result of the triple-view GC-Net (Figure 9d) is the most 
similar to the ground truth (Figure 9b). The result of 
the MC-CNN (Figure 9e) is slightly worse than that of the 
GC-Net; the result of the SURE shows some holes. From 
Figure 9c, the holes can be clearly observed. They are 
caused by the matching failure of the algorithm (or the 
matching may be not performed pixel-by-pixel) because 
both the MC-CNN and the GC-Net could find dense and 
smooth matches in the same area.

Discussion
In this study, we have thoroughly evaluated the perfor-
mance of deep learning–based dense matching on stereo and 
multi-view aerial images. To illustrate efficiency, we take the 
München data set as an example. The overlapped parts of the 
14 7072 × 7776 aerial images were almost seamlessly cropped 
into 300 768 × 384 stereo tiles. It took 5 hours to train the MC-
CNN with 80% stereo tile samples; the prediction of a dispari-
ty map took 0.6 seconds (about 180 seconds for predicting the 
whole data set). It took 6.7 hours to train the GC-Net with 80% 
samples and 0.16 seconds to predict a single disparity map. It 
took the SURE 4.5 hours to generate the DSM of the aerial im-
ages. Thus, the efficiency of the traditional methods and the 
deep learning–based methods is of the same level. However, if 
the CNN model has been well pretrained before, the efficiency 
is much higher than that of a traditional method.

For transfer learning, besides the transfer learning strategy 
described in the section “Transfer Learning of Deep Learning–
Based Stereo Methods”, the other transfer learning strategy 
conditioned on the target set containing a small number of 
samples could be considered. Fine-tuning a pretrained model 
(as initial parameters) with the available samples could 
improve the performance. Tables 5 and 6 show the results of 
fine-tuning based on the MC-CNN and GC-Net. DT represents 
training directly on a target set with random initialized 
parameters; TL represents model transfer and fine-tuning the 
parameters with the given samples. The performance of the 
MC-CNN is evaluated on the Hangzhou data set with a model 
pretrained on the KITTI2015 (Table 5); the performance of the 
GC-Net is evaluated on the München data set, with a pretrained 
model on the Vaihingen (Table 6).

Table 5 shows that an accuracy of 94.3% (79.9%) is 
obtained when the model is directly trained (DT) with 25 
samples. When the sample number is doubled, the test ac-
curacy is improved by only 0.09% (0.012%). This indicates 
that a large sample size is not necessary to train a satisfactory 
MC-CNN model. Thus, fine-tuning with a pretrained model 
(TL) seems to contribute trivially. The test accuracy is 94.9% 

Table 2. Pretraining the MC-CNN models on different source data sets and applying them on 
target data sets.

Target Set

Source Set, Accuracy (3PE/1PE)

KITTI2012 KITTI 2015 Hangzhou München Vaihingen Average Degradation

KITTI2012 0.963/0.866 0.957/0.848 0.941/0.856 0.945/0.797 0.946/0.813 −0.016/−0.038
KITTI2015 0.958/0.768 0.960/0.778 0.951/0.761 0.955/0.751 0.953/0.750 −0.006/−0.021
Hangzhou 0.944/0.808 0.942/0.805 0.953/0.816 0.948/0.770 0.940/0.760 −0.010/−0.030
München 0.960/0.854 0.960/0.851 0.960/0.844 0.965/0.867 0.959/0.850 −0.005/−0.017
Vaihingen 0.988/0.919 0.987/0.912 0.987/0.916 0.989/0.922 0.992/0.932 −0.004/−0.015

Table 3. Pretraining the GC-Net models on different source data set  
and applying them on target data set.

Target Set

Source Set, Accuracy (3PE/1PE)

Driving München Vaihingen Average Degradation

Driving 0.926/0.857 0.895/0.808 0.895/0.793 −0.031/−0.057
München 0.969/0.893 0.984/0.953 0.964/0.922 −0.018/−0.046
Vaihingen 0.980/0.881 0.979/0.943 0.997/0.980 −0.018/−0.068
KITTI2015 0.934/0.739 0.881/0.705 0.942/0.743 —/—
Hangzhou 0.911/0.779 0.940/0.799 0.949/0.841 —/—

Table 4. Comparison of stereo and triple-view image matching 
results on the München data set.

Method

Stereo/Triple-View

MC-CNN GC-Net DispNet SURE SGM

Percentage 
(< 1 m)

0.922/0.923 0.938/0.938 0.695/0.690 0.902 0.892/0.888

Avg-err (m) 0.590/0.539 0.397/0.392 1.043/1.039 0.635 0.759/0.710
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in 3PE using 25 training samples for fine-tuning, with a 0.5% 
improvement compared to the direct training.

In Table 6, when using direct training, the test accuracy is 
78.3% (31.6%) with 25 samples; the accuracy reached 90.2% 
(60.3%) with 50 samples. This indicates that the end-to-end GC-
Net requires more training samples than the MC-CNN. When using 
the pretrained model and fine-tuning strategy, 96.5% (91.6%) 
accuracy can be achieved with 25 training samples, 18.1% and 
60.0% higher than direct training in 3PE and 1PE, respectively.

From the statistical results (Tables 5 and 6), fine-tuning 
helps improve test accuracy, especially for the end-to-end 
methods. The fewer the sample number, the greater the 

fine-tuning effects. It is also found that fine-tuning can not only 
improve the accuracy but also reduce the iterations of training. 

Conclusion
This study discusses the use of deep learning in the dense 
matching of aerial images and compares their performance 
with traditional methods on various data sets, analyzes the 
generalization ability of deep learning methods, and presents 
a deep learning–based multi-view dense matching framework. 
First, in both stereo and triple-view conditions, the end-to-end 
GC-Net outperforms all the other methods by a large margin. The 

(a) (b) (c)

(d) (e) (f)

Figure 9. The depth maps of a München image using the multi-view–based methods. (a) a whole aerial image (the triple-
overlapping area), (b) ground truth, (d) GC-Net results, (e) MC-CNN results, (f) SURE results and (c) the enlarged parts of the 
results of the three methods (from top to bottom: ground truth, GC-Net, MC-CNN, and SURE).
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MC-CNN, which only learns matching cost, per-
forms slightly better than the SURE. The SGM and 
the DispNet perform the worst. Second, both the 
MC-CNN and the GC-Net have shown satisfactory 
generalization ability, which ensures that a pre-
trained model on open training data sets can be 
directly applied to target aerial images. Howev-
er, if a high precision is required, a small set of 
training samples in the target data set could fur-
ther improve the accuracy through fine-tuning. 
Finally, for deep learning–based stereo methods, 
multi-view geometry could further improve the 
accuracy of the predicted depth map. When 
available, the use of multi-view information and 
a pretrained model as initial parameters could 
significantly improve the performance of remote 
sensing dense matching.
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Table 5. Fine-tuning results of the MC-CNN on the Hangzhou data set with 
pretrained model on the KITTI2015 (TL) compared to direct training with the 
available target samples (DT).

Methods

Samples

25 Pairs 50 Pairs 100 Pairs 200 Pairs 300 Pairs

DT TL DT TL DT TL DT TL DT TL

Accuracy

 (3PE) 0.943 0.949 0.944 0.948 0.946 0.948 0.951 0.952 0.952 0.953

 (1PE) 0.799 0.812 0.801 0.811 0.807 0.812 0.81 0.813 0.811 0.815

Improvement

 (3PE) 0.50% 0.37% 0.14% 0.12% 0.11%

 (1PE) 1.27% 0.97% 0.52% 0.31% 0.35%

Table 6. Fine-tuning results of the GC-Net on the München data with 
pretrained model on the Vaihingen (TL) compared to direct training with the 
available target samples (DT).

Methods

Samples

25 Pairs 50 Pairs 100 Pairs 200 Pairs 250 Pairs

DT TL DT TL DT TL DT TL DT TL

Accuracy

 (3PE) 0.783 0.965 0.902 0.947 0.928 0.961 0.959 0.977 0.972 0.978

 (1PE) 0.316 0.916 0.603 0.899 0.881 0.931 0.904 0.942 0.925 0.944

Improvement

 (3PE) 18.10% 4.50% 3.20% 1.80% 0.60%

 (1PE) 60.00% 29.60% 5.00% 2.80% 1.90%
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Semantic Façade Segmentation from  
Airborne Oblique Images

Yaping Lin, Francesco Nex, and Michael Ying Yang

Abstract
In this paper, oblique airborne images with very high resolu-
tion are used to address the problem from aerial views in 
urban areas. Traditional classification method (i.e., random 
forests) is compared with state-of-the-art fully convolutional 
networks (FCNs). Random forests use hand-craft image fea-
tures including red, green, blue (RGB), scale-invariant fea-
ture transform (SIFT), and Texton, and point cloud features 
consisting of normal vector and planarity extracted from 
different scales. In contrast, the inputs of FCNs are the RGB 
bands and the third components of normal vectors. In both 
cases, three-dimensional (3D) features are projected back into 
the image space to support the facade interpretation. Fully 
connected conditional random field (CRF) is finally taken as a 
post-processing of the FCN to refine the segmentation results. 
Several tests have been performed and the achieved results 
show that the models embedding the 3D component outper-
form the solution using only images. FCNs significantly outper-
formed random forests, especially for the balcony delineation.

Introduction
Semantic building façade segmentation is an important sub-
task for Level of Detail 3 CityGML model generation. These 
three-dimensional (3D) models are often required in many 
disciplines, such as urban planning and disaster management. 
Façade classification’s main objective is to distinguish differ-
ent components on building façades, like roof, window, and 
balconies. The manual labeling of façade components is time-
consuming and not economically affordable and, therefore, 
an algorithm for the automated façade interpretation could be 
extremely useful when large urban areas are considered.

In the recent years, machine learning techniques have 
shown their huge potential in automated interpretation. 
Traditional classifiers, like random forest [1] and boosting 
scheme [2], are widely used in object detection [3] and image 
segmentation [4], using handcrafted features as input. The 
main drawback of these approaches is the delivery of noisy 
pixelwise classification, as semantic classes are independent-
ly assigned to each image pixel instead of taking advantages 
of the information provided by surrounding pixel labels.

In this regard, the developments in Convolutional Neural 
Networks (CNNs) have achieved good image classification, 
assigning a label to image patches, while fully convolutional 
networks (FCNs) [5] have more recently allowed the semantic 
image segmentation, labeling every pixel in an image. Nor-
mally, the networks consist of repetitive down-sampling lay-
ers and pooling layers. This structure leads to large receptive 
fields that allow the networks to learn more representative 
features and make good use of neighboring information at dif-
ferent levels, while their deficiencies are nonsharp boundar-
ies and blob-like shapes in image segmentation results [6].

Noisy labels as well as oversmoothed labeling are problems 
of traditional classifiers and CNNs, respectively. In this regard, 

several researches have taken conditional random fields (CRFs) 
as a postprocessing to exploit contextual information. CRFs 
with 4-connectivity and 8-connectivity only capture relative 
short-range interactions between pixel labels. Noisy labels 
can be cleaned by limited-range contextual information, but 
boundaries of small structures can be smoothed. Recently, 
fully connected CRFs, modeling both local and global spatial 
dependencies, have shown successful results in the opposite 
process, disambiguating object boundaries and figuring out 
tiny structures, especially useful for coarse outputs of FCNs [6].

Looking at the façade classification task, most semantic fa-
çade segmentation tasks are performed on dataset from terres-
trial views (CMP [7], ECP [8], and eTRIMS [9]). Terrestrial views 
images have sufficient details on façades, but the acquisition 
is time-consuming, especially when the task is to achieve 3D 
city modeling in large urban areas. These acquisitions, then, 
need to be registered with aerial acquisitions if the final goal 
is a 3D city model. In comparison, data acquisition from aerial 
platforms is more feasible for large-area applications. Multi-
camera systems give multi-views of urban objects, providing 
adequate data for large-scale point cloud generation by means 
of current photogrammetric techniques. Geometrical features 
from reconstructed point clouds are additional cues in se-
mantic image segmentation which cannot be calculated from 
single-view images in conventional datasets. Some recent at-
tempts in semantic façade segmentation from multi-view im-
ages [10] [11] have been presented, but still they are confined 
to terrestrial-view images and only [12] explored potentials of 
aerial images to address the problem. This work is an exten-
sion of [12]. [12] simply uses hand-crafted image and point 
cloud features while this paper utilizes FCNs to learn highly 
representative features from data for more accurate façade 
object prediction.

Our work aims to compare the potentials of random forests 
(and hand-crafted features) with FCNs in semantic façade seg-
mentation task using airborne oblique images as input. Both 
two-dimensional (2D) and 3D information exploited in these 
two methods. A fully connected CRF model is implemented to 
increase segmentation accuracy and improve the visualization 
in both cases.

This paper is orgnized as follows: in the section “Related 
Work” related works in façade interpretation are discussed. In 
the section “Method” feature extraction for random forest and 
principles of FCNs and fully connected CRFs are explained. In 
the sections “Experimental Setup”, “Results”, and “Discus-
sion” model parameters and experimental results are shown 
and discussed. Conclusion and possible future work are 
described in the last section.

The authors are with University of Twente, The Netherlands.
Corresponding author: Michael Ying Yang  
(michael.yang@utwente.nl).

Photogrammetric Engineering & Remote Sensing
Vol. 85, No. 6, June 2019, pp. 425–433.

0099-1112/19/425–433
© 2019 American Society for Photogrammetry

and Remote Sensing
doi: 10.14358/PERS.85.6.425

PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING J une  2019  425



Related Work
Currently, there are two categories of methods for seman-
tic façade segmentation, namely top-down and bottom-up 
methods. Top-down methods rely on geometrical grammar 
to split a single façade into different parts. Bottom-up meth-
ods employ multi-class classifiers to assign a label to each 
image pixel and use postprocessing to optimize segmentation 
results, like CRF models.

In the top-down paradigm, the façade is recursively 
separated into smaller façade segments based on image 
characteristics and division rules. These rules, hierarchically 
representing the layout of façade objects, are defined based on 
strong prior knowledge on façade structure or learned from 
façade dataset. [8] designs six rules to represent the global 
configuration of façade objects. Pixel-wise labels from random 
forests are involved in the façade parsing. The limitation is 
that their rules are defined for Haussmannian-style buildings 
in Paris and hardly fit other architectural styles. With the 
intention of relieving the strong dependency on prior knowl-
edge, [13] uses a Bayesian Model Merging to learn shape 
grammar for a certain architectural style from labeled façades. 
However, their approach can only deal with grid-shape façade 
objects which are well aligned (horizontal lines along rows 
and vertical lines along columns of the image) and cannot 
solve the façade segmentation in airborne images where fa-
çades are always randomly oriented.

Bottom-up methods get rid of prior knowledge on fa-
çade layout. The semantic segmentation is achieved by 
using machine learning classifiers to assign labels to pixels 
or superpixels. [14] uses Textonboost to label each façade 
pixel. Outputs are very noisy, due to contextual information 
deficiency. [15] adapts a structured random forest to façade 
interpretation, producing noisy free segmentation. [16] uses 
the FCN to address the problem. A symmetry loss is added to a 
convolutional loss function because man-made façade objects 
are always regular in shape.

Conditional random fields are commonly used as a post-
processing to denoise pixel-wise classification results. A hier-
archical CRF is proposed by [16] which consists of three terms. 
The unary term is the probability distribution from a Random 
Forest classifier. The pairwise term is a color contrastive Potts 
model exploiting label compatibility between neighboring 
pixels. The hierarchical term uses mean shift superpixels 
derived at different scales to exploit the spatial dependencies 
of façade objects from local to global. With the reduced com-
putational complexity in the fully connected CRF model [17], 
[14] implements it to semantic façade segmentation. Texton-
boost is picked to get unary potentials and a linear combina-
tion of Gaussian kernels chosen as the pairwise potential to 
connect every pixel over the whole image. This fully connect-
ed structure not only performs well in enforcing the label con-
sistency among nearby pixels, but also detects small façade 
elements and delineates crisp boundaries. A three-layered 
approach is designed by [18] to address façade interpretation. 
The first layer is a label probability distribution of superpix-
els which is obtained by a trained recurrent neural network. 
The second layer consists of window and door probability 
maps computed from object detectors. The first two layers are 
combined in a CRF model. Weak architectural rules are added 
to the top layer to structure façade layouts.

Only image features are used in all above works to achieve 
semantic façade segmentation. In fact, 3D data also benefits 
urban scene interpretation. [19] improves informal settlement 
classification by combing predefined 2D and 3D features. [20] 
adds hand-crafted 3D features to image features learned from 
CNNs for building damage detection from very high resolution 
oblique airborne images. The involvement of point cloud fea-
tures contributes to 3% improvement in average classification 

accuracy [20]. Both [19] and [20] involve hand-crafted features 
which rely on prior knowledge of the dataset, while we feed 
both 2D and 3D information together into an FCN to allow the 
learning of highly representative features. Also, [12] adds 3D 
features to 2D image features in a random forest classifier for 
semantic façade segmentation, which gives rise to over 20% 
increase in overall accuracy. However, it only performs three-
class classification (roof, wall, and window) which leaves 
some façade objects whose delineations could benefit from 
3D geometries, like a balcony. [10] simply concatenates image 
and point cloud features as a feature vector for each pixel. 
Although contextual cues are given in vectors, each vector 
is independently fed to an ensemble of classifiers. The lack 
of concurrency in pixel prediction misses global optimality. 
[21] combines 2D and 3D information at super-pixel level to 
achieve semantic segmentation of indoor RGB-Depth images. 
Comparing to pixel-wise labelling in our work, unsupervised 
segmentation in the first step may lead to inaccurate boundar-
ies that are difficult to be corrected in the following steps.

Not constrained to image pixel labeling, point cloud 
labelling in 3D space also benefits from 2D and 3D feature 
integration. Both [22] and [23] extract spectral information 
from aerial images for each point and a CNN-based method 
is designed to improve semantic segmentation of noncolor 
airborne laser scanning point clouds. However, as a result of 
occlusion, limited laser scanning points are available on verti-
cal surfaces, like facades. Irregular spacing and large sparsity 
make difficulties in extracting representative features to 
achieve accurate labelling. [11] conducts 3D labeling on dense 
matching point cloud through an end-to-end 3D pipeline, in-
tegrating image features with point cloud features, including 
normal vectors, depths, heights, and spin image descriptors 
at different scales, in a Random Forest classifier. A CRF model 
which connects four nearest surrounding points is then used 
to smooth results. This work shows how the integration of 
both 2D and 3D features and the use of superpixels and object 
detectors can assure better accuracies.

Currently, most studies focus on façade segmentation in 
single view images and very few studies exploit potentials of 
3D information computed from multi-view images. Many ef-
forts have been spent in scene understanding in aerial images 
but studies reaching façade level are quite rare. This work 
investigates potentials of airborne images to address the prob-
lem by FCN combined with a fully connected CRF.

Method
Feature Extraction
In this work, image features and point cloud features are 
extracted for each façade. Then point cloud features are pro-
jected back to image space.

2D Feature Extraction
Three types of features are used in our work:

Color features. In our work, spectral information is three 
features presented in RGB color space.

SIFT. Scale-invariant feature transform (SIFT) descriptor 
consists of 128 features. For a certain pixel, it is a gradient 
histogram that is calculated based on gradient orientations 
and magnitudes at eight fixed orientations over a small image 
region whose center is that pixel [24] [25].

LM filter. 48 texture features are produced by Leung-Malik 
filter bank which is composed of Gaussian kernels, Laplacian 
of Gaussian kernels and other derivatives of Gaussian kernels 
at different scales [26].
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3D Feature Extraction
3D features used in this paper are normal vectors and planar-
ity which are computed based on neighboring points. Nor-
mal vector is useful to differentiate points lying on different 
surfaces. Planarity is a good indicator to infer the flatness 
of a surface and distinguish objects with different forms 
[27]. Planarity is calculated from normalized eigenvalues 
(e1+ e2+ e3 = 1) of the covariance matrix that is derived from 
3D coordinates of defined neighbors.

 
Planarity

e e
e

= -2 3

1  
(1)

The strategy and the range of the searching are two key 
elements when selecting local neighbors around a point. 
“K-nearest neighbors” is the searching strategy in our work. 
In terms of the searching range, instead of extracting features 
at a single scale, our work computes both normal vector and 
planarity from 20, 100, and 500 nearest points respectively. 
This is because features extracted from a single scale are 
inadequate to describe objects and the variation of 3D features 
at multi-scales can be a signature for small objects and flat 
surfaces [28]. Objects on planes can be detected, like vertical 
balcony surfaces on walls [12].

Feature Combination
The integration of 2D and 3D features is achieved by projecting 
3D features back into oblique airborne images based on their 
Pmatrix. The Pmatrix is produced by Pix4D software during 
the point cloud generation from oblique images. 3D features 
can be related to image patches with different size. Pixels in 
the same patch share the same 3D features. If more than one 
points fall in the same image patch, corresponding features 
are averaged to assign values to that patch. In practice, if the 
patch is too small, many voids are left in image space. On the 

contrary, if the patch is too large, the void percentage will 
decrease but the projected 3D features will be too coarse to 
give detailed information, averaging the information. As full 
resolution point cloud was not used in our work to keep the 
balance between void percentage and details of information, 4 
× 4 is picked as the optimal patch size during the projection.

Random Forest
Random forest is composed of many independent decision 
trees and classification results is a histogram accumulated on 
those trees. Each decision tree is a classification function of 
n features to get a probability distribution over a label space. 
Features of a sample are recursively classified by branching 
down the tree to a leaf node. For each node in the tree, a split 
function is learned to decide the path of a sample to reach a 
leaf node according to the values of the sample features. The 
splitting terminates at a leaf node where the sample is as-
signed to a class label.

Fully Convolutional Neural Network
Typical deep convolutional neural networks are made up of a 
sequence of layers. A convolutional layer is usually followed 
by nonlinear activation layers that bring nonlinearity to the 
network and therefore allow the network to learn more com-
plicated and representative features. A pooling layer is always 
set on the top of an activation layer, summarizing the filter 
responses to downsample the feature map and thus learn 
features at a higher level.

FCNs replace the fully connected layers in typical classifi-
cation networks with fully convolutional layers [5]. The size 
of the response map of the last convolutional layer is always 
smaller than the initial image due to the downsampling ef-
fect in previous layers. Therefore, the shrunken feature map 
should be upsampled back to the initial size by a deconvolu-
tional layer.

In our work, vgg16 is modified for semantic segmentation 
according to the strategy in [5]. All layers are kept as layers in 
the base network, except last two fully connected layers re-
placed by two fully convolutional layers which are initialized 
by random number. Bilinear filters are added to upsample 
the final feature map back to the initial image size. If the final 
feature map is directly upscaled to the initial size, the predic-
tion is likely to be coarse and inaccurate [5]. In vgg16, the 
final feature map is supposed to enlarge by 32 times. There-
fore, feature maps from former layers are also concatenated 
to the final feature map in the final pixel-wise prediction 
phase [5]. In the FCN (Figure 2), the final feature map is firstly 
upsampled by twice and then combined with the feature map 
of pool4. The concatenated feature is enlarged by 16 times 
to give pixelwise prediction (FCN-16s). Next, the integrated 
feature map is upscaled twice and then combined with the 
feature map of pool3. After this, the new feature map only 
needs to be upscaled by eight times back to the initial size 
(FCN-8s). This could give finer and more accurate semantic 
segmentation results.

Conditional Random Field
Conditional random fields are commonly used as a post-
processing of machine learning classifiers to denoise semantic 
segmentation results. In 4-connectivity and 8-connectivity CRF 
models, only short-range spatial dependencies are built to in-
volve limited contextual information. In fully connected CRFs, 
every pixel connects to the rest of the pixels over the image 
and this fully connected neighboring system allows the mod-
eling of longer spatial interactions. Graph-cut is a conven-
tional method to solve CRF models with simple connections in 
image segmentation [29]. However, it is not applicable to fully 
connected CRF due to the computational complexity. There-
fore, [17] uses a linear combination of Gaussian kernels to 
represent the pairwise term and the mean field approximation 

Figure 1. Workflow in this work. After preparing data, 
two tracks are implemented to achieve semantic façade 
segmentation. The right track follows the conventional 
machine learning techniques using hand-craft features and 
random forest. The left track adopts the state-of-art fully 
convolutional networks and fully connected CRF is used to 
refine results.
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to give an interference of fully connected CRF. In our work, 
a set of random variables {x1, …, xN} is constructed to form a 
random field X, where N denotes the number of pixels in a 
whole image. The domain of a random variable is a label set 
L = {l1, …, lN}, where k represents the number of classes. The 
random field X is conditioned on a set of image features I ={I1, 
…, IN}. This conditional random field (I, X) is a Gibbs distribu-
tion and it is written as:
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Here, an undirected graph G = (V,E) is built over X. ϕc(xc|I) 
is a potential function of all variables (xc = {xi, i∈c}) in a 
clique c. The collection of all cliques over the graph G is 
denoted by CG . E(x) is a sum of all potentials and this Gibbs 
energy function aims to label random variables x∈LN. ψc(xc)
is a simplified expression of ϕc(xc|I). Z(I) is a normalization 
constant which acts as partition function. The maximum a 
posteriori labeling x* is expressed as:

 x* = argmaxx∈LN P(X|I) (5)

Where the labeling x* is optimized by minimizing the 
energy function E(x).

Fully connected CRF is composed of two terms and the 
energy function is written as:
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where ψu(xi) is the unary potential representing the cost of 
pixel i to take label li calculated by a classifier (i.e., Random 
Forest or FCN). The binary potential encourage consistency 
in pixels which are close in position and have similar image 
features.

Unary potentials: The probability distribution of xi over label 
set L(xi|I) is computed by random forest (section “Random 
Forest”) and FCN (section “Fully Convolutional Neural Net-
work”) according to both image and point cloud features. The 
unary potential for xi is written as:

 ψu(xi) = –logP(xi|I) (7)

Pairwise potentials: The fully connected pairwise term consists 
of a linear combination of Gaussian kernels [17], shown as:
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Figure 2. FCN structure derived from the conventional vgg16 net to combine coarse and fine feature maps for pixelwise prediction. 
The size of pool1, pool2, pool3, pool4, and pool5 are 1/2, 1/4, 1/8, 1/16, and 1/32 of the initial image size respectively.
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Where μ(xi,yj) is a typical Potts model that assigns penalties 
when i and j are different in labels. k(m) denotes Gaussian 
kernels and w(m) are the corresponding weights. This work 
uses contrast-sensitive two-kernel potentials: fi and fj are two 
feature vectors of two neighboring pixels i and j, taking both 
position (pi and pj) and color information (Ii and Ij) in Equa-
tions 10 and 11. k(1)(fi, fj) is an appearance kernel that forces 
pixels that share similar colors and are close in position to be-
long to the same class. That means when feature vectors fi and 
fj are similar but pixel i and j are not in a same class, a high 
penalty will be assigned to encourage the labeling configura-
tion move to another stage that achieves better coherency 
between pixels. θα and θβ determine penalty values through 
controlling the similarity degrees of position and color. k(2)

(fi, fj) is a smoothness kernel that aims to remove small and 
isolated components.

The inference of this fully connected CRF follows the 
method designed by [17] based on mean field approximation.

Experimental Setup
Airborne images used in this paper were acquired by an IGI 
Pentacam system over the city of Dortmund (Germany) on 7 
July  2016. Average ground sampling distance for oblique im-
ages is 4.5 cm. Pix4D oriented these high-resolution images to 
produce dense matching point cloud at an urban scale.

In our work, four building components are identified: 
roof, wall, opening, and balcony. Roof and wall are structures 
covering a building horizontally and vertically, respectively. 
Opening refers to structures that allow the passage of light, 
sound, and air, including windows and doors. “Balcony” is 
defined as a small platform that protrudes from or intrudes 
into the wall surface and is accessed by an opening. Since we 
are interested in building areas, façades are manually cropped 
from aerial images at first. Then corresponding façade point 
clouds are manually cropped from large-scale dense match-
ing point clouds. Online annotation tool LabelMe is used to 
prepare ground truths of façades in image space. Our dataset 
consists of 250 façades: 160, 35, and 55 façades are used for 
training, validation, and testing respectively.

Random Forest
In our work, 50 trees are chosen as a trade-off between accura-
cy and training time. The minimum leaf size that controls the 
depth of the decision tree is set to be 50, with the intention 
to avoid overfitting. For each node, 14 features are randomly 
picked to keep the balance between strength of an individual 
tree and correlation between different trees [30].

Fully Convolutional Network
In our work, FCN was implemented in MatConvNet frame-
work. Due to the limited training dataset, we fine-tuned a 

pretrained network for semantic façade segmentation. As 
mentioned in the section “Random Forest”, a vgg-16 network 
trained on ImageNet dataset was downloaded from MatCon-
vNet website. Due to the limited graphics processing unit 
space, façade images were cropped into 224 ´ 224 patches 
to feed into the FCN. For the network only using 2D informa-
tion, RGB channels were directly put into the FCN. With the 
purpose of including 3D information, the projected third 
components of normal vectors were added to RGB images as 
the fourth channel. Normal vectors were computed from near-
est 100 neighboring points. As the downloaded network only 
allows three-bands inputs to the network, to feed the fourth 
channel into the network, the filter dimension of the first con-
volutional layer in vggnet was modified from 3 × 3 × 3 × 64 to 
3 × 3 × 4 × 64. The added weights were initialized by random 
numbers. The 2D network was trained for 15 epochs and the 3D 
network was trained for 20 epochs. Both of them implemented 
with a dropout rate of 0.5 and a learning rate of 0.001. The 
momentum and weight decay for both networks were 0.9 and 
0.0005, respectively. During the training, flipping of patches 
and PCA color augmentation [31] were performed for data 
augmentation purpose. During the testing stage, every testing 
façade image was cropped into 224 × 224 patches with 50 pix-
els overlap in both vertical and horizontal directions. Then, 
patches were semantically segmented by FCNs and labeled 
patches were concatenated back to the initial façade image.

Fully Connected CRF
Parameter configuration tuned by 35 validation façades is 
shown as below:

 w(1) = 1, θα = 3, θβ = 10, w(2) =1, θγ = 2

In our case, the optimal spatial standard deviation θα is 3 
pixels and the optimal value for color standard deviation θβ 
is 10. The influence of θα and θβ on overall pixel accuracy are 
assessed qualitatively (Figure 4) and quantitatively (Figure 5). 
For this assessment, w(1) is kept as 1 and w(2) is set to be 0. The 
accuracy variation is complex with changing θα and θβ but it is 
obvious that long-range connections cause some failures (Fig-
ure 5). In contrast to what is mentioned in [17], most of the 
spatial standard deviations larger than 35 pixels, relatively 
short-range connections are more suitable for façade interpre-
tation from aerial oblique images.

Accuracy Assessment
Three measures were used to evaluate semantic segmentation 
accuracy in different schemes, namely, overall pixel accuracy, 
averaged pixel accuracy for each class and the average of 
intersection over union (IoU) for each class [32]. These three 
measures are calculated in terms of true positives (TP), false 

Figure 3. FCN structure derived from the conventional vgg16 net to combine coarse and fine feature maps for pixelwise 
prediction. The size of pool1, pool2, pool3, pool4, and pool5 are 1/2, 1/4, 1/8, 1/16, and 1/32 of the initial image size, 
respectively.

PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING J une  2019  429

http://my.asprs.org


positives (FP) and false negatives (FN). Overall accuracy is 
defined as TP/(TP+FN), which is calculated over the whole 
image. Average accuracy is calculated for every class and then 
averaged. IoU score is defined as TP/(TP+FN+FP), which is 
calculated for every class and then averaged.

Results
55 façades were used to test five models. Semantic segmenta-
tion results in different schemes are shown in Table 1.

Performance of the random forest using only hand-craft 2D 
features was the worst in terms of three accuracy measures. 
Although 90.27% of roof pixels were correctly labeled, accu-
racies of wall and opening were 59.97% and 38.55%, respec-
tively. Openings on roofs were hard to be labeled (Figure 6) 
and the classifier was not able to label balcony pixels provid-
ing 0.4% accuracy. Figure 6 illustrates that balcony pixels 
were likely to be labeled as roof and wall.

Adding multi-scale 3D features to a 2D random forest classi-
fier, the overall pixel accuracy and IoU improved by 11% and 
11.8%, respectively. Except on roof, accuracies of all other 

classes were improved. Figure 6 demonstrates that 3D features 
converted most of roof pixels on vertical surfaces to wall or 
opening pixels and also, turned wall pixels on horizontal 
surfaces to roof pixels, while confusions between wall and 
openings remained. Still only 2.05% of the balcony pixels 
were correctly and some noisy labels can be found in Figure 6 
which deteriorate the segmentation results.

The FCN only exploiting RGB channels achieved 81.63% in 
overall pixel accuracy and 56.21% in IoU. It performed even 
better than the Random Forest taking both 2D and 3D hand-
craft features. Its IoU was 7.92% higher than the best random 
forest classifier results. Most importantly, the biggest improve-
ment was that 41.85% of the balcony pixels were correctly 
labeled. Also, few small openings on roofs were identified. 
Unlike the noisy results got from random forest classifiers, 
the FCN was not good at delineating object boundaries and 
produced oversmoothed results.

Figure 4. Qualitative assessment of the influence of connections in fully connected CRF (ground truth refers to Figure 3).

Figure 5. Quantitative assessment of the influence of 
connections in fully connected CRF.

Table 1. Quantitative results got from five models (55 façades 
for testing). 

Class
RF2D 
(%)

RF3D 
%)

vgg2D 
(%)

vgg3D 
(%)

vgg3DCRF 
(%)

Roof 90.27 87.84 93.42 96.10 90.02

Wall 59.97 88.81 77.03 81.81 81.52

Opening 38.55 53.12 63.90 70.54 84.65

Balcony 0.40 2.05 41.85 31.33 53.83

Average class 
accuracy

47.30 57.95 69.05 69.95 77.51

Overall pixel 
accuracy

69.01 80.01 81.63 85.16 85.66

IoU 36.49 48.29 56.21 60.12 60.40

* RF2D represents the random forest trained by 2D features. 
RF3D represents the random forest trained by both 2D and 3D 
features. Vgg2D represents the vgg-16 net fine-tuned by RGB 
images. Vgg3D represents the vgg-16 net fine-tuned by both 
RGB images and 3D features. vgg3DCRF is a fully connected 
CRF model using outputs from Vgg3D as the unary term.
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By involving the third component of normal 
vector, vgg3D outperformed vgg2D by 3.53% 
in overall accuracy and 3.91% in IoU. This im-
provement was much less than the improvement 
brought to random forest classifiers. Figure 6 
illustrates that confusions between roof and wall 
were largely solved. Opening results were more 
satisfying, but balcony classification was less 
successful than in the vgg2D experiment. This 
is probably due to the quality of the point cloud 
that is not able to reconstruct in an accurate way 
small objects on a building façade.

Fully connected CRF gave little contributions 
to labeling results: it improved 0.5% in overall 
pixel accuracy and 0.28% in IoU. However, 
looking at the single classes, pixel accuracies of 
opening and balcony were significantly im-
proved as visible in the last column in Figure 6 
where boundaries of opening and balconies as 
well as balconies were straight and sharp.azw

Discussion
Random Forest and Fully Convolutional Network
Random forest has proven to be effective for 
semantic façade segmentation [16]. Although 
selected features like color, SIFT and Texton were 
able to distinguish different classes in terrestrial 
images (e.g. eTRIMS), these features resulted in-
sufficient for an airborne oblique dataset captur-
ing several architectural styles. FCN [5], a deep, 
learning based approach, is one of the most pop-
ular methods for semantic segmentation. The 
outperformance of FCNs suggested that features 
learned from the dataset were more representa-
tive in our case. These complex representations 
were able to tell the differences between roofs 
and balconies too. This result was not possible 
using hand-craft features in accordance with the 
achievements presented in [33].

Segmentation results from random forest 
classifiers were quite noisy because pixel labels 
were predicted independently without taking 
contextual information. FCN-8s concatenates 
feature maps from previous layers to solve the 
coarse segmentation results. However, over-
smoothed boundaries still existed in the present-
ed results, as a consequence of patch downsam-
pling. This suggested that post-possessing, like 
CRFs, was necessary to refine results.

3D Features
In both random forests and FCNs, 3D features 
showed good performances in solving confu-
sions between pixels on different surfaces. One 
reason was that normal vector could efficiently 
separate roof and balcony pixels from wall and 
opening pixels. Higher improvements were 
achieved in the Random Forest than in the 
FCN-8s. This suggests that 3D features are more 
important when 2D features are not able to 
provide efficient representations to classes on 
different surfaces. However, confusions between 
wall and opening pixels, due to the deficiency 
of 2D features, were still not solved. The 3D 
information cannot contribute in the labeling of 
classes with similar geometries (at the resolution 
of the used images). In this regard, inaccurate 

Figure 6. Examples from our dataset. (a) cropped façade images from 
oblique aerial images. (b) ground truths. (c) results from random forest 
using 2D features. (d) results from random forest using 2D and 3D features. 
(e) results from the vgg16 net fine-tuned by RGB images. (f) results from 
the vgg-16 net fine-tuned by both RGB images and 3D features. (g) results 
achieved refining the results of (f) with fully connected CRF.
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Figure 7. Misclassification caused by poor dense matching point cloud.

point clouds produced by poor image dense matching could 
even weaken the ability of 3D features to solve misclassifica-
tions. This is clearly shown in Figure 7 where FCN-8s using 
only 2D features could roughly delineate balcony boundar-
ies while these boundaries were almost ignored introducing 
the 3D information given by the third components of normal 
vectors. As depicted in the same figure, very few points are 
in correspondence on balconies and computed normal vector 
was not able to define differences between the balconies and 
the wall. These misclassifications could hardly be corrected 
by CRF models.

Fully Connected CRF
Taking fully connected CRF as the postprocessing of FCN-8s 
only gave a little improvement in accuracy, but it refined 
results and showed better visualization (Figure 6). Compared 
with [17], a small value of θα was adopted. This suggests 
that very long-range interactions are not helping the object 
recognition and segmentation in the presented application. 
As mentioned in [17], most of θα are larger than 35 pixels but 
relatively short-range connections are more suitable for façade 
interpretation from aerial oblique images. In this study, the 
θα value was 3 pixels in our work. This value of short-range 
contextual information could be explained by regular shape 
of man-made façade objects.

Conclusion
This paper gave an investigation of semantic façade segmenta-
tion from airborne images. Four classes (roof, wall, window, 
and balcony) were identified in this work. The problem was 
addressed by random forests and FCNs. Results suggested that 
FCNs which learned features from dataset performed much 
better than random forests which used hand-crafted features. 
This is in agreement with many other works dealing with 
similar applications. In this work, FCN using 2D features got 
19.72% higher IoU than the random forest taking RGB, SIFT, 
LM filter bank features. To refine the segmentation results, 

fully connected CRF was implemented as a postprocessing 
step of the FCN results, exploiting both 2D and 3D information. 
It helped to delineate more accurate object boundaries, but it 
only contributed to little improvements in accuracy.

We preform semantic segmentation from manually cropped 
façades while automatic identification of the buildings is still 
an open research question. Fast and accurate recognition of 
buildings from large scale data in both 2D and 3D space leaves 
to be solved. For the future work, more classes could be iden-
tified in façade segmentation. The rectification of the oriented 
façades could be a future option to simplify the classification 
task. As objects on facades always have regular shapes, soft 
constraints could be added to regulate segmentation results 
too. More recent advanced network structures will be tested 
and further customized for this specific task in the future. 
Also, this research relies on image segmentation and 3D de-
scriptors are projected to 2D space, while the perspective work 
could apply innovative network architectures to label points 
in 3D space.
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RoofN3D: A Database for 3D Building 
Reconstruction with Deep Learning

Andreas Wichmann, Amgad Agoub, Valentina Schmidt, and Martin Kada

Abstract
Machine learning methods, in particular those based on 
deep learning, have gained in importance through the latest 
development of artificial intelligence and computer hardware. 
However, the direct application of deep learning methods 
to improve the results of 3D building reconstruction is often 
not possible due, for example, to the lack of suitable train-
ing data. To address this issue, we present RoofN3D which 
provides a three-dimensional (3D) point cloud training dataset 
that can be used to train machine learning models for dif-
ferent tasks in the context of 3D building reconstruction. 
The details about RoofN3D and the developed framework 
to automatically derive such training data are described in 
this paper. Furthermore, we provide an overview of other 
available 3D point cloud training data and approaches from 
current literature in which solutions for the application of 
deep learning to 3D point cloud data are presented. Finally, 
we exemplarily demonstrate how the provided data can be 
used to classify building roofs with the PointNet framework.

Introduction
In recent years, machine learning has been extensively stud-
ied with the aim of automatically generating models from 
data. For this purpose, several machine learning methods 
have been developed that do not simply memorize examples 
but are able to automatically recognize patterns and rules 
in the training data. Particularly approaches based on deep 
learning have achieved excellent results for different ap-
plications. For image classification tasks, for example, deep 
learning methods using convolutional neural network (CNN) 
architectures have become a standard framework in the last 
few years, as their results are already comparable or even bet-
ter than from human experts (Cireşan et al. 2012; Krizhevsky 
et al. 2012).

While CNNs have been a great success for images, they 
have been, however, less successful for three-dimensional 
(3D) point clouds. The reasons for this are manifold, but they 
can be mainly attributed either to the lack of publicly avail-
able training data or to the specific properties of point clouds: 
(i) Point cloud data is unstructured and not gridded, which 
is why convolutional kernels cannot be directly applied; (ii) 
Point cloud data usually has a varying point density, which 
can lead to a weak generalization of the learned feature repre-
sentations; (iii) Besides intensity, there is often no radiometric 
information (e.g., color) available.

Although many different solutions have been already 
proposed in recent years to apply deep learning to 3D point 
clouds, a major drawback that still remains is the lack of pub-
licly available training data that can be used to train neural 
networks. Since machine learning techniques usually require 
a large amount of training data, this issue is very crucial 
for carrying out research in this area. While there is a large 
amount of training data for images available (e.g., ImageNet) 

(Deng et al. 2009), Modified National Institute of Standards 
and Technology (MNIST) (Deng 2012), CIFAR10/CIFAR100 
(Krizhevsky 2009)), the amount of training data for 3D point 
clouds is comparatively small.

By evaluating a large number of publicly available 3D 
point cloud training datasets for machine learning, it became 
clear that a good basis for traditional classification tasks is 
already available. In comparison to available image databases, 
however, the number of classes is generally still quite limited. 
Particularly for buildings, which play an essential role for 
most applications in urban areas, we discovered a shortage 
in the number of available datasets. According to our knowl-
edge, there is currently no publicly available 3D point cloud 
training dataset that provides distinct classes for buildings. 
However, many applications such as facility management and 
preservation of townscapes require a fine subdivision of the 
building class, for example, to distinguish between different 
roof types or to recognize certain roof structures. In order to 
close this crucial gap, we have developed an automatic work-
flow in which building points of an aerial LiDAR dataset are 
processed so that they can be used to train deep neural net-
works for different tasks in the context of 3D building recon-
struction. For this purpose, only data for those buildings are 
provided for which the workflow achieves good results. At 
this point, the data of all other buildings are discarded with 
the intention that they can later be better processed through a 
reconstruction approach based on deep learning.

The proposed workflow has been applied to the publicly 
available New York City (NYC) dataset which consists of over 
one million buildings. The resulting training dataset is made 
available through RoofN3D and provides not only geometric 
information but semantic information as well. Note, RoofN3D 
provides only training data and is not a benchmark dataset at 
the moment. The training data is publicly available at https://
roofn3d.gis.tu-berlin.de.

The remainder of the paper is organized as follows: First, 
recent deep learning methods from the literature are summa-
rized in which solutions are proposed to overcome the afore-
mentioned issues related to the specific properties of point 
clouds. In this context, general trends for current and future 
research directions are pointed out. Afterward, an overview 
of publicly available 3D point cloud training data for machine 
learning is presented. Subsequently, details of the developed 
workflow and the training data provided by RoofN3D are 
described. To demonstrate the suitability of the provided 
training data for deep learning algorithms, we exemplarily 
show how the data can be used to train the PointNet frame-
work with the purpose of classifying building roofs. Finally, 
a conclusion and potential future enhancements concerning 
RoofN3D are presented.
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Deep Learning for 3D Point Clouds
The automatic recognition of objects is a fundamental task in 
computer vision. It has recently attracted again the interest of 
many researchers due to the advancements in artificial intel-
ligence and the development of hardware which enables the 
implementation and the application of deep neural networks. 
The results that can be achieved with deep neural networks 
have already reached a new level for two-dimensional (2D) 
images. Particularly CNNs have proven to be capable of 
providing state-of-the-art results; see, for example, AlexNet 
(Krizhevsky et al. 2012), VGG (Simonyan and Zisserman 
2015), GoogLeNet (Szegedy et al. 2015), and ResNet (He et 
al. 2016). Therefore, current research is carried out to apply 
CNNs not only on 2D data but also on 3D data such as point 
clouds. The essence of a CNN is, however, the convolutional 
layer whose parameters are represented by a set of kernels 
(also called filters). These convolutional kernels enable, on 
the one hand, to share weights in convolutional layers and 
thus significantly reduce the total number of parameters in a 
CNN. On the other hand, convolutional kernels always require 
data in a regular structure as input. Therefore, CNNs cannot 
be directly applied to 3D point cloud data which consist of a 
set of unordered points. For further information about CNNs, 
see, for example, Goodfellow et al. (2016).

To overcome this issue and to adequately deal with the 
sparsity problem of three-dimensional point cloud data, solu-
tions have been developed that are based on the conversion of 
the irregular point cloud data structure to a regular data struc-
ture. Some proposed regular representations in the context of 
CNNs with respect to 3D point cloud data are described in the 
section “Regular Representations”. In addition to approaches 
based on regular representations, further approaches for 
neural networks have been developed that are able to directly 
process data represented in an irregular data structure. Some 
details of these irregular representations are summarized in 
the section “Irregular Representations”.

Regular Representations
A solution that has been proposed to represent 3D point cloud 
data in a regular structure, so that they are suitable for CNNs, 
is the multi-view representation. In this approach, multiple 
2D views (i.e.,, images) of a 3D object are generated from dif-
ferent viewpoints. Thereby, the dimension of the 3D input 
data is reduced for each viewpoint to 2D. An important aspect 
in this context is how the viewpoints can be determined. 
Different approaches have been developed for multi-view 
CNNs in which the number and the locations of the camera 
are fixed empirically (Su et al. 2015) or in which the optimal 
camera locations are learned (Kalogerakis et al. 2017; Huang 
et al. 2018). Once a set of 2D images has been captured from 
different viewpoints, each image is processed by a CNN and 
the resulting feature maps are aggregated by applying view 
pooling. Further examples of different multi-view CNNs are 
presented in Qi et al. (2016) and Yi et al. (2017).

While multi-view representations provide the advantage 
of being compatible with 2D CNNs, shape details may be 
obscured during the conversion process. Particularly occlu-
sions and a limited number of viewpoints can exacerbate this 
problem. All this might result in inconsistencies during the 
reconstruction of surfaces in 3D space.

Another group of regular representations, which keep the 
dimensions of the input data, is the volumetric representa-
tion. In the last years, different variants of volumetric rep-
resentations have been proposed for CNNs. A well-known 
representative is the voxel grid. In a voxel grid, the three-
dimensional space is discretized into a regular grid and each 
resulting voxel is assigned a value based on the points within 
the voxel. A special type of a voxel grid, which is commonly 
in use, is the occupancy grid (Thrun 2001). The special 

characteristic of an occupancy grid is that each voxel is as-
signed only the value occupied or unoccupied, depending 
on the presence or absence of data. Some examples in which 
different variants of voxel grids have been used as input for 
CNNs are VoxNet (Maturana and Scherer 2015), 3D ShapeNets 
(Wu et al. 2015), volumetric CNNs (Qi et al. 2016), SEG-
Cloud (Tchapmi et al. 2017), and VoxelNet (Zhou and Tuzel 
2018). In addition to the occupancy values, voxel grid cells 
may store further information such as statistics of the points 
within a cell (Song and Xiao 2014), distances from the cell 
center to the nearest point (Song and Xiao 2016), or features 
extracted from the local neighborhoods (Wang and Posner 
2015; Engelcke et al. 2017).

A major advantage of representing 3D point clouds in a 
voxel grid is that already existing CNN architectures for images 
can be generally applied with only a few adaptions. However, 
since objects are represented in 3D point cloud data only on 
their surface, the input data easily become unnecessarily 
voluminous due to a large number of unoccupied voxels; see, 
for example, Li et al. (2016). An illustration of this so-called 
sparsity problem of 3D data in occupancy grids is shown in 
Figure 1 for a hip roof in different resolutions. In order to 
overcome this problem, while keeping the spatial information 
about the 3D shape, other regular data structures have been 
developed such as deep data structures and convolutional 
filters that can work on them.

In deep data structures, the memory usage is significantly 
reduced by recursively dividing only occupied voxels. An 
illustration of a deep data structure for a saddleback roof in 
different resolutions is shown in Figure 2. Thus, deep data 
structures enable in practice the use of a higher grid resolution 
compared to occupancy grids. Some examples in which deep 
data structures have been used are given in Riegler et al. (2017), 
Klokov and Lempitsky (2017), and Wang and Posner (2015).

A general drawback of regular data structures is that the 
resolution to represent 3D data is generally limited. Therefore, 
the conversion of irregular to regular 3D data structures is usu-
ally accompanied by information loss. Furthermore, for ad-
equately capturing some shape details such as symmetry and 
roundness, very high-resolution 3D grids are required, which 
significantly increase the memory consumption and the com-
putational cost. Designing machine learning architectures that 
can directly process irregular 3D data can help to overcome 
these challenges and also the data sparsity problem.

Irregular Representations
In addition to regular representations, other solutions have 
been proposed for deep learning with respect to 3D point 
clouds based on irregular representations. Early approaches 
for irregular representations have been presented in Fang et 
al. (2015) and Guo et al. (2015). In the former, shape descrip-
tors are used which enable the identification of a 3D object as a 
member of a category based on a concise and informative rep-
resentation. Thereby, 3D input meshes are represented in 2D 
without losing relevant information. In the latter, a compact 
mesh representation is learned by extracting multiple geomet-
ric low-level features. Based on the extracted features, a 2D 
tensor is constructed that serves as input for a CNN model.

An established neural network that accepts point cloud 
data in their original format is PointNet (Qi et al. 2017a). The 
distinct feature of PointNet is its capability to comply with 
the permutation invariance, a fundamental property of point 
cloud data, by employing symmetric functions. Thus, points 
are individually processed by a sequence of multilayer per-
ceptron layers (MLP layers). The resulting higher dimensional 
representations are aggregated to a global representation by 
exploiting the symmetry property of the max pooling func-
tion, which is applied across each dimension of the feature 
space. Additionally, alignment networks are integrated into 
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the network architecture to boost the performance of the clas-
sifier. An alignment module (spatial transformer) regresses the 
transformation parameters of the original object pose (inter-
mediate feature maps) with respect to a canonical pose, and 
subsequently applies the learned transformation to correct the 
original or intermediate orientation.

Compared to convolutional models that benefit from 
hierarchical feature learning, PointNet has no spatial context 
knowledge, besides the individually extracted point represen-
tations and the global point cloud representation. However, 
the positive effect of leveraging spatial correlations when pro-
cessing geodata have already been shown in some approaches 
such as Gressin et al. (2013) and Weinmann et al. (2015). 
PointNet++ (Qi et al. 2017b), an upgraded version of Point-
Net, addresses the spatial context knowledge by integrating 
sampling and grouping layers into the network. The neighbor-
hoods defined by these layers are processed by applying the 
standard version of PointNet.

A more recent approach to irregular representations imple-
ments a convolutional operator in which the nearest point 
neighbors are queried on the fly in a pointwise convolution 
(Hua et al. 2018). In this context, a preprocessing step has 
been proposed in Corcoran et al. (2018), in which the point 
cloud is projected to a space where the point locations are 
in a certain order. By projecting and ordering the points, for 
example, on a 3D space-filling one-dimensional curve such 
as a Hilbert curve, the direct use of one- or two-dimensional 
convolutions on the point cloud data is enabled.

Point Cloud data can be used not only with discrimina-
tive models but also with generative ones, as for instance 
with Generative Adversarial Network (GAN) (Goodfellow 
2016). They enable the generation of new data from a given 
distribution using an adversarial training paradigm between 
a discriminator and a generator network. As an example, the 
generator model in 3D-GAN (Wu et al. 2016) can generate 3D 
models from a given statistical distribution while the dis-
criminator model is used as 3D descriptor for object recogni-
tion tasks. In Achlioptas et al. (2018), an Auto Encoder (AE) 
network is designed to be invariant to the permutations and 

spatial transformations of its input following the concepts 
proposed by the PointNet architecture. The higher dimen-
sional data representation learned by the AE is then used for 
an improved GAN training compared to only when using 
original data.

Available 3D Point Cloud Training Data
In machine learning, training data is usually needed for 
learning a model such as a neural network. A challenge for 
the training of complex models is the provision of a sufficient 
amount of training data. If a complex model is trained on 
an insufficient amount of training examples, the model will 
have difficulties to generalize. Thus, the availability of mas-
sive training data is nowadays of high importance. Another 
important aspect of the availability of training data is that it 
can be also used to evaluate machine learning models. Many 
machine learning models are constructed as very complex 
mathematical models, which can make a theoretical evalua-
tion of their performance very challenging and controversial. 
However, a practical approach to address this challenge is to 
empirically evaluate machine learning models within a com-
mon framework based on publicly available data. Empirical 
evaluations provide researchers the ability to compare and 
evaluate the performance of their models according to set 
standards. Early publicly available datasets have been proven 
to be of great value to research. A frequently used dataset is 
MNIST (Deng 2012), which can be used to prove the effectiv-
ity of a model; see, for example, (Sabour et al. 2017). Gener-
ally, it is noticeable that many research communities are 
nowadays interested in acquiring and producing such data in 
3D. With ShapeNet (Chang et al. 2015) and ModelNet (Wu et 
al. 2015), for example, datasets of 3D models from common 3D 
objects are publicly available. Some further publicly available 
3D datasets are listed in the following paragraph.

There are, nowadays, many 3D datasets available that were 
captured in urban areas with the help of mobile laser scan-
ning. This includes, for example, data from street sections 
such as the Paris-rue-Madame dataset (Serna et al. 2014), 

Figure 1. The percentage of occupied cells of the shown 
hip roof in a volumetric representation at resolution 323 is 
2.506% and reduced to 1.025% and 0.513% at resolution 
643 and 1283, respectively.

Figure 2. A saddleback roof represented in a deep data 
structure at resolution 643, 323, 163, and 83. Occupied 
cells are colored in red, while unoccupied are colored in 
blue. Unoccupied cells above and below the hip roof were 
omitted for reasons of clarity.
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which consists of about 10 million points and 27 classes, 
or the Paris-rue-Soufflot dataset (Hernándes and Marcote-
gui 2009), which consists of about 20 million points and 6 
classes. But also data of larger urban areas are available, such 
as the IQumulus & TerraMobilita Contest dataset (Vallet et al. 
2015), which consists of about 300 million points and about 
80 classes, and the Semantic3D.Net dataset (Hackel et al. 
2017), which consists of over four billion manually labelled 
points and eight classes.

The provided datasets listed in the previous paragraph are 
generally suitable for traditional tasks such as recognition and 
classification in the urban context. However, for the purpose 
of 3D building type classification and reconstruction, these 
datasets would be not sufficient because they do not provide 
distinct subclasses within the building class which indicate 
the building parts. The Oakland dataset (Munoz et al. 2009), 
which consists of about 1.6 million points and 44 classes, can 
also only partially overcome this issue. It contains classes for 
building parts and a specific label for roofs, but it does not pro-
vide an explicit class distinction between different roof types.

To the best of our knowledge, there is currently no publicly 
available dataset with semantic roof types for the purpose of 
learning different roof types and 3D building reconstruction 
based on machine learning models. By presenting an automat-
ic workflow that can provide such training datasets and by 
providing the results of already processed data on RoofN3D, 
we aim to close this crucial gap and we would be pleased 
about the use of this data in other research work.

Training Data Preparation Framework
For the provision of massive 3D data and further information 
that are needed to train deep neural networks in the context 
of 3D building reconstruction, an automatic framework has 
been developed. The automatic framework has been de-
signed to be capable of efficiently processing very large point 
clouds with billions of points. Thereby, huge training datasets 
consisting of different building classes and a large number of 
instances for each class can be generated in fairly short time. 
An overview of the whole framework is illustrated in Figure 
3. It consists of the following two major steps: (i) extraction of 
building points and (ii) derivation of building information.

In the building point extraction step, aerial point clouds 
and building footprints are used as input data for the devel-
oped framework. Both types of data are nowadays already 

publicly available for several cities, states, and countries 
around the world (e.g., New York City (USA), Philadelphia 
(USA), Toronto (Canada), Vancouver (Canada), Cambridge (UK), 
North Rhine-Westphalia (Germany), Thuringia (Germany), 
The Netherlands, etc.). Due to the large number of points 
in the provided point clouds, a direct extraction of build-
ing points is usually not feasible in a reasonable time if, for 
example, only building footprints in combination with a ray 
casting algorithm are used to solve the point-in-polygon prob-
lem. Therefore, point clouds and building footprints are not 
directly intersected with each other to determine the building 
points but multiple patches are first generated for each point 
cloud. The resulting patches are then intersected with those 
building footprints that are located in the area of the point 
cloud. In this way, all patches are identified that feature an 
overlap with a building. Afterward, the relevant patches are 
exploded and all those points are classified as building points 
that are located within a building footprint of the processed 
area. The classified points and the building footprints are 
finally stored in the RoofN3D database.

The derivation of building information based on building 
points follows the principles of common data-driven building 
reconstruction approaches and consists of the following three 
sub-steps: (i) segmentation of roof surfaces, (ii) shape recog-
nition, and (iii) 3D building model construction. Since the 
results of each sub-step can be used to train neural networks 
for different tasks, they are stored in the RoofN3D database.

For the segmentation of planar roof surfaces on the basis of 
building points, subsurface growing is applied as described 
in Kada and Wichmann (2012). In contrast to the well-known 
surface growing method, segments are enabled during the 
subsurface growing procedure to grow below the surface. As 
a result, segment patches that belong to the same roof surface, 
but are disconnected by roof superstructures, are merged 
together. Consequently, symmetries are implicitly modeled 
and the number of primitives is reduced of which a building 
with complex roof structure is comprised of. Furthermore, 
segments of connected building components (e.g., dormer and 
base roof) feature actual intersections so that gaps between 
them are automatically closed. The advantages of subsurface 
growing support the identification of roof structures in the 
subsequent shape recognition step and make their detection 
more robust than with conventional surface growing.

In order to further improve the segmentation results, 
subsurface growing has been extended by a reassignment 

Figure 3. Framework for the automatic preparation of data that is needed to train neural networks in deep learning methods.
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method as suggested in Vosselman and Klein (2010). In this 
method, all points assigned to a segment are reassigned to a 
neighboring segment in cases where they would better fit the 
neighboring segment in terms of distance and normal vector 
direction. The reassignment process is carried out once after 
surface growing and once after subsurface growing. In addi-
tion to the improved assignment of points that already belong 
to a segment, subsurface growing has also been extended in 
such a way that already segmented roof surfaces are further 
enriched with points not previously assigned to any segment. 
For this, a point in the set of unassigned points is assigned to 
its closest segment after the reassignment process has been 
completed if its distance to the segment is within a certain 
tolerance. Both described extensions are suitable to improve 
the segmentation result of subsurface growing.

Once planar roof surfaces have been determined, all seg-
ments are represented as nodes and their adjacency relation-
ships as connecting edges in a so-called roof topology graph 
(RTG). For the recognition of certain roof shapes in the RTG, a 
graph grammar has been developed in which production rules 
are defined that represent possible graph transformations. 
Thereby, the search for predefined roof shape models does not 
need to be performed directly on the input data but it can be 
carried out on higher-level information in the so-called topol-
ogy space. Thus, the robustness of traditional model-driven 
recognition approaches is maintained while reducing the 
search effort and the computational time.

Each production rule of the developed grammar consists of 
two graphs representing its left-hand side (LHS) and its right-
hand side (RHS). If a production rule is applied to the RTG, all 
occurrences of the LHS in the RTG are first identified by a la-
beled graph matching algorithm and then replaced by its RHS. 
The production rules have been essentially designed in such 
a way that adjacent nodes and their connecting edges, which 
represent lower-level information, are aggregated to a single 
node which represents higher-level information about the 
building. For example, two connected nodes that both rep-
resent sloped segments, whose segment normals point in the 
horizontal plane in the opposite direction, and which have an 
intersection line of a certain minimum length are aggregated 
to a single node that represents the semantic information of a 
saddleback roof. With each aggregation, semantic information 
is added to the RTG. By applying several production rules of 
the graph grammar to the RTG, higher-level information about 
the building to be reconstructed is derived. Thereby, the 
knowledge of the building structure including the building 
parts becomes available. To ensure that unnatural shapes are 
automatically discarded, already derived building knowledge 
is incorporated during the application of production rules. 
Due to the expressive power of the applied grammar, not only 
geometric information but also extensive semantic informa-
tion can be provided.

Finally, 3D building models are constructed based on half-
space modeling as introduced in Kada and Wichmann (2013) 
and adjusted based on the divisive clustering techniques intro-
duced in Wichmann and Kada (2014) to support natural build-
ing characteristics (e.g., symmetry, coplanarity, orthogonality). 
By utilizing half-space modeling, buildings are represented 
within the proposed framework as closed solids to guarantee 
that all building models are topologically correct and that they 
do not feature any unwanted gaps or intersections.

RoofN3D
In order to close the gap of publicly available 3D point cloud 
data that are suitable to train neural networks for different 
tasks in the context of buildings, we present RoofN3D. It 
provides a platform for the distribution of 3D training data 

that result from the application of the presented training data 
preparation framework to various data. As a first step, the 
publicly available New York City dataset of the NYC Open 
Data Portal (https://opendata.cityofnewyork.us) has been 
processed and suitable parts of the resulting training data are 
made available via RoofN3D. Some information about the 
New York dataset are summarized in the section “New York 
Dataset” and further details about the provided data on Roof-
N3D are given in the section “RoofN3D Data”. Note, further 
datasets will be processed in the future and their results will 
be added to RoofN3D. The training data is available at https://
roofn3d.gis.tu-berlin.de.

New York Dataset
The building footprint dataset of New York is part of the 
planimetrics geodatabase and used by the NYC Department of 
Information Technology and Telecommunications Geographic 
Information Systems group to maintain and distribute an 
accurate base map for NYC. They are derived from images of 
the 2014 New York Statewide Flyover, which includes raw 
imagery collected to support the generation of 0.5 feet ground 
sampling distance natural color imagery. The provided build-
ing footprints represent the perimeter outline of each build-
ing. Divisions between adjoining buildings are determined by 
tax lot divisions. The estimated positional accuracy for 95% 
of the data is ± 2 feet. The whole dataset consists of more than 
one million building footprints.

The LiDAR point clouds of New York are provided by the 
U.S. Geological Survey. They have been captured from August 
2013 to April 2014 and cover an area of 1,009.66 km². The 
average density of the point clouds is about 4.72 points/m².

RoofN3D Data
The available data from RoofN3D currently consist of the 
results of the presented training data preparation framework 
that has been applied to the New York dataset. The New 
York dataset has been selected because it provides a large 
number of buildings with a wide intraclass variation, which 
enables the training of complex models without being in risk 
of overfitting. An overview of the underlying architecture of 
RoofN3D and the available information about the buildings 
are shown in Figure 4. As illustrated, for each building in 
RoofN3D, a building footprint, all building points therein, 
segmentation results, semantic information, and geometric in-
formation are provided. Please note, the structure of RoofN3D 
is not fixed and might be adapted according to future needs.

The provided data can be used in various ways. For ex-
ample, data resulting from the segmentation process can be 
used to train semantic segmentation networks. For this, each 
extracted segment provides the information about its assigned 
points, the outline, and the plane equation which best fits the 
assigned points. We have limited the segmentation process to 
planar areas because most roof surfaces can be described with 
sufficient accuracy by planar faces. This is for most buildings, 
particularly in residential areas, the case and useful because 
arbitrary shapes usually require computationally intensive 
surface fitting procedures (Wang 2013). Since subsurface 
growing has been implemented as an extension of the well-
known surface growing method, segments of both surface 
growing and sub-surface growing are provided. For the latter, 
a distinction is made between surface points and virtual 
subsurface points which have been not initially captured 
but introduced to close unwanted gaps in a roof surface. In 
addition to the points that have been assigned to a segment, 
also all unassigned building points are provided which do not 
belong to any segment according to the applied surface grow-
ing and subsurface growing method. The outline of a segment 
has been determined by projecting all segment points onto 
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the plane of the segment and by performing the alpha shape 
algorithm presented in Edelsbrunner et al. (1983).

To learn the structure of buildings with deep learning 
methods, the applied grammar of the shape recognition step 
has been designed in such a way that structural information 
about the buildings are derived. This includes the informa-
tion about the building parts that compose the building. 
Depending on the complexity of the building, the number and 
the shape of the building parts can be very diverse. In order 

to provide further information about those building parts that 
have a concave shape, information about convex components 
that compose the concave building part are provided. To re-
duce the processing effort for training a deep neural network, 
also information about the orientation of building parts and 
their convex components are provided.

Another important task that can be approached by means 
of neural networks and the provided training data is the 
learning of the geometric construction of 3D building models. 

Figure 4. The architecture of RoofN3D and the provided information about a building.
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For this, RoofN3D provides boundary models not only for the 
whole building but also for its building parts. These boundary 
models are derived from the conversion of the closed solid 
that results from the applied automatic reconstruction meth-
od. Thereby, it can be guaranteed that the boundary models 
are always closed and represented as two-manifold polyhe-
drons. Note, due to the lack of ground level height informa-
tion, all building models have been extruded to the same 
ground height (i.e.,, 0 m). In addition to boundary models, in-
formation about half-space models are provided via RoofN3D. 
For this, the plane equations of the hyperplanes that define 
the half-spaces of the roof of a convex building component 
are provided. By applying the Boolean intersection operator 
to these half-spaces, the roof shape of the convex component 
is defined. Furthermore, the roof shape of a building part 
can be derived by applying the Boolean union operator to 
the half-space representations of all convex components that 
compose the building part. Analogous, the roof shape of the 
whole building is given by uniting all half-space models of 
those building parts that compose the building. If the shape of 
the whole building with extruded facades is needed, the latter 
half-space model needs to be intersected once with a half-
space having a horizontal hyperplane whose normal vector 
is pointing downwards and once with the provided building 
footprint formulated as a half-space model.

The aforementioned information is offered via RoofN3D 
for different types of roofs. First, the number of different roof 
types is limited and only cover simple shapes such as gable 
roofs, two-sided hip roofs, pyramid roofs, etc. However, more 
complex roof types will be added over time.

Experiments
To demonstrate the suitability of RoofN3D for deep learning 
algorithms, we exemplarily used the PointNet framework to 
classify building roofs based on the presegmented point cloud 
data of RoofN3D. We selected PointNet because it is one of the 
main neural network architectures that processes point cloud 
data in their original data structure. In the standard version of 
PointNet, the coordinates of each point are individually pro-
cessed by a sequence of five MLP layers (output dimensions: 
64, 64, 64, 128, 1024) implemented as 1 ´ 1 convolutions. Ad-
ditionally, the orientations of the point clouds are corrected 
with regard to canonical orientations. For this, an alignment 
module is applied on the input coordinates in a first iteration 
and once more by using a second alignment module on the 
feature maps resulting from the first two MLP layers. The sub-
sequent max pool layer summaries the global representation 
of the point cloud. The global descriptor is further processed 
by a sequence of three fully connected layers before a classifi-
cation layer is applied.

Although PointNet is generally able to deal with irregular 
data structures, some preprocessing steps were necessary to 
train the network with the RoofN3D data: Firstly, we limited 
the number of instances in each building class to the number 
of instances of the least represented class (i.e.,, pyramid roof). 
Secondly, we adjusted the number of points representing 
a building roof to a fixed value. Considering the low point 
density of about 5 points/m² and the correlation between the 
number of points and the size of the building, under-sampling 
would be at risk to discard so-called key points, which repre-
sent relevant information such as corners or edges (Qi et al. 
2017a). Therefore, we selected training point clouds contain-
ing maximum 1024 points and over-sampled those with a 
lower number to the size of 1024 by randomly reusing exist-
ing points of the point cloud. Since the coordinates of each 
point in PointNet are individually projected into a higher 
dimensional space and the global signature of the point cloud 

is calculated by applying max pooling across each feature, the 
artificially introduced redundancy has no effect on the global 
description of the roof shape and only slightly increases the 
computational effort.

For the training of the PointNet network, we normalized 
each point cloud by projecting them on a sphere of radius one 
and represented each point only by its 3D coordinate which 
we encoded in separate channels. We used in total 4620 ex-
amples, which were equally distributed over the classes sad-
dle-back roof, two-sided hip roof, and pyramid roof, divided 
the dataset into a training set (3300 examples) and a test set 
(1320 examples), and fed them to the network in batches of 
32 examples. The dataset augmentation was performed during 
training by applying a set of rotations around the vertical axis 
and by jittering the points with Gaussian noise (0, 0.2). The 
scores over the possible classes were computed by optimiz-
ing the cross-entropy loss. The model was trained using the 
Adam optimizer (Kingma and Ba 2015) with a learning rate of 
0.001 for 250 epochs. The obtained average accuracy on the 
evaluation set was 94%.

In contrast to small objects (e.g., from the ShapeNet40 data-
base) which have arbitrary orientations, building roofs deviate 
in most cases from canonical orientations only by a rotation 
around the vertical axis. Therefore, we further investigated 
the impact of the alignment modules by using the same train-
ing protocol as described above, but removing the alignment 
modules. The result was a 4% decrease in average accuracy.

Conclusion and Outlook
The training dataset available on RoofN3D provides aerial 
LiDAR data and building information that can be used to train 
deep neural networks for different tasks in the context of 
3D building reconstruction. It has been exemplarily demon-
strated how the provided presegmented point cloud data can 
be used to train the PointNet framework for the classifica-
tion of building roofs. The training dataset has been recently 
published and will be extended in the future according to the 
needs of the research community. This includes, for example, 
the addition of further buildings with the same or other roof 
shapes. For the latter, buildings with complex roof shapes 
(e.g., featuring roof superstructures) are of particular interest. 
Additionally, it is important that the number of examples be-
come more evenly distributed among the classes in the future. 
Furthermore, it is planned to carry out a quality assessment 
and to continuously improve the offered data. This is neces-
sary because the training data was generated with an automat-
ic process. We hope that the 3D training data on RoofN3D can 
be used in the future to further improve automatic 3D build-
ing reconstruction approaches and their results with various 
methods of machine learning.
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Through-Water Dense Image Matching for 
Shallow Water Bathymetry

Gottfried Mandlburger

Abstract
The introduction of Dense Image Matching (DIM) has reac-
tivated the interest in photogrammetric surface mapping, 
as it allows the derivation of Digital Elevation Models  with 
a spatial resolution in the range of the ground sampling 
distance of the aerial images. While the primary field of 
application is wide-area mapping of topography and urban 
scenes, charting bathymetry of clear and shallow water areas 
is equally feasible via application of multimedia photogram-
metry. The article specifically investigates the potential of 
through-water DIM for high resolution mapping of generally 
low textured shallow water areas using modern techniques 
like semiglobal matching and off-the-shelf software. In a 
case study, the DIM-derived underwater surfaces of coastal 
and inland water bodies are compared to concurrently 
acquired laser bathymetry data. With an achieved penetra-
tion depth of more than 5 m and deviations in the dm-range 
compared to the laser data as reference, the results confirm 
the general feasibility of through-water DIM. However, suf-
ficient bottom texture and favorable environmental condi-
tions are a precondition for achieving accurate results.

Introduction
Although topo-bathymetric Light Detection and Ranging 
(LiDAR) has become the state-of-the art for mapping shallow 
coastal and inland water bodies, most modern airborne sen-
sors feature both high resolution multispectral cameras and 
one or multiple LiDAR channels (Mandlburger 2018b; Toschi 
et al. 2018). The multispectral image content can directly 
be used to estimate water depths by establishing a color-to-
depth relation based on physical and/or regression models 
(Legleiter 2016; Legleiter et al. 2009; Lyzenga et al. 2006). In 
addition, the rise of Dense Image Matching (DIM) (Remondino 
et al. 2014) providing a height value for every image pixel via 
techniques like semiglobal matching (Hirschmuller 2008), has 
revived the interest in through-water photogrammetry from 
terrestrial, manned, as well as unmanned airborne and space-
borne platforms for charting sufficiently transparent water 
bodies (Butler et al. 2002; Dietrich 2016; Hodúl et al. 2018; 
Westaway et al. 2001). The potential applications include 
hydromorphology, archaeology, ecology, hydraulics, and the 
like. Depth estimation via multimedia photogrammetry is 
generally hampered by progressive blurring due to arbitrary 
forward and backward scattering of the light rays along their 
path in the water column (Guenther et al. 2000; Lyzenga 
1978a). Despite the accuracy limitations of the photogram-
metric approach depending on water depth, water surface 
planarity, water clarity, etc. (Maas 2015), the availability of 
imagery with Ground Sampling Distances (GSD) less than 10 
cm fuels the hope for high resolution mapping of the shallow 
water-land-transition zone.

Related Work
For capturing submerged environments with optical remote 
sensing, the sensor can be either underwater or in the air 
above the water table. Underwater techniques in general 
(Massot-Campos and Oliver-Codina 2015) and underwater 
photogrammetry in particular (Maas 2015) benefit from a 
short sensor-to-target distance and are therefore suitable for 
studying complex three-dimensional (3D) structures like coral 
reefs, submerged ship wrecks, and underwater infrastructure. 
For efficient area-wide mapping, however, air- and space-
borne techniques are more appropriate (Burns and Delparte 
2017; Dietrich 2016; Hodúl et al. 2018).

The main problem in both airborne LiDAR bathymetry and 
through-water photogrammetry is the refraction at the air-
water interface, which causes a change of direction of the 
image and laser ray (Kotowski 1988; Maas 2015; Westfeld et al. 
2017; Yang et al. 2017) as well as a change of the propagation 
velocity of the laser pulse (Birkebak et al. 2018). In both cases, 
knowledge of exact water level heights is a prerequisite for 
precise refraction and run-time correction of the raw measure-
ments. The advantage of LiDAR bathymetry over multimedia 
photogrammetry is two-fold. On the one hand, LiDAR is a polar 
data acquisition strategy based on round-trip runtime measure-
ment, i.e., a single measurement is sufficient to obtain a 3D 
point. On the other hand, the employed green laser light inter-
acts with the water surface, the water column, and the water 
bottom and, thus, simultaneously delivers height estimates of 
the surface and the bottom (Guenther et al. 2000; Schwarz et 
al. 2017). While image-based water level estimation remains a 
challenging task due to specular reflection at the interface and 
the dynamic nature of the surface (Rupnik et al. 2015), espe-
cially the infrared channel of multispectral images can be used 
to detect the water-land-boundary (Frazier and Page 2000). At 
least for standing water bodies, the 3D shoreline enables the 
derivation of a continuous water surface model in the absence 
of extensively measured water level heights.

As stated above, depth estimation via multimedia photo-
grammetry suffers from image ray bending at the air-water 
interface (Kotowski 1988; Maas 2015; Murase et al. 2008), 
which causes a violation of the collinearity condition consti-
tuting the inherent mathematical model of most photogram-
metric software (Förstner and Wrobel 2016; Kraus 2007). This 
requires a more generic ray path model and sophisticated data 
processing procedures for bundle block adjustment (Mulsow 
2010). Moreover, image blurring due to multi-directional scat-
tering within the water column (Lyzenga 1978b) further ham-
pers image matching and results in a progressive loss of image 
texture at the water bottom with increasing water depth.

Especially in this respect, DIM could be of advantage 
with its inherent property (i) of being able to bridge poorly 
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textured areas and (ii) of providing good height accuracy 
also in smooth, low-textured surface parts (Ressl et al. 2016). 
While accuracy improvements in multimedia photogramme-
try exploiting multi-view stereo has already been reported in 
literature based on sparse feature points (Wolff and Förstner 
2000), DIM is expected to share the same potential for high 
resolution 3D reconstruction of submerged topography.

Research Aims
Against this background, the main objectives of this paper 
are to evaluate the applicability and the accuracy potential 
of multimedia through-water DIM for mapping shallow water 
bathymetry based on off-the-shelf software and processing 
pipelines for water bodies with different characteristics. Spe-
cial emphasis is laid on the very shallow zone, where conven-
tional LiDAR bathymetry is not able to distinguish echoes from 
the air-water interface and the submerged bottom due to the 
finite pulse length (Legleiter et al. 2016). Especially in areas 
with water depths < 1 m, through-water DIM might contribute 
to bridging the gap in the littoral zone between water and 
land with a point density comparable to topo-bathymetric 
LiDAR (i.e., 10–20 points/m2). The study also includes an 
assessment of the potential of multi-view stereo to improve 
accuracy and reliability of water bottom mapping, which was 
already studied for feature-based image matching (Wolff and 
Förstner 2000) but has not been evaluated for DIM so far to the 
best of my knowledge.

For DIM, the SURE software was chosen as the tool emerged 
from a scientific background (Wenzel et al. 2013) and the 
underlying semiglobal matching based concepts are well 
described in subject literature (Haala and Rothermel 2012; 
Hirschmuller 2008). Furthermore, SURE provides convenient 
command-line and library interfaces for conducting the 
envisaged scientific experiments with full parameter control 
in contrast to popular Structure-from-Motion tools offering 
black-bock DIM functionality like PhotoScan (Agisoft 2018) 
or Pix4Dmapper (Pix4D 2018). And finally, the quality of the 
SURE point clouds and DEMs was confirmed by several inde-
pendent investigations compared to competing image match-
ing tools as well as LiDAR as reference (Alidoost and Arefi 
2017; Remondino et al. 2014; Ressl et al. 2016). The investigat-
ed study areas comprise a coastal scene at the German Baltic 
Sea near Poel, Germany (Song et al. 2015) and a pre-Alpine 
lake located in the floodplain of the Lech River near Augsburg, 
Germany (Mandlburger et al. 2018). Being aware of the ac-
curacy restrictions reported in literature (Maas 2015), the pre-
sented case study aims to answer the question under which 
conditions reliable results can be expected from through-water 
DIM under real-world conditions. This is addressed by com-
paring the photogrammetrically derived depth estimates with 
airborne topo-bathymetric LiDAR data as reference.

The remainder of this article is structured as follows: the 
section “Materials and Methods” introduces the study areas 
and details the general processing strategies. In the section “Re-
sults and Discussions”, the achieved results are presented for 
each test site separately and the outcomes are discussed quali-
tatively by visual inspection and quantitatively by comparing 
the through-water DIM point clouds and the derived Digital 
Elevation Models (DEM) thereof with concurrently acquired 
topo-bathymetric LiDAR data. The concluding section summa-
rizes the findings together with an outlook on future research 
on subject matters.

Materials and Methods
In this section, the study areas are introduced (section “Study 
Area and Datasets”) and the applied data processing strategies and 
evaluation methods are presented (section “Data Processing”).

Study Area and Datasets
For the study at hand, data from a coastal scene and an inland 
lake were evaluated in detail. Table 1 summarizes the sensor 
characteristics of the respective airborne data acquisition. The 
locations of the study areas are marked in the overview map of 
Figure 1. Area I is located near Poel (Baltic Sea, Germany) and 
features bright sandy soil to both sides of a small peninsula 
with embedded patches of dark sea grass (cf. Figure 3). Data 
acquisition took place in 2014 in the course of a perennial 
project evaluating the feasibility of using airborne LiDAR ba-
thymetry to map the near shore areas of the German Baltic Sea 
(Song et al. 2015). Leica’s HawkEye III sensor was employed in 
the 2014 campaign for concurrently capturing LiDAR and mul-
tispectral image data. The system comprises two green laser 
channels for mapping deep and shallow bathymetry, respec-
tively, as well as a near infrared (NIR) channel for capturing to-
pography and water level heights. In addition to the laser, the 
RCD30 multispectral camera is an integral part of this hybrid 

Table 1. Study areas and sensor characteristics.

Area Site Year

Location

LiDAR Camera
Sensor 

dimension [pixel]
GSD 
[cm]North East

I Poel, Germany 2014 55° 03' 11° 31' HawkEye III RCD30 9000 × 6732 6

II Autobahnsee, Germany 2018 46° 59' 11° 11' VQ-880-G DigiCAM 100 11 608 × 8708 5

Figure 1. Study area I (Poel, German Baltic Sea. a) and 
II (Autobahnsee, Augsburg, b). Topo-bathymetric LiDAR 
Digital Terrain Model (DTM): superimposition of color-
coded elevation map and hill shading. The locations within 
Germany are marked in the respective overview images.
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sensor system and provides 60 MPix Red, Green, Blue, NIR im-
ages. Whereas the NIR channel was mainly used for delineating 
water and land (Frazier and Page 2000), the RCD30 bands in the 
visible spectrum served as basis for through-water DIM.

Area II (Autobahnsee) is a groundwater supplied lake in 
the floodplain of the Lech River near Augsburg, Germany 
(Mandlburger et al. 2018). The general bottom substrate is 
bright coarse gravel (grain diameter < 10 cm) with embedded 
patches of underwater vegetation of different height, density, 
and color. The bright gravel features a high reflectance in the 
green domain of the spectrum, which is beneficial for LiDAR 
bathymetry allowing full coverage of this shallow lake (max. 
depth: 4.6 m). Occasional patches of algae, in turn, increase 
the bottom texture, which results in favorable conditions for 
the application of through-water DIM. Data acquisition took 
place in April 2018 with a RIEGL VQ-880-G topo-bathymetric 
laser scanner and two IGI DigiCAM 100 cameras mounted on the 
same sensor platform. Both cameras are adapted versions of 
PhaseOne iXU-RS 1000 (100 MPix) sensors. While one of the 
two cameras recorded Coastal Blue images (λ = 400 - 460 nm) 
for a specific experiment (Mandlburger et al. 2018), the red, 
green, blue (RGB) imagery of the second constituted the input 
for the study at hand. Flying at 500–600 m above ground level 
(a.g.l.) with a speed of 100 knots (50 m/s) yielded aerial im-
ages with a GSD of 5 cm and a forward overlap of about 90% 
(image frame rate: 1.4 Hz). Circular scanning with a constant 
off-nadir angle of 20° and a laser pulse repetition rate of 
550 kHz provided a mean last echo point density of approx. 
20 points/m2. At the chosen flying height, the diameter of the 
laser footprint on the ground is around 60 cm (laser beam di-
vergence: 1 mrad). This limits the effective spatial resolution 
of the topo-bathymetric 3D LiDAR point cloud to approx. 0.5 m.

In both cases, Global Navigation Satellite System (GNSS) 
and Inertial Measurement Unit (IMU) observations provided 
aircraft position and attitude information along the entire 
flight path. Whereas this is mandatory for laser scanning 
as each laser point has its own exterior orientation, image 
bundle block adjustment could also rely on precise trajectory 
information. The latter is of specific importance for open wa-
ter areas as image tie points are sparse. For both study areas, 
the captured high-resolution imagery constituted the basis 
for water depth estimation via multimedia photogrammetry, 
while LiDAR delivered water surface level data and provided 
ground truth of the water bottom for evaluating the perfor-
mance of through-water DIM.

Data Processing
Data processing for each test side consisted of the following 
processing steps:
• image preprocessing and conversion of the manufacturer-

specific raw image files to 16-bit TIFF using the camera 
software (CaptureOne)

• bundle block adjustment using standard software (Pix4D: 
Pix4D-mapper, Trimble: Match-AT, Leica: Oriama and IPAS 
CO+)

• rigorous laser scanning strip adjustment and coregistration 
of scans and images (Glira et al. 2015; Mandlburger et al. 
2017) using the scientific laser scanning software OPALS 
(Pfeifer et al. 2014)

• dense image matching using SURE (Rothermel et al. 2012; 
Wenzel et al. 2013) based on stereo image pairs and multi-
image configurations (blocks of up to five consecutive 
images)

• extraction of water surface laser echoes and modelling of a 
continuous water surface model

• refraction correction of the raw submerged DIM points 
(Kotowski 1988; Maas 2015; Wimmer 2016) also consider-
ing multi-view stereo configurations

• filtering and smoothing of the refraction corrected through-
water DIM points based on standard statistics (i.e., local 
median, further filtering with Gaussian convolution) and 
derivation of a topo-bathymetric DEM

• refraction correction of the raw submerged LiDAR points, 
filtering of ground points (Pfeifer and Mandlburger 2018), 
and DTM generation from the classified dry ground and 
submerged water bottom laser points

• qualitative and quantitative through-water DIM accuracy 
assessment based on a comparison of the submerged part 
of the LiDAR DTM and the DIM DEM via visual inspection and 
statistical analysis (histograms, standard deviation, root 
mean square error (RMSE), quantiles, etc.)

In the following, some of the processing steps summarized 
above are commented in more detail. First, proper image 
orientation via bundle block adjustment (including estima-
tion of the interior orientation, image distortion, and exterior 
orientation) is a precondition for high quality surface recon-
struction via DIM. The inland water dataset (Autobahnsee, 
Area II) is small enough (600 × 400 m2) so that enough image 
tie points could be identified in the dry area around the lake 
(not affected by refraction effects) to properly connect the 
image block. Multiple overpasses in different flying altitudes 
(500/600 m a.g.l.) did not only increase the redundancy, but 
especially the flight lines in higher altitudes helped to stabi-
lize the entire image block. The respective reprojection error 
of the automatic image tie points for Area II was 0.1 pixel and 
the RMSE at 10 checkerboard control points, measured in the 
field with real-time kinematic GNSS, was < 2.5 cm (0.5 pixel) 
in all three coordinate directions.

For the coastal dataset (Area I), a different strategy was 
necessary as the predominant part of the aerial images contain 
water areas only (cf. Figure 1a). In this case, the data provid-
er’s bundle block adjustment software (Oriama, IPAS CO+) was 
employed to estimate the inner and outer orientation of the 
cameras as well as the mounting calibration parameters (cam-
era lever arms and boresight alignment) based on the dry land 
parts of the flight block. The final image orientations were sub-
sequently computed by combining the calibrated lever arms 
and boresight angles with the flight trajectory data calculated 
from GNSS and IMU observations. The quality of the orientation 
data was checked by analyzing the DIM results obtained from 
stereo models on dry ground. As no layering effects could be 
observed, the image orientations were considered adequate for 
the purpose of through-water dense matching.

For Area I, the overall registration precision of the LiDAR 
and DIM point clouds was assessed by deriving DEM rasters 
with a grid spacing of 25 cm for both data sources indepen-
dently and by evaluating the height discrepancies. The vertical 
deviations calculated for smooth dry land areas were below 
3 cm confirming a good relative orientation of the image and 
LiDAR derived point clouds. For Area II, mutual information 
from concurrently acquired image and scan data constituted 
the basis for a hybrid scan strip and image bundle block ad-
justment (Mandlburger et al. 2017). It is noted here that good 
relative image orientation is as important as overall absolute 
orientation because most dense image matching techniques 
operate on epipolar images to reduce the matching complex-
ity (i.e., matching is only carried out within the epipolar line). 
Thus, precise relative orientation is a precondition.

Dense matching was basically conducted for stereo im-
age pairs (i.e., no multi-view stereo triangulation) in order 
to guarantee proper refraction correction of the resulting 3D 
points according to Snells’ law (Kotowski 1988; Maas 2015; 
Wimmer 2016). As the forward image overlap was more than 
60% for all datasets, stereo models were built based on pairs 
of consecutive images and pairs with one but the next image. 
The Area II dataset even featured a much higher along track 
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overlap of approx. 90%. As SURE implements multi-view ste-
reo matching, i.e., the image ray from a certain master image 
is matched with the homologous points of multiple neighbor-
ing images, the resulting overdetermined forward intersection 
provides additional information for increasing both robust-
ness (outlier detection) and precision (redundancy). This 
might be especially useful in the bathymetric case as indi-
vidual ray refraction at the dynamic water surface case causes 
a violation of the underlying collinearity equation in general 
and the epipolar geometry in particular. Therefore, the high 
forward overlap of the Area II dataset was utilized to test 
multi-view stereo through-water DIM. Figure 2 schematically 
illustrates ray refraction for the multi-view stereo case.

The correction procedure starts with intersecting the con-
nection line between camera projection center and apparent 
intersection point P’ with the LiDAR derived water surface 
model. For each image ray, this results in the intersection 
point at the water surface. Subsequently, the underwater 
parts of the image rays are refracted at the air-water-interface 
according to Snell’s law (Kotowski 1988). The bent rays 
intersect at point P. It is noted here that the refracted image 
rays are skewed and P is therefore calculated within a least 
squares adjustment as the point minimizing the perpendicu-
lar distances to the respective rays.

As can be seen from the principle sketch, proper refraction 
modelling corrects the inherent water depth underestimation 
of the apparent ray intersections. Figure 2, however, shows 
the simplified scenario in a vertical section. In general, the 
image ray exhibits an arbitrary orientation in space depending 
on the attitude of the sensor plane and the image coordinates 
of the respective point on the water bottom. Snell’s law of 
refraction is applicable in the plane containing the image ray 
and the water surface normal direction. For the laser scanning 
point cloud, an analogue procedure applies, which, in addi-
tion, needs to consider the different propagations velocities 
in air and water (i.e., run time correction). The scientific laser 
scanning and point cloud software OPALS (Pfeifer et al. 2014) 
provides an implementation for both scenarios and was used 
for the study at hand.

The remaining postprocessing steps comprised the calcu-
lation of precision measures for the DIM point clouds (local 
roughness) at land and within water, and DEM interpolation 
including smoothing and filtering of measurement errors. 
Whereas robust interpolation was used for the LiDAR DTM gen-
eration including potential detection of water bottom points 
underneath submerged vegetation (Pfefer and Mandlburger 
2018), median based filtering was applied for the DIM point 
clouds. Depending on the dense matching point density, in 
a first step a 25 cm raster was calculated using the median 
elevation of all cell points as representative cell value. In most 
cases further smoothing (Gaussian convolution with a 1 × 1 m2 
kernel area) was necessary to obtain acceptable results, thus, 
reducing the effective resolution of the DIM DEM. Finally, DEM of 
Differences (DoD) between image- and laser-derived DEMs were 
calculated to assess the accuracy of dense through-water image 
matching. The LiDAR dataset acted as reference. Using LiDAR as 
the comparison basis is justified, as the technique is well estab-
lished for mapping shallow water areas (Guenther et al. 2000; 
Mandlburger et al. 2015). Furthermore, all used sensors (Area 
I: HawkEye III, Area II: VQ-880-G) satisfy the most rigorous 
hydrographic survey standards published by the International 
Hydrographic Organization (IHO) requesting a Total Vertical 
Uncertainty of less than 25 cm (IHO 2008). The latter specifical-
ly applies to those areas providing enough water transparency 
to allow depth estimation via multimedia photogrammetry.

Results and Discussions
In this section, the through-water DIM results are presented and 
discussed. The overall quality of the achieved DIM DEMs is evalu-
ated by visual inspection and the accuracy is assessed quantita-
tively based on the topo-bathymetric LiDAR data as reference.

Area I
The composite Figure 3 depicts selected data processing results 
for a section located in the central part of the Poel dataset 
(extent: 1 km E-W, 100 m N-S). Figure 3a shows the colored 
DIM point cloud in ground plan view, highlighting the evident 
advantage of image-based shallow water mapping, namely the 
availability of spectral information for each matched point. Fig-
ures 3b and 3c depict the DEMs derived from LiDAR and through-
water DIM, respectively. Both color-coded elevation maps use 
blue color tones for the submerged and green-to-brown tones for 
the dry part of the scene. The LiDAR derived DEM raster appears 
smooth and reliable to both sides of the water table, proving 
the high measurement quality of topo-bathymetric LiDAR data 
(Niemeyer and Soergel 2013; Song et al. 2015). The DIM DEM, in 
turn, is much rougher in the submerged area. A good height cor-
respondence is achieved at the small peninsula in the eastern 
part of the plotted area and in the near-shore shallow water 
areas. Especially the beach area at the western side of the penin-
sula shows a good DEM height agreement.

This can clearly be seen in the color-coded DoD map plot-
ted in Figure 3d, from which the large systematically positive 
height differences (> 2 m) in the middle of the investigated 
area are standing out. Through-water DIM fails entirely at this 
sandy under water ridge with implausible heights above the 
water surface due to a lack of texture (smooth sand), further 
aggravated by a rough water surface. The shoal hereby acts as 
a natural wave-breaker and causes small overtopping riffles. 
Bathymetric LiDAR is much less affected in this case, as the 
laser footprint is typically larger than the small water waves 
present in this section of the scene and the LiDAR measure-
ment does not depend on the availability of texture (i.e., 
radiometric differences).

However, the DoD map also reveals that through-water 
dense matching works quite well in the adjacent deep part 
of the section with water depths > 4 m. The sea floor is here 
covered with varying patches of underwater vegetation, which 
generate texture in the aerial images. In case of low vegeta-
tion not affected by movements due to shear stress, this can 
be beneficial for image matching, whereas high underwater 
vegetation (eelgrass, etc.) can also hamper DIM, as photogram-
metric 3D reconstruction requires multiple views on the ob-
jects. A part of the height deviations in this area, visible in the 
color-coded DoD map (Figure 3d) as small blue or red patches, 
can therefore be explained by fluctuation of the DIM surface 
between vegetation canopy and bottom surface, whereas only 
the bottom is mapped in the LiDAR DTM. However, independent 

Figure 2. Principle sketch: Ray refraction at the air-water-
interface for the multi-view stereo case.
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and concurrently acquired reference data of underwater veg-
etation would be necessary to answer this question reliably. 
While the DIM-derived heights show a good agreement with 
the LiDAR data towards the western boundary of the study area 
by tendency, local differences in the 1 m-range can still be ob-
served. These differences might again be attributed to the ex-
istence of underwater vegetation, but DIM measurement errors 
due to the wavy water surface are a more likely explanation.

Figure 3e shows the color-coded RMSE roughness map of 
the DIM dataset. This map allows a quantitative assessment of 
the dense matching precision as, except at surface disconti-
nuities, the influence of terrain surface roughness is negligible 
compared to the spread of the measured heights. The region 
of the peninsula and the adjacent shallow beach area show 
RMSE values well below 50 cm corresponding to the blue color 
tones in Figure 3e. The red color, in contrast, indicates a local 
height spread of more than 2 m, and therefore reveals areas 
where through-water dense matching is unfeasible for high-
resolution description of submerged surfaces.

Even if the local precision measures are unfavorable for 
DIM-based underwater surface mapping in many places, the 
section view in Figure 3f shows a good general trend between 
DIM- and LiDAR- derived depths. This even applies to the deep-
er areas where one might expect inaccurate matching results 
due to the progressive blurring of submerged terrain features 
with increasing water depth. However, the general benefit of 
the higher spatial resolution of pixel-wise dense matching, 
depending mainly on the GSD of the imagery, compared to 

the relatively large laser footprint used in laser bathymetry 
is lost as large-scale smoothing of the underwater DIM point 
clouds is inevitable for obtaining acceptable results.

The quantitative comparison for Area I yields a precision 
(mean local RMSE) of 0.51 m for the through-water dense 
matching point cloud, and 0.05 m for the LiDAR dataset. Thus, 
for the entire Area I, the local spread of the height values is 
10-times larger for DIM compared to bathymetric LiDAR. The 
same calculation carried out for dry land (i.e., peninsula) 
only results in a RMSE of 0.15 m for DIM and 0.07 m for LiDAR, 
respectively, thus only a factor of two. The decline of preci-
sion in this open water scenario amounts to a factor of five. 
Maas (2015) reports an accuracy decrease of a factor of two 
under laboratory conditions (planar water surface due to glass 
interface, clear water, etc.). The additional accuracy drop fac-
tor of 2.5 for Area I seems plausible as the open water case at 
hand exhibits more incalculable factors, from which the cur-
rently limited possibilities for capturing the spatio-temporally 
transient water surface is considered the most prominent one.

Area II
The through-water DIM DEM for Area I resulted from pairwise 
matching. In addition, multi-view stereo (i.e., multi-stereo 
forward intersection) was tested for the inland lake dataset of 
Area II using blocks of five consecutive images while iterating 
through the entire image strip (i.e.,, first run: images 1–5, sec-
ond run: images 2–6, etc.). This enables both outlier detection 
and noise reduction within the DIM procedure and potentially 

Figure 3. Results of Area I (Poel/German Baltic Sea); (a) plan view of colorized DIM point cloud; (b) LiDAR DTM, color-coded 
elevation and depth map; (c) DIM DEM, color-coded elevation/depth map; (d) color-coded DoD map (DIM minus LiDAR); (e) RMSE 
of DIM point cloud (analysis unit: 25 × 25 cm2); (f) DIM-LiDAR DEM profile comparison, location of section in the center of the 
Figures 3a–3e, complete East-West-transect, heights exaggerated (max. depth: approx. 4 m).
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results in data voids, in case the matching results are found to 
be incoherent at a specific location (Mandlburger et al. 2017).

Figure 4 shows on the left side a perspective view of the 3D 
LiDAR points of a single flight line classified into bare ground 
(brown), water bottom (blue), vegetation (green), and water 
column (cyan). The right side of Figure 4 depicts the DIM 
points colored by RGB in the same viewing geometry. The DIM 
points were derived with multi-stereo forward intersection 
from a single block of five consecutive images. The location of 
the scene is marked in the orthophoto of Figure 5b.

The two plots allow a first qualitative assessment: LiDAR 
is able to penetrate both vegetation and water, and provides 
continuous coverage of bare earth and submerged water bot-
tom points. Additional laser echoes within the water column 
stem from volume backscattering. The DIM dataset, in contrast, 
exhibits data voids beneath trees as well as within the sub-
merged part of the scene. The poor vegetation penetration is 
a well-known property of 3D point clouds derived from stereo 
photogrammetry and therefore does not require further discus-
sion. The data voids in the water, in turn, stem from outlier 
rejection in the multi-view stereo data processing pipeline in-
dicating insufficiently coherent matching results. Whereas the 
lack of full spatial coverage is a drawback, it also highlights 
the outlier detection capability of multi-view stereo in general 
and of the SURE software in particular. However, Figure 4 also 
exhibits a smooth run of the submerged bottom points for both 
LiDAR and DIM in open water areas with good bottom texture.

Figure 5 depicts the depth maps derived from through-wa-
ter DIM and LiDAR, respectively. Again, the LiDAR derived water 
depth model (Figure 5d) outperforms the DIM results (Figures 
5a and 5c) with regard to coverage and consistency. In fact, the 
LiDAR sensor provided water bottom points down to the maxi-
mum depth of the lake (4.6 m) and the run of the submerged 
surface is smooth. This especially applies to the bare gravel 
parts of the lake not covered by underwater vegetation. The 
respective areas are marked with blue polygons in the ortho-
photo map of Figure 5b, which also emphasizes areas 
with bright and dark (green) vegetation as well as sun 
glint areas (orange). Depending on the density and 
height of the underwater vegetation, the laser echoes 
partially succeeded in penetrating the vegetation lay-
er. However, especially in the large densely vegetated 
patch in the western part of the lake, no ground points 
but rather the canopy was measured.

Figures 5a and 5c show the depth maps derived 
from pairwise matching and multi-view stereo, 

respectively. It is apparent, that pairwise matching delivers a 
much higher coverage at the prize of a higher volatility of the 
surface. Multi-view stereo, in turn, only succeeds in the areas 
without or with only sparse vegetation, but the depth map is 
much smoother and more reliable compared to the pairwise 
matching results, which exhibit a chaotic run of the depth 
contour lines in some vegetated parts of the lake. Figure 5e 
depicts the precision (i.e., standard deviation of DIM eleva-
tions calculated for 25 × 25 cm2 cells) of the multi-view stereo 
DIM point cloud. As can be seen, the height spread within the 
cells is moderate with dominating green tones in the color-
coded roughness map corresponding to a precision of 10 cm 
with only occasional yellow tones (around 30 cm). Again, this 
highlights the outlier rejection and smoothing capabilities 
of multi-view stereo. The color-coded DoD map of Figure 5f, 
finally, underlines the good overall agreement between LiDAR 
and DIM derived water depths. Especially the bare soil areas 
generally show white color tones corresponding to a depth de-
viation of less than 10 cm. Larger deviations with mostly blue 
color tones occur in the vegetated part and can be attributed 
to the limited penetration capability of the photogrammetric 
approach. Sun glint, in turn, is the most likely reason for the 
prominent red patch (i.e., DIM depth > LiDAR depth) in the 
southwestern part of the lake. This underlines the general ne-
cessity of sun glint removal as an essential image data prepro-
cessing step (Lyzenga et al. 2006).

Based on the qualitative evaluation described above, a 
detailed quantitative accuracy assessment of the water depths 
derived from (multi-view stereo) through-water DIM with re-
gard to LiDAR as reference was carried out for different catego-
ries (bare gravel soil, bright and dark vegetation, sun glint). 
The respective areas of interest polygons are plotted in Figure 
5b. Figure 6 shows histograms of the depth deviations for the 
entire water area (a), the areas with bright vegetation (b), and 
the bare soil results (c), respectively. Table 2 summarizes the 
statistics for all categories.

Figure 4. Perspective view of 3D-LiDAR (left) and DIM point cloud (right) of Area II (Autobahnsee) super-elevated by a factor 
of 2; LiDAR points colored by classification (brown: dry ground, blue: water bottom, cyan: water column and surface, green: 
vegetation), DIM points: RGB colors from aerial images.

Table 2. Detailed statistics of LiDAR vs. multi-view stereo through-water 
DIM depth deviations; units: [m].

# Samples Mean Median σ σMAD q25 q75

total area 339 575 0.086 0.021 0.389 0.118 −0.038 0.162
bare soil 123 772 0.000 −0.005 0.109 0.050 −0.036 0.032
bright vegetation 42 842 0.178 0.146 0.501 0.299 −0.043 0.365
dark vegetation 68 198 0.216 0.190 0.594 0.315 0.001 0.431
sun glint 5378 0.253 0.221 0.460 0.289 0.047 0.440
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Figure 5. Results of Area II (Autobahnsee, Germany); (a) DIM DEM (pairwise matching, shaded relief map superimposed with 
color-coded terrain elevations and water depths), (b) RGB Orthophoto, (c) DIM DEM (multi-view stereo matching), (d) LiDAR 
DTM, (e) multi-view stereo DIM DEM roughness map (local std. dev), (f) DoD LiDAR-DIM (color-coded depth differences).

Figure 6. Histograms of LiDAR vs. multi-view stereo through-water DIM depth deviations, (a) total lake area, (b) bright 
vegetation subarea (bright green polygons in Figure 5b), (c) submerged bare soil subarea (blue polygons in Figure 5b).
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Comparing the water depths of DIM and LiDAR for the entire 
lake area results in an error distribution slightly biased in 
positive direction (i.e., DIM derived bottom surface too high; 
mean: 9 cm; median: 2 cm) with a standard deviation (σ) of 
39 cm. The bias is mainly a result of the prominent group 
of large positive deviations > 30 cm caused by the limited 
penetration capability of photogrammetric surface reconstruc-
tion. In the following, robust statistics (median, σMAD) are used 
for the further discussion as they are less sensitive to outliers. 
σMAD is the Median of Absolute Differences with regard to the 
median (referred to as stdDevMAD in Figure 6) and consti-
tutes a robust estimator of the standard deviation (σ).

Concentrating on the lake part with bright and dark vegeta-
tion, the distribution of the depth deviations show a more 
pronounced bias in the positive direction (median: 15/19 cm) 
as well as a higher roughness (σMAD: 30/32 cm) compared to 
the overall results (σMAD: 12 cm). The higher values occur in 
the area with dark vegetation. As expected, low radiometric 
signal strength has a negative influence on the achievable 
accuracy. The bright vegetation DoD histogram of Figure 6b 
further reveals two striking peaks with large positive and 
negative deviations and an otherwise very flat distribution for 
deviations in the acceptable range (< 30 cm).

The bare soil area, in turn, shows a very good agreement 
between LiDAR and DIM derived depths. The error distribu-
tion is unbiased (mean: 0.0 cm, median: -0.5 cm) with a low 
standard deviation (σ: 11 cm, σMAD: 5 cm) corresponding to 
1–2 pixels in the image. As the general height accuracy expec-
tation of DIM in the topographic case is in the range of 0.5–1 
pixel depending on the radiometric quality and the accuracy 
of the image orientations (Ressl et al. 2016), the above results 
clearly demonstrate the potential of through-water DIM under 
favorable conditions. The values are also well in line with 
comparable investigations reported in literature (Maas 2015). 
The interquartile range further underlines the good symmetry 
of the deviations in the bare soil class (q25/q75: -3.6/+3.2 cm), 
whereas this is not the case for the other categories (e.g. dark 
vegetation: 0.1/43.1 cm).

Conclusions and Outlook
In this contribution, the general applicability of off-the-shelf 
dense image matching software for mapping shallow water 
bathymetry was evaluated. Tests were carried out for a coastal 
dataset (Area I: Baltic Sea, Germany) and a standing inland 
water body (Area II: Autobahnsee, Augsburg, Germany) using 
the software SURE (Rothermel et al. 2012; Wenzel et al. 2013), 
which implements a variant of the Semi Global Matching 
(SGM) algorithm (Hirschmuller 2008). In general, the feasibil-
ity of using through-water DIM for deriving shallow water 
bathymetry could be verified, but the resulting point clouds 
are less reliable compared to laser bathymetry, which is still 
the state-of-the-art for shallow water mapping.

Although further investigations including independent 
ground truth measurements are necessary to verify the findings 
of this case study, the following main conclusions can be drawn:
• Through-water dense matching worked well given (i) clear 

water conditions, (ii) calm water surface, and (iii) availability 
of sufficient bottom texture. Whereas especially the latter is a 
general precondition for photogrammetry, the advent of DIM 
(Hirschmuller 2008) has shown that pixel-wise height esti-
mation is possible even in poorly textured areas due to the 
additional smoothness constraint within the SGM algorithm.

• While the water bottom surface is usually smooth because 
of the water’s shear stress, neighboring image pixels often 
show a substantial radiometric variation due the spatio-
temporally transient (i.e., wavy) structure of the water sur-
face causing refraction of the submerged part of the image 
ray in all possible directions. Thus, apparent parallaxes do 

not only occur in image base direction but also perpendicu-
lar to the flight trajectory. For speeding up processing, the 
SURE software first performs epipolar image rectification 
and subsequently implements dense matching only within 
the epipolar line. While this performance improvement is 
not part of the original SGM-approach (Hirschmuller 2008), 
it is a commonly used DIM software technique (e.g. Trimble/
Match-T). This, however, hampers feature matching if the 
image rays are refracted away from the epipolar line. Future 
investigations will therefore concentrate on quantifying and 
compensating the effect of arbitrarily tilted water surfaces.

• While aerial images with a GSD of 5–6 cm captured from 
manned aerial platforms were investigated in the study 
at hand, multimedia photogrammetry is nowadays also 
employed from remotely piloted, unmanned platforms 
(Alidoost and Arefi 2017; Butler et al. 2002) potentially pro-
viding GSDs in the cm-range. Smaller pixel sizes, however, 
will only then lead to an increased spatial resolution of the 
submerged topography, if capturing and modeling the dy-
namic water surface is feasible at cm-resolution as well. As 
stated above, this will be a major topic for future research.

• In clear water areas with sufficient bottom texture, a good 
correspondence with the bathymetric LiDAR data was 
observed. An acceptable run of the DIM-based under-water 
surface, however, could only be achieved by extensive 
low-pass filtering of the original point cloud. This, in turn, 
decreases the effective spatial resolution considerably. 
With an applied convolution kernel size of 1–2 m, the 
spatial resolution of the DIM DEM effectively drops below the 
achievable resolution of topo-bathymetric LiDAR. The latter 
is rather restricted by the diameter of the laser footprint on 
the ground of typically 50–60 cm than by the point density, 
which is often in the range of 10–20 points/m2.

• An accuracy gain could be observed by using multi-
view stereo instead of pairwise matching. The additional 
complexity of the multi-ray refraction problem was by far 
compensated by a smoother run of the surface. Using multi-
view stereo reduced the necessary additional averaging in 
post-processing as the over-determined forward intersection 
also provides smoothing.

• A further advantage of using multi-view stereo is the inher-
ent outlier detection capability, as points are only accepted 
if the matching results are sufficiently coherent. Using pair-
wise matching, elimination of unreliable points has to rely 
on statistical analysis of the point cloud roughness (local 
standard deviation) in post-processing.

• In further tests, not detailed in this paper, a quality decrease 
of the submerged DIM point could be observed in case of 
turbid water conditions (Mandlburger 2018a). Turbidity 
evidently reduces the contrast and poor texture directly 
influences the achievable accuracy.

• The conducted real-world experiments clearly showed that 
the submerged DIM point clouds and DEMs derived thereof 
are acceptable in some areas but quickly become unreliable 
in case that at least one of the preconditions formulated 
above is not met. The study therefore also investigated meth-
ods to identify usable and unreliable areas, respectively. The 
local height spread (RMSE) has proven to be a good indicator.

To sum it up, the case study confirmed that through-water 
dense image matching is feasibly for mapping shallow water 
bathymetry under favorable conditions (clear water, calm wa-
ter surface, bottom texture), but DIM suffers more from adverse 
environmental conditions (turbidity, wavy water surface, poor 
bottom texture, dark image areas) compared to bathymetric 
LiDAR. The latter profits from the fact of being an active, polar 
data acquisition technique. A single measurement is, thus, 
sufficient to record a 3D point if the signal strength of the 
laser echo reflected from the water bottom is strong enough. 
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Through-water dense image matching, in turn, might further 
benefit from simultaneous capture of LiDAR and nadir/oblique 
images. While this has already been investigated for urban 
environments (Toschi et al. 2018), comparable studies for 
mapping bathymetry are still outstanding and respective sen-
sor configurations (i.e., multi-head cameras and green LiDAR) 
are not available to date.

Apart from this, off-the-shelf DIM software relies on the 
collinearity equation in general and uses epipolar geometry 
in particular, but does not consider bending of the image rays 
due to refraction at the air-water interface. Whereas a gen-
eral compensation of the apparent light rays was carried out 
in post-processing after image matching (Pfeifer et al. 2014; 
Wimmer 2016), light refraction also deteriorates the matching 
results in the first place. Future work on subject matters will 
therefore focus on potential corrections in the image space 
before stereo matching rather than correcting the raw DIM 
point clouds in post-processing in object space. Whereas this 
is a promising approach from a theoretical point of view, it 
still requires precise mapping of the dynamic water surface, 
which is a further research area. Good prospects of suc-
cess for a coupled data processing strategy are expected for 
concurrently acquired bathymetric LiDAR and multispectral 
image data. A trend towards a widespread availability of such 
hybrid systems is clearly discernible.
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Object-Based Point Cloud Analysis for Landslide 
and Erosion Monitoring

Andreas Mayr, Martin Rutzinger, and Clemens Geitner

Abstract
Today point clouds from close-range sensing are used for 
operational erosion and landslide monitoring. Distances 
between points from multi-temporal acquisitions can indicate 
surface deformation, while a designation of the underlying 
geomorphological processes is often handicapped by complex 
terrain structures and vegetation. We present an approach 
to landslide monitoring that integrates semantic information 
and three-dimensional deformation detection automatically. 
Surface changes are assigned to (i) semantic object classes 
(landslide scarp, eroded area, deposit) and (ii) to spatially 
contiguous, individual objects (like parts of the landslide 
scarp and moving clods of turf and soil). We demonstrate this 
object-based approach with a time series of 13 topographic 
Light Detection and Ranging point clouds, covering a site 
affected by shallow landsliding. The results of this case study 
illustrate how the presented methods translate the unstruc-
tured point clouds into information on geomorphological pro-
cess dynamics to support erosion and landslide assessment.

Introduction
The observation and investigation of mass movements and 
erosion processes provides important information for natural 
hazard management and, more specifically, for the protec-
tion and management of steep agricultural land in mountain 
areas (Turner and Schuster 1996; Alewell et al. 2015). These 
processes may endanger infrastructure or cultivated land, thus 
compromising human economic activities, and even human 
lives in mountain areas (Kjekstad and Highland 2009; Petley 
2012). A major challenge for sustainable agriculture in land-
slide-prone areas is soil degradation and erosion (Wiegand and 
Geitner 2010; Alewell et al. 2015), which can be caused either 
directly by landsliding or by secondary erosion processes.

The monitoring of landslides and soil degradation pro-
cesses delivers important information for decision makers 
in order to minimize risk and ensure adequate planning of 
mitigation measures. For this purpose, close-range photogram-
metry (Lucieer et al. 2014; Stumpf et al. 2015; Scaioni et al. 
2015) and topographic Light Detection and Ranging (LiDAR) 
(Jaboyedoff et al. 2012; Vericat et al. 2014; Scaioni et al. 2014; 
Kromer et al. 2017) are well established surveying techniques 
that provide three-dimensional (3D) point clouds in very high 
resolution. The systematic and automated change analysis in 
the original 3D point clouds, which represent natural objects 
as unstructured surfaces, is still a matter of research. Current 
studies analyze point cloud distances between multi-temporal 
data sets, which can then be interpreted by geomorphological 
experts (Lague et al. 2013; Stumpf et al. 2015; Fey and Wich-
mann 2017). However, the interpretation of such distances 

between epochs (i.e., data from different, sequential acquisi-
tions) is not straightforward, especially if vegetation cover is 
present, since changes may originate not only from geomor-
phological activity but also from seasonal and longer-term 
vegetation development. With growing time series and the 
emergence of very dense point clouds at increasing spatial ex-
tents, for instance from unmanned aerial vehicle (UAV)-based 
LiDAR or dense image matching (e.g. Glira et al. 2016; Cramer 
et al. 2018), automated processing pipelines for environmental 
and infrastructure monitoring are gaining in importance.

In this article, we extend our previous work (Mayr et al. 
2017; Mayr et al. 2018) on 3D landslide monitoring with object-
based point cloud analysis to a time series of 13 terrestrial 
LiDAR epochs and assess the applicability of the approach. 
The processing pipeline removes vegetation points and relates 
surface deformations detected between multi-temporal point 
clouds directly to (i) semantic object classes (“landslide scarp”, 
“eroded area”, “deposit”) and (ii) to individual, geomorpholog-
ically meaningful objects (like sections of the landslide scarp 
and dislocated pieces of material within the landslide).

Test Site and Data
The test site (Figure 1) is located in the valley of Schmirn 
in Tyrol (Austria). It comprises two shallow landslides on a 
south-west oriented slope at about 1700 m above sea level. 
The average gradient of the site is 35°. The size of the eroded 
area of the larger landslide is 20 × 30 m. Reaching a depth 
of approximately two meters, the landslides and erosive 
processes affect the soil and Quaternary deposits on top of 
Bündner schist bedrock. The two landslides are surrounded 
by pasture land and meadows. Especially the upper part 
is sparsely covered with larch (Larix decidua) and shrubs, 
mainly green alders (Alnus alnobetula). In some places the 
bedrock is exposed, which has to be considered as a further 
class in the classification step.

Available orthophoto time series from public surveys help 
to reconstruct the development of the landslides. The initial 
trigger can be dated to the year 1965, when heavy rainfalls 
caused the landslides to move for the first time. Today the 
areas are prone to ongoing erosion processes and reactivation 
of landsliding, which precludes a reestablishment of closed 
vegetation by natural succession. In order to better understand 
these bio-geomorphological dynamics, terrestrial laser scans 
(TLS) were conducted between 2011 and 2018 on a biannual 
basis (Spring and Autumn). During this period the first five 
measurements were conducted with an OPTECH Inc. Ilris 3D 
instrument and the other measurements with a RIEGL VZ6000 
instrument. Both scanners have different characteristics in 
terms of wavelength, recorded intensity, and scanning geome-
try. Thus, even after radiometric correction, the LiDAR intensity 
data cannot be compared straightforwardly between all epochs.
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Georeferencing of the TLS point clouds is performed by 
Differential Global Navigation Satellite System (DGNSS) 
measured targets, but, depending on the agricultural manage-
ment cycle (and thus the height of the grass), access to the 
site was at times restricted. This precluded the use of GNSS 
surveyed temporary targets for some epochs. In addition, the 
site offers only limited possibilities to install targets perma-
nently as bedrock outcrops exist only in the lower part of 
the site. Therefore, the coregistration of the point cloud time 
series relies largely on matching with iterative closest point 
adjustment (Besl and McKay 1992). For each epoch, point 
clouds were acquired from two predefined scan positions. 

These point cloud pairs are coregistered by matching specific 
patches of the point clouds, which have been defined to cover 
variable surface orientations and spread across the scene. 
Then, point clouds from different epochs are coregistered 
by matching surface patches outside the landslide areas. All 
point clouds are thinned out, and thus homogenized in terms 
of point spacing, by 3D block filtering.

Workflow and Methods
This work is based on two main modules (Figure 2), (i) an 
automated workflow for landslide-related object classification 

Figure 1. Landslides at the test site (left) and classified point cloud showing landslide 1 (L1) and landslide 2 (L2) (right).

Figure 2. Schematic overview of the object-based landslide monitoring approach.
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in 3D point clouds (Mayr et al. 2017), and (ii) 3D deformation 
calculations (Lague et al. 2013; Fey and Wichmann 2017). 
These two modules are now combined in a four-dimensional 
object-based approach for multi-temporal identification and 
analysis of landslide changes, using the complete series of TLS 
epochs that have been acquired at the test site so far. Python 
scripts, together with the free open-source software System for 
Automated Geoscientific Analysis (SAGA) (Conrad et al. 2015) 
and the Laserdata Information System (LIS) tools extension for 
SAGA (Rieg et al. 2014), are used to implement the methods 
for classification and change analysis of point cloud objects. 
These methods are described in the following sections.

Point Cloud Classification
The applied classification approach, developed by Mayr et 
al. (2017), works directly with the 3D point cloud and the fea-
tures derived from it. Intensity data has not been considered 
because of the different characteristics of the two scanning 
systems used. In a first step, geometric point cloud features 
are derived. These are two-dimensional (2D) z-range, 3D/2D 
point density ratio, slope, slope distance (SD) from plane, 
omnivariance, and curvature. These features are computed 
for three neighborhood radii, 0.2, 0.4, and 1.0 m. Based on the 
geometric features, the points are grouped into homogeneous 
segments by seeded region growing. The result is an overseg-
mented point cloud (partitioned into subobjects), which is 
the input for the subsequent classification step, when these 
subobject segments are assigned to a target classification 
scheme. This scheme has seven classes: “scarp”, “eroded 
area”, “deposit”, “rock outcrop”, “low grass”, “high grass”, 
“medium and high vegetation”.

The classification itself is a two-step process. First, a super-
vised classification is performed by building a random forest 
classifier (Breiman 2001) from the geometric features de-
scribed above. For this purpose, the target classes are manu-
ally labelled in one reference point cloud, where a subset 
with L2 and its surroundings serves as training and a subset 
containing L1 as validation point cloud. The trained classi-
fier then labels all other 12 epochs based on the geometric 
features of their segments. In a second step, the classification 
result is enhanced by deriving landslide outlines. Classified 
scarp segments are filtered by size and connectivity to remove 
outliers and define the top of the landslides. Assuming that 
gravity forced the mass movement downslope, the process 
area is laterally limited by flow routing on the gridded TLS 
terrain model. These upper and lateral landslide outlines are 
used for applying topological rules to correct for classes that, 
per definition, cannot exist inside or outside the landslide. 
The entire classification workflow, including the machine-
learning part and the topological rules, is described fully in 
Mayr et al. (2017).

Point Cloud Deformation Calculation
Prior to the deformation calculation, medium and high vegeta-
tion is deleted from the classified point clouds to keep only 
points which are relevant for geomorphological change analy-
sis. In the next step, a random sample consensus-approach 
(Fischler and Bolles 1981) fits planes robustly to points of a 
spherical neighborhood around each point and derives this 
point’s normal vector. Then, deformations of a point cloud 
epoch, compared to the previous epoch, are estimated by 
calculating the distance between these two point clouds. This 
is done with the Fey and Wichmann (2017) implementation of 
the Multiscale Model to Model Cloud Comparison (Lague et 
al. 2013). The required parameters for the test site are deter-
mined by empirical testing. For every interest point in point 
cloud A, the corresponding closest point along the normal 
is searched in point cloud B. The search is restricted by a 
cylindrical neighborhood definition around the normal vector 

(radius = 0.2 m and length = 2.0 m). For the matched point 
pairs from the two epochs, point sets are selected in a neigh-
borhood of 0.5 m radius. Planes are fitted to these point sets by 
minimizing the squares of the residuals for all points that de-
viate by less than 45° from the interest point’s normal vector.

To measure the 3D distance, the two interest points are 
projected on their corresponding planes and, starting from 
the projected point from epoch A, the distance is measured, 
either along this point’s normal vector or in the opposite 
direction, up to the intersection with the local plane in epoch 
B. Depending on the required direction for a valid measure-
ment, the resulting distance is accompanied by a negative 
or positive sign. This indicates if the surface of epoch A is 
below, inside or behind the surface of epoch B (negative sign) 
or if the surface of epoch A is above, outside or in front of the 
surface of epoch B (positive sign).

Object Changes
In the subsequent object modelling step, adjacent segments 
are merged to one geomorphological object of interest if they 
have an identical class label. This step also considers the pre-
viously estimated distances, compared to the previous epoch 
as a criterion to separate stable from unstable (i.e., changing) 
landslide parts. For subsequent analyses, a straight (manually 
defined) 2D boundary separates landslides L1 and L2, includ-
ing their respective surroundings.

For each epoch, the average 3D deformation is aggregated 
per class and per object, using the attributes linked to the 
single laser points (i.e., the 3D distance, the class label, and 
a unique object identifier). Here, only 3D distances approved 
as “real” changes are considered, that is, with a magnitude 
exceeding the level-of-detection (in the section “Level of 
Detection and Parameter Test”). The class-based and object-
based mean deformations are stored as attributes of the point 
clouds. Finally, both the class-based and the object-based 
information from all epochs is aggregated in one data frame 
for each landslide. This is the basis for all further time series 
analysis and, together with the point clouds and their attri-
butes, for the geomorphological interpretation of changes.

Level of Detection and Parameter Test
As a spatially explicit estimate for the reliability of detected 
changes, allowing for the influence of data noise and system-
atic deviations due to registration errors, the method used for 
distance calculation (Lague et al. 2013; Fey and Wichmann 
2017) derives the level-of-detection at the 95% confidence 
interval (LOD95). Used as a threshold to consider only “real” 
changes for further analysis and interpretation (magnitude of 
3D distances > LOD95), this level-of-detection is defined as

 

σ σ
LOD

n n
regA

A

B

B
95 1 96= ±







+






+.
2 2

 
(1)

where A, B = point cloud epochs,
σ² = plane fitting variance,
n = number of points in the fitting neighborhood,
reg = registration error.

In addition to the number of points (n) in the point set and 
the variance of their distances to the fitted plane (σ²), the 
LOD95 is determined by the registration error reg. For the pre-
sented case study, we quantify the registration error between 
two subsequent epochs by calculating their distance at surface 
patches, which are distributed over the test site and assumed 
to be stable. The absolute mean distance plus standard devia-
tion of these distance measurements is used as registration 
error in the LOD95 calculation (Table 1).
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Table 1. Distance measurements for each epoch relative to the 
previous epoch, calculated at the accuracy control surface 
patches. The absolute mean distance plus standard deviation 
is used as an estimate for the registration error in the 3D 
deformation calculation step.

PC Distance 
mean [m]

Distance 
sd [m]

Registration error reg

Distance |mean| + sd [m]

1 - - -

2 0.003 0.018 0.020

3 −0.007 0.023 0.030

4 −0.001 0.025 0.025

5 0.008 0.024 0.032

6 0.009 0.066 0.075

7 −0.002 0.043 0.046

8 −0.013 0.043 0.056

9 0.024 0.037 0.060

10 0.003 0.024 0.027

11 −0.015 0.032 0.047

12 0.017 0.037 0.054

13 0.002 0.049 0.050

all [mean] 0.002 0.035 0.044

To illustrate the sensitivity of the class-based change analy-
sis to this parameter reg, distances for the first nine epochs 
are computed with registration errors (reg) between 0.02 m to 
0.16 m, increased incrementally by 0.02 m. The influence of 
these estimated error values is further analyzed for the class 
“landslide scarp” (see the section “Level of Detection—Pa-
rameter Sensitivity and Impact on the Object-Based Change”).

Experimental Results and Discussion
Object Changes and Interpretation
The mean deformations per object and per class are described 
by 3D distances between point cloud epochs, accompanied by 
a sign (+/−) for the direction of surface deformation. Figure 3 
summarizes these changes for the entire monitoring period, 
showing higher deformations for the landslide-related objects 
(“landslide scarp”, “eroded area”, and “deposit”) than for 
“low grass” and “rock outcrop”. Deformed “rock outcrop” ob-
jects must be attributed to either registration errors (> LOD95) 
or to classification errors. The latter can occur due to simi-
larities of small rock cliffs with “scarp” areas and “medium 
and high vegetation” in a geometric feature space (e.g. with 
relation to slope gradient or 2D z-range (Mayr et al. 2017)). 
Decimeter-scale changes of the “high grass” class can mostly 
be attributed to the growing cycle and occasional mowing. 
Less prevalent large changes of this class, however, point to 
false positives in the classification, such as misclassified seg-
ments belonging to trees and shrubs. Focusing on landslide-
related objects, landslide L2 changed more than landslide L1 
during the monitoring period, with 50% of the L2 “eroded 
area” objects changing by more than 0.5 m (surface retreat). 
In landslide L1, only the “scarp” objects returned substantial 
deformations. In both landslides, “scarp” objects not only 
show negative deformations, as an indicator for scarp retreat 
by erosion, but also positive deformations in the “scarp” class 
were measured. The latter can be interpreted either as col-
lapsed and dislocated (former) “scarp” parts (now correctly 
“deposit”) being misclassified as “scarp”, or as scarp parts 
that moved only slightly and reside in the scarp area (i.e., up-
per landslide boundary) before collapse and further disloca-
tion by gravity. The depositional zone should (in theory) be 
characterized by prevailing positive surface deformation due 
to mass gain by deposition. However, the “deposit” class also 
shows negative deformations (i.e., surface retreat or lowering). 
This indicates that either settlement in unconsolidated depos-
its occurs locally or that objects in the depositional zone may 
continue to be transported further downslope. Field obser-

vations suggest that the erosion, 
transport, and deposition processes 
become more diffuse over time, 
with turf and soil clods disintegrat-
ing and material being washed out 
by surface runoff and transported 
out of the test site.

Figure 4 shows the development 
of each landslide for the individual 
epochs of the time series, with 
mean deformations per landslide-
related class. The most substantial 
change during the monitoring 
period is a reactivation of landslide 
L2 in summer 2013. Between 23 
May 2013 and 13 October 2013, 
either superficial erosion or subsid-
ence lowered the surface in the 
upper part (negative deformations), 
while material accumulated in the 
depositional area (positive deforma-
tions). This accelerated movement 
was most likely triggered by heavy 
rain in May and June 2013, as 
indicated by precipitation measure-
ments of 110 mm within three days 
at a nearby weather station (Figure 
5). This event contrasts with a less 
dynamic development of land-
slide L2 throughout the remaining Figure 3. Distribution of mean deformation per object for each class over the entire 

monitoring period, comparing the last epoch (4 July 2018) to the surface of the first 
epoch (12 October 2011).
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period. Future work could integrate semantically differenti-
ated landslide monitoring information and precipitation time 
series more thoroughly to relate detailed landslide dynamics 
to hydro-meteorological conditions.

At both landslides, retrogressive erosion at the scarp is rep-
resented by a negative trend of deformation (Figure 4). At the 
scarp, the soil below the root zone has been gradually eroded 
(probably by water), causing parts of the overhanging scarp to 
collapse occasionally and slide or topple downwards. Figure 6 
shows an example from landslide L1, where “landslide scarp” 
objects broke off and were deposited several meters below.

On a multiple-year to decadal timescale, these small recur-
rent events cause the eroded areas to expand in an uphill 
direction, a phenomenon which has also been observed in 
aerial orthophoto time series. The collapsed parts of the scarp 
are deposited (temporarily) in the landslides’ eroded area or 
depositional zone, which is indicated by positive deforma-
tions in these areas (Figures 3, 4, and 5). In total, however, the 
deposition of material is underrepresented by the object- and 
class-based deformation analysis. As explained before, this 
is attributed to (i) continued transport and (ii) dispersion of 
material, with absolute surface deformations being lower than 
the LOD95. At least in the eroded areas, the continuing or re-
current processes of erosion, transport, and deposition delay 
vegetation succession and with it soil formation.

Level of Detection—Parameter Sensitivity and  
Impact on the Object-Based Change
The epoch-based registration error (i.e., between the two scans 
of one epoch) was assessed based on a distance calculation at 
independent surface patches (i.e., not used for registration). It 
tends to be lower than the multi-epoch registration error, prob-
ably because of consistent vegetation height and density. The 
epoch-based registration error is included in the spatially vari-
able level-of-detection via the local plane fitting variance (σ²). 
In overlapping areas, registration errors result in a higher plane 
fitting variance and, hence, in a higher level-of-detection.

The registration accuracy between subsequent epochs of 
the presented test data, estimated from surface patches out-
side the landslides, varies from 0.020 m to 0.075 m between 
the epochs (Table 1). A lack of well distributed smooth areas 
that are stable and unvegetated constrains the possibilities for 
an accurate registration of all point cloud epochs. In addition 
to uncertainties in the semantic classification of point cloud 
objects, this limits the reliability of the presented results. The 
applied deformation calculation method (Lague et al. 2013; 
Fey and Wichmann 2017) accounts for this by excluding 
deformations smaller than the level-of-detection at the 95% 
confidence interval (LOD95). To demonstrate how this affects 
the results, the sensitivity of class-based deformations to the 
registration error reg was tested using a range of reg values for 
the deformation calculation.

The LOD95 increases with higher registration errors (Equa-
tion 1), (Table 2). Consequently, more (per-point) deforma-
tions fall below the higher local LOD95 and are excluded from 

Figure 4. Cumulative mean 3D deformation per class for each of the two landslides. Note the difference in y-axis scale.

Figure 5. Oblique view of the epoch 13 October 2013, colored by mean 3D deformation per object compared to 23 May 
2013 (left). While the left landslide L1 remained mostly stable, the sliding mass of landslide L2 was reactivated. An intense 
precipitation event probably triggered the reactivation. Hourly precipitation and cumulative precipitation over three days in 
early summer 2013 were recorded by a rain gauge close to the test site (right; data provided by Hydrographic Service of Tyrol).

PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING J une  2019  459

http://my.asprs.org


an object- and class-based aggregation. For example, in epoch 
8 a registration error reg = 0.10 m resulted in a mean LOD95 of 
0.200 m (with a standard deviation of 0.002 m), compared to a 
mean LOD95 of 0.082 m for reg = 0.04 m. Assuming a constant 
registration error, the LOD95 is relatively homogeneous (low 
standard deviations) between epochs as well as within each 
epoch (Table 2). Smaller registration errors decrease the LOD95 
as a threshold for “real” change, and in turn more deforma-
tions are included for the object- and class-based calculation 
of mean deformation. This results in larger mean deforma-
tion magnitudes for some epochs, as demonstrated by the test 
results shown in Figure 7.

If an object or class includes points without deformation 
or deformation below the LOD95, the averaging per object 
or class can result in a mean object deformation magnitude 
considerably below the LOD95. To some degree, such effects 
are mitigated by including the deformation as a constraint in 
the object modelling step (see sections “Point Cloud Classifi-
cation” and “Point Cloud Deformation Calculation”). Certain 
epochs show systematic variations of object- and class-based 

deformations if these are computed with different reg values, 
which determine the LOD95 and, accordingly, define “real” 
change. For higher values of reg, only a generalized trend line 
for the calculated deformations per class is obtained. In con-
trast, analyses based on smaller registration errors (i.e., with a 
less aggressive filtering of deformations) suggest more diverse 
process dynamics and higher magnitudes of change.

Discussion
The registration sensitivity test underlines the relevance of 
a registration accuracy assessment to effectively exclude 
systematic (registration) errors by defining a realistic level 
of detection. Unfortunately, the conditions for an accurate 
registration and its assessment are often poor in natural envi-
ronments, because stable areas with smooth and differently 
oriented surfaces are scarce. In our test data set, multi-tem-
poral point cloud registration and its error assessment were 
based on surface patches outside the landslide process zone. 
These patches contained (i) small rock walls and, to improve 
the spatial distribution, (ii) parts of the meadow where no 
signs of geomorphological activity (on a relevant scale) were 
visible. In the meadow patches, however, the spatially and 
temporally variable grass height compromised the registra-
tion accuracy and the assessment of errors. This variability is 
related to (i) seasonal changes of the vegetation and (ii) grass-
land management (mowing). Since the changes in grass height 
between epochs are not always consistent across the test site, 
some patches can show comparatively large distances, which 
are not caused by a registration error. This impacts on the 
distributions of derived registration errors, as found by the 
patch-based distance analysis, which deviate from a Gaussian 
distribution to some degree. Therefore, assuming a Gaussian 
distribution for modelling registration errors may not ideally 
reflect the real situation, but we consider it still an adequate 
(and viable) method to get an estimate of the registration 
error. One strategy for dealing with the uncertainty of this 
registration error surrogate could be to additionally perform 
the class-based deformation analysis with a range of more 
conservative registration errors. This might help to get an 
estimate of the uncertainty of the results to be considered for 
geomorphological interpretations.

The second major source for uncertainties in the proposed 
approach is the classification of objects. More consistent 
input point clouds, for instance captured with comparable 
sensors and acquisition settings (regarding exact scan posi-
tions, scan resolution, LiDAR wavelength, etc.) in a time series, 
would partly mitigate this. Integration of radiometric features 
(LiDAR reflectance and spectral values from images) or LiDAR 
pulse shape features for the classification step might address 
the problem of geometric variability and ambiguity inherent 
in many natural objects. In addition, calculated deformations 
could be considered in the classification to obtain class defi-
nitions that are more process-oriented and do not only rely on 
the geometry of objects and their topology. The performance 

Figure 6. Erosion and deposition of scarp parts between 
12 October 2011 and 2 May 2012 (t1 and t2). (a) Overlay 
transect of both epochs with their points colored by class 
labels; (b) Transect from epoch 12 October 2011 colored by 
mean deformation per object. (c) Landslide L1 in an oblique 
view, colored by mean deformation per object.

Table 2. LOD95 statistics per point cloud epoch for two 
different registration errors (reg).

reg [m]

0.04 0.10

Epoch 2 8 9 8

Date
2 May 
2012

24 June 
2015

30 October 
2015

2 June 
2015

LOD95 [m]

min 0.079 0.079 0.079 0.197

max 0.123 0.141 0.141 0.259

mean 0.081 0.082 0.081 0.200

sd 0.002 0.002 0.001 0.002
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Figure 7. Cumulative “landslide scarp” mean deformation for landslides L1 (top) and L2 (bottom), calculated with different 
registration errors (reg).

and accuracy of the classification approach is addressed in 
Mayr et al. (2017) which is, however, based on an assessment 
of one epoch only. A quantitative accuracy assessment of clas-
sification errors across the entire time series is unfortunately 
not possible at the moment due to a lack of multi-temporal 
validation data. Future studies could address the challenge 
of combining semantic classification errors and errors from 
a deformation calculation into a total error budget for object-
based 3D monitoring.

Despite these problems, the experimental results illus-
trate the potential of an object-based approach for automated 
geomorphological information extraction from point cloud 
time series. On the one hand, the erosion or deposition of 
individual objects of a landslide system can be detected and 
analyzed (such as detached parts of the scarp; Figure 6). On 
the other hand, more general development trends for distinct 
object classes, such as “landslide scarp”, “eroded area”, or 
“deposit”, can be aggregated from the complex point cloud 
time series (Figures 3 and 4).

The focus of this paper is on the detection of surface 
deformations and the semantic interpretation, rather than 
their quantification. The aggregated average deformation 
per class or object cannot be directly interpreted quantita-
tively, but rather as an indicator of change. The automated 

data processing pipeline and visualizations of the aggregated 
results can help to get an overview and identify the timing 
and location of the most prominent events (Figure 4) from a 
large multi-temporal data set. For the respective time steps, 
the object classes of interest can then be analyzed in detail, 
using the 3D point cloud representation with labelled object 
changes (Figure 6). A volumetric quantification of the eroded 
or deposited material can be performed (i) in 2.5D by raster-
based DTM differencing (e.g. Stumpf et al. 2015), or (ii) by 
constructing 3D alpha shapes between points of two epochs 
for a certain class. For the latter, an example of landslide 
scarp erosion is given in Mayr et al. (2017). Finally, auto-
mated object tracking and trajectory reconstruction might 
characterize larger dislocations of objects more appropriately 
than surface distances along surface normals or volumetric 
change analyses.

Conclusions
This paper presents an approach to monitoring landslides 
at the level of geomorphological objects by automated point 
cloud analysis. We demonstrate how information on geomor-
phological processes can be extracted from the point cloud 
time series and aggregated at more abstract levels. A case 
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study revealed the diversity of erosion, transport, and deposi-
tion processes involved in secondary landslide development 
(i.e., after initial slope failure). Point cloud registration errors 
and errors of a geometry-based classification are rated as the 
two main limitations for object-based monitoring of complex 
natural scenes. However, the results of our analysis identify 
retrogressive erosion of the scarp and episodic downslope 
movement of the sliding mass as major processes of secondary 
landslide development. This largely agrees with direct field 
observations at the investigated slope, but also with concep-
tual landslide models. Thus, we conclude that multi-temporal 
object-based point cloud analysis is a promising approach to 
(i) reduce the spatio-temporal complexity of many environ-
mental processes and (ii) utilize the details and accuracy pro-
vided by laser scanning. Landslide investigators, who have to 
interpret deformation measurements in terms of geomorpho-
logical changes, can benefit from such tools in future. Joint 
analysis of semantically interpreted spatio-temporal informa-
tion on slope deformations with their potential drivers (such 
as precipitation and soil structure) will improve the under-
standing and assessment of erosion and landslide processes.
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