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Program funds cutting-edge scientific research in a high-risk, high-payoff  

environment to discover innovative concepts and creative ideas that transform 
overhead intelligence capabilities and systems for future national security intelligence 

needs. The program seeks the brightest minds and breakthrough technologies from 
industry, academia, national laboratories, and U.S. government agencies.

Visit the website for Broad Agency Announcement and  
Government Sources Sought Announcement requirements.

703.808.2769

TRANSFORM OUR FUTURE
INNOVATE

NEW
AW

ARDS U
P 

TO 

$5
00

K 



PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING J u l y  2020  393



394 J u l y  2020  PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING

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

ANNOUNCEMENTS
California geomatics engineering firm, Towill, Inc. (Towill), 
announces the acquisition of Cunha Engineering, Inc. (Cunha) 
of Pinole, California. The acquisition will augment and diver-
sify Towill’s land surveying services in the SF Bay Area and 
throughout the state of California.

“While the closing of this transition comes during unusual 
times, it’s been a long-term goal of both firms and a well-planned 
acquisition,” says Towill President Ken Meme, CP, RPP. “We see 
this investment as an excellent way to increase our presence in 
critical market sectors while strengthening our team. There is a 
great synergistic and cultural fit between the two firms that will 
help us better serve clients, integrate and maximize the potential 
of our personnel, and bring the combined firm cross-selling 
opportunities.  Both businesses have enjoyed robust performance 
in spite of the global pandemic and we look forward to even better 
results when the crisis abates.”

Operating from seven offices strategically located throughout 
California and one office in Colorado Springs, Towill is well-po-
sitioned to serve the Western United States. This acquisition 
combines the expertise and wide range of services of the two 
firms and will expand Towill’s depth of resources to better serve 
clients in multiple markets.

For more information, contact Dawn Antonucci, dawn.
antonucci@towill.com.

URISA is pleased to present the following list of candidates for 
URISA President-Elect and for Directors on the Board.

For President-Elect: Brent Jones, PE, PLS, Global Manager, 
Land Records/Cadastre, Esri, Vienna, Virginia

For Board of Directors (to fill 3 positions):
	y Kathryn Brewer, GISP, Partner, Spatial Relationships 
LLC, Boston Massachusetts

	y Xan Fredericks, GISP, Lidar Coordinator/Associate Na-
tional Map Liaison, US Geological Survey, Saint Peters-
burg, Florida

	y Tari Martin, GISP, Director, National & Federal, Nation-
al Alliance for Public Safety GIS (NAPSG) Foundation, 
Washington, DC

	y Pravin Mathur, GISP, Clark Nexsen, Virginia Beach, Vir-
ginia

	y Joseph Sloop, GISP, Geographic Information Officer, For-
syth County, Winston-Salem, North Carolina

	y Steven J. Steinberg, PhD, GISP, Geographic Information 
Officer, Los Angeles County, Los Angeles, California

The official ballots will be distributed to the entire URISA 
membership by the end of June. The deadline for URISA 
members to cast their votes is July 30. To help members decide 
for whom to vote, each candidate will provide a profile of their 
professional experience and a statement about their ideas 
for URISA’s future.

Those elected will begin their three-year Board terms follow-
ing https://www.urisa.org/gis-pro.

EQUIPMENT/TECHNOLOGY
Spectral Evolution now offers a portable,  compact four inch 
reflectance/transmittance (R/T) integrating sphere for mea-
suring the reflectance and transmittance of a wide variety of 
material types. 

The 4 inch R/T sphere is lightweight and portable so you can 
take it into the field for in situ measurements, delivered with a 
stand as well as a ¼-20 mount for use with tripods. When used 
with a Spectral Evolution spectrometer or spectroradiometer 
such as the PSR+, RS-3500, RS-5400, SR-6500 or RS-8800, it 
delivers detailed information for measurements transmittance 
and reflectance modes at two varying light intensity levels.

The RT sphere, similar to other field accessories, is connected to 
Spectral Evolution spectrometers and spectroradiometers via an 
industry standard SMA-905 connector. Like many other Spectral 
Evolution accessories, the RT sphere can be operated via a one 
click triggering mechanism, allowing for rapid data acquisition. 
It is powered by the universal accessory power supply cable for 
seamless integration into existing Spectral Evolution equipment.

For more information on the RT sphere, visit: https://
spectralevolution.com/products/hardware/.

Teledyne Lumenera, a Teledyne Technologies [NYSE:TDY] 
company, and manufacturer and developer of digital cameras 
for industrial and scientific imaging applications, is pleased to 
announce the release of its new Lt Series USB3 cameras. With 
robust compact enclosures and fully-locking USB3 connectors, 
these new cameras are built for rugged 24/7 use. Equipped with 
the latest rolling shutter Starvis™ CMOS sensors and global 
shutter Pregius™ CMOS sensors from Sony®, and ranging in 
resolution from 2-20 megapixels, these new cameras perform in 
a wide variety of imaging applications such as aerial imaging, 
Intelligent Traffic Systems (ITS), robotic inspection solutions, 
and life sciences. Teledyne Lumenera’s Lt Series Cameras of-
fer a smaller, lighter, and lower cost imaging solution and are 
designed specifically to meet the challenges of today’s modern 
imaging systems that strive to provide advanced vision perfor-
mance while using less power, less space, and fitting increasing-
ly tight industry budgets.

“Even with a more compact form factor, the new Lt Series cam-
eras offer the full set of features that the modern imaging industry 
demands,” said Ghislain Beaupré, General Manager at Teledyne 
Lumenera. “These new cameras open up new opportunities for 
imaging system designers to incorporate full-function cameras 
without unnecessary performance compromises due to size.”

The Teledyne Lumenera Lt Series Cameras offer proven 
32 and 64-bit operating system compatibility for, Windows, 
Linux, Linux for embedded system platforms, and single board 
computers (SBCs). They are designed to deliver high dynamic 
range, high speed, with low read noise for both industrial and 
scientific imaging applications. 

For more information about Teledyne Lumenera’s Lt Series 
USB3 cameras visit https://www.lumenera.com/products/
lt-series-usb3-cameras.html.

mailto:rkelley@asprs.org
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419 A History of Laser Scanning, Part 1: Space and Defense Applications
Adam P. Spring

This article presents the origins and evolution of midrange terrestrial laser scanning (TLS), spanning 
primarily from the 1950s to the time of publication. Particular attention is given to developments in 
hardware and software that document the physical dimensions of a scene as a point cloud. These 
developments include parameters for accuracy, repeatability, and resolution in the midrange—
millimeter and centimeter levels when recording objects at building and landscape scales up to 
a kilometer away. The article is split into two parts: Part one starts with early space and defense 
applications, and part two (PE&RS August 2020) examines the survey applications that formed 
around TLS technologies in the 1990s.

431 Improved Crop Classification with Rotation Knowledge using 
Sentinel-1 and -2 Time Series
Sébastien Giordano, Simon Bailly, Loic Landrieu, and Nesrine Chehata

Leveraging the recent availability of accurate, frequent, and multimodal (radar and optical) 
Sentinel-1 and -2 acquisitions, this paper investigates the automation of land parcel identification 
system (LPIS) crop type classification. Our approach allows for the automatic integration of 
temporal knowledge, i.e., crop rotations using existing parcel-based land cover databases and 
multi-modal Sentinel-1 and -2 time series. The temporal evolution of crop types was modeled with 
a linear-chain conditional random field, trained with time series of multi-modal (radar and optical) 
satellite acquisitions and associated LPIS. Our model was tested on two study areas in France (≥ 
1250 km2) which show different crop types, various parcel sizes, and agricultural practices: the 
Seine et Marne and the Alpes de Haute-Provence classified accordingly to a fine national 25-class 
nomenclature.

443 Improved Depth Estimation for Occlusion Scenes Using a Light-Field 
Camera
Changkun Yang, Zhaoqin Liu, Kaichang Di, Changqing Hu, Yexin Wang, and Wuyang Liang

With the development of light-field imaging technology, depth estimation using light-field cameras 
has become a hot topic in recent years. Even through many algorithms have achieved good 
performance for depth estimation using light-field cameras, removing the influence of occlusion, 
especially multi-occlusion, is still a challenging task. The photo-consistency assumption does 
not hold in the presence of occlusions, which makes most depth estimation of light-field imaging 
unreliable. In this article, a novel method to handle complex occlusion in depth estimation of light-
field imaging is proposed.

facebook.com/ASPRS.org twitter.com/ASPRSorg youtube.com/user/ASPRSlinkedin.com/groups/2745128/profile

397 Rethinking Error Estimations in 
Geospatial Data: The Correct 
Way to Determine Product 
Accuracy
By Qassim Abdullah, Ph.D., PLS, CP
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Near the western tip of the Mojave Desert and a few miles west of NASA’s 
Armstrong Flight Research Center, fields of poppies colored the landscape a bright 
orange this spring. On April 14, 2020, the Operational Land Imager (OLI) on the 
Landsat 8 satellite acquired these images of vast blooms in the Antelope Valley 
California Poppy Reserve. These images were acquired when poppy flowers in the 
valley were thought to be at or near their peak.

The flowers bloomed after Southern California received significant rainfall in 
March and April 2020. This spring, Lancaster received around 10.5 inches (27 
centimeters) of rain—almost 4 inches (10 centimeters) above normal. The extra 
rain may cause the poppies to stick around longer than usual and result in an 
above-average wildflower year. Park officials called this bloom an “unexpected” 
surprise due to the late season rains.

While many parks have restricted visitor access to the park during the COVID-19 
quarantine, people can view the flowers through online livestreams, https://www.
parks.ca.gov/live/poppyreserve. Depending on the day or even hour, the orange 
patches may change in appearance. The poppies open their petals during sunny 
periods, appearing like a large blanket over the landscape. The flowers tend to 
close during windy, cold periods. While the orange poppies are easy to spot in 
satellite imagery, the fields also contain cream cups, forget-me-nots, purple bush 
lupines, and yellow goldfields (a relative of the sunflower).

For more information, visit https://landsat.visibleearth.nasa.gov/view.
php?id=146642.

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

Be a part of ASPRS Social Media:

facebook.com/ASPRS.org

linkedin.com/groups/2745128/profile

twitter.com/ASPRSorg

youtube.com/user/ASPRS
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Rethinking eRRoR Rethinking eRRoR 
estimations in estimations in 
geospatial Data:  geospatial Data:  
the CoRReCt Way to the CoRReCt Way to 
DeteRmine pRoDuCt DeteRmine pRoDuCt 
aCCuRaCyaCCuRaCy

By Qassim Abdullah, Ph.D., PLS, CPBy Qassim Abdullah, Ph.D., PLS, CP
(to be published concurrently in PE&RS and Lidar Magazine)



Surveying and mapping technologies have advanced tremen-
dously over the last century, resulting in improved product 
accuracy. Yet some antiquated practices and processes con-
tinue, as if they are frozen in time. This article will focus on 
an outdated practice that needs to be addressed: the way we 
evaluate the positional accuracy of geospatial products.

Before detailing this problem and introducing the correct 
approach, we should establish a basic understanding of how 
to determine and report product accuracy, geometric datum, 
and what that datum represents. To understand the datum, 
one needs to know how we deal with the shape, or figure, of 
the Earth. 

Figures oF the earth
The physical surface of the Earth is the shape we attempt to 
model through our mapping or surveying practices. However, 
because of irregularities on the Earth’s surface and the lack 
of a comprehensively surveyed model of that surface, several 
geometrically defined shapes are employed in our surveying 
and mapping techniques to approximate the Earth’s surface 
to determine specific geographic locations (Figure 1). These 
geographic locations must be referenced by a well-known 
system called a “datum.”

Earth as an Ellipsoid
An ellipsoid surface is obtained by deforming a sphere by 
means of directional scaling, so it is the best shape to use to 
approximate the Earth. The term datum is nothing but an el-
lipsoid with defined axes, curvature, a known origin in space 
and axes rotation. Wikipedia defines the Earth ellipsoid as 
“a mathematical figure approximating the Earth’s form, used 
as a reference frame for computations in geodesy, astrono-
my and the geosciences.” Datum origin can be positioned at 
any place in space. The origin of the NAD27 datum is at the 
survey marker of the Meades Ranch Triangulation Station 
in Osborne County, Kansas. Geocentric datum is a datum 
with its origin positioned at the mass center of the Earth. 
Examples of geocentric datums are the NAD83, ITRF and 
WGS84—all of which are based on the GRS80 ellipsoid. All 
surveying and mapping activities, including GNSS survey-
ing, determine how far a position on the Earth’s surface is 
from the surface of a referenced ellipsoid or geoid.

Earth as a Geoid
A geoid represents the equipotential surface of the Earth’s grav-
ity and comes very close to mean sea level. Wikipedia defines a 
geoid as “the shape that the ocean surface would take under the 
influence of the gravity and rotation of the Earth alone, if other 
influences such as winds and tides were absent.” Surveyors 
traditionally present their height measurements in reference to 
the geoid, i.e. how far that position is above or below the geoid 
surface. Since the geoid surface is shaped by the same gravita-
tional force that causes water to flow downhill, people like to 
survey elevations by referencing the geoid because those ele-
vations or slope directions align with that natural water flow. 
Conversely, ellipsoidal heights measuring up or down slopes 
may not match that water flow direction. 

The True Physical Shape of Earth 
The terrain around us is irregular and does not coincide with 
either geoid or ellipsoid surfaces. Our surveying and map-
ping activities are solely conducted to represent the physical 
figure of the Earth on a map or within a geospatial database 
as it is referenced to the datum.

surveying to represent the true Datum
When we conduct field surveying, we are trying to determine 
terrain positions and shapes in reference to a specific geodetic 
datum. According to the U.S. National Geodetic Survey (NGS), 
a geodetic datum is defined as “an abstract coordinate system 
with a reference surface (such as sea level, as a vertical datum) 
that serves to provide known locations to begin surveys and 
create maps.” Because our surveying techniques, and therefore 
our mapping techniques, are not perfect, our surveying results 
are approximate positions that put us close to the true, da-
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Figure 1: Shapes of the Earth (Courtesy of Esri 
documentations).

Photogrammetric Engineering & Remote Sensing
Vol. 86, No. 7, July 2020, pp. 397–403.
0099-1112/20/397–403
© 2020 American Society for Photogrammetry
and Remote Sensing
doi: 10.14358/PERS.86.7.397
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tum-derived positions (Figure 2). When we use an inaccurately 
surveyed network to control another process such as aerial 
triangulation, in reality we are fitting the aerial triangulation 
solution to an observed datum. The degree of approximation 
depends on the surveying technique or technology employed in 
that survey. The Real-Time Kinematic (RTK) field surveying 
technique can produce positions that are accurate to 2cm hor-
izontally and perhaps 3cm vertically. The differential leveling 
technique used to determine height can produce elevations that 
are accurate to the sub-centimeter. The lesson to learn here is 
that our surveying techniques, no matter how accurate, do not 
represent the true datum—but they can get us close to it.    

Surveying and Survey Datum
When we task surveyors to survey the ground control network 
in reference to a certain datum, they can only determine the 
positions of the control network to that datum as close as the 
surveying techniques allow. In other words, the coordinates 
that are being used to control the mapping process repre-
sent an observed or survey datum that represents a pseudo 
datum but not the original intended or true datum (Figure 2). 
For example, if we are trying to determine point coordinates 
in NAD83(2011), the surveyed coordinates used in aerial 
triangulation or lidar calibration represent a datum that is 
close to NAD83(2011) but not exactly NAD83(2011) due to the 
inaccuracy in our surveying techniques. That inaccurate sur-
vey represents a survey datum. Besides the inaccuracy in the 
surveying techniques, another layer of errors (i.e. distortion) is 
added to the surveyed coordinates when we convert geograph-
ic positions (in latitude and longitude) to projected coordinates 
or grid coordinates, such as state plane coordinates systems. 

Mapping To The Mapping Datum
Any mapping process we conduct today inherits two model-
ing errors that influence product accuracy. The first model-
ing error is caused by the inaccuracy of the internal geo-
metric determination during the aerial triangulation, or the 
boresight calibration in the case of lidar processing. The sec-
ond modeling error is introduced by the auxiliary systems, 
such as GPS and IMU, and has inherent errors caused by 
the survey datum. Therefore, when we use mapping products 
to extract location information, we are determining these 
locations in reference to the survey datum and not the origi-
nal intended datum. The point coordinates for NAD83(2011) 
are determined not according to the survey datum of the 
ground control network but through a new reality of map-
ping datum. The mapping datum inherits the errors of the 
survey datum, which were caused by the inaccuracy of our 
surveying techniques and the errors caused by our mapping 
processes and techniques (Figure 2). 

Drilling to the True Datum
To reference the accuracy of determining a mapped object 
location within a mapping product to the original intended 
datum like NAD83(2011), we need to examine the layers of 
errors that were introduced during the ground surveying and 
mapping processes (Figure 2). 

Figure 2: Datums and error propagation in geospatial data.



proDuct accuracy computation
Currently, users of geospatial data express product accuracy 
based on the agreement or disagreement of the tested prod-
uct per the surveyed checkpoints, ignoring checkpoint errors 
that have resulted from inaccurate surveying techniques. 
In other words, users consider the surveyed checkpoints to 
be free of error. The following section details how errors are 
propagated into the mapping product when we are trying to 
determine the location of a ground point “A”. Let us intro-
duce the following terms:

ACCSurveyDatum equals the accuracy in determining the 
survey datum, generated when realizing the intended or 
true datum through surveying techniques. In other words, it 
represents the errors in the surveyed checkpoints. Due to this 
inaccuracy, the point will be located at location A.. (Figure 3).

ACCMappingDatum equals the accuracy of determining the 
mapping datum, or the errors introduced during the map-
ping process, in reference to the already inaccurate survey 
datum represented by the surveyed checkpoints. In other 
words, it is the fit of the aerial triangulation (for imagery) or 
the boresight/calibration (for lidar) to the surveyed ground 
control points represented as the survey datum. This accu-
racy is measured using the surveyed checkpoints during the 
product accuracy verification process. Due to this inaccuracy, 
the point will be located at location A... (Figure 3).

ACCTrueDatum equals the accuracy of the mapping product 
in reference to the true datum, as in NAD83(2011). The point 
location A. (Figure 3) is considered the most accurate location 
determined in reference to the true datum.

Using the above definitions, the correct product accuracy 
should be modeled using error prorogation principles accord-
ing to the following formula:

ACCTrueDatum =   1

However, according to our current practices, product accura-
cy is computed according to the following formula, ignoring 
errors in the surveying techniques:

ACCTrueDatum = ACCMappingDatum   2

Practical Method of Computing Accuracy 
Components
As we are dealing with three-dimensional error components, 
we would need to employ vector algebra to accurately com-
pute the cumulative error.

Computing Horizontal Accuracy
To compute the horizontal accuracy for a two-dimensional 
map, as with orthorectified imagery, we will ignore the error 
component of the height survey. In other words, we will use 
the error component from easting and northing only. We will 
also assume that the accuracy of determining the X coordi-
nates (or easting) is equal to the accuracy of determining the 
Y coordinates (or northing). Using error propagation princi-
ples and Euclidean vector in Figures 3 and 4, we can derive 
the following values for product horizontal accuracy: 

AccXTrueDatum =  3

AccYTrueDatum =  4

AccXYTrueDatum =  5

As an example, when modeling horizontal product accuracy 
according to the above formulas, let us assume the following:

a) We are evaluating the horizontal accuracy for ortho-
imagery using independent checkpoints.

b) The control survey report states that the survey for 
the checkpoints, which was conducted using RTK 
techniques, resulted in accuracy of RMSEXorY equal 
to 2cm.

c) When the checkpoints were used to verify the hor-
izontal accuracy of the orthoimagery, it resulted in 
an accuracy of RMSEXorY equal to 3cm.
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Figure 3: Influence of error propagation on point location 
accuracy. 
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SolutionSolution
Using equations 3, 4 and 5:

AccXTrueDatum =   = 3.61cm

AccYTrueDatum =   = 3.61cm

AccXYTrueDatum =  = 5.1cm

The value of 5.1cm is the true accuracy of the product versus the following value of 4.24cm used commonly today that 
ignores the errors introduced during the ground surveying process:

AccXYTrueDatum =  = 4.24cm

Figure 4: Vector representations of error components.

Computing Vertical Accuracy
Similarly, for vertical accuracy determination of elevation 
data derived from lidar or photogrammetric methods, we 
need to consider the error in the surveyed elevation as an 
important component. Using error prorogation principles 
and Euclidean vector of Figure 5, we can derive the following 
value for vertical product accuracy: 

AccZTrueDatum =  6

As an example, when modeling vertical product accuracy 
according to the above formulas, let us assume the following:

a) That we are evaluating the vertical accuracy for a 
mobile lidar dataset using independent checkpoints.

b) The control survey report states that the survey of 
the checkpoints, which was conducted using RTK 
techniques, resulted in an accuracy of RMSEZ equal 
to 3cm.

c) When the checkpoints were used to verify the 
vertical accuracy of the lidar data, it resulted in an 
accuracy of RMSEZ equal to 1cm.

SolutionSolution
Using Equation 6:

AccZTrueDatum =  = 3.16cm

The value of 3.16cm is the true vertical accuracy of the lidar dataset versus the value of 1cm, derived by the mapping tech-
nique used commonly that ignores the errors introduced during the ground surveying process.



Figure 5: Influence of error propagation on point elevation accuracy.

remarks anD recommenDations 
The propagation of errors through the mapping process is 
a well-known and well-practiced science in surveying and 
mapping. However, due to the gradual evolution in mapping 
technologies and mapping practices over decades of advance-
ments, users have become less sensitive to the fact that 
surveying techniques are not perfect. Such insensitivity is 
caused by the following simple facts:

1) The early days of mapping products were highly 
inaccurate, and users ignored the errors caused by 
inadequate surveying techniques. Earlier in the days 
of digital mapping, the U.S. Geological Survey (USGS) 
introduced the Digital Orthophoto Quadrangle (DOQ). 
DOQs produced by the USGS cover an area measuring 
7.5-minutes longitude by 7.5-minutes latitude (the 
same area covered by a USGS 1:24,000-scale topo-
graphic map, also known as a 7.5-minute quadrangle). 
The USGS also introduced second product that is 
higher in resolution and accuracy than the DOQ called 
the Digital Orthophoto Quarter Quadrangle (DOQQ), 
with a scale of 1:12,000 in a format of 3.75-minutes by 
3.75-minutes.1 The horizontal accuracy of the DOQQ 
at the time, according to the National Map Accuracy 
Standard (NMAS), was equal to 10.1 meter (or 33.3 ft), 
while our surveying techniques resulted in accuracy 
to the sub-decimeter level. Surveyors and mappers at 
the time were aware of this and intentionally ignored 
errors caused by the surveying techniques when 
deriving the accuracy of a mapping products, such as 
what a 5cm to 10cm difference was going to add to 

the 10-meter coarse accuracy of a product. However, 
product accuracy improved gradually over time while 
a new generation of surveyors and mappers were 
likely still trained to ignore the errors in surveying 
techniques. Over time, the entire mapping industry 
became numb to this fact. Today, some mapping 
products from terrestrial lidar, mobile mapping lidar, 
UAS-based lidar, and some time photogrammetric 
products from low altitude manned and unmanned 
aircraft, if stringent production workflow is followed, 
are accurate to sub-centimeter level. Such improved 
accuracy presents a new challenge when it comes to 
people with little or no photogrammetric or survey-
ing education or experience. The new UAS-opera-
tor-turned-mapper community is at the top of this list. 
Oftentimes people are claiming sub-centimeter hori-
zontal and vertical accuracy from UAS products. This 
claim has merit until you ask the mapper about the 
technique used in surveying the ground control points 
for aerial triangulation or lidar calibration or for the 
independent surveyed checkpoints to verify this claim. 
In most cases, these users either were not aware of 
what technique that was used or, if they were aware of 
it, it was an RTK survey. As mentioned earlier, RTK 
survey results in 2cm to 3cm accuracy. The concern 
here is how do you obtain a sub-centimeter accuracy 
from a process that was controlled by ground control 
surveyed to an accuracy of 2-3cm? This question 
promptly ends that conversation. One may ask here, 
how the aerial triangulation or lidar boresight/cali-
bration results in sub-centimeter accuracy while the 
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ground controls used during these processes are only 
accurate to 2cm. The answer is simple. In aerial trian-
gulation or in lidar boresight/calibration there many 
variables that are adjusted during the process. These 
variables—including exterior orientation parameters, 
camera interior parameters, timing, etc.—are con-
sidered adjustable observations with error budget (or 
weight) built in, so they are tuned and adjusted during 
the process. The nature of the mathematical model-
ing and the least squares we perform during these 
processes allow errors in a parameter to change based 
on the constraint of that parameter. For example, over 
constraining the height of a ground control point in 
the solution may push the error in the control to the 
adjusted focal length of the camera. The same thing is 
valid for easting and northing, as it can be absorbed 
by the exterior orientation of the imagery or the image 
measurements of the tie/pass points. That is how the 
least squares adjustment works—it does not remove 
errors but minimizes their effect by redistributing 
those errors within the adjusted block. 

The previously described reality is forcing us to 
reconsider original practices from softcopy or digital 
photogrammetry in the 1980s, when the error of 
ground survey was ignored while computing product 
accuracy.

2) The lack of photogrammetric and surveying knowl-
edge with many data producers, especially the new 
UAS-operator-turned-mapper community, leads 
them to believe that the residuals in the resulted ae-
rial triangulation or the lidar bore-sighting/calibra-
tion or the fit to the ground controls represent their 
final product accuracy. They are not aware that the 
fit of aerial triangulation or the lidar bore-sighting/
calibration solutions to the surveyed control or 
checkpoints does not directly represent the product 
accuracy because it is referenced to the survey da-
tum, which resulted from the inaccuracy in survey-
ing techniques and not to the intended true datum 
and coordinates system. Without incorporating 
the discrepancies between the true datum and the 
survey datum in computing final product accuracy, 
product accuracy will be falsely expressed. 

3) Creators of mapping standards fell into the same 
trap that early mappers fell into by ignoring the sur-
vey error component in calculating product accura-
cy. Users of these standards followed those guides. 
By ignoring the error component from the surveying 
technique when estimating product accuracy, these 
standards contributed to the problem and did not 
offer users with a solution.

Based on the previous discussions, the mapping community 
urgently needs to embrace the following corrective practices:

1) The mapping community needs to start incorporat-
ing the accuracy of field surveying ground control 
points or checkpoints into their product accuracy 
computations when reporting final product accu-
racy as illustrated in this article. This will require 
negotiating ground control accuracy requirements 
with surveyors prior to conducting surveys. Users 
will also need to require surveyors to deliver com-
plete survey reports highlighting the accuracy of the 
survey. They should consult the ASPRS Positional 
Accuracy Standards for Digital Geospatial Data2 to 
understand the required accuracy of ground control 
that is needed to meet specific product accuracy.

2) Similar actions need to be considered in the next 
version of the ASPRS Positional Accuracy Stan-
dards of Digital Geospatial Data. These standards 
need to be amended to introduce the correct way to 
compute product accuracy and to provide practical 
examples like the ones outlined in this article.

3) Private and public agencies need to mandate that 
future product accuracy should be expressed accord-
ing to the new concept introduced in this article. By 
not doing so, the stated product accuracy according 
to the current practices will be incorrect and mis-
leading.
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GIS &Tips     Tricks By Dave Maune, Ph.D., CP, GS, PS, 
and Al Karlin, Ph.D, CMS-L, GISP
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and Al Karlin, Ph.D, CMS-L, GISP
Chad Lopez, CMS and Al Karlin, Ph.D, 
CMS-L, GISP

There’s More Than One Way to Import Files

It is strange how some GIS tasks are so common that we 
almost forget how to do them.  Just yesterday, I needed to 
map a USGS Water Level Gauge and the only spatial data 
available was a geographic coordinate given in degrees (DD), 
minutes (MM), and fractional seconds (SS.xx).  Of course, 
most GIS software packages like to have geographic coordi-
nates expressed as Decimal Degrees (DD.xxxxxx).  One of the 
quickest ways to convert the DMS or DD coordinates is to use 
Excel and two simple formulas.

To convert DMS coordinates to DD (north of the Equator and 
west of the Prime Meridian):

Longitude = –1*((DD)+(MM/60)+(SS.xx/3600)) and

Latitude = ((DD)+(MM/60)+(SS.xx/3600))  where DD = 
degrees, MM= minutes, and SS.xx= seconds 

Using these formulas in an Excel spreadsheet and then im-
porting the spreadsheet into your GIS software is a surefire, 
quick workflow to map a few points.  However, some GIS 
software packages favor ASCII text files (.TXT) or comma 
delimited files (.CSV), and this will just add another step in 
the workflow.  Use the Excel “save as” dropdown and select 
the file type needed for your software.

When you only have one or a few points to convert, manu-
ally entering the data into Excel and using the formulas is 
a quick workflow, or if the data are already in a projected 
coordinate system (Northings and Eastings) but you have 
several hundred points.  Often, we receive survey data for 
lidar ground check points, and the Latitude/Longitude (or 
Northing and Easting) data are transmitted as an ASCII 
.TXT file or a .CSV file and you need to do some data pro-
cessing before your software can ingest the data.  The simple 
solution is to Import the file into Excel for processing.  In the 
examples below, we use camera exterior orientation positions 
for an aerial triangulation project, but the process would be 
the same if importing survey data.

Here is a familiar icon from the Microsoft Excel 
ribbon, the Import from Text/CSV.  I’m willing to 
bet that everyone reading this column, has at one 
time or another, used Microsoft Excel to read-in a 
comma delimited file (CSV) or some delimited or free-form 
ASCII file containing XY and Height coordinates.  However, 
sometimes with software upgrades, old familiar workflows, 

some that you have used hundreds (if not thousands of time) 
need to be altered.  When Microsoft updated from the old 
“Office Suite” to the new “Office 365” several people around 
this office noticed that they were not seeing the usual import 
options that they were accustomed to seeing in Excel.  

So, here are two quick tips with alternative “new” workflow 
for Office 365 users to import CSV and TXT files.
To import a CSV file:

 y In a blank Excel spreadsheet, go to File -> Open and 
navigate to your text/CSV file and select it.

 y The Text Import Wizard window should then open 
with options to choose Fixed Width or Delimited 
depending on how your data are formatted, and if 
you choose Delimited you can then choose what the 
delimiter is.

Step 1—First step in Import Wizard process where you can 
choose delimited or fixed width to separate fields.

Step 2—2nd step (in this case after choosing “delimited” in 
the 1st step) where you can choose the delimiter type.

From
Text/CSV
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Step 3—3rd and final step where you can format the data in 
your columns if choose so.

 

Imported spreadsheet screenshot–Final result of the import 
in Excel spreadsheet format. Then of course you can save it 
to an Excel spreadsheet file, a CSV file, etc.

 

The second alternative to import a TXT (or CSV) file:
 y Open a blank Excel file.  

From Text/CSV button in the Get & Transform Data rib-
bon under Data in Excel, choose the “From Text/CSV”.  

This will load the data and open the dialog boxes:
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Import window after loading the text or csv file. There are different delimiter 
options in the Delimiter drop down menu. Usually selecting the correct Delimiter is 
all that is needed to complete the import process. 

If you click the Transform Data in the first import window it opens the Transform 
Data window. This window has numerous options for formatting such as adding 
and removing columns, sorting, and transposing data.

When done, click the Load button in the first import window and then your text/csv 
file is now in spreadsheet form and you can save to an Excel file or other format.

And there you have it.  Two new workflows for importing CSV or TXT files into Excel.

Chad Lopez and Al Karlin, Ph.D., CMS-L, GISP are with Dewberry’s Geospatial 
and Technology Services group in Tampa, FL.  Chad is a Senior Geospatial Analyst 
who works primarily with imagery aerotriangulation, orthorectification, and feature 
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sensing, photogrammetry, and GIS-related projects.  
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 After more than 15 years of research and writing, the Landsat Legacy 
Project Team is about to publish, in collaboration with the American 
Society for Photogrammetry and Remote Sensing (ASPRS), a seminal 
work on the nearly half-century of monitoring the Earth’s lands with 
Landsat. Born of technologies that evolved from the Second World War, 
Landsat not only pioneered global land monitoring but in the process 
drove innovation in digital imaging technologies and encouraged 
development of global imagery archives. Access to this imagery led 
to early breakthroughs in natural resources assessments, particularly 
for agriculture, forestry, and geology. The technical Landsat remote 
sensing revolution was not simple or straightforward. Early conflicts 
between civilian and defense satellite remote sensing users gave way 
to disagreements over whether the Landsat system should be a public 
service or a private enterprise. The failed attempts to privatize Landsat 
nearly led to its demise. Only the combined engagement of civilian 
and defense organizations ultimately saved this pioneer satellite 
land monitoring program. With the emergence of 21st century Earth 
system science research, the full value of the Landsat concept and 
its continuous 45-year global archive has been recognized and 
embraced. Discussion of Landsat’s future continues but its heritage 
will not be forgotten. 

The pioneering satellite system’s vital history is captured in this 
notable volume on Landsat’s Enduring Legacy.  
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How Good is that Gear? Drones versus Surveyors!

The integration of three-dimensional (3D) vision in drones or 
unmanned aerial vehicles (UAVs), has contributed a great deal 
to improving fine-scale mapping and monitoring applications. 
Passive imaging systems have been the most popular technol-
ogies used in this regard. This is mainly due to the availabil-
ity of off-the-shelf, low cost, and light-weight digital cameras. 
Advancements in photogrammetry and computational stereo 
vision have also fostered this popularity (Abdullah, 2019 ). 

As a survey engineer, a photogrammetric engineer, and a com-
puter-vision scientist, I have given and received many debatable 
comments about these technologies. A question that it is still be-
ing debated by many stakeholders is this: can drone-photogram-
metry result in survey-grade topographic products? The answer 
to this question cannot be summarized in a single word as each 
term used in this question is itself interpretable in several ways. 
In this column, we take a closer look at this question. 

First, we review the main steps involved in the procedure of 
turning images into 3D topographic products (Figure 1). This 
workflow is more or less the backbone of any black-box com-
mercial software or open-source solution available.

Drone Platforms
A conventional drone system for geospatial applications can 
be broken down into three discussable components: the plat-
form, the navigation system, and the imaging sensor. Regard-
ing the platform, the minimum specifications to consider are 
the payload capacity, endurance, degree of autonomy, ease 
of operation, and, last but not least, compliance with various 
regulations. 

Navigation Sensors
GNSS-aided inertial navigation sensors are commonly de-

ployed in drone-photogrammetry systems for two purposes: au-
to-piloting the platform and, optionally, georeferencing the 
images. In most systems, an independent navigation system is 
dedicated to the latter. Georeferencing means determining the 
external orientation parameters of the images resolved in the 
mapping reference coordinate system. It can be performed in 
three ways: indirect georeferencing (InDG), direct georeferenc-
ing (DG), and integrated sensor orientation (ISO). 

In InDG, georeferencing is performed by adding the obser-
vations of ground control points (GCPs) to the block bundle 
adjustment. Essential factors in the success of this method 
include the quality of the GCPs, their number, and their 
geometric distribution. The accuracy of GCPs dictates the 
achievable georeferencing accuracy; the georeferencing ac-
curacy cannot supersede the average GCP accuracy. Geo-
referencing accuracy should not be confused with the recon-
struction accuracy explained below. The only way to measure 
the georeferencing accuracy is to establish a fair amount of 
well-distributed ground checkpoints. Comparing their abso-
lute measured coordinates with their photo-estimated coor-
dinates yield a measure of georeferencing accuracy. In some 

commercial  software, e.g. Pix4D Mapper, a 
variable is reported after initial processing, 
known as GCP error. It is worth mention-
ing that GCP error simply summarizes the 
difference between the observed coordinates 
and adjusted coordinates of the GCPs. High 
GCP errors can indicate either a gross error 
or an issue with the block bundle adjust-
ment. Thus, a low GCP error should by no 
means be interpreted as high georeferencing 
accuracy. This is, unfortunately, a common 
mistake made by service providers when dis-
cussing their data quality.

In traditional airborne photogrammetry, the best configuration 
for GCPs is to set full control points at the corners and along the 
borders of the site, and height control points every 4-6 models 
and every 2-4 strips (Figure 2). However, in drone photogram-

Figure 1. Steps in photogrammetric processing.
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metry, usually higher model overlaps are recommended, and 
images are captured in unusual orientations, e.g. often highly 
oblique. Thus, this general suggestion for traditional photogram-
metry might not be realizable as easily. Therefore, simpler con-
figurations can be selected (Shahbazi et al., 2015) 

In the case of direct georeferencing (DG), the external orien-
tation parameters of the images are directly observed by the 
GNSS/INS without further modifications, i.e., one jumps di-
rectly to the dense matching step in the processing workflow. 
The accuracy of DG depends on three factors: the performance 
of the GNSS/INS components, the accuracy of platform cali-
bration (determining the lever arm offsets and the boresight 
angles between the imaging and navigation sensors), and the 
multi-sensor time synchronization quality (depending on the 
flight speed, every microsecond of the synchronization bias 
matters!). Usually, DG is avoided unless the processing time is 
a priority, and one needs to skip the sparse-matching and bun-
dle adjustment steps. The downside to this is that the DG er-
rors directly propagate to the reconstruction errors. Finally, for 
ISO, the observations of the GNSS/INS are added to the block 
bundle adjustment as additional weighted observations. The 
main benefit of ISO is that there is no need for GCPs since the 
mapping datum gets defined by the GNSS/INS observations.

Imaging Sensors
When selecting the camera, one needs to pay close attention 
to its controllable parameters as shutter speed, focal distance, 
depth of focus, gain value, image size, image format, and rate 
of acquisition. The worst enemies of accurate photogrammet-
ric products are auto-focus and zoom lenses. 

A frequently asked question is whether one should calibrate the 
internal parameters of the camera offline before starting the 
photo mission or it is sufficient to perform an on-the-job self-cali-
bration. The answer to this question depends on the mission con-
figurations. If the imaging network is geometrically well config-
ured and there are enough check data available on the site, then 
on-the-job self-calibration can be sufficient. Otherwise, throwing 
internal camera parameters as additional unknowns to the block 
bundle adjustment is not helpful – neither to camera calibration 
nor to scene reconstruction. The choice of camera model and lens 
(narrow-angle, wide-angle, and fisheye) adds another confusing 
element we will leave for future discussion.

The sensor pixel size and the lens focal length, together with the 
flight altitude, define the ground sampling distance (GSD), oth-
erwise known as spatial resolution. However, one should be care-
ful about reporting this theoretical GSD on the metadata of their 
photogrammetric products. For instance, a spatial resolution of 
1-cm does not guarantee that one can distinguish two objects 
separated by a 1-cm distance in the produced point cloud. There 
are many factors such as texture, exposure sufficiency, and the 
dense-matching method which impact the density of the point 
cloud and, thus, the real GSD. Besides, the GSD is a highly vari-
able value depending on the distance of the drone to the ground 
and the view-angle towards the object. Ideally, the average hor-
izontal reconstruction accuracy must be in a range of 1 to 1.5 
times the average GSD. As discussed, there can be no guaran-
tee of this assumption. Considering reconstruction accuracy, we 
should clarify this often-misused term. When reconstructing the 
3D model of an object, how close the model gets to the ground 
“truth”, e.g. vertical and horizontal distances and angles between 
corresponding points of the reconstructed model and the true 
model, is important. The reconstruction accuracy should not be 
confused with reconstruction completeness, which is a measure 
of how many detail gaps exist in the reconstructed model.

In conclusion, drone photogrammetry does have the potential 
of being used for surveying and high resolution mapping ap-
plications which demand high accuracy. However, many ele-
ments can negatively influence the correctness of this state-
ment. In addition, considerable attention should be paid to 
the ways that service providers obtain, interpret, and repre-
sent the measures of precision, accuracy, and completeness 
for their topographic products. 
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BOOKREVIEW

Introduction to Human Geography Using 
ArcGIS Online
J. Chris Carter
Esri Press: Redlands, CA. 2019. Ix and 429 pp., diagrams, 
maps, photos, images, index. Softcover and Electronic. ISBN 
9781589485198 (electronic). ISBN 9781589485181 (pbk.: alk.
paper). 

Reviewed by Stacey L. Kerr, Instructor, St. Jude 
School, Cincinnati, Ohio.

Introduction to Human Geography Using ArcGIS Online serves 
as an introductory textbook for undergraduate university stu-
dents and high school A.P. Human Geography students. The 
book is organized conceptually around key areas of human ge-
ography and uses real-world data and examples to engage stu-
dents with the subject. While the content and progression of this 
textbook are similar to other introductory texts in the study of 
human geography, this text separates itself by its inclusion of 
dozens of dynamic ArcGIS Online mapping exercises.

In chapter 1, the book begins with the introduction of broad 
ideas related to all subdisciplines of geography (e.g. space, re-
gion, place). However, Introduction to Human Geography Us-
ing ArcGIS Online immediately differentiates itself from other 
books on the market by also covering content one might find in 
an introductory GIS or Remote Sensing class. This includes sub-
sections on various aspects of data collection, map generation, 
and statistical measures. While these topics take a back seat in 
the remainder of the book, they are used to support and engage 
readers in the ArcGIS Online mapping exercises and examples 
provided by the author. 

Each chapter, excluding the first, focuses on one overarching 
area of study in human geography: population, migration, race 
and ethnicity, urban geography, food and agriculture, manu-
facturing, services, development, cultural geography, political 
geography, and human-environment interaction. Topics are ex-
plored in a deductive manner and highlight the most important 
ideas for students looking to complete the AP Human Geogra-
phy examination or hoping to lay foundational groundwork for 
study in university-level geography. Approximately 4-7 map-
ping exercises are interspersed throughout each chapter to sup-
port and demonstrate key concepts at work.

The writing of this textbook is clear, concise, and pedagogical. 
Potentially contentious topics such as race and ethnicity are ad-
dressed with thoughtfulness and appropriate depth for an intro-
ductory course. Frequent subtitling and imagery incorporation 
also add to the book’s readability. One weakness of the text is 
that some of the photos and maps are not quite crisp in resolu-
tion and visual quality. The images do however focus on power-
ful ideas and are thus still effective. Overall, the accessibility of 
the text and its wide use of real-world examples to demonstrate 
abstract concepts make the textbook engaging and relatable. 

Another strength of this textbook is the inclusion of dozens of 
ArcGIS Online mapping exercises. The mapping exercises are 
rich, use dynamic and reputable data, and help expose readers 
to basic uses and practices of digital mapping. Mapping exer-
cises can be accessed using a link found in the book and down-
loaded by chapter or in a bulk zip file. Available files contain 
the necessary data for the exercises as well as PDFs of lab-style 
instructions written in an easy-to-understand format. One can 
easily see the value of using up-to-date data with students in-
stead of reviewing outdated figures, as well as providing stu-
dents with a hands-on approach to topics that sometimes feel 
abstract to a young geographer. Instructors should be aware, 
however, that some exercises will require review and perhaps 

modification before assigning. This is because instructions for 
all exercises found in a single chapter appear in one large PDF. 
Opening a 70-page PDF of instructions (as is the case for the 
Chapter 1 exercises) could prove daunting to both high school 
and undergraduate students.

In sum, Introduction to Human Geography Using ArcGIS On-
line achieves its objective of introducing foundational topics in 
human geography to undergraduate and high school students 
with the help of active mapping exercises using ArcGIS Online. 
There are countless introductory texts on human geography, but 
this book fills a void in the literature by bridging the often-found 
gap between geospatial technologies education and human ge-
ography education. Effective instructor use of this text should 
allow students to see and understand the connection between 
various geography disciplines, instead of viewing them as dis-
crete entities. This book could be valuable to both the instructor 
of human geography courses, in addition to GIS and Remote 
Sensing instructors looking for engaging lab exercises. 
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by Clifford J. Mugnier, CP, CMS, FASPRS

The original inhabitants of Guinea were forced 
out of the area around 900 A.D., and numerous 
kingdoms were subsequently established. 

By the mid 1400s, the Portuguese visited the area 
and a slave trade was established. The area was 
under active trade with the British, French, and 
Portuguese in the 17th century; and the coastal 
region was declared a French Protectorate in 1849. 
Ad-ministered at various times by Senegal and the 
Rivieres du Sud, the territory of French Guinea was 
made a colony in 1893. The Federation of French 
West Africa, which included Guinea as a member, 
was established in 1895. Its status was changed 
to that of an overseas territory in 1946, and on 02 
October 1958, Guinea became the first state of the 
former French West Africa to gain independence. 
Guinea includes the Los Islands, an island group west of the 
capitol city of Conakry. The seacoast is marshy and is about 
274 km long; the interior rises to hilly and plateau regions. 
The highest point is Mount Nimba (1,752 m), near the tri-
point with Côte d’Ivoire and Liberia. Going clockwise from 
the north Atlantic Ocean to the west, Guinea shares borders 
with Guinea-Bissau, Senegal, Mali, Côte d’Ivoire, Liberia, 
and Sierra Leone. The Guinean maritime boundary is de-
fined in large part by a single, unique (in the world) Straight 
Baseline. By Decree of the President of the Republic in 1964, 
the limits of the territorial waters are fixed “to the north, by 
parallel of altitude 10° 56´ 42.55˝ north, and to the south, by 
parallel of altitude 9° 03´ 18˝ north, along a distance of 130 
sea miles seaward, reckoning from a straight line passing by 
the south-west of Sene Island of the Tristao group, and to 
the south, by the south-west foreland (cape) of Tamara Is-
land, at low tide.” The boundary between Guinea and Guin-
ea-Bissau was established through a Franco-Portuguese 
convention of 12 May 1886. The demarcation of the 384-km 

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 Republic of Guinea was 
originally printed in 2002 but contains updates to their coordinate 
system since then.

REPUBLIC OF 

GUINEA

boundary with straight lines between 58 markers and along 
thalwegs of rivers was completed and ap-proved by 1906. In 
1915 an arrêté (decision) by the Governor General of French 
West Africa promulgated a French decree establishing a 328 
km boundary between French Guinea and Senegal. Early 
in 1934 an arrêté promulgated a decree of the previous De-
cember changing the French Guinea –Senegal boundary in 
the sector between the head of the Tanague River and the 
junction of the Bitari and Koïla Kabé. A Franco-Liberian 
convention of 08 December 1892 delimited a boundary be-
tween the possessions of France (Côte d’Ivoire and French 
Guinea) and Liberia inland from the mouth of the Cavalla 
River to the tripoint with Sierra Leone. That 560 km bound-
ary with French Guinea was redrawn on 18 September 1907. 
Further surveys and commissions settled the matter with 
several procès verbaux (verbal proceedings) finally in 1926. 
The Guinea-Sierra Leone boundary has a length of approx-
imately 648 km. Established by Anglo-French convention of 
28 June 1882, a boundary was delimited from the Atlantic 
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Ocean inland along the drainage divide of the Great Scarcies 
and Mélikhouré (rivers) to an in-definite point in the interior. 
Later deter-mined by field surveys, the last agreement fixing 
the boundary was signed on 04 September 1913. In places, the 
boundary measurements are described to the closest half-me-
ter. Reading between the lines, I’d guess that the boundary 
commission surveyors had people literally looking over their 
shoulders during that process!

When the federation of the eight territories constituting 
French West Africa came into being in 1904, the Annexe de 
l’Institut Géographique National á Dakar had the local re-
sponsibility for topographic mapping. Also known as the Ser-
vice Géographique de l’Afrique Occidentale Française   SGAOF 
(Geographic Service of the French West Africa), topographic 
mapping of Guinea has been largely at the scales of 1:200,000 
and 1:500,000. This agency has performed a small amount of 
mapping at the scales of 1:20,000, 1:50,000, and 1:100,000. 
Topographic mapping of Guinea was in the past largely the 
result of rapid ground surveys. After WWII, the French ad-
opted aerial photography controlled by astronomical points 
(“Astro” stations) as the means of surveying and mapping at 
scales of 1:50,000 and 1:200,000. These compilations were 
also used for derivative mapping at smaller scales. There is 
complete coverage of the country at 1:500,000 scale, and at 

1:200,000 scale. The latter consists of sheets mainly based on 
ground surveys. A small portion of Guinea has 1:50,000-scale 
topographic sheets compiled, mostly by the French IGN 
in the coastal west, and by a cooperative agreement with 
the Japanese (JICA) for some sheets around Kankan and 
Kérouané-Macenta.

The oldest coordinate system in Guinea that I have been 
able to locate (with help) is the Conakry Datum of 1905 where 
Φo = 9° 30´ 58.997 N, Λo = 13° 42´ 47.483˝ West of Green-
wich, ξo = –4.50˝, ηo = –0.02˝, and the ellipsoid of reference 
is the Clarke 1880 (IGN) where a = 6,378,249.2 m and 1/f 
= 293.4660208. Thanks go to both John W. Hager, retired from 
NIMA, and to Russell Fox of the Ordnance Survey of the U.K. 
The origin point is at the Public Works Building in Conakry, 
and John W. Hager went on to say: “Reingold cites Les Man-
uels Coloneaux, “Cartographie Coloniale,” Paris, 1935 and 
“Catalogue de Positions Géographiques,” Paris, 1923 give the 
position to the nearest second. Annales Hydrographiques, 4e 
Série, Tome 1, Année 1950, Paris 1951, p. 155 gives the above 
but is listed as 3rd order. A position for the Railway Astro 
Pillar is given as latitude = 9° 30´ 54.5 N and longitude = 13° 
42´ 47.1˝ W, a difference in position of 138.6 meters. I would 
assume that the astro pillar was not permanently marked.”

Some minor hydrographic surveys were performed by the 
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French Navy, and these were based on local astro stations 
that served as origins of grids computed on the Hatt Azimuth-
al Equidistant projection. The Tabola River survey had its or-
igin at Cabrion Base North End (1936) where Φo = 9° 56´ 08.1 
N and Λo = 13° 54´ 42.4˝ West of Greenwich.

The defining azimuth to Cabrion Base South End was αo 
= 123° 34´ 00˝, and the baseline length was 1017.537 m. I 
was wondering why the French performed a survey in such 
a tiny locale that did not even appear on the standard CIA 
map of the country. I examined my Carte Générale of Guinée 
and noticed that there is a road to there through the town of 
Koba that winds north up into the hills. Apparently, some-
thing valuable was being trucked out of those hills to the port 
of Taboriya. Hager found one at “Binari 1949 (code BIN) at 
the I.G.N. Astro, latitude = 10° 30´ 26.2˝ N, longitude = 14° 
38´ 45.0˝ W (1) or ... 41.03˝ (2) or ... 40.0˝ (3), Clarke 1880. 
Position (1) is from Annales Hydrographiques, 4e série, Tome 
Sixième, Année 1955, p. 247. Position (2) is from Annales Hy-
drographiques, 4e série, Tome Dixième, Années 1959-1960, p. 
65, Paris 1961. Position (3) is a footnote to (2) and refers to the 
1954 survey by M. Sauzey.”

There have been some other rather curious coordinate sys-
tems devised for Guinea during the 20th century. Prior to and 
during WWII, there were a number of military Grids that 
were collectively termed the “British Grids.” These were all 
documented and computed into projection tables by the U.S. 
Army. One published by the U.S. Army Corps of Engineers 
Lake Survey in 1943 was the Guinea Zone based on the Lam-
bert Conical Orthomorphic Projection Tables. The de-fining 
parameters are Latitude of Origin, (jo) = 7º N, Central Merid-
ian (lo) = 0º (Greenwich), Scale Factor at the Parallel of Ori-
gin (mo) = 0.99932, False Northing, FN = 500 km, and False 
Easting, FE = 1,800 km. The wording for the projection is 
characteristically British, as is the method of presenting the 
defining parameters, and the projection is definitely the fully 
conformal version rather than the French Army version of the 
time. Furthermore, the parameters given for the Clarke 1880 
ellipsoid were the British version where a = 6,378,249.145 m 
and 1/f = 293.465. This grid continued in use by the U.S. Army 
Map Service for a couple of de-cades after WWII.

Immediately after WWII , the French Institut Géographique 
National devised a number of grids for l’A.O.F. useage as of 
12 December 1945. The region of French Guinea was to be 
covered by two fuseau, or zones: “Fuseau Sénégal” with lo 
= 13º 30´ West of Greenwich, and “Fuseau Cote d’Ivoire” with 
lo = 6º 30´ West of Greenwich. The scale factor at origin (mo) 
= 0.999 and the ellip-soid of reference was to be the Interna-
tional (Hayford 1909) where a = 6,378,388 m and 1/f = 297. 
Because there was not a great deal of existing mapping in 
French West Africa at the time, most datums were established 
by astro shots and few classical chains of quadrilaterals had 
been surveyed. The introduction of a new ellipsoid was there-
fore not of major geodetic importance to existing cartographic 
work. French Navy Hydrographic surveys of the late 1940s in 
Guinea were cast on the Fuseau Sénégal Grid. When I was in 

college, I once read a science fiction novel about a disgruntled 
cartographer on a lonely expedition to a new planet. He chose 
risqué names for his gazetteer, and that fact went undiscov-
ered for many years. While perusing the report of the French 
Navy hydrographic survey of the mouth of the Saloum River 
(Mission Hydrographique de la Côte Ouest d’Afrique, 11 Mai 
1950 – 18 Mai 1952), guess what I found? Yep, an Ameri-can 
vulgarism and an American gangster’s name for triangulation 
stations!

The U.S. Army Map Service concocted the Universal Trans-
verse Mercator (UTM) Grid System for worldwide use in 
1948. France had been trying to gain an international con-
sensus for some sort of similar system, and quickly adopted 
the UTM for most of its colonies. As of 30 September 1950, all 
new surveying and mapping of French Guinea was done on 
the UTM Grid. That situation remains to this day. The only 
information available on a datum shift from the local datum 
to WGS84 for the entire country of Guinea is the entry in NI-
MA’s TR8358.2 for “Dabola Datum” where ∆a = –112,145, ∆f 
× 104 = –0.54750714, ∆X = –83m ±15m, ∆Y = +37m±15m, and 
∆Z = +124m ±15m. This four-point solution was published by 
NIMA in 1991. Because there is only a 1:200,000 scale map 
published of Dabola, and there are no 1:50,000-scale topo-
graphic maps nearby, I am unable to find a plausible reason 
for the choice of this transformation name or location other 
than it is more or less in the center of the country. I have 
found no other evidence of such a datum in existence.

Update
Missions
The National Geographic Institute’s mission is to design, 
implement and monitor the National Policy for National 
Geospatial Data Infrastructures (INDG).

As such, it is particularly responsible for:
• create, densify and protect the geodetic reference and 

leveling networks;
• to produce updated basic maps on a variable scale 

corresponding to the economic vocation of the country;
• to develop and ensure the application of national 

standards in terms of geodesy, cartography and aerial and 
satellite shots and to ensure control and harmonization of 
production in these areas,     

• to set up, at national level, a harmonized Geographic 
Information System (GIS);

• participate in carrying out work relating to the 
materialization of national borders and administrative 
boundaries;

• to participate in the development of terms of reference for 
tender documents and in the examination of offers from 
the geodesy, cartography and aerial photography markets.

The National Geographic Institute is the legal depositary of 
all cartographic, geodetic and aerial photography production 
on the national territory of which it ensures the filing.
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Organization / Teams
To accomplish its mission, the National Geographic Institute 
includes:

• A Land Survey Service, responsible for:
 – to design, establish, densify and maintain the national 

geodesic canvas, the general state leveling networks and 
any other network or canvas such as the astronomical 
and gravimetric network;

 – to draw up technical standards in terms of topography, 
geodesy and to ensure their correct use;

 – to provide services in its field of activity;
 – to carry out topographic and geodetic work relating to the 

materialization of borders and administrative boundaries.
• A Cartography and Geographic Information 

System (GIS) Service, responsible for:
 – to design and carry out basic mapping work throughout 

the national territory;
 – ensuring the control and harmonization of cartographic 

production;
 – to draw up technical standards, in particular 

conventional signs and to ensure their application;
 – to set up and manage the National Geographic 

Information System;
 – to carry out toponymic surveys with a view to 

standardizing geographical names;
 – manage, maintain and develop the map library;
 – participate in the development and / or validation of 

TORs, tender documents for mapping projects,
 – to participate in the analysis and analysis of the offers 

of the public mapping markets.
• An Air Surveys and Remote Sensing Service, 

responsible for:
 – to regulate all aerial shots
 – to carry out photo-interpretation and stereo preparation 

work;
 – carry out remote sensing and photo laboratory work as 

a service;

 – develop technical standards in the field of aerial surveys 
and remote sensing and ensure their correct use;

 – draft specifications for projects relating to aerial 
photography;

 – ensuring the control and harmonization of aerial 
photography;

 – manage and maintain the photo library;
 – to participate in the preparation of tender documents 

and in the analysis and analysis of offers from aerial 
photography markets.

• An Administrative and Financial Service, 
responsible for:
 – to provide the central secretariat of the Institute;
 – to draw up the annual budget of the Directorate in 

relation to the technical services and to carry out all 
financial and accounting operations;

 – to maintain the premises, rolling stock and IT 
equipment of the Institute;

 – prepare and / or supervise the production of the 
financial reports of the Institute and present them. 

A new territorial waters boundary is written that references 
positions on the WGS84 Datum but offers no ties to existing 
terrestrial coordinate systems.

• DECREE NO. D/2015/122/PRG/SGG, 19 June 

https://www.mtp.gov.gn/le-ministere/etablissements-publics/ign/.

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.

ASPRS Announces the 4th Edition of the Manual of Remote Sensing!
The Manual of Remote Sensing, 4th Ed. (MRS-4) is an “enhanced” electronic publication available online 
from ASPRS.  This edition expands its scope from previous editions, focusing on new and updated material 
since the turn of the 21st Century.  Stanley Morain (Editor-in-Chief), and co-editors Michael Renslow and 
Amelia Budge have compiled material provided by numerous contributors who are experts in various 
aspects of remote sensing technologies, data preservation practices, data access mechanisms, data pro-
cessing and modeling techniques, societal benefits, and legal aspects such as space policies and space law.  
These topics are organized into nine chapters. MRS4 is unique from previous editions in that it is a “living” 

document that can be updated easily in years to come as new technologies and practices evolve.  It also is designed to include 
animated illustrations and videos to further enhance the reader’s experience.

MRS-4 is available to ASPRS Members as a member benefit or can be purchased
by non-members. To access MRS-4, visit https://my.asprs.org/mrs4. 
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Special Issue on Urban Remote Sensing
Photogrammetric Engineering and Remote Sensing (PE&RS) 
is seeking submissions for a special issue on Urban Remote 
Sensing.

The formulation of the 17 Sustainable Development Goals 
(SDGs) is a major leap towards humankind’s quest for sustain-
ability. In recent decades, global urban areas have been rapidly 
expanding, especially in developing countries. The prospect is 
that the urbanization rate will reach 60% by 2030. Urban ex-
pansion will inevitably increase vulnerability to natural hazards, 
natural vegetation cover decline and arable land loss, urban 
heat islands, air pollution, hydrological circle alteration and 
biotic homogenization. Since urban ecosystems are strongly 
influenced by anthropogenic activities, a considerable amount 
of research has been conducted all around the world to under-
stand the spatial patterns, driving forces and the ecological and 
social consequences of urbanization. It is not only crucial for 
characterizing the ecological consequences of urbanization but 
also for developing effective economic, social and environmen-
tal policies in order to mitigate its adverse impacts.

Remote sensing has been widely used for investigating urban 
environment and the associated drivers during the urbaniza-
tion process, as it can quickly and frequently monitor large 
area surface change with lower cost, compared to filed survey 
or in situ measurements. Digital archives of remotely sensed 
data provide an excellent opportunity to study historical urban 
changes and to relate their spatio-temporal patterns to envi-
ronmental and human factors. With the rapid development 
of Earth observation techniques, it has become convenient to 
obtain a large number of remotely-sensed imagery over a cer-
tain area at different times, from hundreds of Earth observation 
platforms. However, this brings challenges to researchers to 
timely process the remote sensing big data as well as to rapidly 
transfer the data into information and knowledge.

Considering this, this special issue of PE&RS is aimed at re-
porting novel studies on exploiting remote sensing big data 
to monitor and improve urban environment, and showing the 
potential of remote sensing in developing sustainable cities, 
including but not limited to:

	y Urban remote sensing big data
	y Remote sensing information interpretation
	y Urban expansion, dynamics and associated environment 
consequences  
	y Remote sensing of urban water quality

	y Remote sensing of urban thermal environment
	y Remote sensing of urban geological environment
	y Urban sustainability assessment
	y Urban sustainable development
	y Urban Spatiotemporal analysis
	y Urban Sustainability Indicators
	y Urban environmental Monitoring

Papers must be original contributions, not previously published 
or submitted to other journals. Submissions based on previous 
published or submitted conference papers may be considered 
provided they are considerably improved and extended. Papers 
must follow the instructions for authors at http://asprs-pers.
edmgr.com/.   

Important Dates
	y July 1, 2020   Submission system opening
	y October 31, 2020   Submission system closing
	y Planned publication date: Dec. 2020 
	y Submit your manuscript to http://asprs-pers.edmgr.com/  
by Oct. 31, 2020.
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A History of Laser Scanning, Part 1:  
Space and Defense Applications

Adam P. Spring

Abstract
This article presents the origins and evolution of midrange 
terrestrial laser scanning (TLS), spanning primarily from the 
1950s to the time of publication. Particular attention is given 
to developments in hardware and software that document 
the physical dimensions of a scene as a point cloud. These 
developments include parameters for accuracy, repeatability, 
and resolution in the midrange—millimeter and centimeter 
levels when recording objects at building and landscape 
scales up to a kilometer away. The article is split into two 
parts: Part one starts with early space and defense applica-
tions, and part two examines the survey applications that 
formed around TLS technologies in the 1990s. The origins of 
midrange TLS, ironically, begin in space and defense ap-
plications, which shaped the development of sensors and 
information processing via autonomous vehicles. Included 
are planetary rovers, space shuttles, robots, and land vehicles 
designed for relative navigation in hostile environments like 
space and war zones. Key people in the midrange TLS commu-
nity were consulted throughout the 10-year period over which 
this article was written. A multilingual and multidisciplinary 
literature review—comprising media written or produced 
in Chinese, English, French, German, Japanese, Italian, 
and Russian—was also an integral part of this research.

Introduction
Midrange terrestrial laser scanning (TLS) developed out of 
space and defense applications. As will be discussed in part 
two, it evolved as a laser-based methodology that documents 
an object or environment to a known scale of measurement. 
Government agencies such as the Defense Advanced Research 
Projects Agency (DARPA) were a main source of funding for 
midrange TLS from the 1960s to the 1990s, until the technol-
ogy was recognized as a valuable tool for industrial uses 
during the period 1987–1998. Up to that point, midrange TLS 
provided an effective solution for the operation of unmanned 
vehicles and robots in environments otherwise hazardous to 
humans, such as war zones and space. It was primarily cre-
ated and refined for use in remote navigation systems from 
the 1960s to the 1990s. Subsequent uses based on computer-
aided documentation, which were facilitated by industrial as 
well as cultural-heritage (CH) applications, began in the late 
1980s. Transitions into this world of survey and documenta-
tion were as much about changes in business cultures and 
practices as they were about the available technologies in 
place at the time.

Four phases of development for mid-range TLS are ex-
plored in both parts of this article. The first phase is the initial 
technological development – where government agencies like 
DARPA and the National Aeronautics and Space Administra-
tion (NASA) started sensor-led initiatives. The second phase 
seeded business cultures and technologies - via corporate phi-
lanthropy laws, technology transfer laws and further develop-
ments in microelectronics. The third phase is shaped by the 
tripod based commercial systems that inspired this article, 

along with non-profit corporations that came out of Califor-
nia. Phase four was still playing out at the time this article 
was published. It is a period where remote navigation, mixed 
reality applications and simultaneous and localized mapping 
were transforming midrange TLS sensors into commodity 
items. Where mobile phones, tablet based computing and car 
based applications were clearly shaping future developments.

Time of flight (ToF) and phase-shift (PS) laser scanning in 
phases one and two of the development cycle are predomi-
nantly focused on in part one of this article. This part ends 
at the point where triangulation-based midrange TLS systems 
(developed by Xin Chen and with the founding of Mensi in 
1987 by Auguste D’Aligny and Michel Paramythioti) became 
the gateway to industrial applications, which helped turn laser 
scanners into survey instruments (see Figure 1b). It explores 
initiatives funded by government agencies like DARPA, NASA, 
and the European Space Agency (ESA); the partnerships formed 
to develop solutions alongside emerging trends in computing; 
and early user adoption outside of space- and defense-based 
applications. It also lays the foundation for later discussions 
outlined in part two. This includes midrange TLS as it is cur-
rently defined, as well as an exploration of the period where 
technologies made the transition to commercial markets of use.

The Road to General Use
A road map of the development of midrange TLS is presented 
in Figure 1a. It shows the applications, technological devel-
opments, and projects that were required to attain the broad 
range of application that is now possible. For example, the 
period of research and development dating back to the 1960s 
was an era shaped by space and defense applications, where 
the development cycle in place was driven by artificial intel-
ligence and robotics (Matthies 1999). The funding model that 
sustained it was driven by government grants (Waldron and 
McGhee 1986; Song and Waldron 1989; Everett 1995; Gleich-
man et al. 1998; Matthies 1999; Roland and Shiman 2002). 
Laser based sensors were developed to serve the interests of 
departments like DARPA and later research programs like the 
Strategic Computing Initiative (Roland and Shiman 2002).

Despite being overlooked or untold, this part of the story 
of midrange TLS remains embedded in solutions used today. 
For example, laser scanners know their position in relative 
space because they were originally used for relative naviga-
tion in space-driven applications. The methodology can be 
traced back to the Space Race, where it became part of the 
NASA Surveyor program (Matthies 1999). It was this initiative 
that identified the need for more accurate sensors and sensing 
in unmanned space exploration—for guidance systems that 
could be used in vehicles like planetary rovers or dock-
ing space shuttles (Lewis and Johnston 1977; Waldron and 
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McGhee 1986; Gleichman et al. 1988; Tchoryk et al. 1991; 
Everett 1995; Flatscher et al. 1999; Gage 1995; Matthies 1999; 
Nilsson 2010). Feeding into this were sensors that came out of 
the Environmental Research Institute of Michigan (ERIM) and 
the Jet Propulsion Laboratory (JPL) at the California Institute of 
Technology (Matthies 1999; Roland and Shiman 2002).

The technologies developed between 1966 and1997 were not 
created with an intention to compete with survey equipment 
like total positioning stations, as they do in the marketplace 
today. The driving force behind their refinement was govern-
ment- and university-led initiatives like the Surveyor program 
and the Carnegie Mellon University (CMU) Navigation Labora-
tory (NavLab) (Everett 1995; Roland and Shiman 2002). This 
continued to be the case until commercialization took place in 
the 1990s.

Prior to the development of tripod-mountable systems for 
surveying, midrange TLS solutions had been used on satellites, 
space-exploration vehicles, robots like Shakey or Odex I, and 
autonomous land vehicles (Moravec 1983; Kweon, Hoffman 
and Krotkov 1991; Everett 1995; Matthies 1999). It was a form 
of computer vision used for navigation and terrain modeling, 
as an alternative to passive video and stereo camera-based 
navigation like structure from motion (Besl 1988; Tchoryk et 
al. 1991; Amann et al. 2001). For example, the Adaptive Sus-
pension Vehicle (ASV) and Autonomous Land Vehicle (ALV) 
projects, which were funded by DARPA, both used laser scan-
ners as part of their guidance systems (Waldron and McGhee 
1986; Gleichman et al. 1988; Song and Waldron 1989). Again, 
they were used to guide vehicles remotely through war zones 
and other environments hazardous to humans.

Shakey
Running parallel to the Surveyor program (1966–1968) was 
the DARPA-funded artificial-intelligence project called Shakey 
(1966–1972). This four-wheeled robot was developed by the 

Stanford Research Institute (Nilsson 1984). It incorporated both 
active and passive systems of sensing into its design, which 
made it autonomous in a specially designed environment (Nils-
son 1969, 1984, 2010; Moravec 1983; Gage 1995). Shakey could 
use a vidicon television camera or a custom-built laser range 
finder (with rotating mirror) to determine its location (Nilsson 
1984; “Shakey Images” n.d.). Its design laid the foundation for 
TLS in general in robotic engineering at the Stanford Research 
Institute, as well as at CMU via Hans Moravec (Moravec 1983; 
Gage 1995). Shakey currently resides in the Computer History 
Museum in Mountain View, California (“Shakey” 2018).

Space, Defense, and Autonomous Vehicles
By 1977, a ToF-based scanning device, the Scanning Laser 
Rangefinder, had been developed by JPL (Lewis and Johnston 
1977; Everett 1995). The project identified limitations based 
on accuracy, how these limitations might be mitigated, and 
laid the groundwork for tripod-based ToF solutions (Lewis 
and Johnston 1977). Yoshiaki Shirai and his team at the 
Electrotechnical Laboratory in Tokyo had also developed a 
slit projection-based method for range-finding in the period 
after Shakey but before the work at JPL. This was for the vision 
system in their ETL-ROBOT, with point information represented 
in a scan line-based pattern (Shirai 1972). Similar triangula-
tion-based methods are discussed later in the section called 
The Point Cloud –  via the early CH based work of the Coig-
nard family (Figure 6) and (separately) the Scannerless Range 
Imager. The latter was developed at Sandia National Laborato-
ries in New Mexico, and was built to run on a Motorola 68000 
computer processing unit-based Amiga computer (Sackos et 
al. 1998).

Hans Moravec also explored navigation and obstacle 
avoidance at the Stanford Research Institute around the same 
period as the JPL Scanning Laser Rangefinder, 1973 to 1981, 
(Moravec 1983; Gage 1995). He used a stereo vision system on 

Figure 1. (a) The road map of midrange terrestrial laser scanning outlines the transition from vehicle-based systems, which 
started out as research-funded projects focused on space and defense applications. These solutions eventually crossed over 
to commercial tripod-based applications for geodetic and surveying-based uses in 1998. They were, however, first used for 
industrial and cultural heritage applications in the build up to a market forming around the technology. ARPA= Advanced 
Research Projects Agency; CH = cultural heritage; DARPA = Defense Advanced Research Projects Agency.

Figure 1. (b) Midrange TLS solutions available at time of publication. They came out of 11 different countries, 18 different 
companies, and a research laboratory.

420 J u l y  2020  PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING



Midrange Terrestrial Laser Scanning Systems (at Time of Publication)
(a) The RGB Imaging Laser Radar, which came out of the Italian National Agency for New Technologies, Energy and Environ-
ment (ENEA) in 2007. The scanner uses three distinct beams (red: 650 nm, green: 532 nm, and blue: 450 nm) in monostatic 
configuration to create a color point cloud using the laser information alone.

(b) The BLK360 unit from Leica Geosystems. It is a time-of-flight system that was developed as part of a third pricing tier, 
which formed around laser scanning as technologies matured.

(c) The Effortless 3D scanner is also part of this third tier, and like the NCTech unit (m) contains a multibeam time-of-flight 
Velodyne VLP-16 sensor.

(d) The phase shift-based Zoller and Fröhlich 5016. It contains a low-light shooting functionality to support the high-dynamic-range 
camera system inside. It can also use a FLIR thermal imaging camera to combine with the point-cloud information it produces.

(e) The time-of-flight Stonex scanner from Italy resold by Leica Geosystems under its GeoMax brand.

(f) The P50 time-of-flight unit from Leica Geosystems. It uses a fiber laser and has a range of up to 1 kilometer. Gregory C. 
Walsh—who is discussed in part two of this article—suggested the fiber laser inside the unit and designed the high-dynamic-
range photography capabilities.

(g) The time-of-flight Topcon GLS-2000. It is based on the work of Jerry Dimsdale and the team at Voxis – the company Dims-
dale founded after leaving Leica Geosystems. Voxis was acquired by Topcon in 2008.

(h) The Faro Focus S, another phase-shift laser scanner to come out of Germany. Faro laser scanners are discussed in more 
detail in part two.

(i) The time-of-flight Trimble TX8. The US-based Trimble entered into midrange TLS via the French company Mensi, which is 
discussed later.

(j) The Riegl VZ-400i time-of-flight scanner. It has a range of up to 800 m and is one of four TLS units sold by this Austrian 
company. Riegl was one of the first companies to sell commercial midrange laser scanners, along with Cyra Technologies (now 
Leica Geosystems HDS), K2T (later Quantapoint), and Mensi (absorbed into Trimble after acquisition in 2003).

(k) The Clauss RODEONscan, L.A.M.B.E.R.T., and Smartscan units stemmed from the company’s background in panoramic and 
gimbal-head unit-based photography. Clauss scanners are priced in the same range as (b), (c), and (m).

(l) is the Sweep kit from Scanse. The Sweep unit came in a build it yourself kit – similar to early personal computers like the 
ALTAIR 8800. It included low cost computers like Raspberry Pi. The Sweep is – along with SLAM based sensors produced by 
companies like Velodyne in n) - an indicator that a commodity market had started to solidify around laser scanning technolo-
gies by 2016.  This is similar to how microchips started to become a commodity item as personal computers evolved, as dis-
cussed in more detail in the second part of this article. The RPLidar from Slamtec was another sensor that could be used with 
the ARM based Raspberry Pi at time of publication.       

(m) The NCTech LASiris incorporates a Velodyne VLP-16 sensor and was primarily positioned for virtual and augmented 
reality-based applications.

(n) Velodyne sensors stemmed from the DARPA Grand Challenge. They have become commodity sensors that were being heavily 
used in mobile mapping and self-driving-car applications by time of publication. Units from Effortless 3D and NCTech demon-
strate that these sensors found a use in tripod-based systems as well.

(o) The RTC360 from Leica Geosystems. This time-of-flight laser scanner saw the return of Gregory C. Walsh as primary system 
architect for a scanner developed by Leica Geosystems. The last one he had led the development of at the company was the 
C10 (the final unit to use the green laser system suggested by John Zayhowski to Cyra Technologies). RTC360 contains an inertial 
measurement unit (IMU), as well as a series of cameras to help track its position in the scene it documents. It also has double 
laser and imaging features.

(p and q) The Polaris and ILRIS-3D time-of-flight scanners from Optech. The company and its laser-scanning technology have 
close ties to the Canadian Space Agency due to past projects developing sensors for space, such as the laser ranging interferom-
eter. The first ILRIS was released commercially in 2000.

(r) The Opal family of time-of-flight scanners from Neptec also has close ties to the Canadian Space Agency, for the same rea-
son. These scanners also have debris-filtering features built into their functionality.

(s) The Surphaser range of phase-shift scanners came out of Russia. The company also produces scanners in the submillimeter range.

(t) The Maptek range of time-of-flight scanners came out of Australia. They primarily stemmed from mining and industrial ap-
plications, as well as complementing Maptek software such as I-Site and PointStudio.

(u) The Trimble X7, released in September 2019. This time of flight-based system is more in line with the Zoller and Fröhlich 
5016 (d) and the Leica Geosystems RTC360 (o) – in that it incorporates other sensors like an IMU into its hardware. This makes 
the registration of point clouds more automated and easier to achieve.

(v and w) The VS1000 and VS10/VS30 laser scanners from Simai Surveying Instrument in Hefei, China. The VS1000 is a time-of-
flight scanner that uses a class 1 905-nm laser to collect information at a range of up to 1000 m. It collects points at a rate of 
36,000 points/s and has a global navigation satellite system receiver attached for absolute coordinate retrieval. It uses a Canon 
5D Mark II camera to add red, green, and blue information to the scans. The VS10 and VS30 also have a class 1 laser, collecting 
information at a rate of 250,000 points/s over distances of 15 and 40 m.

(x) Hi-Target is a company based in Guangzhou, China. Its HS450 scanning unit has been most comprehensively documented by 
Shan and Toth (2018). It is described as having a 1545-nm class 1 laser, scanning at a rate of 300,000 points/s at a range of 450 
m. It also uses an external camera to collect red, green, and blue information.

For a more detailed description of the specifications for each scanner, see their manufacturer specification sheets.
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a robot called the Stanford Cart. This took a similar form to 
the JPL Laser Rangefinder by 1979 (Moravec 1983; Gage 1995). 
When Moravec moved to CMU in 1981, his work became the 
reference point for a smaller system called the CMU Rover 
(Moravec 1983). It also laid the groundwork for the CMU 
NavLab created in 1984 (Thorpe et al. 1987). This university-
based laboratory was dedicated to developing semiautono-
mous and autonomous vehicles using computer vision. PS la-
ser scanners sold as survey tools—from Quantapoint (formerly 
K2T) and Zoller and Fröhlich (Z+F)—were developed because 
of NavLab-led initiatives, such as the Franklin scanner (Han-
cock et al. 1998a; K2T 1998). There was also a connection to 
European efforts, such as the Eureka PROMETHEUS Project, 
through Dirk Langer. He helped develop the laser module for 
the Franklin scanner, and brought Christoph Fröhlich to CMU 
to collaborate because of the laser module he had designed 
in Germany. The PROMETHEUS Project was the largest research 
and development project for self-driving cars, running from 
1987 to 1995; Langer worked on ultrasonic sensors for it, 
which was the groundwork for his coming to CMU. Both the 
Franklin and PROMETHEUS projects marked a collaborative 
effort between universities and businesses. Car manufacturer's 
were amongst the companies interested in the technology.

The JPL Laser Rangefinder was soon followed by a PS 
system funded by DARPA (Gleichman et al. 1988; Gage 1995; 
Roland and Shiman 2002; Nilsson 2010). It was built by ERIM, 
which had worked with the Bendix Corporation, an American 
manufacturing and engineering company, to develop Lunar 
Surface Experiments Packages for NASA as part of the Apollo 
missions (Latham et al. 1969; Hartman 1992). ERIM had also 
worked extensively on multispectral scanning systems in 
satellites (Polcyn, Lyzenga and Marinello 1977). This work 
included tracking the exact distance to a point on the moon’s 
surface to within a few inches using modulated lasers (Knock-
eart and Wilkinson 1975; Wolfe and Zissis 1978).

The ERIM sensor was built for the ASV in 1982 (Gleichman 
et al. 1988; Gage 1995; Roland and Shiman 2002; Nilsson 
2010). As seen in Figure 2, the ASV was a six-legged all-terrain 
vehicle, which used the same alternating tripod movement 
seen in insects (Waldron and McGhee 1986; Song and Wal-
dron 1989). The ASV came out of a collaboration between Bat-
telle Columbus Laboratories and Ohio State University, with 

the ERIM sensor forming part of its navigation system (Zuk and 
Dell’Eva 1983; Patterson et al. 1984; Waldron and McGhee 
1986; Gleichman et al. 1988). It was designed to be deployed 
in environments unsuitable for wheeled vehicles and con-
sidered too dangerous to go through on foot (Patterson et al. 
1984; Waldron and McGhee 1986).

The ASV project was part of a long-term strategy that 
emerged from US military-funded research, which was di-
rected by an advisory board made up of artificial-intelligence 
specialists from academia and industry (Stefik 1985; Roland 
and Shiman 2002). It explored the use of autonomous vehicles 
for direct combat as well as search and rescue (Patterson et al. 
1984). It also led to ERIM being chosen for the 1984–1988 ALV 
program (Gleichman et al. 1988). It was this project that dem-
onstrated that PS systems were becoming a viable means of 3D 
data acquisition. The ALV program also formed part of a broader 
Strategic Computing Initiative program in digital technologies, 
which ran from 1983 to 1993 (Roland and Shiman 2002).

Autonomous Land Vehicle
Work began on the ALV project in September 1984, using the 
experimental ERIM sensor seen in the guidance system for 
the six-legged ASV (Gleichman et al. 1988). It can be seen in 
Figure 3, which shows an illustration of the ALV from Popular 
Science (Schefter 1985). The sensor was retrofitted to correct 
known deficiencies, then mounted to a vehicle and sent out to 
map the DARPA-Martin Marietta ALV test site in Denver, Colo. 
It was the first of four data-capture missions that provided 
information to the contractors: CMU, Martin Marietta Aero-
space, and Sandia National Laboratories. Each played a key 
role in future midrange TLS developments by refining both the 
hardware and the software (Zuk et al. 1985; Beyer, Jacobus 
and Pont 1987; Everett 1995).

Figure 3. The Autonomous Land Vehicle project introduced 
several new participants to laser scanning because of the 
Environmental Research Institute of Michigan sensor. It also 
brought Takeo Kanade, Pradeep Khosla, and Chuck Thorpe 
together—through two separate projects managed by Clint 
Kelly III. The three would later go on to form K2T together at 
Carnegie Mellon University and release the Franklin scanner 
as a commercial product. Christoph Fröhlich would also go on 
to create the Zoller and Fröhlich range of phase shift scanners 
after working on the Franklin. (Illustration by Ray Pioch. 
Reproduced by permission from John Schefter, “Look, Ma! No 
Driver,” Popular Science 227: PP. © 1985 by Ray Pioch.)

Figure 2. The Adaptive Suspension Vehicle was developed 
via a collaboration between Battelle Columbus Laboratories 
and Ohio State University. It used an insect-inspired leg 
system to navigate terrain. Its vision system also included a 
laser scanner from the Environmental Research Institute of 
Michigan (Hoggett 2010).
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The ALV program was a turning point for PS laser scanning. 
ERIM’s sensor, which collected sample range data for terrain-
modeling purposes, was a catalyst that brought together highly 
skilled research teams from CMU, Martin Marietta Aerospace, 
and Sandia National Laboratories (Gleichman et al. 1988; 
Thorpe et al. 1991a; Thorpe et al. 1991b). Their efforts refined 
PS based hardware and software solutions, making them more 
efficient at collecting spatial information. For example, the 
ALV project led to the development of computers small enough 
to fit inside a vehicle – in order to process ERIM data in real 
time. The ALV project also laid the groundwork for sustained 
research and development through CMU as the computer-vision 
partner, as well as kept the momentum going for space-driven 
initiatives like the Space Exploration Initiative (SEI) (Thorpe 
et al. 1991a; Thorpe et al. 1991b). PS solutions were on the 

cusp of being refined for industrial application via the NavLab 
initiative by the late 1980s.

Several ALV contractors acquired ERIM scanners in 1985 
(Gleichman et al. 1988). CMU used its scanner, along with 
other systems built by Perceptron and Odetics, as part of the 
NavLab autonomous vehicle initiative that began in 1986 
(Kweon et al. 1991; Hebert and Krotkov 1992; Kweon and 
Kanade 1992; Kelly 1994).

In particular, the NavLab explored and refined the applica-
tion of road vehicles modified for remote driving in urban or 
city environments. There was even a direct link to the ALV 
project through Takeo Kanade, Pradeep Khosla, and Chuck 
Thorpe (Chuck Thorpe, email to author, January 19, 2015). 
Kanade and Khosla were developing a robotic arm for a proj-
ect managed by Clint Kelly III, the same person overseeing 
Thorpe’s work on the ALV. Kanade, Khosla, and Thorpe went 
on to become K2T. The NavLab continued to produce autono-
mous and semiautonomous vehicles at the time of publication 
of this article; such vehicles, though, were first designed by 
the Robotics Institute at CMU and then the CMU NavLab.

PS technologies stemming from this branch of CMU research 
include those produced by K2T/Quantapoint (USA) and Zoller 
and Fröhlich (Germany; Hebert and Krotkov 1992; Froehlich, 
Mettenleiter and Haertl 1997, 1998; Hancock, Hoffman et al. 
1998; Hancock, Langer et al. 1998). iQvolution/Faro (Germa-
ny) went on to create its first PS systems in 2003–2004 (Feitz 
2003; “iQvolution Announces the iQsun” 2004). By 1998, 
K2T had released a scanner called the SceneModeler, after the 
research-driven Franklin in 1997 (Hancock et al. 1998b; Cho 
2000), and changed its name to Quantapoint in 1999 (“Quan-
tapoint lands $4 million” 2001). Christoph Fröhlich (Z+F) and 
Eric Hoffman (K2T/Quantapoint) had also conducted CH scans 
of the Eastern sculpture niche of the College of Fine Arts at 
CMU seen in Figure 4 (Froehlich et al. 1997, 1998; Hancock 
et al. 1998b). The Franklin system used for these scans was 
a joint effort between CMU, Z+F, and K2T. It was partly spon-
sored by the Ben Franklin Technology Center of Southwestern 
Pennsylvania, from which the Franklin took its name (Han-
cock et al. 1998b). Other contributors included the US Depart-
ment of Transportation and DARPA under the auspices of the 
Technology Enhancements for Unmanned Ground Vehicles 
(UGV) project (Hancock et al. 1998b).

When Timing Was Right
The second of the four phases of development for midrange 
TLS came to its conclusion in the same year as the SEI. This 
was one of the last space programs, along with European 
Space Agency initiatives, to advance laser scanning prior to 
the third, more general era of midrange TLS (Flatscher et al. 
1999). The SEI was equally as important as the ASV and ALV 
projects and the NavLab at CMU, because it led to a series 
of research programs and output that supported the system 
architectures of hardware released in 1997–1998. This was 
further driven by advancements encouraged in pumped and 
Q-switched laser systems, as well as the use of retroreflec-
tive targeting systems. The SEI was announced on July 20, 
1989, and was part of the 20th-anniversary celebrations for 
the Apollo 11 moon landing in 1969 (Tchoryk et al. 1991; 
Matthies 1999). Funding was geared toward the exploration of 
Mars (Tchoryk et al. 1991; Zubrin, Baker and Gwynne 1991).

Developments from the SEI included an analysis of active 
and passive sensors for space docking, planetary landing, and 
rover navigation via three comprehensive evaluation reports 
from ERIM (Tchoryk et al. 1991). Strategy reports were also 
provided by Martin Marietta Astronautics, and rover systems 
were developed by contractors like JPL (Zubrin et al. 1991; 
Matthies 1999). Technologies that made their way into indus-
trial systems, such as those developed by Cyra Technologies, 
included target solutions based on retroreflective surfaces and 

Figure 4. The scans of the Eastern sculpture niche of the 
College of Fine Arts at Carnegie Mellon University (CMU). 
The Franklin scanner that produced this data would 
soon evolve into the SceneModeler range of scanners. It 
was a tipping point moment for the Robotics Institute at 
CMU – built on experience gained from exposure to the 
ERIM sensor; projects like ALV; and collaborative efforts 
with researchers coming out of the Technical University 
of Munich (TUM) and the German manufacturing sector. 
Graduates of TUM like Dirk Langer played a key role in 
bringing Fröhlich, Mettenleiter, and Haertl to CMU – to 
work on the Franklin and SceneModeler scanners. All 
four men went on to become the driving force behind the 
Imager 5003, the first midrange TLS system from Z+F. In 
one respect, the story of phase shift-based midrange TLS 
is one of American and German collaboration and cross-
pollination.
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Q-switched or pulsed ToF laser systems (Zubrin et al. 1991; Wil-
son et al. 1999; Zayhowski 2010, 2018). For example, passive 
Q-switching of a laser was incorporated into Cyra Technologies 
laser scanners via John Zayhowski of the Massachusetts Insti-
tute of Technology (MIT) Lincoln Laboratory—a research labora-
tory with a long history of developing laser systems for space 
and defense projects (Jelalian 1992; Delaney and Ward 2000; 
Gschwendtner and Keicher 2000; Grometstein 2011). Zayhows-
ki recognized that a 532-nm green laser using a Q-switched 
system would fit the specifications given to him by Ben Kacyra 
and Jerry Dimsdale (seen in Figure 5). It addressed eye-safety is-
sues that could occur in a commercial-based laser scanning unit 
(Wilson et al. 1999; Zayhowski 2010). The diameter of the laser 
beam and the use of Q-switching provided a means of adjusting 
the intensity of a laser that was otherwise ideal for survey-based 
applications. Other requirements needed for the Cyra Technolo-
gies based midrange TLS systems—such as the timing circuit 
that came out of the Department of Energy's Los Alamos Na-
tional Laboratory—are discussed in more detail in part two of 
this article. The incentive to commercialize technologies linked 
to the SEI, which included the JPL rover seen in Figure 1a, came 
about when manned missions to Mars were abandoned for 
cheaper, robot-based solutions in 1992 (Hogan 2007).

Policy based influences on turning point moments to come 
out of the US can be traced back to the Stevenson-Wydler 
Technology Innovation Act of 1980. This started a chain of 
legislation passed over the next two decades, which enabled 
federal laboratories to transfer technologies to non federal 
entities in the US. The last of note in this time period being 
the Small Business Technology Transfer Act of 1992.

Best-Fit Solution and Developments in Computing
Midrange TLS is shaped by end-user requirements, the ap-
plications around which services or solutions are developed, 
and trends linked to computer processing. These contributing 
factors stretch across all phases of its history, be it space-based 
applications, machine vision for use in autonomous vehicles, 
or use for “as-built” surveying (explored in more detail in part 
two of this article). Its transition to industrial uses for “as-
built” information collection was also stimulated by the need 
for safer forms of environmental data collection in environ-
ments otherwise hazardous to humans. For example, two of the 
earliest European and North American companies to seriously 
explore midrange TLS outside of research applications did so 
for nuclear and industrial plant applications (Addison and 
Gaiani 2000; Kacyra et al. 1997; Pot, Thibault and Levesque 
1997). Cyra Technologies had stemmed from observations 
made by Ben Kacyra when he worked in nuclear and industrial 
plants at his engineering company, Cygna (Cheves 2014). Ben 
envisioned what was later described to the MIT Lincoln Labora-
tory (by Cyra Technologies) as a solution that could produce 
something like a “3D Polaroid” of the scene collected. On the 
other hand, triangulation-based Mensi systems were designed 
to meet the accuracy, repeatability, and resolution requirements 
needed to document nuclear power plants owned and man-
aged by Électricité de France (EDF) (Pot et al. 1997).

In its commercial period of use, midrange TLS became an 
answer to problems associated with preexisting computer-
aided design (CAD) workflows (Pot et al. 1997). This included 
idealized representations or designs in working environments 
where not knowing the imperfections in a built environment 
could cost lives. Midrange TLS was able to easily document an 
object or scene, enabling CAD drawings or plans to be based 
on real-time conditions at a level of detail not seen before (Pot 
et al. 1997; Zheng, Lewis and Gethin 1996). Prior to this, CAD-
based models ran the risk of being detached from their real-
world counterparts. The resolution of information capture 
was restricted to collecting a series of points on a surface, as 
opposed to collecting a digital mold of the surface itself. This 

was especially the case in environments where everything 
had known measurements assigned to it, such as pipe-filled 
spaces in industrial plants.

Enter Mensi
The first Mensi SOISIC scanners were developed around opti-
cal triangulation because of the accuracy, repeatability and 
resolution requirements of their application in industrial 
power plants in the early 1990s (X. N. Chen et al. 2005; Shan 
and Toth 2008). There the driving force was the speed of data 
recording in relation to safer working conditions for the end 
user. A system architecture based around optical triangula-
tion was adopted due to the restrictions associated with PS 
and ToF systems of the time (X. N. Chen, email to author, 
October 18, 2013; Fienup 2013). The accuracies and ranges at 
which information could be collected were not yet to mil-
limeter standard (Pot et al. 1997), and computer-based timing 
and calculation were not yet powerful enough to make ToF 
and PS viable options for high-resolution documentation and 
measurement (Wilson et al. 1999; Fienup 2013). It was only 
later, through improvements in integrated timing circuits and 
algorithm-based noise filtering in the waveform of the laser 
beam, that PS and ToF became the standard system architec-
tures for midrange TLS (Hebert and Krotkov 1992; Froehlich 
1997; Flatscher et al. 1999; Wilson et al. 1999; Fienup 2013). 
It is no coincidence that Mensi replaced optical triangulation 
completely by 2001, with the GS 100 scanner bringing their 
technology more in line with Cyra Technologies and Riegl 
systems. (X. N. Chen et al. 2005; Shan and Toth 2008). By 
this time, computer graphics-based processing was becom-
ing powerful enough to make working with point-cloud data 
easier and more affordable. 3D graphic architectures like 
RealityEngine from Silicon Graphics (SGI) had evolved into 
open standard application programming interfaces, such as 
OpenGL, which also made applications portable between 
devices (Akeley 1993). In other words, it was now easier for 
developers to create commercial point cloud-based software 
because of the continuity such an open standard provided–
much in the same way the MIDI file format did for sound 
engineers and musicians (Loy 1985).

Point Cloud-Based Computing Before Graphics Cards
Earlier examples of midrange TLS, like the ALV project, high-
light restrictions caused by computing power available at 
the time of the Strategic Computing Initiative (Roland and 
Shiman 2002). Onboard parallel computing—which enabled 
tasks or complex sets of information to be separated into 
smaller calculations and processed simultaneously—had to be 
used in order to work with terrain data in real time (Weems 
et al. 1991; Chuck Thorpe, email to author, Month DD, 2015). 
It was expensive but necessary due to the fact that the only 
other hardware capable of doing this was mainframe comput-
ers. Parallel processing allowed for the custom manufacture 
of a computer small enough and light enough to fit inside the 
ALV (Weems et al. 1991; Roland and Shiman 2002).

Point cloud based information became more accessible to 
a broader population of people because of graphic processing 
units (GPU). These started to make graphic intensive computer 
based tasks more affordable to a general consumer by the end 
of the 1990s. Prior to this, graphic based work carried out on 
most micro computers (an early term for a personal computer) 
were handled by the central processing unit and custom 
chipsets. Even by the mid-1990s, point cloud-based software 
like Computer Graphics Perception (CGP) was developed on 
specialist SGI and Sun Microsystems hardware—even though 
softwares like CGP were designed to run on standard Windows 
NT machines and Intel 486 processor-based laptops of the time 
(Kacyra et al. 1997). Software and hardware development was, 
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Figure 5. Key teams and some of the people who brought midrange terrestrial laser scanning (TLS) solutions to market in 
1997–1998. I would like to thank Xin Chen for the Mensi group photograph, Markus Mettenleiter for the SceneModeler 
photograph, Reigl USA for the photograph of Andreas Ullrich and Johannes Riegl, and Gregory C. Walsh and Guy Cutting for 
the Cyra Technologies group photograph. (a) The Mensi development team in France, 2001. Though they would cross over to 
time-of-flight scanning that same year, their work in laser-based optical triangulation (via the SOISIC scanner) helped to bridge 
the gap between close and midrange scanning between 1987 and 2001 (this is discussed in part two of this article). Trimble 
acquired Mensi in 2003. Far right, standing: Xin Chen, Chief Technology Officer of Mensi; far left, kneeling: Omar-Pierre 
Soubra, who also went on to work for Trimble and then Dassault in director-level marketing roles. (b) Christoph Fröhlich, 
Dirk Langer, Markus Mettenleiter, and Franz Haertl played a key role in helping to develop the K2T/Quantapoint Franklin and 
then SceneModeler phase-shift scanners. They went on from their time at the Robotics Institute at Carnegie Mellon University 
to develop the Z+F range of phase-shift scanners. Four of this German cohort of the phase-shift story graduated from the 
Technical University of Munich; Haertl had been working on hardware and software development for Z+F’s preexisting wire-
processing machinery business before transitioning to the emerging midrange TLS side of the business. This photograph was 
taken by Christoph Fröhlich and shows Markus Mettenleiter with an early version of the SceneModeler. It is seen to contain 
all of the components that would go into commercial midrange TLS (discussed in part two of this article). The big yellow 
box contains a signal processing unit. This and the computer were replaced in later versions of the SceneModeler by two 
smaller blue boxes that contained smaller single and computer hardware. Leica Geosystems sold Zoller and Fröhlich laser 
scanners under an original equipment manufacturers (OEM) agreement from 2005 to 2012. (c) Cyra Technologies was formed 
by Ben Kacyra and Jerry Dimsdale in California in 1993. The photograph shows Chief Technology Officer Jerry Dimsdale 
(front left), Chris Thewalt (back left), Jonathan Kung (back middle), and chief executive officer Ben Kacyra (front right). 
Cyra Technologies combined a 532-nm pulsed green laser from the Massachusetts Institute of Technology Laboratory with 
a timing circuit developed at Los Alamos National Laboratory to create its Cyrax scanners. The company also played a key 
role in helping form a stable market around midrange TLS, especially after its acquisition by Leica Geosystems in late 2000. 
Dimsdale, after the acquisition of his later company Voxis, went on to create another generation of midrange TLS systems that 
became the GLS series of scanners for Topcon. Kacyra went on to form the cultural heritage-based nonprofit CyArk (discussed 
in more detail in part two of this article). (d) Riegl is an Austrian company that brought a time-of-flight midrange TLS system 
to market in 1997–1998. This photograph shows Andreas Ullrich (right), who went on to become Chief Technology Officer at 
Riegl, next to the company’s founder and namesake, Johannes Riegl. Ullrich played a fundamental role in the development 
of the system architecture for the Riegl LMS-Z160/Z210 scanners. They were developed out of an European Space Agency 
funded project exploring landing shuttle sensors in the 1990s. Both Johannes Riegl and Andreas Ullrich graduated from 
the Vienna University of Technology (VUT). Dr. Riegl carried out long terms research at VUT on avalanche pulse generators 
(nothing to do with snow and ice) prior to forming the company in 1978. Ullrich completed a PhD thesis based on high-
resolution optical Doppler radar. By the time this article was published, Riegl had evolved into a company with a long history 
in the development of tripod-based and simultaneous and localized mapping (SLAM) laser scanning systems (discussed in 
more detail in part two of this article).
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Figure 6. The documentation of a statue of Emperor Augustus was one of many to come out of the collaboration between Mensi and 
the Coignard family in the 1990s. This example was one of the earliest attempts at creating a digital surrogate from an artifact. The 
point cloud (left) was used to generate a solid mesh (middle), which was then used to create a precise replica of the statue (right).

CloudCompare

Figure 7. The example above is a Poisson shading of inscribed stone surface from the Tristan Stone in Cornwall, UK.  Scan 
data was processed in CloudCompare and the test was carried out by George Bevan, Queens University, Canada. It built on 
previous work published by Adam P. Spring and Caradoc Peters outlined in the Journal of Archaeological Science article 
(Spring and Peters 2014).  Developing a low-cost 3D imaging solution for inscribed stone surface analysis. The on site 
collection of data is also seen in Figure 3 of part two of this article.

CloudCompare was developed as part of a PhD thesis between 2004-2007 by Daniel Girardeau-Montaut. Girardeau-
Montaut was working between Telecom ParisTech and EDF Research and Development (R&D) at that time. The software was 
initially geared toward industrial plant applications for "as-built" monitoring. This included the reporting and simulation of 
maintenance operations. However, previous mid-range TLS experience gained in organizations like EDF through MENSI - which 
included the heritage preservation work of EDF engineer Guillaume Thibault - took its development in other directions as 
well. For example, both the ambient occlusion shader (also referred to as 2D skydome) and unroll functions were implement-
ed by Girardeau-Montaut and Florent Duguet as part of scanning work done on the Omphalos in the museum at Delphi (Du-
guet et al. 2004; Thibault and Martinez 2007; Tarini et al. 2003). They represented features being implemented into software 
because of CH carried by EDF. The scans themselves were also inspired by Marc Levoy’s research group – more specifically the 
work that had been done as part of the Digital Michelangelo Project (INSIGHT 2018). Kevin Cain, who is discussed further in 
the sections Cultural Heritage as Marketing (Second to Third Phase) and The Non-profit Corporations (Third Phase) in Part 
two of this article, was also involved in the project.

Along with former Chief Technology Officer (CTO) of MENSI, Xin Chen, Guillaume - who supervised the development of 
CloudCompare – was instrumental in the development of the SOISIC scanners. Included in this development was the 3Dipsos 
software, as well as his involvement with both the Coignard family and CH projects discussed later in part two. CloudCompare 
uses an octree file structure that subdivides point cloud data into eight sections within the same coordinate system. This reduc-
es the computational power needed to work with large datasets, such as scandata, by spreading tasks between eight sections.
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in other words, still tethered to expensive custom hardware to 
make point cloud-based products work for an emerging user 
base. By 1999, a second wave of software came about due to 
the growing use of computers in the workplace. It was cen-
tered on client server-based workflows (Frei et al. 2005). Soft-
ware like Cyclone from Leica Geosystems, developed to be the 
successor to CGP by Cyra Technologies, is one such example 
from this period.

It was only in the 2000s that computer graphics became 
more affordable, because of companies like AMD and Nvidia. 
A substantial price and performance gap had existed between 
general and high-performance computing prior to this. For 
example, manufacturers like IBM viewed personal computing 
as the preserve of scientific or business machine applications 
(DeCuir and Nicholson 2016). The functionality and screen 
displays of personal computers were generally geared toward 
productivity software like spreadsheets and word-processing 
packages; they were not primarily made to be used for sophis-
ticated or visually complex graphics. Consumer applications 
that pushed those boundaries had their roots in entertainment 
or creative computing activities, such as video games and 
audio video production.

The Point Cloud
In the 1980s, the point cloud was revisited as an alternative 
to surface modeling, which had become a technique com-
monly used in computer graphics-based disciplines (Levoy and 
Whitted 1985; Levoy 2007). Earlier work on “virtual images” 
in the field of holography, however, had demonstrated the 
potential for documenting and presenting a scene in 3D using 
light-based techniques. The train examples generated by Leith 
and Upatnieks (1964), one of which is shown in Figure 1a, 
are a famous instance of this earlier work. CAD users started to 
realize that solid models made drafting and design processes 
more efficient—they could present actual surface conditions 
as opposed to working from plan drawings (Levoy and Whit-
ted 1985; Besl and McKay 1992; Kacyra et al. 1997; Addison 
and Gaiani 2000; Dekeyser et al 2003). At the same time, the 
potential to use personal computers for graphic-intensive tasks 
was also starting to emerge. For example, Amiga computers 
equipped with the Video Toaster from NewTek laid the founda-
tion for reasonably priced ray-tracing software like LightWave 
3D (DeCuir and Nicholson 2016). There was even a Scannerless 
Range Imager developed at Sandia National Laboratories to run 
on the Amiga (Sackos et al. 1998). Digital terrain modeling and 
height mapping had also become more accessible to a general 
audience. Design packages like Alias on SGI machines and 
fractal landscape generators like Scene Generator were bridging 
a gap that would later be filled by point clouds (Jaenisch et al. 
1994; Campbell 1997).

Point clouds provided a template from which scenes and ob-
jects could be modeled. From these point clouds, the “as-built” 
or “as-is” conditions of a scene could be used as the baseline 
data for survey-driven projects. This approach was fundamen-
tal to the CH-based workflows used by the Coignard family (fa-
ther and two sons) and EDF engineers like Guillaume Thibault. 
This early "as-built" based work–as applied to artifacts and 
cultural heritage sites–is explored in more detail in part two 
(Bommelaer and Albouy 1997; Coignard 1999; Thibault and 
Martinez 2007). Like the pixels of a photograph, which have 
an x- and a y-coordinate, a point cloud is used to document 
an environment with coordinates, except in three dimensions 
(Levoy and Whitted 1985; Levoy 2007). The z-coordinates give 
depth to the scene collected. Other information, like height-
field data and surface reflectance, can also be retrieved (Nitzan, 
Brain and Duda 1977; Y. Chen and Medioni 1992). One of the 
key outcomes of the relationship between Mensi and EDF that 

remains in use is CloudCompare – as discussed in more detail 
in Figure 7 (Daniel Girardeau-Montaut, email to author, April 
15, 2012). This EDF-funded point-cloud software became open 
source in 2009 (Girardeau-Montaut, n.d).

Summary
Part one of this article ends at a point where midrange TLS 
information starts to be collected to known accuracies, repeat-
ability of results and standards of resolution necessary for “as-
built” documentation. Otherwise known as a theoretical cam-
era model in 3D imaging, these types of considerations enable 
an object or scene to be documented within millimeters and 
centimeters over a known distance. Examples for repeatability 
of results within the context of midrange TLS include a) the 
ability to rescan an object or site with the same instrument 
and workflow to compare to previous results or baseline and 
b) features of the system architecture of the instrument, such 
as the number of times the signal of points returning to the 
scanner can be sampled to help improve data quality. 

Providing an historical perspective for development helps 
the potential user of midrange TLS to better understand it 
in a number of ways. First, it helps provide context to what 
might otherwise be seen as a black box technology - where the 
knowledge economy mainly resides with the manufacturers 
of the technology. Second, it helps to better contextualize how 
and why relative navigation remains at the core of midrange 
TLS technologies - because of early space and defense ap-
plications identified through agencies like NASA and funded 
by DARPA. Third, survey based solutions used today are part 
of a lineage that can be traced back to vehicle based solu-
tions. In other words, the technology made the transition to 
tripod based applications. It did not start out as a tripod based 
survey method. Fourth, the development of midrange TLS 
was closely aligned with and reactionary to broader develop-
ments in personal computing and microelectronics at time of 
publication. Fifth, a thread running throughout the history of 
midrange TLS is the need for applied research and develop-
ment based on detailed information retrieval in environments 
otherwise hazardous to humans. For example, it is a common 
point of reference between the foundation companies for 
commercial use - discussed in more detail in part two.
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Improved Crop Classification with Rotation 
Knowledge using Sentinel-1 and -2 Time Series

Sébastien Giordano, Simon Bailly, Loic Landrieu, and Nesrine Chehata

Abstract
Leveraging the recent availability of accurate, frequent, and 
multimodal (radar and optical) Sentinel-1 and -2 acquisitions, 
this paper investigates the automation of land parcel identi-
fication system (LPIS) crop type classification. Our approach 
allows for the automatic integration of temporal knowledge, 
i.e., crop rotations using existing parcel-based land cover 
databases and multi-modal Sentinel-1 and -2 time series. The 
temporal evolution of crop types was modeled with a linear-
chain conditional random field, trained with time series of 
multi-modal (radar and optical) satellite acquisitions and 
associated LPIS. Our model was tested on two study areas in 
France (≥ 1250 km2) which show different crop types, various 
parcel sizes, and agricultural practices: .the Seine et Marne 
and the Alpes de Haute-Provence classified accordingly 
to a fine national 25-class nomenclature. We first trained 
a Random Forest classifier without temporal structure to 
achieve 89.0% overall accuracy in Seine et Marne (10 classes) 
and 73% in Alpes de Haute-Provence (14 classes). We then 
demonstrated experimentally that taking into account the 
temporal structure of crop rotation with our model resulted 
in an increase of 3% to +5% in accuracy. This increase was 
especially important (+12%) for classes which were poorly 
classified without using the temporal structure. A stark posi-
tive impact was also demonstrated on permanent crops, while 
it was fairly limited or even detrimental for annual crops.

Introduction
The Sentinel-1 and -2 satellites provide open and free acquisi-
tions exhibiting unprecedented characteristics which are 
well-suited to agriculture monitoring: high temporal frequen-
cy (5–6 days), the complementary C-band Sentinel-1 radar 
images and multispectral Sentinel-2 images with relevant 
spectral bands to crop mapping, and high spatial resolution 
(10–20 m). In Europe, several cases of agricultural monitoring 
using Sentinel images have been proposed (European Com-
mission 2016), such as observing crops (e.g., for crop area 
estimates, crop map products, crop phenology indicators) and 
controlling Common Agricultural Policy payments (e.g., for 
permanent grasslands, greening measures). Sentinel Images 
have also been used for updating and controlling the quality 
of the land parcel identification system (LPIS), a geographical 
information system on agricultural parcels, at a national scale, 
updated annually (Boryan, Yang, Mueller et al. 2011).

This paper introduces a tool for automated LPIS crop type classi-
fication from multi-modal Sentinel time series which incorporates 
knowledge from existing LPIS editions to improve its accuracy.

Multi-Temporal Satellite Images for Crop Mapping
Satellite time series are particularly well-suited for identify-
ing different crop types, as they allow for the monitoring of the 

evolution of the plant’s phenology. This is particularly crucial 
in the growing or harvest seasons. Synthetic aperture radar (SAR) 
data are crucial as well, as they mitigate the effect of cloud cover.

Many studies have demonstrated the potential of multi-
temporal Sentinel and Landsat-8 images for crop type 
mapping (Palchowdhuri, Valcarce-Diňeiro, King et al. 2018; 
Veloso, Mermoz, Bouvet et al. 2017; Vuolo, Neuwirth, Im-
mitzer et al. 2018; Belgiu and Csillik 2018; Ottosen, Lommen, 
SkjãÃÿth, 2019; Defourny, Bontemps, Bellemans et al. 2019) 
and the contribution of SAR time series for crop monitoring 
(Whelen and Siqueira, 2017; Li, Zhang, Zhang et al. 2019).

Inglada, Arias, and Tardy et al. (2015) assessed state-of-the-
art methods for automatic crop mapping with multi-temporal 
and high resolution optical images. Five different classification 
approaches using SPOT4 and Landsat-8 images were compared 
for six annual crops, over 12 different study areas, with the 
best results (overall accuracy) (OA = 80%) obtained using the 
Random Forest classifier. In Kussul, Lemoine, and Gallego et 
al. (2016), Landsat-8 and Sentinel-1 time series were used on 
a study area in Ukraine. A pixel-based classification com-
bined with a parcel-based regularization (majority voting) was 
proposed using LPIS ancillary data. An OA of 89% was reached, 
but only on a nomenclature comprised of six annual crops 
and large parcels (>250 hectares (ha)). Wagner, Narasimhan, 
and and Waske (2018) combined Sentinel-1 and -2 to improve 
land cover mapping in cloud-prone regions. Veloso, Mermoz, 
and Bouvet et al. (2017) showed the importance of radar data 
for crop mapping. More recently, the Sentinel-2 Agriculture 
Consortium (Sen2Agri) has led experiments at the country 
level (Czech Republic) using Sentinel time series for crop 
mapping (Sen2-Agri GISAT s.r.o. 2018). A multi-sensor (Sen-
tinel-1, Sentinel-2) pixel-based supervised classification was 
performed. The LPIS was used for both learning and validation 
steps. Monthly cropland maps were produced with an overall 
accuracy greater than 80%, and each land cover type had a F-
score greater than 60%. In Defourny, Bontemps, Bellemans et 
al. (2019), three entire countries (Ukraine, Mali, and South Af-
rica) and five local cities were mapped using Sen2Agri system. 
Overall accuracy values were higher than 90%, and already as 
high as 80% midseason. However, only the five major crops 
were considered for each site. For the Sen2Agri framework, 
the nomenclature was generally limited to 5–7 classes and did 
not fully integrate temporal knowledge from existing data.

Crop Rotation Integration
Crop rotation knowledge can be used to improve agricultural 
yields (Berzsenyi, Györffy, and Lap et al. 2000) and soil qual-
ity (Karlen, Hurley,  Andrews et al. 2006). Crop type predic-
tion can also be improved using prior knowledge on crop 
rotations per parcel since a crop type is strongly correlated 
to past crop types. Modeling such temporal structures from 
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Sentinel image time series can lead to significant gains in 
classification accuracy. To take into account crop rotations in 
crop mapping, two issues have to be addressed:
1. How to model the crop rotations? 
2. How to integrate crop rotations in a land cover classifica-

tion process?
Two different approaches can be used to model rotations. 

The first one uses a priori agronomist expert knowledge. The 
second one consists in automatically learning crop rotations 
from the statistical analysis of past practices, as found in the 
LPIS annual archives. This crop rotation knowledge can then 
be modeled in a probabilistic framework by estimating the 
transition probabilities between each crop type from past 
years to the next. Castellazzi, Wood, Burgess et al. (2008) in-
troduced a mathematical framework modeling such transition 
probabilities to predict crop rotations at the landscape scale. 
Few studies have yet focused on the integration of crop rota-
tion information into classification pipelines. Osman, Inglada, 
and Dejoux (2015) studied early crop mapping using Markov 
logic, but not in combination to remote sensing observations. 
This model proved efficient for early crop type predictions 
at the beginning of the growing season, when few satellite 
images are available and crops are hard to distinguish. Other 
studies proposed to introduce a temporal structure using 
Hidden Markov Chains in a classification pipeline but aimed 
at modeling phenology instead of crop rotations (Aurdal, 
Huseby, Eikvil et al. 2005; Leite, Feitosa, Formaggio et al. 
2011; Siachalou, Mallinis, Tsakiri-Strati 2015). Kenduiywoa, 
Bargiel, and Soergel (2015) modeled phenology information 
into a conditional random field (CRF), but the classification 
was performed at different dates through the year. The CRFs 
were used for classifying land cover classes and crop types on 
mono-temporal Landsat data (Roscher, Waske, Förstner 2017). 
Hoberg, Rottensteiner, Feitosa et al. (2015) used CRF on multi-
temporal and multi-scale classification for change detection.

Objectives
This paper focuses on crop type prediction using LPIS and 
crop rotation knowledge learned from Sentinel-1 and -2 time 
series. This raises three main application and methodological 
questions: (1) What are the respective contributions of optical 
and radar time series for crop type prediction? (2) How to 
combine crop rotation and satellite observations into a unified 
classification pipeline? (3) What is the contribution of the tem-
poral structure with regard to observation-based classification?

To answer these questions, we propose a series of experi-
ments on the areas of interest using a detailed nomenclature 
with 25 classes with no assumption on parcel sizes. We test 
the contribution of both optical and radar time series sepa-
rately and jointly. We then compare the accuracy of classify-
ing these time series each year independently and integrating 
the temporal structure into a probabilistic model (linear chain 
CRFs) representing the influence of crop rotations.

This paper is organized as follows: we present the study 
sites and data in the section “Sites and Material”. In the sec-
tion “Methodology”, an observation-based classification at 
the parcel scale is presented, as well as a temporal-structured 
framework to integrate crop rotation information. Results are 
given and discussed in the sections “Results” and “Discus-
sion”, respectively.

Sites and Material
Study Sites
Two complementary sites were chosen in French territories. 
Both sites are research observatories where in-field crop type 
annotations are made annually. The location and charac-
teristics of each site are provided in Figure 1 and Table 1, 

respectively. The site name refers to the national number 
of the corresponding administrative department. Site04 is 
located in South Eastern France, in the Alpes de Haute-
Provence region, in the Durance River Valley. It is a represen-
tative of Mediterranean cultivated areas. It covers 1050 km2 
and is characterized by a highly variable topography, a very 
fragmented landscape, and a high diversity of crop types. 
Site77 is located near Paris, in the Seine et Marne region. It 
covers 233 km2. Contrary to Site04, it is characterized by a flat 
relief, with large parcels and a majority of cereal crops. Figure 
2 shows the distribution of parcel sizes on both sites. One 
can see that Site04 is much more fragmented with very small 
parcels, while Site77 has larger parcels reaching 20 ha.

Land Parcel Identification System
In France, the land parcel identification system (LPIS) is 
called registre parcellaire graphique (RPG). It has been avail-
able for the whole territory since 2002. For cultivated areas, 
the RPG gathers the geometric information (i.e., the parcel 

Figure 1. Localization of Site04 and Site77.

Table 1. Comparison of both study sites in terms of areas and 
crop types.

Class
No. parcels–
Site04

No. parcels–
Site77

Corn 147 350

Barley 517 158

Other cereals 2176 889

Rapeseed 154 85

Sunflower 293 X

Other oilseeds 116 X

Protein (peas) 87 76

Fiber plants X 76

Forage crops 1215 46

Meadows 3652 725

Fruit trees 298 30

Vineyards 249 X

Olive groves 1029 X

Aromatic crops 1452 X

Vegetables 520 131

Total no. classes 14 10

Total no. stable parcels  
(2015–2016)

9230 1902

Site area (km²) 1050 233
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delimitation) and the corresponding semantic information 
such as the owner, the operator, the area, and the crop type.

Both geometric and semantic information are updated by 
the farmers annually. Until 2014, the declarations were made 
at a block scale that corresponds to contiguous parcels with 
the same operator. Since 2015, the declarations have been 
made at the parcel scale, which simplifies machine-learning 
based approaches to crop prediction. The crop type is speci-
fied among more than 300 subclasses which are organized 
into 25 classes. 14 and 10 of these classes are present on 
Site04 and Site77, respectively (cf. Table 1).

Figures 3 and 4 show the 2016 RPG edition, i.e., the ground 
truth data on Site04 and Site77 respectively, with the corre-
sponding crop types. For Site04, dominant crops are: cereals 
(23.8%), meadows (30.7%), aromatic crops (12.2%), forage 
crops (10.2%), and olive groves (8.6%). As for Site77, two 
dominant crops are present: cereals (57.7%) and meadows 
(28.3%), followed by vegetables (5.1%). In this latter case, the 
data is highly imbalanced, making Site77 classification task 
more complex.

In this study, to be in tune with the first Sentinel-2 images 
availability, only the 2016 edition of parcel-based RPG was 
used for the training and the validation of the supervised clas-
sification model (see the section “Parcel-Wise Multi-Source 
Classification”). The 2015 parcels were necessary to train 
the temporal structured method (see the section “Temporal-
Structured Classification”). For learning crop rotations, only 
the geometrically stable blocks of parcels from 2010 to 2014 
were used. The number of geometrically stable parcels for 
both sites is given in Table 1.

Multimodal Sentinel-1 and -2 Images
We use both optical and radar Sentinel time-series for crop 
mapping. Sentinel-2 (S2) provides 10 multispectral bands 
for earth observation on the visible-short-wave infrared 
(VIS-SWIR) domain at 10 m and 20 m spatial resolution. Near 
infrared (NIR) and red-edge bands allow a fine characterization 
of crops. Sentinel-1 (S1) is a C-band SAR. The available mode 
on the studied sites was the Interferometric Wide (IW) mode 
that presents a dual polarization VV and VH.

For the year 2016, Sentinel-2 images were automatically 
downloaded from the Theia platform (https://www.theia-
land.fr/) in tiled format, calibrated as Top of Canopy (TOC) 
reflectance (Hagolle, Huc, Villa Pascual, et al. 2010) and 
accompanied with robust cloud mask information (Hagolle, 
Huc, Villa Pascual, et al. 2015). The 20 m Sentinel-2 images 
were resampled to 10 m spatial resolution. Radar Sentinel-1 
images were downloaded from the Peps platform (https://

peps.cnes.fr) in the Ground Range Detected format (GRD) 
which corresponds to the average of approximately five Single 
Look Complex acquisitions corrected by the incidence angle 
and resampled at 10 m spatial resolution.

Figure 2. Normalized histogram of parcel areas for Site04 
and Site77.

Figure 3. Site04: 2016 RPG parcel superimposed to a very 
high resolution Digital Terrain Model.

Figure 4. Site77: 2016 RPG parcel superimposed to a SRTM 
Digital Terrain Model.
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The total number of images is given in 
Table 2 and confirms the complementarity 
between Sentinel-1 and Sentinel-2 images. On 
Site77, particularly high cloud coverage led 
to only 12 Sentinel-2 images. In addition, S2 
orbit over Site77 had many acquisition prob-
lems in 2016. On the contrary, on this site, 
ascendant S1 images overlap, leading to more 
available radar images.

Sentinel Images Preprocessing
Figure 5 illustrates the optical and radar 
preprocessing steps to obtain parcel-based 
features for the classification workflow.

The dual polarization GRD S1 images were first calibrated 
to σ0 radar backscattering coefficient. The orthorectification 
was performed using the Shuttle Radar Topography Mission 
(SRTM) digital terrain model. The speckle is partly removed 
using a simple 5 × 5 Lee filter (Lee 1980). In addition to VV 
and VH radar features, an extra radar feature (σ0VH/σ0VV) was 
derived. This ratio is known to be more robust to acquisition 
system errors or environmental factors such as soil moisture 
leading to a more stable temporal indicator (Veloso, Mermoz, 
Bouvet et al. 2017). Average and standard deviation of these 
three features were then computed for each date and for each 
parcel. The number of radar features is shown in Table 2.

Sentinel-2 images were already orthorectified and calibrat-
ed in TOC reflectance. On Site77, only 12 Sentinel-2 optical 
images were obtained in 2016, as shown in Figure 6 with 
corresponding cloud cover, whereas 23 images were available 
on Site04 (cf. Figure 7). The missing data (clouds) were filled 
using a multi-temporal spline interpolation (Inglada 2016). 
Average and standard deviation of the 10 spectral bands and 
the Normalized Difference Vegetation Index (NDVI) per optical 
image were then computed for each date and for each parcel. 
The number of optical features is shown in Table 2.

Methodology
Our method proceeds in two steps: parcel-wise classification 
and temporal modeling. The first step aims to predict the crop 
types per parcel using Sentinel time-series for each year inde-
pendently. The second step integrates the temporal structure 
into a probabilistic structured model representing the influ-
ence of crop rotations. Modeling this temporal dependency 
may help correct erroneous classifications made in the first 
step and may also help classify ambiguous parcels by consid-
ering crops from previous years.

Parcel-Wise Multi-Source Classification
We first compute discriminative parcel-based features from 
satellite time-series. For each parcel, we consider all available 
optical and radar images for one year. We consider the aver-
age and standard deviation of each spectral feature over the 
pixels composing the parcel extent. We then concatenate the 

observations over the span of a year of acquisitions. A Ran-
dom Forest classifier provides a parcel-wise prediction under 
the form of pseudoprobabilities.

For a given parcel i and a given year t, we denote Xi
(t)∈RD 

the tensor of combined selected features, with D the selected 
feature size. Since we compute both mean and standard devia-
tion for each channel at each time step, D = 2×C×S, with C the 
number of channels, and S the number of acquisitions per year. 
To counterbalance the over-representation of certain classes in 
our data sets, we set class weights inversely proportional to the 
square root of the number of instances in each class. This class 
weights are used by the random forest classifier to give more 
importance to rare classes and recover them more easily.

Temporal-Structured Classification
We now consider the year-by-year temporal structure of each 
parcel independently. We denote by Xi

(t)∈ RT×D the sequence 

Table 2. Characteristics of the parcel-based features for both sites. 

Site
No. of 
dates Optical features Radar features Total

04 Optical: 23 22 per image 6 per image Optical: 460
Radar: 28 σ, µ of (10 bands + NDVI) (σ, µ of 3 radar features) Radar: 168

 Total 628
77 Optical: 12 22 per image 6 per image Optical: 240

Radar: 85 σ, µ of  
(10 bands + NDVI)

(σ, µ of 3 radar features) Radar: 509

 Total 749
Features are detailed in the text.

Figure 6. S2 optical images over the year 2016 and corresponding cloud cover on Site04.

Figure 7. S2 optical images over the year 2016 and corresponding cloud cover on Site77.

Figure 5. Sentinel-1 and -2 preprocessing steps.
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of observed features Xi
(t)∈RD for parcel i and for all years 

t = 1, …, T available for training. Likewise, we denote Yi ∈KT 
the ground truth labels for parcel i for each observed year 
t = 1, …, T and with K the set of all possible labels.

In the section “Temporal Structure”, we present the graphi-
cal model chosen to capture crop rotation. In the section 
“Learning”, we explain how the parameters of this model can 
be learned from previous LPIS editions. In the section “Infer-
ence”, we explain how to use our model to compute predic-
tion of the label of a parcel at a given date.

Temporal Structure
The aim of this step is to model the yearly crop rotations in 
order to improve crop type prediction. We model this depen-
dency with a linear chain CRF of order m, as shown in Figure 
8. For a parcel i, we model the posterior distribution P(Zi|Xi)
of predicted labels Zi∈KT given the observed features Xi as:

P Zi Xi
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where A is a normalizing factor, O the observation potentials, 
and I the interaction potentials, described below.

Figure 8. Graph structure of the temporal dependency at order 2.

Observation potential: The observation potential models 
the link between the observed features and the label of each 
parcel. O(Zi

(t), Xi) is taken as the logarithm of PRF (Zi
(t), Xi), the 

pseudoprobability for parcel i at year t to be class Zi(t) given 
by the Random Forest classifier, described in the section 
“Parcel-Wise Multi-Source Classification”:

 O(Zi
(t), Xi) = log PRF (Zi

(t), Xi). (2)

Interaction potential: This potential models the temporal de-
pendencies between the parcel’s labels at a given year t given 
the labels at the m previous years. We model this potential as 
the logarithm of the transition probability M(Zi(t – m), … ,Zi

(t)) 
from the sequence of m previous labels Zi

(t–m), …, Zi
(m) , to a la-

bel Zi
(t) at the current date (Liu, Song, Townshend et al. 2008). 

For the sake of simplicity, we choose a temporally homoge-
neous parametrization, independent of the observed features, 
and shared by all parcels and years:

 I(Zi
(t–m), …, Zi

(t), X) = log(M(Zi
(t–m), …, Zi

(t))) (3)

with M ∈RK
m+1

 a tensor such that 

 ∑z1, …, zm–1∈Km–1Mz1, …, zm–1, zm
= 1

for all zm∈K, i.e., a stochastic tensor of order m. The tensor M 
is referred to as the transition tensor.

Learning
The observation potential is obtained by training the random 
forest classifier. A transition tensor M̂  can be learned from 
labeled data over past years. Indeed, maximizing the log-like-
lihood in Equation 1 with respect to

 z1, …, zm∈K

to M yields the following tensor M, defined for all

 

ˆ
, ,

, ,

, ,

M
N

Nz z
z z

z z
m

m

m

1

1

1 1

…
…

…

=
-  

(4)

with Nk1, …,km
 the number of sequences k1, …, km observed in 

the labeled data for all parcels and all years, and Nk1, …,km–1
  the 

number of sequences k1, …, km–1 observed in the first T–1 
years, where T is the total number of years available for train-
ing. Excluding the last year is necessary to ensure that M̂  is 
indeed a stochastic tensor.

To account for the large size of this matrix (|K|m+1), and to 
prevent numeric issues, we perform a Laplacian smoothing 
with α = 1 as described in Manning, Raghavan, and Schütze 
(2008, chapter 11.3.2)).

Inference
The aim of this step is to predict the label Zi

(t) of a given 
parcel at year t from the observation of the current year, 
and knowing its labeling in the m previous years. Once the 
random forest yielding the observation potential is trained on 
all available data, and the transition tensor M̂  estimated, the 
prediction is given by:

P Z k Z X P Z X M Zi
t

i
t m t

i RF i
t

i i
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 …… 
-( ), )Zi

t 1  (5)

and normalizing the results over k∈K to obtain a probability.

Experimental Setup
The random forest classifier is composed of 100 decision 
trees. The meta-parameters of the forest, such as the maxi-
mum number of attributes considered at each node, are cho-
sen by k-fold cross-validation with k = 4.

For the temporal structure, spatiotemporal homogeneity 
hypothesis allows us to estimate the transition tensor M̂ . For 
each study site, we use the geometrically stable parcel blocks 
over a period of five years (2010–2014). To decrease the 
number of parameters, only first order transitions were used 
(transition from one year to the next).

The data is randomly split equally into two distinct train-
ing and testing sets. The model is trained and validated on the 
training set while the quality of the model is estimated on the 
testing set. The OA is used to assess the general performance 
of the model. The F-score combines user accuracy (UA, or 
precision) and producer accuracy (PA, or recall) and allows 
estimating the per-class quality. The F-score for a class C is 
defined as follows:

 
F-score C

UA PA
UA PA

c c

c c

( ) =
+

2* *

 
(6)

To sum up this information, the F-scores are averaged, 
with and without weighting by each class cardinality. The 
weighted F-scores reduce biases due to imbalanced data. The 
results are averaged over 10 runs.

Results
The results are presented on two distinct agricultural sites 
(≥ 1250 km2), showing different crop types with highly 
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imbalanced data, various parcel sizes, different agricultural 
practices, and acquired by different Sentinel image distribu-
tions. Prediction accuracies are presented using different 
feature combinations and both with and without temporal 
modeling. The impact of parcel size on the classification ac-
curacy is also studied.

Transition Matrix Assessment
Figure 9 shows the estimated transitions between crop types 
as Hinton diagrams for both sites. First order transitions are 
normalized by the number of parcels of the initial class (year 
n - 1) which ensures it to be nonsensitive to imbalanced data. 
Besides, in case of missing crops, a smoothing is processed 
to avoid zeros in the transition matrix (cf. the section “Learn-
ing”). This smoothing may lead to some biases on minor 
classes but do not impact the results.

On Site04, the most probable transitions are to and from 
permanent crops, such as olive groves, vineyards, orchards, 
permanent meadows, and fruit trees reaching 98.34%, 
93.87%, 92.72%, 91.89%, and 84.23%, respectively. From 
Figure 9, we can observe that the standard rotation patterns 
of annual crops are generally not applied in this area. For 
instance, the rapeseed, proteins, and sunflowers have prob-
abilities of 76.53%, 66.78%, and 64.25%, respectively to be 
transformed to other cereals the following year.

On Site77, more transitions are observed for the annual 
crops. Agricultural rules for annual crop rotations seem to be 
better followed in this area. The rapeseed and proteins have 
probabilities of 97.09% and 94.85%, respectively, to be trans-
formed to other cereals the following year. Indeed, rapeseed 
→ winter wheat (in other cereals) → barley is a well-known 
three-year rotation for farmers of this area. Permanent crops 
such as meadows and fruit trees have a probability of being 
carried over the next year of 94.45% and 81.39%, respectively.

Optical versus Radar Sentinel Time Series
Overall accuracy and F-scores, using different configurations 
of optical and radar data, are displayed in Tables 3 and 4 for 
Site04 and Site77, respectively.

As reported in Site04 (cf. Table 3), optical data lead to 
better results than radar data (+9% for OA and +10% for 
weighted F-score). This may be explained by a low cloud 
cover in this area (Figure 7) and a finer native resolution of 
optical imagery that is more suited to small parcel sizes. Table 
3 confirms that optical and radar combination led to the best 
results when not modeling the temporal structure.

Contrary to the previous site, on Site77 (cf. Table 4), radar 
attributes improved the results of optical ones by 7%, achiev-
ing an overall accuracy of 89%. This can be explained by a 
combination of frequent acquisition problems and a high cloud 
cover in 2016, leading to many missing optical Sentinel-2 data 
(cf. Figure 6). In addition, the parcels on Site77 are larger and 
thus more compatible with radar Sentinel-1 image spatial reso-
lution. Consequently, using radar imagery solely led to similar 
results when combining optical and radar attributes.

Weighted F-scores, using combined radar and optical 
images, reached 88% and 71% on Site77 and Site04, respec-
tively. The crop type mappings and prediction errors are 
illustrated on Figures 10, 11, 12, and 13 for Site04 and Site77, 
respectively for test parcels.

Impact of Temporal Structure
Table 5 and Table 6 display the F-score, the user, and produc-
er accuracy measures per class for both approaches with and 
without temporal modeling using combined radar and optical 
images on Site04 and Site77, respectively. On Site77, from 
Table 6, one can see that high F-scores are obtained for annual 

Site04 Site77

Figure 9. Representation of the transition matrices with a Hinton diagram.

Table 3. Site04—Global prediction accuracies, using optical 
and radar imagery.

Config OA F-score Weighted F-score

No temporal modeling
 Radar 0.64 0.59 0.61
 Optical 0.73 0.67 0.71
 Radar + Optical 0.73 0.68 0.71
Temporal modeling
 Radar 0.76 0.60 0.7
 Optical 0.78 0.63 0.72
 Radar + Optical 0.78 0.64 0.72

Table 4. Site77—Global prediction accuracy, using optical and 
radar imagery.

Config OA F-score Weighted F-score

No temporal modeling
 Radar 0.89 0.73 0.88
 Optical 0.82 0.62 0.81
 Radar + Optical 0.89 0.74 0.88
Temporal modeling
 Radar 0.92 0.78 0.91
 Optical 0.87 0.67 0.85
 Radar + Optical 0.92 0.76 0.91
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crops (corn (94%), barley (90%), other cereals (95%), rape-
seed (96%), …). However, forage crops and fruit trees were 
not identified by the classifier and were instead classified as 
meadows (cf. Table 8). Forage crops class is harder to classify 
using only satellite observations since it is more a land use 
class than a land cover class, based on agricultural knowledge 
about the destination of cereal crops. Table 8 shows that the 
meadows class is often confused with other classes, particu-
larly fruit trees and other cereals. Meadows are composed of 
trees and bare soils and have a low volumetric radar response 
that make them indistinguishable from other cereals.

The quality of the prediction is lower for Site04 , with a 
weighted F-scores varying between 61% and 71%. This is due 
to the presence of more classes (14), small size of parcels, and 
highly imbalanced classes where meadows and other cereals 
represented almost 50% of the area, as shown in Figure 3. 
Similar to Site77, the confusion matrix for combined optical 
and radar data (Table 7) shows that most ambiguities occurred 
on meadows classes, other cereals, and forage crops. Besides, 
aromatic crops represented 12.3% of the area and proved 
hard to classify correctly.

Figure 10. Site04: Crop type predictions.

Figure 11. Site04: Prediction errors.

Figure 12. Site77: Crop type predictions.

Figure 13. Site77: Prediction errors.
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Impact of Parcel Size
Figures 14 and 15 show the impact of parcel size on parcel-
based classification without temporal modeling on both sites. 
For Site04, when keeping only large parcels (area >3 ha), over-
all accuracy improves by 15%, 5.9%, and 8.7% for radar, opti-
cal, and combined optical/radar attributes, respectively (Figure 
14). Indeed, due to the limited spatial resolution of Sentinel-1 
images, radar attributes are less robust on small parcel sizes. 
When considering parcels larger than >3 ha, radar images 
achieve similar results as optical images, with an overall accu-
racy of 79.3%. Finally, combining optical and radar data lead 
to better results in all cases, and especially for large parcels.

As for Site77, similarly to Site04, when considering only 
parcels larger than >3 ha, the overall accuracy is greatly 
improved by radar attributes (+ 8.1% reaching 97.1%), which 
confirms that radar images are less robust for smaller parcels.

Discussion
In the following, we will compare the contribution of optical 
and Radar Sentinel time series and the impact of parcel size. 
We then detail the impact of modeling the temporal structure 
and finally explain the impact of the site characteristics on 
the results.

Classification Without Temporal Modeling
First, we will compare the results of both sites using parcel-
based crop type prediction based on image observations only 
(without temporal modeling).

Optical versus Radar Sentinel Time Series
Depending on the image distribution and the cloud cover, op-
tical data may not lead to good results for crop type mapping. 
In our case, temporal missing data interpolation was used, 
which led to some uncertainties and decreased the classifica-
tion accuracy. On the other hand, radar data are less robust for 
small parcels (≤ 1.5 ha). However, this issue can be reduced 
by refining the preprocessing framework of radar data.

Table 7. Site04—Confusion matrices using combined optical and radar attributes.

Ground truth

Corn Barley
O. 

cereals Rapeseed Sunflower
O. 

oilseeds Protein
Forage 
crops Meadows

Fruit 
trees Vineyards

Olive 
groves

Arom. 
crops Vegetables

Classification
Optical and radar without temporal modeling
Corn 31 - - - 1 2 - - - - 1 - - 3
Barley - 47 9 - - - - 3 37 - - - 13 -
O. cereals - 5 684 - 5 1 - 5 59 - - 4 25 1
Rapeseed - - 1 56 - - - - 10 - - - - -
Sunflower - - 1 - 78 - - - 2 - - - 13 4
O. oilseeds 1 - - - 7 18 - - 4 - 1 - 2 7
Protein - 2 6 - - - 10 1 7 - - - 2 -
Forage crops - - 18 - 1 - - 173 239 6 3 9 64 2
Meadows - 3 16 - 3 1 - 47 1294 - 9 27 77 3
Fruit trees 1 - 1 - - - - - 52 56 1 9 5 -
Vineyards - - - - - - - - 18 - 74 4 19 -
Olive groves - - 4 - - 1 - 1 113 1 6 311 26 1
Arom crops - - 1 - - - - - 64 - 2 6 480 2
Vegetables - - 2 - 6 4 - 2 18 - 4 6 9 60

Structured optical and radar
Corn 28 - 7 - 1 - - - 1 - - - 1 -
Barley - 20 123 - - - - - 47 - - - - -
O. cereals 1 1 676 - 2 - - - 102 - - - 6 1
Rapeseed - 5 21 35 - - - - 6 - - - - -
Sunflower - - 6 - 67 - - 1 13 - - - 8 3
O. oilseeds 4 - 4 - 7 10 - - 14 - - - - 1
Protein - 2 21 - - - - - 5 - - - - -
Forage crops 1 - 15 - 3 - - 25 461 - - - 9 1
Meadows - 1 16 - 1 - - 2 1456 - - 1 3 -
Fruit trees - - - - - - - - 2 122 1 - - -
Vineyards - - - - - - - - 3 - 112 - - -
Olive groves - - 1 - - - - - 3 2 - 458 - -
Arom crops - 1 17 - - - - - 26 - - - 511 -
Vegetables - - 20 - 10 - - - 16 3 - - 4 58

Table 5. Site04—Effect of temporal modeling on classification 
metrics, using combined radar and optical attributes.

Class

No temporal modeling Temporal modeling

F-score
User. 
Acc

Proc. 
Acc F-score

User. 
Acc

Proc. 
Acc

Corn 0.89 0.95 0.83 0.78 0.84 0.73
Barley 0.40 0.85 0.26 0.18 0.67 0.11
Other cereals 0.85 0.83 0.86 0.78 0.73 0.84
Rapeseed 0.92 1 0.86 0.71 1 0.55
Sunflower 0.79 0.78 0.79 0.71 0.75 0.68
Other oilseeds 0.57 0.74 0.46 0.41 1 0.26
Protein 0.49 1 0.32 0 0.07 0
Forage crops 0.47 0.73 0.34 0.1 0.88 0.05
Meadows 0.76 0.67 0.87 0.80 0.67 0.98
Fruit trees 0.61 0.86 0.47 0.97 0.96 0.97
Vineyards 0.69 0.74 0.65 0.99 0.99 0.98
Olive groves 0.74 0.82 0.67 0.99 0.99 0.99
Aromatic crops 0.74 0.65 0.86 0.93 0.94 0.92
Vegetables 0.61 0.72 0.53 0.67 0.9 0.54

Table 6. Site77—Effect of temporal modeling on accuracy 
metrics, using combined radar and optical attributes.

Class

No temporal modeling Temporal modeling

F-score
User. 
Acc

Proc. 
Acc F-score

User. 
Acc

Proc. 
Acc

Corn 0.94 0.93 0.95 0.88 0.83 0.93
Barley 0.90 0.94 0.86 0.82 0.78 0.85
Other cereals 0.95 0.96 0.94 0.95 0.94 0.97
Rapeseed 0.96 0.97 0.94 0.97 0.98 0.95
Protein 0.95 0.93 0.97 0.95 0.97 0.94
Fiber plants 0.97 1 0.95 0 0.1 0
Forage crops 0 0.1 0 0.70 0.78 0.65
Meadows 0.87 0.81 0.93 0.95 0.94 0.97
Fruit trees 0.01 0.1 0 0.94 1 0.89
Vegetables 0.89 0.91 0.88 0.45 0.97 0.30
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These results confirm that combining optical and radar 
data ensures higher crop type prediction accuracy, and lead to 
more robust prediction, independently from the study site.

Impact of Parcel Size
Weighted F-scores on both sites are highly dependent on parcel 
sizes as detailed hereby. For both sites, when keeping only large 
parcels (area >3 ha), overall accuracies are improved by radar 
attributes (+15% and +8.1% for Site04 and Site77, respective-
ly). Indeed, due to the limited spatial resolution of Sentinel-1 
images, radar attributes are less robust on small parcel sizes.

In order to make radar data more robust to parcel of lim-
ited sizes, some improvements could be undertaken on radar 
data preprocessing. To this end, we used speckle filtering 
(Lee 1980) on a restricted local neighborhood (5 × 5). This is 
suitable for large parcels as the radar scattering coefficients 
are averaged afterwards at the parcel level. However, when 
the parcel area is too small with respect to the Sentinel-1 
spatial resolution, this method is no longer suitable. Adaptive 

radar speckle filtering to small objects should be investigated 
(Deledalle, Denis, Tupin et al. 2015).

For optical attributes, the relation between parcel size and 
accuracy is less pronounced. Many factors may impact the 
overall accuracy such as cloud cover, data imbalance, and 
the parcel size. Indeed, some classes are more represented 
in small parcels (0.5–1.5 ha) and are well identified, such as 
rapeseed, protein, meadows, and fiber plants. Removing these 
small parcels may decrease the overall accuracy.

Combining optical and radar data lead to better results in 
all cases, and especially for large parcels. Finally, this sensi-
tivity study confirms the robustness of combined radar and 
optical data to the parcel size.

Impact of Temporal Structure
The modeling of temporal structure, i.e., crop rotation model-
ing, improved the global prediction accuracies on both sites. 
On Site04 (cf. Table 5), temporally-structured classification 
improved the overall accuracy and the weighted F-score by 
5% and 1%, respectively. When considering only radar data, 

Figure 14. Site04: Impact of parcel size on the overall 
accuracy of the classification without temporal modeling. 
x-axis: only parcels whose surface area exceeds the 
threshold (in ha) are considered.

Table 8. Site77—Confusion matrices using combined optical and radar attributes.

Ground truth 

Corn Barley O. cereals Rapeseed Protein
Fiber 
plants

Forage 
crops Meadows

Fruit 
trees Vegetables

Classification
Optical and radar without temporal modeling
Corn 119 - - - - - - 6 - -
Barley 1 48 2 - 1 - - 3 - -
O. cereals - 2 309 - - - - 19 - 1
Rapeseed - - - 38 - - - 3 - -
Protein - - - - 27 - - 1 - -
Fiber plants - - - - 1 9 - - - -
Forage crops - - 1 - - - - 20 - -
Meadows 10 1 9 1 - - - 276 - 1
Fruit trees - - - - - - - 12 - -
Vegetables 1 - 1 - - - - 1 - 27

Structured optical and radar
Corn 118 1 1 - - - 3 2 - -
Barley 1 48 5 - - - - 1 - -
O. cereals - 2 321 1 - - - 7 - -
Rapeseed - - 1 39 - - - 1 - -
Protein - - 1 - 27 - - - - -
Fiber plants 1 8 - - 1 - - - - -
Forage crops - 1 2 - - - 13 5 - -
Meadows 4 - 4 - - - 1 289 - -
Fruit trees - - - - - - - - 12 -
Vegetables 19 - 2 - - - - - - 9

Figure 15. Site77: Impact of parcel size on the overall 
accuracy of the classification without temporal modeling; 
x-axis: only parcels whose surface area exceeds the 
threshold (in ha) are considered.
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unstructured accuracies were very low, with an overall ac-
curacy of 64% and a weighted F-score of 61%. The temporal 
modeling approach improved corresponding OA and weighted 
F-score by 12% and 9%, respectively, confirming the con-
tribution of temporal structure even if the accuracy of the 
parcel-wise prediction was low. As for Site77, the structured 
approach slightly improved the weighted F-scores by 3%, 
4%, and 3% for radar, optical, and combined optical/radar at-
tributes, respectively. The contribution of temporal structure 
is lower than that in Site04, as the initial parcel-wise accura-
cies were already high (weighted F-scores >0.88).

As seen in Table 5, temporal structure modeling signifi-
cantly improved per-class accuracies of permanent crops 
(fruit trees +36%, vineyards +30%, olive groves +25%, 
aromatic groves +19% for Site04 ), which reached F-scores 
higher than 93%. The meadows class F-score was improved 
by 4%. These results were expected since the permanent 
crops have the highest transition probability as shown in the 
section “Transition Matrix Assessment”. However, F-scores of 
annual crops classes decreased when using temporal struc-
ture; only slightly so for corn (-11%), other cereals (-7%), and 
sunflowers (-8%), but rapeseed (-21%), barley (-22%), other 
oilseeds (-16%), protein (-49%), and forage crops (-46%) 
are significantly more often misclassified (cf. Table 7). This 
may be explained, in our opinion, by two facts: first, the crop 
rotations are modeled by a temporal regularization between 
the observation-based term (classification without temporal 
structure) and the crop transition probabilities. The predic-
tion is a trade-off between both data and regularization terms. 
If the data-term is high (good prediction with observations), 
adding crop rotation information does not impact the results 
significantly (as for corn, rapeseed, and sunflower classes). 
Second, this may be due to the fact that the first order transi-
tions of annual crops are less stable and highly variable with 
agricultural practices and operators in this area. Hence, tem-
poral modeling does not add useful information and may even 
wrongly correct an initially correct parcel-wise prediction.

As for Site77, similarly to Site04, the best improvements 
occur on permanent crops, such as meadows and fruit trees 
(cf. Table 5). Moreover, the temporal structure improved the 
prediction of some annual crops, such as other cereals, rape-
seeds, and proteins since they have a high first order transition 
probability to other cereals. The prediction of forage crops is 
also highly improved using crop rotations information.

On both sites, including rotation knowledge improved the 
overall accuracy of crop classification. The proposed model is 
a trade-off between observation-based classification and tem-
poral regularization using learned rotation knowledge. If the 
precision of observation-based classification is already high 
and the transition patterns inconclusive or poorly followed, 
integrating rotation knowledge may decrease the accuracy. 
However, ambiguous observation-based prediction can be im-
proved by modeling the temporal structure, especially if the 
temporal aspect is very influential, as with permanent crops 
or crops alternating with other cereals. The detrimental effect 
of temporal modeling on some annual crops were can also be 
explained by the limited availability LPIS (only one edition, 
2016, was available at the time), which might not be sufficient 
to model crop rotation schemes occurring over two or three 
years. Indeed, in this paper, only first order crop rotation was 
modeled. However, our approach could be straightforwardly 
extended to rotations over multiple years, provided more data 
is available. Further tests should be processed with a newer 
LPIS edition and over larger areas in order to assess the effect 
of modeling the temporal structure.

Conclusion and Perspectives
This study focused on improving the automatic prediction 
of crop types using Sentinel-1 and -2 time series and learned 
rotation knowledge. This study demonstrated the efficiency of 
multi-temporal and multi-modal Sentinel (optical and radar) 
images for crop type classification using a fine nomenclature 
(>10 classes) and without filtering small parcels. The joint use 
of optical and radar features ensured more stable and accurate 
results. However, results varied highly depending on sites 
depending on cloud cover, crop types, and parcel size.

We modeled the temporal structure (i.e., crop knowledge) 
with conditional random fields and automatically learning 
the probability of crop rotations from previous LPIS editions. 
This rotation knowledge markedly improved the prediction of 
crop types. However, while a positive impact is demonstrated 
on permanent crops using first order crop transitions; this 
impact is fairly limited or even detrimental for some annual 
crops. Higher transition orders should be investigated to con-
firm the interest of temporal structure for annual crops and 
larger areas with more representative classes should be used. 
Finally, thanks to the growing volume of available LPIS data 
and the free availability of numerous Sentinel images, deep 
learning approaches for both parcel-wise feature extraction 
and temporal modeling should be investigated.
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Improved Depth Estimation for Occlusion Scenes 
Using a Light-Field Camera

Changkun Yang, Zhaoqin Liu, Kaichang Di, Changqing Hu, Yexin Wang, and Wuyang Liang

Abstract
With the development of light-field imaging technology, 
depth estimation using light-field cameras has become a 
hot topic in recent years. Even through many algorithms 
have achieved good performance for depth estimation using 
light-field cameras, removing the influence of occlusion, 
especially multi-occlusion, is still a challenging task. The 
photo-consistency assumption does not hold in the presence 
of occlusions, which makes most depth estimation of light-
field imaging unreliable. In this article, a novel method to 
handle complex occlusion in depth estimation of light-field 
imaging is proposed. The method can effectively identify 
occluded pixels using a refocusing algorithm, accurately 
select unoccluded views using the adaptive unoccluded-view 
identification algorithm, and then improve the depth estima-
tion by computing the cost volumes in the unoccluded views. 
Experimental results demonstrate the advantages of our 
proposed algorithm compared with conventional state-of-the 
art algorithms on both synthetic and real light-field data sets.

Introduction
Light fields (Levoy and Hanrahan 1996) capture not only the 
radiance but the angular direction of each ray from a scene. 
Therefore, they can depict the 3D structure of the scene. As a 
device to acquire a light field, light-field cameras from compa-
nies such as Lytro (Ng et al. 2005) and Raytrix (https://raytrix.
de) have drawn wide attention in computational photography, 
computer vision, and close-range photogrammetry. Compared 
with traditional cameras, light-field cameras place a microlens 
array between the main lens and the charge-coupled device 
array, as shown in Figure 1. Thanks to this microlens array, 
the light-field camera is capable of capturing multiple views 
of the scene in a single snapshot, enabling passive depth 
estimation, which has wide potential applications including 
autonomous vehicles (Menze and Geiger 2015), light-field 
segmentation (Mihara et al. 2016), 3D reconstruction (Kim et 
al. 2013), and simultaneous localization and mapping (Dong 
et al. 2013).

Depth estimation from light-field cameras is based on 
a common assumption that when refocused to the correct 
depth of one spatial pixel in the center subaperture image, all 
viewpoints (angular pixels) converge to the same point in the 
scene (Figure 2). If we collect the angular pixels to form an 
angular patch, they exhibit photo-consistency for Lambertian 

surfaces, which means their colors ought to be the same or 
similar. In setting a different refocusing depth, the depth 
corresponding to the minimum variance of the angular patch 
is the correct one. Many algorithms have been proposed for 
depth estimation from light-field cameras under this assump-
tion. Perwaß and Wietzke (2012) proposed an algorithm to 
estimate depth from light-field cameras using correspondence 
techniques. Wanner and Goldluecke (2013) proposed a local 
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Figure 1. Imaging model of a lenslet light-field camera. (a) 
The different direction rays (red, green, and yellow lines) 
from object B are recorded in different pixels in the charge-
coupled device array. 0, 1, and 2 represent different locations 
on the main lens. Location 1 is the center of the main lens. (b) 
The rays passing through the same location on the main lens 
are collected to form subaperture images. The subaperture 
image formed by the rays passing through location 1 on the 
main lens is called the center subaperture image.

Figure 2. Refocusing model of the light field. For an 
unoccluded pixel x in the center-view image, all view rays 
converge to the corresponding object point X in the scene if 
refocused to the correct depth.
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depth-estimation algorithm using a structure tensor to com-
pute directions of feature pixels in an epipolar plane image 
(EPI). Yu et al. (2013) analyzed the 3D geometry of lines in a 
light-field image and encoded the line constraints to improve 
the disparity map. Tao et al. (2013) combined defocus and 
correspondence cues to estimate scene depth using EPIs, 
and optimized the depth map using a Markov random field 
(MRF). Tosic and Berkner (2014) estimated depth by defining a 
description of EPI texture and mapping this texture to scale-
depth space. Sabater et al. (2015) proposed a depth-estimation 
algorithm based on block matching using subaperture images 
without demosaicking. Compared with these algorithms, Jeon 
et al. (2015), Zhang Liu, and Dai (2015), and Yang et al. (2019) 
improved depth accuracy by achieving the subpixel displace-
ment estimation of subaperture images using the phase-shift 
theorem. However, none of these algorithms consider occlu-
sion, and they would provide oversmooth results  at occlusion 
boundaries. Kim et al. (2013) computed reliable depth estima-
tion around object boundaries using densely sampled light 
fields and implicitly handled occlusions. Chen et al. (2014) 
introduced a bilateral consistency metric on the surface cam-
era to estimate depth in the presence of occlusions. However, 
the occlusion problem is solved there in images with a wide 
baseline in the two algorithms, which is not applicable to im-
ages acquired by a single light-field camera at one position.

When a pixel is occluded, the photo-consistency assump-
tion no longer holds, since some viewpoints will be blocked 
by the occluder. Enforcing photo-consistency on the oc-
cluded pixels will lead to an incorrect depth result, causing 
oversmoothing around the sharp occlusion boundaries. In 
order to solve the occlusion problem, T.-C. Wang et al. (2016) 
proposed a single-occluder occlusion theory and derived the 
occluder consistency between the spatial and angular patches 
for the occluded pixels—i.e., when refocused to the correct 
depth, the angular patch can be separated into occluded and 
unoccluded views by a line which has the same orientation as 
the occlusion edge. The algorithm selects the occluded pixels 
by dilating the edge detected by the Canny edge detector in 
the center-view image, extracts the unoccluded views of the 
occluded pixels according to the occluder consistency, and 
improves depth estimation by computing the cost only in 
unoccluded views. However, the proposed occluder consis-
tency is unsuitable for multi-occluder occlusion because the 
occluded and unoccluded views in the angular patch can-
not be simply divided into two regions by a straight line in a 
multi-occluder situation.

Zhu, Wang, and Yu (2017) derived the occluder consis-
tency between the spatial and angular patches for multi-
occluder occlusion—i.e., the corresponding views of the 
occluder are the occluded views, and the corresponding 
views of the background are unoccluded views. The occluded 
and unoccluded views in the angular patch of an occluded 
pixel correspond to the regions that the spatial patch of the 
pixel is divided into. In order to obtained the unoccluded 
views of each pixel at occlusion boundaries, that algorithm 
divides the spatial patch of the pixel into two regions using 
k-means clustering according to the occluder consistency, 
with the occluded and unoccluded views in the angular patch 
of the pixel corresponding to the two regions. For each pixel 
around an occlusion edge, the algorithm finds two edge pixels 
closest to the pixel, and the unoccluded views of the pixel 
are obtained by finding the intersection of the unoccluded 
views of the two edge pixels; this is called voting strategy. 
However, the selection of unoccluded views in this method is 
unsatisfactory in a complex-textured region for two reasons. 
First, the k-means clustering requires specifying the number 
of clusters in advance, which may be different from the actual 
number of clusters, which would make the clustering results 

inaccurate. Second, the voting strategy to obtain unoccluded 
views for the pixels around the occlusion boundaries is not 
very effective in regions with complex textures. A consensus 
on depth estimation in computer vision is that more effec-
tive views lead to more accurate depth estimation. The key to 
getting an accurate depth map is to select correct unoccluded 
views. However, it is difficult to effectively select unoccluded 
views in complex-textured regions based on prior methods. 
Therefore, we propose an algorithm to accurately select the 
unoccluded views in the angular patch.

In addition, the method identifying the occluded pixels 
by dilating the edge pixels in the algorithms by T.-C. Wang et 
al. (2016) and Zhu et al. (2017) results in many unoccluded 
pixels being included among the selected occluded pixels, so 
that the step of selecting unoccluded views from the angular 
patch for occluded pixels has also been done for the selected 
unoccluded pixels—which is unnecessary, because all views 
in the angular patch of the unoccluded pixels are unoccluded 
views. Moreover, since the selected unoccluded views are 
only a portion of all the unoccluded views, using them to es-
timate the depth of the unoccluded pixels in these algorithms 
decreases the depth accuracy. Therefore, effectively identify-
ing the occluded pixels is very important.

Different from the methods of T.-C. Wang et al. (2016) and 
Zhu et al. (2017), Schilling et al. (2018) used EPIs to handle 
occlusion. By integrating the occlusion handling, their meth-
od improved performance for object borders and smooth sur-
face reconstruction. Besides the conventional methods, deep-
learning methods have been used in depth estimation in light 
fields. Shin et al. (2018) achieved fast and accurate depth 
estimation based on a fully convolutional neural network and 
proposed a data-augmentation method to overcome the lack 
of training data. Tsai et al. (2020) proposed an attention-based 
view-selection network for light-field depth estimation and 
improved accuracy by using the views more effectively and 
reducing redundancy within views.

In this article, we explicitly take occlusion into account. 
By effectively identifying the occluded pixels and accurately 
selecting the unoccluded views in complex-textured regions, 
we obtain accurate depth for multi-occluder occlusion bound-
aries. Our main contributions are the following:
• We present an algorithm to effectively identify occluded 

pixels, improving depth accuracy.
• We propose an algorithm to accurately select the unoc-

cluded views in the angular patch, obtaining more accurate 
unoccluded views compared with prior methods.

• We propose an algorithm to accurately estimate depth 
which can preserve occlusion boundaries.
In the next section, we introduce the single-occluder and 

multi-occluder occlusion models. Then an accurate depth-
estimation method for multi-occluder occlusion is proposed 
and elucidated: First the occluded pixels are effectively 
identified, and then the unoccluded views for occluded 
pixels are accurately selected. Third, the initial depth map is 
improved by computing the cost volumes in the unoccluded 
views. Finally, we refine the depth with MRF regularization. In 
the section after that, we demonstrate the advantages of our 
proposed method compared with state-of-the-art algorithms 
quantitatively and qualitatively.

Light-Field Occlusion Theory
In this section, the single-occluder and multi-occluder occlu-
sion models are introduced. T.-C. Wang et al. (2016) devel-
oped a light-field single-occluder occlusion model based on 
the physical image formation and proved the occluder con-
sistency for single-occluder occlusion. Each pixel on the oc-
clusion edge is assumed to be occluded by only one occluder. 
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When refocused to the occluded plane, the edge separating 
the occluded and unoccluded pixels in the angular patch has 
the same orientation as the occlusion edge in the spatial patch 
(Figure 3). Moreover, photo-consistency will still hold for the 
angular patch in the unoccluded views. However, the single-
occluder model fails in multi-occluder occlusion.

Zhu et al. (2017) explored the multi-occluder occlusion 
model in the light field and proved the occluder consistency 
between the spatial and angular patches for multi-occluder 
occlusion. When refocused to the correct depth of the oc-
cluded pixel, the occluded views in the angular patch are the 
reprojections of the occluder in the spatial space. The unoc-
cluded views are the corresponding views of the background. 
Therefore, the angular patch is similar to the spatial patch 
(Figure 4). For more complex multi-occlusion (Figure 5), the 
occluder consistency proved correct in that article. The -oc-
cluder consistency for single-occluder occlusion is the special 
case of the occluder consistency for multi-occluder occlusion.

The correctness of the occluder consistency in multi-oc-
cluder occlusion is demonstrated on a Mona data set (Wanner, 
Meister, and Goldluecke 2013) in Figure 6. As can be seen 
from the figure, the angular patch is similar to the spatial 
patch. The occluded pixels in the angular patch are the repro-
jection of the occluder in the spatial space.

Depth Estimation
A new depth-estimation method is proposed in this article for 
multi-occluder occlusion based on the foregoing occlusion 
theory. The flowchart of depth estimation is shown in Figure 
7. It consists of the following steps: identifying the occluded 
pixels with the center subaperture image; selecting the unoc-
cluded views for the occluded pixels; obtaining the initial 
depth by computing the cost volumes in the unoccluded 
views; and regularizing the initial depth with an MRF.

Occluded-Pixel Identification
In this section, the occluded pixels are effectively identified. 
The initial occluded pixels are found by applying Canny edge 
detection on the center subaperture image. There are obvious-
ly many unoccluded pixels in the edge obtained. We identify 

Figure 3. The single-occluder occlusion model of the light 
field (T.-C. Wang et al., 2016). The left part of (a) shows 
pinhole imaging at the central view (u0, v0). The right 
part of (a) shows a spatial patch centered at (x0, y0) in the 
center-view image. An occlusion edge on the spatial patch 
corresponds to an occluding plane in the 3D space with 
orientation γ. The left part of (b) shows a refocusing at the 
occluded plane. Only the views above the occluder (green 
rays) can observe the 3D point 

 
(X0, Y0, F); other views are 

blocked by the occluder. The right part of (b) shows the 
corresponding angular patch of (x0, y0). The orientation of 
the edge separating the occluded views (yellow region) and 
unoccluded views (green region) in the angular patch is γ.

Figure 4. The multi-occluder occlusion model of the light 
field. The left part of (a) shows pinhole imaging at the 
center view. The right part of (a) shows a spatial patch 
(1D) centered at A in the center-view image. The left part 
of (b) shows a refocusing at object A. Only the center view 
can observe the object A; other views are blocked by the 
occluder. The right part of (b) shows the corresponding 
angular patch of pixel A.

Figure 5. Complex occlusion boundary in (a) spatial patch 
and (b) angular patch. The yellow and green areas in (a) 
correspond to the occluder and background; in (b), to the 
occluded and unoccluded views.

Figure 6. An example of occluder consistency. (a) The close-
up image of the center-view image in the Mona data set. 
(b) The spatial patch of the red pixel in (a). (c) The angular 
patch corresponding to the red pixel when refocused to the 
correct depth.
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the occluded pixels from the edge pixels using a refocusing 
method.

First, the orientation angle θ at each edge pixel is obtained 
by applying the edge-orientation predictor on the edge. Then 
two pixels on either side of the edge pixel are selected ac-
cording to Equations 1 and 2 as shown in Figure 8. Next, one 
region of pixels in the angular patch of pixel p1 is selected ac-
cording to Equation 3 as shown in Figure 9a, and one region 
of pixels in the angular patch of pixel p2 is selected according 
to Equation 4 as shown in Figure 9b.
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where (x1, y1) is the coordinates of pixel p1 in Fig. 8, (x, y) is 
the coordinates of the edge pixel, and (x2, y2) is the coordi-
nates of pixel p2.
 xsinθ + ycosθ < 0 (3)

 xsinθ + ycosθ > 0 (4)

If the edge pixel is not occluded, two pixels p1 and p2 on 
either side of the edge pixel will be at the same or similar 
depth; when the two regions of pixels in the angular patch re-
focus to the corresponding object point at the same or similar 
depth, the variances of the two regions will be minimal. If the 
edge pixel is occluded, when the pixels in one region refocus 
to the correct depth, having the minimum variance, the pixels 
in the other region still have large variance. Therefore, the re-
focused depth will be different when the two regions of pixels 
minimize variance. According to this feature, the occluded 
pixels can be identified from the edge pixels.

For the two pixels, we refocus to different depths using the 
4D light field (Ng et al. 2005):

L x y u v L x u y v u v jj jα α α, , , , , , , , ,( ) = + −





+ −











=1
1

1
1

1 22 , (5)

where Lj is the input light field, α is the ratio of the refocused 
depth to the current focused depth, Lα,j is the refocused light 
field, (x, y) is the spatial coordinates in the center-view image, 
and (u, v) is the angular coordinates. The center view is located 
at (u, v) = (0, 0). This provides an angular patch for each depth. 
We first compute the means and variances of the two regions:
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where Nj is the number of pixels in region j.
Then the optimal depth of the two regions is determined as

 
j jα

α
αV x y*

, ,= ( )argmin . (8)

Figure 7. Flowchart of the proposed depth-estimation method.

Figure 8. The selection of adjacent pixels.

Figure 9. The selected pixels in angular patches of pixels p1 
and p2. (a) The gray pixels in the angular patch of pixel p1 
are selected. (b) The orange pixels in the angular patch of 
pixel p2 are selected. The line equation is determined by the 
orientation angle θ of the edge pixel.
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Finally, the occluded pixels are identified based on the 
discriminant formula

 α α δ1 2
* *− > , (9)

where δ is a threshold value which is set to 5.
Some pixels which are not located in the edge are occlud-

ed in some views of the angular patch, as shown in Figure 10. 
In order to identify such occluded pixels, the final occluded 
pixels are obtained by dilating the occluded pixels identified.

An example of occluded-pixel identification is shown in 
Figure 11. Obviously, using our proposed method removes 

a number of unoccluded pixels compared with the methods 
of T.-C. Wang et al. (2016) and Zhu et al. (2017). It can avoid 
selection of unoccluded views for unoccluded pixels and thus 
ensure the accuracy of depth estimation of the unoccluded 
pixels.

Unoccluded-View Selection
Because the photo-consistency assumption only holds for un-
occluded views for occluded pixels, in this section unocclud-
ed views are selected for occluded pixels, which will be used 
for depth estimation of occluded pixels in the next section. 
For the occluded pixels, the angular patch corresponds to the 
spatial patch according to the occluder consistency. There-
fore, the angular patch can be divided into the same regions 
as the spatial patch. For some occluded pixels in a complex 
scene, spatial patches are divided into multiple regions, and 
the corresponding unoccluded views may correspond to a 
combination of several regions in the spatial patches. In order 
to obtain the optimal unoccluded views, an adaptive unoc-
cluded-view selection method is proposed.

First, the spatial patch of each occluded pixel is divided 
into different categories by ty affinity-propagation clustering 
(Frey and Dueck 2007), an adaptive clustering algorithm that 
does not specify the number of clusters. Instead, the prefer-
ences p influence the final number of clusters. Usually a good 
choice is to set p to the median of all the similarities between 
data points. However, in many cases that setting cannot lead 
to an optimal clustering solution. According to experimental 
experience, we set p to two-thirds of the minimum of all the 
similarities between data points. The clustering result is gen-
erally two or three categories. If the spatial patch is divided 
into two categories, the pixels in one region that share the 
same label with the center pixel are labeled as the unoccluded 
points; the corresponding views in the angular patch are la-
beled as unoccluded views, as shown in Figure 12. If the spa-
tial patch is divided into three categories, we mark the pixels 
sharing the same label with the center pixel as region 1 and 

Figure 10. Occlusions around occlusion edges. The left 
image is the close-up of the center subaperture image, and 
the right images are the angular patches when the red and 
blue dots in the close-up image are refocused at the correct 
depth. The red dot is located on the occlusion edge of the 
center subaperture image, and its corresponding angular 
patch is divided into two parts on average. The lower right 
part is all from the unoccluded red dot, whereas the upper 
left part is occluded by the leaf. The blue dot is located 
around the occlusion edge, and some views in the upper 
left corner of its angular patch are also occluded.

Figure 11. Identification of occluded pixels. (a) The center-view image of the Mona data set (Wanner et al. 2013). (b) The 
occluded pixels identified with the methods of T.-C. Wang et al. (2016) and Zhu et al. (2017). (c) Our occluded pixels.

Figure 12. Selection of unoccluded views (two categories). (a) The spatial patch of one occluded pixel in the center 
subaperture image. (b) Two categories that the spatial patch is divided into. The pixels that share the same label with the 
center pixel are shown in white. (c) The angular patch. The corresponding unoccluded views are shown in white.
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combine region 1 with the other two categories to get another 
two regions, marked as region 2 and region 3, respectively. 
Then the angular patch is divided into the same regions as the 
spatial patch and an adaptive strategy is used to obtain the 
optimal unoccluded views. First, we compute the means Lα,j 
and variances Vα,j of the three regions using Equations 6 and 
7. Then, we find the depth α*

j corresponding to the minimum 
of the three regions using Equation 8. The minimum variance 
and mean corresponding to the depth α*

j are
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be the index of the region that exhibits minimum variance. 
If j* = 2 or 3, the region j* in the angular patch is the optimal 
unoccluded views. If j* = 1, the index ju of the region cor-
responding to the optimal unoccluded views is selected by 
comparing the means of the three regions:
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where ϵ is a threshold value which is set to 0.01. Now the un-
occluded views of the occluded pixel are shown in Figure 13.

In order to verify the effectiveness of the proposed method 
to select unoccluded views, the F-measure (Sasaki 2007) of 
the unoccluded views in occlusion using our algorithm is 
computed and compared with previous work (T.-C. Wang et 
al. 2016; Zhu et al. 2017). The quantitative comparisons are 
listed in Table 1. The qualitative comparisons of the unoc-
cluded views are shown in Figure 14.

Table 1. F-measures for unoccluded-view selection.

Data Set

Method Buddha Mona Medieval Horse StillLife Papillon Average

T.-C.  
Wang et  
al. (2016)

0.61 0.65 0.52 0.56 0.54 0.59 0.58

Zhu et 
al. (2017)

0.70 0.75 0.61 0.61 0.68 0.71 0.68

Ours 0.78 0.83 0.80 0.80 0.78 0.79 0.80

As can be seen from Table 1 and Figure 14, our algorithm 
can select more accurate unoccluded views and has more 
obvious advantages in the multi-occluder areas. The unoc-
cluded views selected in the method of T.-C. Wang et al. 
(2016) always include some occluded views, resulting in 
oversmoothness in the multi-occluded areas. The method of 
Zhu et al. (2017) selects more accurate unoccluded views, 
but its accuracy is lower than that of our algorithm. In the 
StillLife data set, the red point in the yellow box is occluded 
by two objects. The selection of unoccluded views in the 
methods of T.-C. Wang et al. and Zhu et al. fail, while our 
algorithm still selects the most accurate unoccluded views. In 
the Horses data set, there are many textures near the occluded 
points in the background (the red, green, and yellow boxes), 
and the methods of T.-C. Wang et al. and Zhu et al select some 
occluded views. Although our method does not select all 
the unoccluded views, the selected views are all unoccluded 
views, which can avoid oversmoothing.

In order to eliminate the aliasing influence of edge pixels 
in the angular patch, selected unoccluded views correspond-
ing to the edge pixels in the spatial patch are removed, as 
shown in Figure 15. Consequently, the accuracy of depth esti-
mation can be improved using the refined unoccluded views.

Initial Depth Estimation
After selection of the unoccluded views, the initial depth map 
is obtained by computing the cost volumes in the unoccluded 

Figure 13. Selection of unoccluded views (three categories). 
The first two columns represent that the spatial patch of one 
occluded pixel is divided into three categories by affinity 
propagation. The third and fourth columns represent that 
the spatial patch is divided into three regions. The fourth 
and fifth columns represent that the angular patch is 
divided into the same regions (white) as the spatial patch. 
The last column represents the selected unoccluded views.

Figure 14. Comparisons of unoccluded-view selection. 
White areas denote the selected unoccluded views. All the 
data sets are from Wanner et al. (2013).
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views. The cost volumes C(x,y,l) are defined by combining the 
refocus Cr(x,y,l) and correspondence Cc(x,y,l) cues as

 C x y l C x y l C x y l, , , , , ,( ) = ( ) + −( ) ( )α αr c1  (14)

where α∈(0,1) adjusts the relative importance between the 
defocus cost Cr and the correspondence cost Cc. Here, α is set 
to 0.5. The cost volumes are computed based on the subpixel 
shifts of subaperture images using the phase-shift theorem 
(Jeon et al. 2015):

 
I x x F F I x i x+( ) = ( ){ }{ }−∆ ∆1 2exp π , (15)

where I(x) is an image, I(x + Δx) is the subpixel image shifted 
by Δx, F{·} denotes the discrete 2D Fourier transform, and F{·} 
denotes the inverse discrete 2D Fourier transform. Therefore, 
the defocus cue is defined as
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where N is the number of unoccluded views, l is the cost 
label, (u,v) are unoccluded views, Iu,v denotes the images 
corresponding to the unoccluded views, (x,y) is the spatial 
coordinates, and the subpixel shifts du and dv are defined as
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where k is the unit of the label in pixels and (uc,vc) is the 
center view.

The correspondence cue is defined as

 
C x y l I x y l I x yu vc cc , , , , ,,( ) = ( ) - ( ) 2

, (19)

where Iuc,vc
 is the center-view image.

Then the initial depth map is obtained by minimizing the 
cost volumes:

 
l x y C x y l

l
d argmin, , ,( ) = ( ) . (20)

Depth Regularization
In this section, the occlusion boundary is detected and the 
initial depth map is refined with global regularization using 
an energy function.

Occlusion-Boundary Detection
We find the occlusion boundary by combining the depth cues 
and the occluded pixels obtained previously.

For an occluded pixel in an occlusion boundary, the depth 
gradient is larger than for an unoccluded pixel. So we can get 
an initial occlusion boundary by computing and thresholding 
the gradient of the initial depth:
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where ld is the initial depth and Δld is the gradient of the 
initial depth. Since the depth gradient becomes larger as the 
depth becomes greater, we divide the gradient Δld by ld to 
increase robustness. N(·) is a normalization function that sub-
tracts the mean and divides by the standard deviation. Here 
the threshold ε is set to 1.

The occlusion boundary can be computed by

 Occ Occ_d Occ_c= ∩ , (22)

where Occ_c is the occluded pixels obtained previously. An 
example is shown in Figure 16.

Figure 15. Refined unoccluded views. (a) The close-up image in the Mona data set. (b) The spatial patch corresponding to the 
red point in (a); white pixels are the edge pixels. (c) The angular patch, when refocused to the correct depth, of the red point 
in (a). (d) Our selected unoccluded views. (e) The refined unoccluded views after removal of the edge pixels.

Figure 16. The detected occlusion boundary. (a) The initial depth map of the Mona data set. (b) The initial occlusion 
boundary Occ_d. (c) The occlusion pixels obtained using our method. (d) The occlusion boundary Occ.
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Final Depth Regularization
Given the initial depth, edge cues, and occlusion cues, we 
regularize the depth map with an MRF. The final depth map is 
obtained by minimizing the energy function:

l l x y l x y E l x y l x y
l

d
x y

final smoothargmin= ( ) − ( ) + ( ) ( )( )′ ′∑ , , , , ,
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where N(x,y) are the neighboring pixels of (x,y) and λ is a fac-
tor to control the smooth term. The first term in Equation 23 
is the data term. The smooth term means the smoothness con-
straint of the adjacent pixels. Similar to in Zhu et al. (2017), 
the smooth term is defined as

 E l x y l x y l x y l x ysmooth , , , , ,( ) ′ ′( )( ) = ( ) − ′ ′( )ϖ  (24)
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where Ie is the edge map of the center-view image, I is the 
center-view image, ϖ is a weighting function used to pre-
serve sharp occlusion boundaries, and σocc, σe, and σ are three 
weighting factors (set to 1.6, 0.8, and 0.08, respectively, in our 
experiments). The minimization is solved using a standard 
graph-cut algorithm (Boykov, Veksler, and Zabih 2001).

Experimental Results
In this section, we first show the results of different stages of 
our algorithm, then demonstrate the advantages of our algo-
rithm by comparing with different state-of-the-art algorithms.

Algorithm Stages
The results of different stages of our algorithm are shown in 
Figure 17. First, edge detection is applied on the center-view 
image (Figure 17a) to find the initial occluded pixels (Figure 
17b). There are many unoccluded pixels in the edge obtained. 
We identify the occluded pixels from the edge using the refo-
cusing method (Figure 17c). Then the initial depth is com-
puted (Figure 17d) and the occlusion boundaries are detected 

using the method previously explained (Figure 17e). Finally, 
given the initial depth and occlusion cues, we regularize the 
depth with an MRF for a final depth map (Figure 17f).

Comparisons
We compare our results with those of the algorithms by Tao 
et al. (2013), Jeon et al. (2015), T.-C. Wang et al. (2016), and 
Zhu et al. (2017) on synthetic data sets created by Wanner 
et al. (2013) and real-scene data sets captured by the Lytro 
Illum camera. The results of these algorithms can be obtained 
by running their public codes. In addition, we compare our 
method with several top-ranked methods from publications 
on the 4D Light Field Benchmark (Honauer et al. 2017), OBER-
cross+ANP (Schilling et al. 2018), Epinet-fcn-m (Shin et al. 
2018), and LFattNet (Tsai et al. 2020) on the training sets in 
the 4D Light Field Benchmark.

Synthetic Data-Set Results
The qualitative comparisons of the depth map on the data 
sets from Wanner et al. (2013) are shown in Figure 18. As we 
can see from the figure, the method of Tao et al. always gives 
oversmooth results in the occlusion boundaries and generates 
thicker structures than the ground truth. The method of Jeon 
et al. provides good results for some occlusion boundaries 
(the branches in Figure 18a and the close-up of the red box in  
Figure 18c) but gives no solution to dealing with occlusion, 
due to the lack of an occlusion model. Therefore, some occlu-
sion boundaries are still oversmoothed, such as the close-ups 
in Figure 18b and 18d. The method of T.-C. Wang et al. can 
perform well in single-occluder areas, but it always provides 
oversmooth results in multi-occluder areas. The method of 
Zhu et al. can select more accurate unoccluded views than 
the method of T.-C. Wang et al. in multi-occluder areas, so it 
achieves better results on the depth map; however, it can se-
lect some occluded views in complex-textured regions, which 
leads to oversmoothing in the occlusion areas (the branches 
in Figure 18a and the close-up of the red box in Figure 18c).

Compared with the state-of-the-art algorithms, our pro-
posed method yields sharper occlusion boundaries in the 
depth map. Our method finds more accurate occluded pixels, 
illustrated in close-ups of the green box in Figure 18b. The 
edge pixels of the black dots on the dice are identified as 

Figure 17. The results of our algorithm at different stages on synthetic data sets: (a) Center-view images, (b) edge detection, (c) 
occluded pixels, (d) initial depth, (e) occlusion-boundary detection, and (f) final depth.
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occluded pixels in other algorithms; only the selected oc-
cluded views of the occluded pixels are used to estimate 
depth, which leads to a reduction in depth accuracy, whereas 
the edge pixels are removed from the occluded pixels in 
our method, so all views are used to estimate depth, which 
improves the depth accuracy. In addition, our method selects 
more accurate unoccluded views and eliminates the aliasing 
influence of edge pixels in the angular patch by removing the 
views corresponding to the edge pixels in the spatial patch. 

Experimental results show that our proposed method can 
effectively deal with complex occlusions (the branches in 
Figure 18a and the close-up of the red box in Figure 18c).

The quantitative comparisons of the depth map on the 
Wanner et al. data sets are shown in Figure 19. As we can see 
from the line charts, the error distribution concentrates toward 
smaller error, except for the method of Tao et al. (2013), and 
that trend is most obvious using our method. In addition, the 
number of large errors in the error line charts obtained by our 

Figure 18. The depth maps of synthetic data sets: (a) Mona, (b) Buddha, (c) StillLife, and (d) Horse.

PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING J u l y  2020  451



Figure 20. The estimated disparity maps of our method and comparison methods for the four scenes in the Training set. The 
comparison methods are (a) OBER-cross+ANP, (b) Epinet-fcn-m, and (c) LFattNet.

Figure 19. Error line charts: (a) Mona, (b) Buddha, (c) StillLife, and (d) Horse.
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method is lower than those from other methods, further verify-
ing the effectiveness of our method. The quantitative compari-
sons of the root-mean-square (RMS) errors of the depth maps are 
listed in Table 2. As can be seen from the table, our proposed 
method is superior to other advanced algorithms in accuracy: 
The RMS error decreases by about 15% with our proposed 
method compared with the best of the four other methods.

Table 2. Root-mean-square error (pixels) of depth maps.

Data Set

Method Mona Buddha StillLife Horse

Tao et al. (2013) 0.189 0.186 0.260 0.202

Jeon et al. (2015) 0.087 0.110 0.193 0.155

T.-C. Wang et al. (2016) 0.077 0.081 0.171 0.093

Zhu et al. (2017) 0.082 0.112 0.113 0.103

Ours 0.063 0.069 0.095 0.065

The qualitative comparisons of the depth map on training 
data sets from the 4D Light Field Benchmark are shown in 
Figure 20. Our method achieves similar visual results to the 
top-ranked methods.

The quantitative comparisons of the depth map are shown 
in Table 3. Compared with conventional methods, our method 
is superior in terms of mean square error to OBER-cross+ANP 
on the Boxes, Cotton, and Dino data sets, but inferior on the 
Sideboard data set. Compared with deep-learning methods, 
our method outperforms only Epinet-fcn-m on the Boxes data 
set, and m underperforms Epinet-fcn-m and LFattNet on the 
other data sets. However, both of those methods take about 
one week to train the networks on an Nvidia GTX 1080Ti 
graphics processing unit. The average running time of our 
algorithm is 1027 s. If you do not have a graphics processing 
unit and want to get the disparity map quickly, we think our 
approach is a good choice.

Table 3. Mean square error of disparity maps.

Data Set

Method Boxes Cotton Dino Sideboard

OBER-cross+ANP 4.750 0.555 0.336 0.941

Epinet-fcn-m 5.967 0.197 0.157 0.798

LFattNet 3.996 0.208 0.093 0.530

Ours 4.474 0.545 0.332 0.972

Real-Scene Results
In order to further verify the effectiveness of our proposed 
method, experiments were conducted on real-scene images 
captured with the Lytro Illum camera. The disparities of the 
images range from −1.1 to 1.1. In order to get the ground truth 
of the scenes, we fixed an RGB-D camera (Kinect 2.0) on the top 
of the camera as shown in Figure 21.

First, the Lytro Illum camera was calibrated with check-
erboard patterns using the Camera Calibration Toolbox for 
MATLAB (https://sites.google.com/site/yunsubok/lf_geo_calib) 
to get the interior parameters, as shown in Table 4, and sub-
aperture images. Then the infrared camera of the RGB-D sensor 
was calibrated with checkerboard patterns to get the interior 
parameters as shown in Table 5. Finally, stereo calibration 
was performed between the center subaperture images and 
the infrared camera images by fixing the interior parameters 
of the two cameras to obtain the relative pose of the infrared 
camera with respect to the Lytro Illum camera, as shown in 
Table 6. After the calibration procedure, we registered the 
depth maps to the center subaperture image to get the ground 
truth of the scenes, as shown in Figure 22.

Table 4. The  
interior parameters 
of the Lytro Illum 
camera.

Table 5. The 
interior parameters 
of the infrared 
camera.

Table 6. External  
parameters of the  
two cameras.

Parameter Value Parameter Value
Rotation 
Angle (°)

Translation 
(mm)

K1 −13.682 fx (pixels) 371.022 0.0165 37.0562

K2 (mm) 17 457.348 fy (pixels) 370.187 −0.0057 −135.3635

fx (pixels) 18 935.380 cx (pixels) 254.828 0.0158 −61.0438

fy (pixels) 18 915.222 cy (pixels) 207.339

cx (pixels) 3566.461 k1 0.108

cy (pixels) 2720.078 k2 −0.302

k1 0.472

k2 −1.094

Figure 21. The Lytro Illum camera and RGB-D camera.

Figure 22. Obtaining the ground truth. (a) The depth map obtained by the Kinect camera. (b) The center subaperture image. 
(c) The ground truth of the center subaperture image.
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The experimental results of the real scenes are shown in 
Figure 23. The method of Tao et al. can roughly extract the 
basic contour of the scenes, but the depth map is oversmooth. 
The method of Jeon et al. provides oversmooth results and 
fails to extract the occlusion boundaries. On the whole, the 
depth maps obtained by the methods of T.-C. Wang et al. and 
Zhu et al. are similar to that obtained by our method. To better 
illustrate the advantages of our method, we scale up the depth 
of some heavy occlusion areas. From the enlarged close-up 
images, it can be seen that our algorithm can preserve the 
occlusion boundaries well, especially for thin objects. For 
example, the method of T.-C. Wang et al. does not reconstruct 
all the holes in the chair (Figure 23a), and the accuracy of 
the method of Zhu et al. is less than ours; the branches in 
the red box of Figure 23b are not separated by either of those 
methods, but they are clearly distinguished by ours. The thin 
leaves in the green box of Figure 23b are oversmooth by the 
method of T.-C. Wang et al., and the leaves reconstructed by 
the method of Zhu et al. are thicker than real leaves; however, 
our method reconstructs thin leaves. The leaves in the green 
box of Figure 23c are oversmooth by the method of T.-C. Wang 
et al., and the branches in the red box of Figure 23d are over-
smooth by the methods of both T.-C. Wang et al. and Zhu et 
al., whereas our method restores fine branches.

The Kinect camera could not provide a refined depth map 
for a complex occlusion scene like Figure 22c, but we can 
get an accurate depth value of some pixels in the depth map 
to compute the depth error. The quantitative comparisons of 
the RMS error of the depth maps are listed in Table 7. It can 

be seen from the table that the depth error of the methods of 
Tao et al. and Jeon et al. method is large, which is consistent 
with the phenomenon of oversmoothing of the two methods 
in Figure 23. The accuracy of the methods of T.-C. Wang et al. 
and Zhu et al. are lower than ours, which proves the effec-
tiveness of our method. The RMS error decreases by about 9% 
with our proposed method compared with the best of the four 
methods.

Table 7. Root-mean-square error (mm) of the depth maps.

Data Set

Method Chair Plant1 Flower Plant2

Tao et al. (2013) 382.256 189.829 165.388 175.267

Jeon et al. (2015) 108.246 95.562 67.280 97.476

T.-C. Wang et al. (2016) 89.952 52.987 65.570 68.595

Zhu et al. (2017) 67.848 51.953 53.795 72.821

Ours 58.019 49.176 50.354 63.176

In addition, experiments were conducted on the real data 
sets of the light-field camera provided by Stanford University 
(Raj, Lowney, and Shah 2016). Since there is no ground truth 
in the real-scene data, we replace the ground-truth depth with 
the depth map provided by commercial Lytro Illum software. 
Only qualitative comparisons are conducted, shown in Figure 
24. It can be seen that there are a lot of single-occluder and 
multi-occluder areas in the real-scene images captured by 

Figure 23. Comparisons of depth maps from the real-scene images.
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the Lytro Illum camera. The methods of Tao et al. and Jeon 
et al. still provide severely oversmooth results and fail to 
extract the occlusion boundaries. On the whole, the depth 
maps obtained by the Lytro Illum software and the methods of 
T.-C. Wang et al. and Zhu et al. are similar to the depth map 
obtained by our method; the depth of some heavy occlusion 
areas is also scaled up to illustrate the advantages of our 
method. From the enlarged close-up images, it can be seen 
that our algorithm can restore subtler boundaries compared 
with other methods. For example, the Lytro Illum software 
and the method of T.-C. Wang et al. reconstruct only a few 
spokes of the bicycle (Figure 24a); the method of Zhu et al. 
reconstructs more spokes, but fewer than our method. The Ly-
tro Illum software fails to accurately restore the shape of the 
wire mesh (Figure 24d); the methods of T.-C. Wang et al. and 
Zhu et al. can reconstruct the shape of the wire mesh, but the 
T.-C. Wang et al. method breaks some intersections of wires, 
and the Zhu et al. method provides oversmooth results, and 
some wires cannot be distinguished from the background cor-
rectly. In comparison, our proposed method provides a more 
accurate depth map.

Conclusion
In this article, we proposed an algorithm to handle complex 
occlusion in depth estimation of a light field. The occluded 
pixels are effectively identified using a refocus method. For 
each occluded pixel, the unoccluded views are accurately 
selected using an adaptive unoccluded-view identification 
method. Then the initial depth map is obtained by computing 
the cost volumes in the unoccluded views. The final depth 
is regularized using an MRF with occlusion cues. The advan-
tages of our proposed algorithm are demonstrated on various 
synthetic data sets as well as real-scene images compared 
with the conventional state-of-the-art algorithms. Compared 
with the four algorithms—Tao et al. (2013), Jeon et al. (2015), 
T.-C. Wang et al. (2016), and Zhu et al. (2017)—the RMS error 
decreases by about 15% with our proposed method on the 
synthetic data sets and by about 9% percent on real-scene 
images. Compared with the top-ranked conventional method, 

OBER-cross+ANP, our method is a little higher in term of mean 
square error. Compared with the top-ranked deep-learning 
methods, our method is inferior. However, our method is a 
good choice if you do not have a graphics processing unit 
to train a network and want to obtain your disparity map as 
soon as possible. Because a light-field camera can reconstruct 
detailed three-dimensional models, it can be used in the 
comprehensive inspection of industrial mechanical parts, life 
medicine, face recognition, and the establishment of three-
dimensional models in games and movies. The proposed 
method can be valuable in these applications.
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THE NEXT GENERATION
WPSU Penn State is celebrating the 10th Anniversary (2010-2020) of  
the launch of the original Geospatial Revolution Project with a new video 
episode about next-generation innovations in geospatial technology. 

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

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

AUDIENCES & DISTRIBUTION
The new episode—with ready-made Geospatial Revolution audiences in 
government, public safety, industry, education, and the general public—
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original project website, and shared with original engagement partners: 

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