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

ACHIEVEMENTS
Dr. Qassim Abdullah, Ph.D., CP, 
PLS, was honored on Tuesday, 
January 29, 2019 with the American 
Society for Photogrammetry and 
Remote Sensing (ASPRS) Lifetime 
Achievement Award. The distinction, 
formerly known as the Honorary 
Member Award, is the highest honor 
the society bestows on an individual. 
This award recognizes Abdullah’s 

distinguished service to ASPRS and in advancing the science and 
uses of remote sensing, photogrammetry and related disciplines.

Abdullah, chief scientist and senior associate at Woolpert, 
received the award during Geo Week in Denver. The event 
started Friday, January 25th with the MAPPS Winter 
Conference and continued through Thursday, January 31st 
with the ASPRS Annual Conference and the International 
Lidar Mapping Forum (ILMF) joint conference.

Abdullah, the creator and principal author of the new ASPRS 
Positional Accuracy Standards for Digital Geospatial Data 
Standards, is also a member of Unmanned Aircraft Systems 
Standardization Collaborative, developing standards to 
facilitate the safe integration of drones into the U.S. National 
Airspace System. He also publishes a monthly “Mapping 
Matters” column in the Photogrammetric Engineering and 
Remote Sensing (PE&RS) Journal, teaches graduate courses 
on geospatial subjects and has periodic blogs on the Woolpert 
website, including his most recent highlighting “The Geospatial 
Trends for 2019.”

Woolpert leadership lauded Abdullah’s volume of 
groundbreaking work and his dedication to the geospatial 
industry.

“The Woolpert family is very proud to see Qassim’s 
contributions to the photogrammetry and remote sensing 
community being recognized by such an esteemed organization 
as ASPRS,” Woolpert President and CEO Scott Cattran said. 
“This is a great honor for him and for Woolpert. Qassim 
exemplifies all of our core values at Woolpert, especially 
industry leadership. We are all very proud of you!”

“To become an industry leader, it takes focus on what 
matters each day; it takes determination and hard work,” 
Woolpert Chief Operating Officer Kirk McClurkin said. 
“Qassim’s positive impact on Woolpert, our clients and the 
geospatial community have been amazing. From the entire 
Woolpert family, we congratulate Qassim on his well-deserved 
success and accomplishments.”

Abdullah said he is grateful to be a member of the geospatial 
community and thanked ASPRS for this Lifetime Achievement 
Award.

“I am surrounded by this community of intelligent and 
creative friends and colleagues, who provide me with an 
invaluable technical and dynamic environment,” Abdullah 
said. “I am honored to be a part of this vital, thriving industry.”

ANNOUNCEMENTS
GeoCue Group Inc. (GeoCue) is excited to announce a new 
Drone Lidar rental program designed to allow interested 
groups to try out the functionality of collecting lidar data via 
drone before “making the plunge” and buying an entire system.

“The adoption of drone-based lidar acquisition continues to 
grow. Because Drone projects tend to be contracted to local 
companies, there is sometimes not enough work for these 
companies to justify purchasing a system as they build their 
client base and ROI. The rental program allows them to rent 
the tool and keep their customers from going to a competitor. 
Government Agencies are using the program to help proof the 
technology for their internal needs. “Says Hank DiPitero, VP 
of Business Development for GeoCue.

Initially the program will offer three lidar sensors for rental 
with rentals as short as a single day. There are plans for 
adding additional lidar sensors in the future.

Please contact info@geocue.com for additional information.

PRODUCTS
The SPECTRAL EVOLUTION standard contact probe 
is designed for mineral identification and soil analysis. 
This lightweight and comfortable probe measures surface 
reflectance from 350-2500nm. The probe features a new high 
intensity bulb to provide a focused and more intense light 
source for contact measurements. The compact probe works 
with the oreXpress, SR-6500 and RS-5400 spectrometers for 
mining exploration, core logging and chip tray analysis and 
the PSR+, RS-5400 and RS-3500 for soil analysis. 

For more information on the mineral contact probe, visit: 
www.spectralevolution.com

CALENDAR

• 17 May, NCAUG and NCASPRS Spring Symposium—
Remote Sensing 101, Greenville, North Carolina. For 
more information, visit www.ncaug.com/events/spring-
symposium-remote-sensing-101/form.

• 21-23 May, SPAR 3D Expo & Conference, Anaheim, 
California. For more information, visit www.spar3d.com/
event.

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

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

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

mailto:rkelley@asprs.org
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COVER DESCRIPTION

In December 2016, the Menindee Lakes of New South Wales were nearly brimming 
with water. More than two years later, these Australian lakes are almost desiccated.

These satellite images show the dwindling water levels of the Menindee Lakes, a 
chain of freshwater lakes located 110 kilometers (70 miles) southeast of Broken Hill. 
The shallow natural depressions were developed into water storage by the Austra-
lian government to manage river flows. The images were acquired by the Operational 
Land Imager on Landsat 8 on January 27, 2017 (cover image), February 15, 2018, and 
February 2, 2019. 

Water levels often fluctuate as the basins collect precipitation or flood water. Evapora-
tion accounts for about 400 gigalitres of water loss from the lakes every year. Other times 
the water is released into the nearby Darling River by the New South Wales government. 
During drought, when less water is coming into the lakes, the basins tend to be drier.

Lake Menindee is the largest of the lakes. But river managers have been keeping 
as much water as possible upstream in Lake Wetherell and Lake Panamaroo, which 
supply water to Broken Hill and local communities.

Recent years have brought exceptional drought to the area. New South Wales has 
faced extremely hot temperatures and low precipitation, causing one of its worst 
droughts on record.

The Lower-Darling River has been experiencing “extreme low inflows” of water from 
the Menindee Lakes since August 2018. As of February 18, 2019, the Lower-Darling’s 
storage level was 1 percent. Water has stopped flowing in parts of the river.

For more information, visit https://landsat.visibleearth.nasa.gov/view.php?id=144577

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

February 2, 2019

February 15, 2018
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Harnessing Drones
The Photogrammetric Way

By Qassim A. Abdullah, Ph.D., CP, PLS



330 May 2019  PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING

and development capability could handle? 
These are good questions, but examining the 
evolution is less fascinating than the uses 
of the technology and is therefore too often 
overlooked. What inexperienced people see is 
that the technology enables nonexperienced 
people to produce nice looking maps without 
huge investments in the needed hardware and 
software. Drone manufacturers reached out 
to UAS enthusiasts, many of whom recently 
obtained their Remote Pilot Certificate from the 
Federal Aviation Administration (FAA) under 
Part 107 “Small Unmanned Aircraft Systems.”1

This success was mainly driven by affordability 
and ease of operation, and the many engaging 
uses of drones. One of these uses includes 
the bird’s-eye imaging capability. Most of 
these drones carry sophisticated consumer 
grade cameras. When these cameras are 
used from the air, they produce excellent 
aerial imagery. Think about the excitement 
people experience looking through an airplane 
window shortly after takeoff. This excitement 
pushed people to purchase a low-cost drone 
and start acquiring aerial imagery over their 
neighborhood, community, church, wedding, 
real estate property, etc. That was all fine, 
until some drone operators thought they could 
go a little further by offering professional 
mapping services. This is due in part to the 
image processing software packages on the 
market that made the task of stitching images 
and producing attractive mosaics as easy as 
purchasing a drone.

Such software was designed to streamline 
the complicated map-making process and 
enable novice users to produce mapping 
products, including seamless orthorectified 
mosaics and digital surface models regardless 
of their experience with the map-making 
process. Offering the capability of processing 
UAS-derived imagery is a huge service to 
the mapping-by-drones community, when 
practiced correctly and professionally. The 
software allows affordable mapping products 
to be produced from drone imagery, unlike 

T

1  FAA website. https://www.ecfr.gov/cgi-bin/
text-idx?SID=dc908fb739912b0e6dcb7d7d88cfe
6a7&mc=true&node=pt14.2.107&rgn=div5.

he geospatial community is witnessing a golden 
era when it comes to sensor technologies, data 
processing power, and modeling algorithms. In 
this era of innovation, we are taking advantage 
of a revolution in electronics and integrated 
circuitry, data processing techniques and 
algorithms, sensor manufacturing, and geo-
location technologies. The same revolution 
that is driving fast progress in smart phones 
and other electronic gadgets is influencing 
geospatial sensor technology, from fascinating 
digital aerial cameras and lidar to the latest 
innovations in unmanned aircraft systems 
(UAS)—also referred to as drones.

These innovations have positively impacted 
our industry, but they also have resulted in 
some negative implications when it comes to 
standards of practice. The ease of use of sensors 
and processing software has made the process 
similar to a “black-box” concept and easy for 
a nonprofessional to operate. The skills and 
educational requirements usually required to 
practice the mapping profession are no longer 
needed to operate such software at a basic level.

The era preceding this revolution was 
characterized by its slow pace when it came to 
the advancement in geospatial technologies. 
The film-based aerial camera, long time 
workhorse for the mapping industry, witnessed 
little technological advancement over the 
50 years before the introduction of the first 
digital aerial camera in 2000. However, this 
slow technological evolution offered the right 
environment to mature the theoretical and 
practical aspects of the profession. It also 
allowed time to develop best practices for 
reliable mapping production processes.

Introducing drones to our industry is a 
good example of a fast-moving technological 
evolution, begging questions like: Did 
this introduction come too fast? Were we 
unprepared for it? Was the use of this 
technology faster than the pace of our research 

Photogrammetric Engineering & Remote Sensing
Vol. 85, No. 5, May 2019, pp. 329-337.
0099-1112/18/329–337
© 2019 American Society for Photogrammetry and Remote Sensing
doi: 10.14358/PERS.85.5.329
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conventional photogrammetric processing 
software, which would be prohibitively 
expensive.

Some traditional photogrammetric software 
cannot easily handle the excessive sensor-
orientation angles that are usually caused by 
the wind effect on the lightweight body of a 
small UAS. Most traditional photogrammetric 
software does not fully utilize the principle of 
Structure from Motion (SfM), which is efficient 
in estimating the geometry of a block of 
imagery obtained by drones. The SfM method 
solves the camera positions and scene geometry 
simultaneously, using a bundle adjustment 
of highly redundant measurements based on 
matching features in multiple overlapping 
images acquired from different locations. In 
contrast, the conventional photogrammetric 
approach requires ideally consistent camera 
properties and prior knowledge of camera 
positions or a ground control network.

Photogrammetry 
versus SfM
Although it is unintentional in some cases, 
incidents over the last few years reveal 
clear abuses to map-making standards 
and practices when it comes to UAS. Many 
of the UAS-operator-turned-mapper are 
lacking basic knowledge and fundamentals of 
photogrammetric mapping processes. For many 
of them, their knowledge does not go beyond 
what they learned from operating these new 
breeds of black-box processing software. They 
are often excited and fascinated by the term 
“SfM” and some agencies have started calling 
the team or the unit involved in processing 
of drone imagery “SfM Department.” Some 
drone-operator-turned-mappers claim that 
photogrammetric practices and methods are no 
longer needed when using the SfM approach. 
Many of this new generation of mappers 
neglect the fact that drones are just a new 
platform or aircraft that just happens to be 
unmanned. The imaging process is executed by 
cameras that are based on the same principle 
and design of the cameras that have been 
operated for decades. These cameras are no 
different than the traditional ones flown on 

“These innovations 
have positively 
impacted our 
industry, but they 
also have resulted 
in some negative 
implications when it 
comes to standards 
of practice.”

manned aircraft. Standard practices should still 
be applied. As a matter of fact, consumer-grade 
cameras, such as those used on drones, inherit 
more problems than high-end metric mapping 
cameras. Consumer-grade cameras are low-cost, 
nonmetric cameras with low-quality lenses and 
shutters. The global positioning system (GPS) 
used with these cameras is frequently based 
on the less-accurate, single-frequency receiver. 
Performing camera calibration and modeling 
GPS timing and positioning error techniques 
were perfected by the photogrammetric 
community over the last few decades.

Moreover, bundle block adjustment, least 
squares, and adjusting products to fit datum 
and coordinates systems were not the 
inventions of the SfM scientists. These are the 
results of decades of hard work by the extensive 
community of geodesists, photogrammetrists, 
and mapping scientists. Software based on 
SfM principles is great for constructing a 
3D scene and producing a 3D product, but 
without borrowing some photogrammetric 
principles in camera self-calibration, geo-
located bundle block adjustment, least squares 
errors distribution, and modeling of GPS/
inertial measurement unit (IMU) shift and 
drift, the derived products will be anything but 
positionally accurate.

I plead to the new community of mappers 
to embrace the new reality of merging 
photogrammetric techniques and practices with 
innovations by the computer vision community 
to produce scientifically sound mapping 
products. Relying on push-button, black-box-
based processing alone is a risky undertaking, 
since the mapping process and imaging sensors 
are complicated. Users eventually will run 
into situations where only proper knowledge of 
photogrammetric and mapping principles will 
be able to produce a quality product.

The mapping community offers tremendous 
opportunities for these new mapping 
practitioners through many American Society of 
Photogrammetry and Remote Sensing (ASPRS) 
workshops and certifications. Several schools 
around the country also offer good online 
classes on geospatial and photogrammetric 
sciences. To be able to build accurate mapping 



332 May 2019  PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING

product lines from drones, you need more than 
the drone pilot license. Drone pilots should 
reach out to the greater community of mappers 
and surveyors to help you navigate through this 
complex yet fascinating world of map making.

With that said, let us dig into the reality 
of whether these low-cost cameras can 
produce accurate mapping products. Several 
publications presented conflicting conclusions 
on the accuracy of products derived from 
UAS, some of which presented ridiculously 
unrealistic and exaggerated claims. In my 
opinion, and based on the results of my own 
research, products derived from UAS can be 
accurate if and only if users understand the 
conditions that result in accurate bundle block 
adjustment. Anyone can produce a nice-looking 
map using the SfM-based software because 
they are known for ease of use. However, not 
everyone can produce a nice AND accurate map 
that a licensed professional would endorse. To 
get an accurate map, you need to satisfy basic 
criteria, among those are the following:

1. The imagery must be acquired with the 
highest quality possible to satisfy the 
following conditions:

Figure 1. High-resolution imagery from a UAS with a resolution of 2.0 cm.

“This slow technological evolution 
offered the right environment 
to mature the theoretical 
and practical aspects of the 
profession. It also allowed time to 
develop best practices for reliable 
mapping production processes.”

A. Taken during good light and weather 
conditions;

B. Free from shadow or cloud shadow as 
much as possible;

C. Not taken with an overly wide-angle 
lens, such as a fish-eye lens. Wider 
lens is characterized by increased lens 
distortion resulting in degraded image 
quality;

D. Taken with a camera with a global 
shutter to minimize the image blurring 
effect (rolling shutters tend to degrade 
image quality);

E. Flown with 80% forward lap and 60 
to 70% side lap. Such high overlap is 
necessary to increase the reliability 
figures in the photogrammetric 
solution while in the same time 
provides optimum condition for multi-
rays’ photogrammetry.

2. There should be a minimum of five to 
nine ground control points that are well 
distributed across the project area and are 
surveyed to the required accuracy.

3. The processing software should be capable 
of modeling and correcting camera 
internal parameters and GPS/IMU 
anomalies or errors.

4. It is recommended that operators use a 
UAS with a dual frequency receiver and 
Post Process Kinematic capability.

“The film-based 
aerial camera, 
longtime workhorse 
for the mapping 
industry, witnessed 
little technological 
advancement over 
the 50 years before 
the introduction 
of the first digital 
aerial camera in 
2000.”
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Figure 2. First order estimation of ground error from aerial photogrammetry.

Flying Altitude AGL
(ft.)

Horizontal Error in X or Y
ft. cm

50.0 0.004 0.11
100.0 0.007 0.22
150.0 0.011 0.33

200.0 0.015 0.44
400.0 0.029 0.89

3000.0 0.218 6.65
6000.0 0.436 13.30

10000.0 0.727 22.17

Table 1. Flying altitude effect on product accuracy when 15 arc seconds error exist in 
camera orientation.

Small Project Size
The smaller size of projects associated with UAS 
acquisition helps minimize the error sources 
in the bundle block adjustment and eventually 
results in a better management for the error 
modeling during adjustment. In addition, 
smaller project size translates to fewer number 
of images and therefore a better ratio of images 
to ground control points, assuming ground 
control points are used in the block adjustment.

Image Redundancy
UAS-based imagery is usually flown with 
excessive forward and side overlap. Such 
increased overlap results in increased “reliability 
figure”. The reliability figure is an important 
measure for estimating the quality and the 
fidelity of the photogrammetric solution. 

Several factors have contributed to the success 
in UAS-based photogrammetry, including the 
following:

Low-Altitude and High-Resolution Imagery
Low-altitude imaging not only results in high-
resolution imagery (see Figure 1), it minimizes 
the effect of the altitude errors on the derived 
products. After the aerial triangulation solution, 
there will always be residual errors in the 
computed camera attitudes angles. The effect of 
such errors on the derived products is linearly 
proportional to the flying altitude as illustrated 
in Figure 2 and the following equations:

ΔYω = H· tan Δω (1)
ΔXф = H· tan Δф (2)

where,

Δω = Omega error

Δф = Phi error

ΔYω = Position error caused by error in Omega

ΔXф = Position error caused by error in Phi

H = Flying altitude.

As Equations 1 and 2 demonstrate, the higher 
we fly the sensor, the more errors are introduced 
in the positions of the derived products. Figure 
2 illustrates the influence of flying altitude on 
the estimated products’ accuracy derived from 
photogrammetry or lidar. With manned aircraft, 
we usually fly around 3,000 feet to 10,0000 feet 
above ground level, while most of UAS missions 
are conducted from an altitude of 70 feet to 200 
feet. Such low-altitude results in lower positional 
errors caused by the errors in sensor orientation 
angles determination from aerial triangulation. 
To illustrate the impact of flying altitude on 
resulting accuracy, Table 1 lists the estimated 
horizontal positional errors caused by an error 
of 15 arc seconds in omega and phi during the 
aerial triangulation process (as computed using 
Equations 1 and 2). Such remaining error in the 
camera orientation determination is expected, 
and the value of 15 arc seconds is realistic even 
for high-quality aerial triangulation adjustment. 
Table 1 clearly shows that those positional errors 
remain low for UAS flights (i.e. flown under 400 
feet) but are much higher for typical imaging 
missions using manned aircraft.

“This excitement 
pushed people to 
purchase a low-cost 
drone and start 
acquiring aerial 
imagery over their 
neighborhood, 
community, church, 
wedding, real estate 
property, etc.”
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Efficient Processing Software and 
Matching Algorithms
Software such as Pix4D, Metashape (formerly 
Photoscan), and SimActive CORRELATOR3D 
should share the credit for the fast integration of 
drones by the mapping industry. Some of these 
software packages utilize the SfM approach to 
resolve drone imagery geometry. Some utilize 
highly advanced matching algorithms, such as 
Scale-Invariant Feature Transform, Speeded-
Up Robust Features, and SemiGlobal Matching, 
which result in the highest quality tie/pass points 
for aerial triangulation and surface models. 
Figure 4 illustrates the sheer number of tie/pass 
points generated for one UAS-based image. This 
density of tie/pass points, with an average of 1,000 
to 2,000 points per image, is unprecedented as 
conventional photogrammetric practices result in 
only up to nine tie/pass points per image (or six 
Von Gruber points per stereo model).

Having such high number of tie/pass points 
contributes to a high-fidelity bundle block 
solution. Figure 5 illustrates the high quality 
of digital surface model generated by these new 
matching algorithms.

Figure 3. Left: Flight plan of the project Right: 40 images of one ground control point.

2  ASPRS. http://www.asprs.org/wp-content/
uploads/2015/01/ASPRS_Positional_Accura-
cy_Standards_Edition1_Version100_Novem-
ber2014.pdf.

3  Abdullah, Q. and C. Kiedrowski. Practical ap-
proach to using the new ASPRS positional accu-
racy standards for digital geospatial data”.  In 
ASPRS 2019 Annual Conference, held in Denver, 
Colorado, 28 January 2019.

Figure 4. Distribution of matched tie/pass points (represented as orange + symbols) in a 
drone image.

“Most traditional photogrammetric software does 
not fully utilize the principle of Structure from Motion 
(SfM), which is efficient in estimating the geometry of 
a block of imagery obtained by drones”

Figure 3 illustrates a ground control point that 
appeared in 40 images in a project whose flight 
plan is illustrated at the left side of the figure.

Besides strengthening the reliability figure 
in the solution, image redundancy provides 
the right environment for processing 
software that utilizes the concept of multi-ray 
photogrammetry, which results in a better aerial 
triangulation solution and better products.
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Advanced Errors Modeling Capabilities
Most processing software used for UAS-based 
imagery employs sophisticated error modeling 
algorithms to compensate for the shortcomings 
of the consumer grade cameras and the low-
cost GPS and IMU devices. Performing camera 
self-calibration during the bundle block 
adjustment solution is crucial to the success 
of any UAS mapping mission. Modeling errors 
in sensor position due to the low-grade GPS 
receivers used with many low-cost UAS is 
of no less importance than the camera self-
calibration process. Camera self-calibration is 
a well-known technique developed during the 
last few decades within the photogrammetric 
community and is adopted by the new UAS 
image processing software. Developers of these 
new software need to adopt the techniques 
developed by the photogrammetric community 
to model GPS and IMU shifts and drifts.

UAS and ASPRS 
Mapping Standards
Many times, I am faced with the question of 
whether I should accept mapping products from 
UAS. My answer is always yes, as long as you 
consider the following common-sense practices:

A. Make sure that the data provider follows a 
stringent photogrammetric workflow and 
is aware of the four criteria listed above for 
producing accurate mapping products.

B. Always remember that the derived 
product will never be as accurate or more 
accurate than the ground control points 
used in the photogrammetric process to 
generate the product.

C. Demand that the products meet an 
industry mapping accuracy standard. For 
this, I suggest specifying the new “ASPRS 
Positional Accuracy Standards for Digital 
Geospatial Data”2 in the contract. This 
is the only standard designed for digital 
geospatial data. The new ASPRS mapping 
accuracy standards simplify the process 
while providing legal protection in case 
the data producer fails to meet the data 
quality requirements specified in the 
contract. Once you specify the accuracy 
for the final products in the contract, the 

new standards set the required accuracies 
that need to be achieved during the various 
phases of product generation. For example, 
the standards set the required accuracy for 
the ground control points and the accuracy 
of aerial triangulation without specifying it 
in the contract, see Figure 6.

In addition to setting the accuracy of the ground 
control points required for the project and the 
accuracy of aerial triangulation, the standards 
also specify the accuracy of the check points to 
be used to verify the delivered product accuracy 
and will dictate a formal accuracy statement to 
be provided by the data provider.

Although some of the drone-based product 
providers advocate the new ASPRS standards 
when marketing their products, they pay little 
attention to the meaning of product accuracy as 
specified by the ASPRS standards. Frequently 

Figure 5. High quality points cloud from consumer grade camera imagery.

Figure 6. The new ASPRS standards and products accuracy criteria.3

“Offering the 
capability of 
processing UAS-
derived imagery is a 
huge service to the 
mapping-by-drones 
community, when 
practiced correctly 
and professionally.”
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For Topographic Mapping Products
According to the new ASPRS positional 
accuracy standards, for a digital surface model 
or digital terrain model to be produced to meet 
a vertical accuracy class of 1 cm, the following 
conditions needs to be satisfied:

A. The ground control used for the aerial 
triangulation process needs to be surveyed 
to a horizontal accuracy of 0.25 cm as 
RMSE and vertical accuracy of 0.25 cm as 
RMSE.

B. The accuracy of the aerial triangulation 
needs to be within 0.50 cm as RMSE 
horizontally and 0.50 cm vertically as 
RMSE.

Looking at the stringent horizontal and vertical 
accuracy requirements for the ground control 
survey of 0.25 cm, an experienced mapper can 
easily realize that real-time kinematic-GPS 
field surveying practices cannot be utilized 
for this type of survey work and that costly 
differential levelling is the only method that 
can achieve such accuracy. The high cost of 
this highly accurate ground control survey is 
prohibitively expensive and not suitable for low-
cost UAS-based products. The new UAS-based 
mappers need to understand that most of the 
field survey work conducted to support aerial 
mapping usually meets an accuracy of 2 cm (as 
RMSE) unless otherwise requested. Ground 
control points surveyed to an accuracy of 2 cm 
are only useful to produce mapping products 
that are accurate to 8 cm according to ASPRS 
standards and it does not support the 1-cm 
accuracy claim that many UAS-based mappers 
advocate.

Summary
Finally, our success in using UAS for mapping 
product generation can be credited to the past 
achievements within the photogrammetric 
community and the introduction of several 
innovative approaches by the non-mapping 
community. This collaboration between the 
two communities has resulted in an extremely 
efficient workflow for processing UAS products. 
Without this cooperation, the use of UAS for 
mapping would not be as prevalent as it is 
today.

“The SfM method 
solves the camera 
positions and 
scene geometry 
simultaneously, 
using a bundle 
adjustment of 
highly redundant 
measurements 
based on matching 
features in multiple 
overlapping images 
acquired from 
different locations.”

they claim their products are produced to meet 
an accuracy of 1 cm or better. This claim is 
problematic for the following reasons:

Wrong Approach for Accuracy Evaluation
Product accuracy according to ASPRS standards 
must satisfy the following conditions:

A. Accuracy should be assessed by using a 
set of independent surveyed (or derived 
from other sources) ground check points 
that are more accurate than the tested 
products. Independent check points are 
ground control points that are not used in 
the aerial triangulation for that project

B. To make it a valid statistical sample, there 
should be at least 20 check points used in 
the accuracy assessment regardless of the 
project size.

C. Check points should be at least three times 
more accurate than the tested product.

Besides violating the ASPRS standards 
conditions on accuracy evaluation, many 
of those providers report the results of the 
ground control fit in aerial triangulation to 
express their products accuracy. This is the 
wrong approach as the aerial triangulation 
subjects the ground control points to a 
stringent constraint, which disqualifies it as an 
independent check point.

For Planimetric Mapping Products
According to the new ASPRS positional 
accuracy standards, for an orthorectified image 
or planimetric vector mapping product to be 
produced to meet a horizontal accuracy of 1 cm, 
the following conditions need to be satisfied:

A. The ground control used for the aerial 
triangulation process needs to be surveyed 
to a horizontal accuracy of 0.25 cm as Root 
Mean Square Error (RMSE) and vertical 
accuracy of 0.50 cm as RMSE.

B. The accuracy of the aerial triangulation 
needs to be within 0.50 cm as RMSE 
horizontally and 1.0 cm vertically as 
RMSE.
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My advice for the UAS-operators-turned-
mappers community is to understand that UAS 
is just another platform to carry aerial cameras 
and other sensors. The mapping community 
has developed techniques and processes to 
deal with imagery over the last century. I 
advise these UAS operators to join the larger 
mapping community through participation, 
open dialogue, and seeking professional 
mapping certification. Among its professional 
certifications, ASPRS offers two programs that 
are dedicated to professionals who specialize in 
one or more of the following UAS activities:

1. Design, operation, and management of 
survey, mapping, and remote sensing 
projects using UAS;

2. Analytical techniques and methods for 
processing UAS-acquired data;

3. UAS system design and research;
4. Performing or supervising routine tasks 

to collect, process, and interpret data 
acquired with UAS for use in surveying, 
mapping and remote sensing applications.

In addition, I hope that members of the 
mapping community will embrace the presence 
of the new UAS operators-turned-mappers 
among us and support them by sharing their 
knowledge, fostering their education and giving 
advice. Working together will only enrich 
our geospatial mapping community, make us 
stronger professionals and produce the best 
mapping products to benefit everyone.

Author
Dr. Qassim Abdullah, Ph.D., CP, PLS, has 
more than 40 years of combined industrial, 
research and development, and academic 
experience in analytical photogrammetry, 
digital remote sensing, and civil and surveying 
engineering. As chief scientist for Woolpert, 
Abdullah designs, develops and implements 
evolving remote sensing technologies for 
geospatial users. Abdullah serves as an adjunct 
professor, publishes a monthly “Mapping 
Matters” column in the PE&RS Journal and in 
2019 received the ASPRS Lifetime Achievement 
Award.

This article is to be published concurrently in 
the PE&RS journal and the xyHt Magazine.

“Although some of the drone-based product 
providers advocate the new ASPRS standards 
when marketing their products, they pay little 
attention to the meaning of product accuracy as 
specified by the ASPRS standards”

Too young to drive the car? Perhaps!

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

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

asprsfoundation.org/donate
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By Juan Ortiz-Sanz, Mariluz Gil-Docampo,   
Teresa Rego-Sanmartín, and Marcos Arza-García

The Future Professionals in Geomatics

in this field (i.e., the American Society of Photogrammetry 
and Remote Sensing (ASPRS), the International Society 
for Photogrammetry and Remote Sensing (ISPRS), the 
International Association of Geodesy (AGI), and the Geoscience 
and Remote Sensing Society (IEEE/GRSS)) also attempt to 
strengthen Geomatics education and training promoting 
initiatives within their programs. Under the umbrella of these 
societies, a wide number of activities have been carried out 
aiming to develop instruments and resources for Geospatial 
training and education at all levels. The boom of online courses 
in all its forms and the popular phenomenon of massive 
online open courses has also contributed to spread Geospatial 
technology knowledge.4 However, the increasing need to 
attract more students to Geomatics and related branches has 
called for marketing efforts to be also focused on high schools.

Taking Action from Early Ages
It seems clear that efforts seeking to motivate students to 
develop the knowledge and skills required to pursue a future 
in the Geomatics industry are needed. 

For this reason, six-years ago we started an 
educational project directly focused on bringing 

photogrammetry closer to students from around 
the world. Meeting the demands of the youth 

in this technology-driven era, we integrated 
mobile devices in the project as a key tool 

to keep them engaged. The D3Mobile 
international championship brings 

K–12 students closer to our field 
work through an e-learning 

methodology that teaches 
them to scan real objects 
with their smartphone 

camera. Participants gain experience in the scanning of 
physical objects and practice a range of techniques related to 
further 3D editing process, such as: 

•	 photogrammetric principles, 
•	 image acquisition procedures, camera settings, 

management of the illumination, and set up of the scene 
for 3D reconstruction

•	 dense point cloud reconstruction and meshing
•	 realistic texture generation
•	 3D coordinate systems and transformations.

Graduates and skilled manpower in Geospatial sciences 
have never been in such high demand, as the role of spatial 
information in society is now well-defined. The integration of 
spatial information with computing has allowed the society 
to use huge volumes of Geospatial data to help complex 
decision making and analysis across all sectors. In parallel, the 
work of the professionals in Geomatics is shifting away from 
“boots on the ground” and is already far from the classical 
surveyor’s conception. Now, Geomatics is a computer-based 
and crosscutting discipline that allows the practical application 
of science-technology advancements, in the same way that 
three-dimensional (3D) spatial skills are currently essential 
for many traditional jobs. The applications of Geomatics are 
varied and have been widely implemented in land planning, 
industrial design and manufacturing, precision agriculture, 
aerospace, environmental monitoring, video games, among 
others, all over the world. With a global estimated market size 
approximating US$ 300 billion, the Geospatial industry is likely 
to grow between 15 to 20% over the next few years.1 This fact 
will have important employment implications. In the US, for 
example, only the jobs on the subdisciplines of cartography and 
photogrammetry are projected to grow 19% over a ten-year 
period, much faster than the average for all occupations.2 

However, there is currently an overall concern between 
academics and international institutions involved in the 
field of Geomatics about the low number of students 
enrolling in a university degree program in those 
fields. Sadly, indicators remain even worse in 
the case of women.3 The difficulty in attracting 
young people makes university programs less 
viable, and are often threatened with closure. 
For example, our own institution was obliged to 
close its Geomatics degree program a couple of 
years ago. Also, the construction industry has 
been severely affected by the recent world financial crisis, 
especially in some countries of southern Europe. Since then, 
the enrolment in associate degree programs has remained at 
minimal levels almost everywhere.

Although significant enhancements and modernization in 
educational programs have been driven by governments and 
academic institutions during the last decade, the provision of 
new opportunities for learners and innovative changes still 
remains necessary. The main international organizations 
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In our opinion, high school teachers play a vital, though 
undervalued, role in motivating and helping to foster the next 
generation of Geomatics engineers. Promoting projects like 
this, will encourage them to include alternative interactive 
experiences and class discussions to not only stimulate 
learning but to also infuse specific career information.

Results and Conclusions
Since the first edition of D3Mobile in 2013, the number of 
participants has increased over the years, resulting in more 
than 1400 students from 44 countries around the world 
participating in the last edition. As a result of six-years of hard 
work, our research group, CIGEO— Civil & Geomatics Research 
Group, was invited to present this project at SCIENTIX, the 
community for science education in Europe, and SPIN2016, 
Ibero-American network of entrepreneurship. During these 
past six-years, we have involved more than 40 partners in the 
project. D3Mobile has also been selected as a “Good Practice” 
by the European Commission by its initiative “Open Education 
Europe” for contributing innovative education.

Above all this, the project allowed us to improve the awareness 
and visibility of Geomatics, including subdisciplines like 
photogrammetry, thus changing participants’ perceptions 
about them. 3D scanning and modelling were indicated on 
surveys by most students to be attractive professional fields 
for them in the future.

We invite you to visit our website (http://www.d3mobile.es/) for 
more details of the initiative. In the future, we would especially 
like to encourage the entire community involved in Geomatics 
to promote similar activities to support this field. The upcoming 
years look bright for the Geospatial sector and a new generation 
of professionals will be prepared to lead the change.
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ASPRS STUDENT ADVISORY COUNCIL (SAC) IS 
INTERVIEWING CANDIDATES FOR NEW POSITIONS 

We are excited to have new members joining SAC and helping us in improve the 
student experience in ASPRS. We will announce the new council members 

later this month.  

This year SAC aims to help improve the student experience in many areas: events at ASPRS conferences, chapter outreach, 
and conference opportunities for students.

Upcoming conference opportUnities for stUdents

Asprs conferences

pecorA 21/ isrse 38 conference
October 6-11, 2019, http://pecora.asprs.org/
The joint meeting of the 21st William T. Pecora 
Memorial Remote Sensing Symposium (Pecora 21) and 
the 38th International Symposium on Remote Sensing 
of Environment (ISRSE 38) will convene in Baltimore, 
Maryland, USA from October 6 – 11, 2019.  The conference 
theme is Continuous Monitoring of Our Changing Planet: 
From Sensors to Decisions.

new this yeAr! 
SAC is planning to feature some of our fellow student 
members here in Signatures and on our social 
media sites. We want to showcase student research, 
accomplishments, event participation, and other related 
activities. If you are a student member of ASPRS, 
please submit your Showcase materials to Jeff Pu, SAC 
Communications Councilor, gpu100@syr.edu. If you 
are not a student but know of any outstanding student 
members who should be featured here, please submit 
their name and contact information to Jeff Pu. 

sAc sociAl mediA
Facebook—www.facebook.com/pg/ASPRS-Student-Advisory-Council-117943608233122/posts/?ref=page_internal

Twitter—https://twitter.com/asprs_sac?lang=en

regionAl And other relAted conferences 
eArth engine conference
September 16-19, 2019 
https://sites.google.com/earthoutreach.org/
geoforgood19/
This Summit will bring together the Earth Engine and Earth 
Outreach communities to one larger event where scientists, 
nonprofits and changemakers can learn from each other and 
potentially collaborate on projects for positive impact for our 
planet and its inhabitants.

esri Uc conference
July 8-12, 2019
https://events.esri.com/conference/allConf/regCust/
index.cfm?code=YPN583627423&EvtGrpId=423  
For five days, this conference provides over 450 hours of 
training, hundreds of user presentations that share best 
practices, and opportunities for me to get our specific 
technical questions answered one-on-one by Esri subject 
matter experts, developers, industry leaders, and more! The 
UC also includes an EXPO full of vendor exhibits featuring 
innovative GIS solutions and special interest group meetings 
that will connect me with GIS users from our region and 
industry. 

mailto:StudentCouncil@asprs.org
http://pecora.asprs.org/
mailto:gpu100@syr.edu
https://www.facebook.com/pg/ASPRS-Student-Advisory-Council-117943608233122/posts/?ref=page_internal
https://twitter.com/asprs_sac?lang=en
https://sites.google.com/earthoutreach.org/geoforgood19/
https://sites.google.com/earthoutreach.org/geoforgood19/
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by Clifford J. Mugnier, CP, CMS, FASPRS

The Bolivian highlands were the location of 
the advanced Tiahuanaco culture, circa the 
7th to 11th centuries. The Aymara Indians 

followed and were conquered in the 15th century 
by the Inca Indians. The Incas were subsequently 
conquered in the 1530s by Hernando Pizarro, the 
half-brother of Francisco Pizarro who conquered 
Peru. Bolivia achieved independence from Spain 
by proclamation of Simón Bolívar on August 6, 
1825 when General Antonio José de Sucre invaded 
Characas. A map of Bolivia that was printed on a 
1928 Bolivian postage stamp precipitated a war 
with Paraguay in the 1930s over the Gran Chaco 
region! After learning about that postage stamp, I 
began collecting “map stamps” of the world.

The eastern part of Bolivia has low, hot, fertile land wa-
tered by many rivers. In the central part of the eastern slope 
of the Andes, there is a high plateau region that includes part 
of the Gran Chaco. Lake Titicaca is in the western part of 
the central ranges and the highest peaks which include Cer-
ro Illimani at 6,882 m. The lowest point in Bolivia is the Rio 
Paraguay at 90 m.

Bolivia has had a cartographical history quite unlike that 
of any of the other west coast republics of South America. Not 
only did the period of instrumental surveys begin much later 
in the Republic of Bolivia, but until 1921, when the Amer-
ican Geographical Society began the compilation of the La 
Paz 1:1,000,000 sheet, there had never been a general map of 
the country that could be described as an exhaustive compi-
lation. J. B. Pentland, an English explorer and cartographer, 
opened the era of exploration and discovery in Bolivia with 
his work on the Altiplano and in the Eastern Cordillera of 
the Andes that he carried out in 1827 and 1828. His surveys 
and later work in 1837-1838 were published as charts by the 
British Admiralty in 1830 and 1839, respectively. The most 
important part of Pentland’s work was his determinations 

THE REPUBLIC OF

 
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 Bolivia was 
originally printed in 2001 but contains updates to their coordinate 
system since then.

of altitudes and astronomical positions, the latter of which 
were used for many years as the basis for survey work in and 
for all compiled maps of the areas he covered. His determi-
nations of altitudes in the Cordillera Real not only attracted 
the attention of other explorers to this hitherto little-known 
section of the Andes, but also gave rise to much controversy. 
That was because they indicated that the highest crests of the 
Bolivian section of the Andes were among the highest, if not 
actually the highest, in the whole Cordillera. It was believed, 
up to that time, that the snow-capped volcanoes of Ecuador 
held that distinction. Meanwhile in 1830, Alcide d’Orbigny, a 
French anthropologist and geologist, had begun the explora-
tions that resulted in his Carte Générale de la République de 
Bolivia at a scale of approximately 1:1,575,000, published in 
1835-1847 in his Voyage dans l’Amérique Méridionale.

Thanks to Sequoia Read of the Defence Geographic and 
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Imagery Intelligence Agency, I received excerpts of a 1935 
book entitled, Die Karten der Cordillera Real und des Talk-
essels von La Paz (Bolivien). The authors were Prof. Dr. Carl 
Troll, and the famous photogrammetrist, Dr. Richard Finster-
walder!Finsterwalder detailed his excellent terrestrial photo-
grammetric survey of the volcanoes around La Paz.

The “Topographic Desk of the Southeast” was combined 
with the “Major General Topographic Cabinet of the State” 
in 1936 to form the Instituto Geográfico Miliar (IGM). Initial-
ly formed in the city of Cuevo, the institute was relocated to 
Cochabamba in 1939 and finally moved to La Paz in 1942. By 
the end of 1948, “La Ley de la Carta” (The Law of the Map) 
was decreed establishing IGM as the monopoly for mapping 
the nation. I have discussed this concept common to many 
Latin American nations as a vehicle to help fund the military 
because of the low existing tax base. Argentina (see PE&RS, 
December, 1999, pp. 1361-1363) and Ecuador (see PE&RS, 
May, 1998, pp. 542-543) are no exceptions to this custom.

The southwestern portion of Bolivia is well controlled with 
classical triangulation arcs, and some high-precision electron-
ic distance meter traverses cover the southeastern portion of 
the country. The northern half of Bolivia is relatively devoid 
of triangulation control. Vertical control does extend to the 
northern provinces, and 1:50,000-mapping covers the south-
ern half completely and the northern latitudinal half of the 
northern half.

The Republic of Bolivia is on the Provisional South Amer-
ican Datum of 1956 (PSAD 56) with the origin in the town 
of La Canoa, Venezuela where Φo = 08° 34´ 17.170˝ North, 
Λo = – 63° 51´ 34.880˝ West of  Greenwich, and the defining 
azimuth to station Pozo Hondo (αo) = 40° 22´ 45.96˝. The el-
lipsoid of reference is the Hayford 1909 where the semi-major 
axis, a = 6,378,388 meters, and the reciprocal of flattening, 
1/f = 297. In 1977, James W. Walker presented and published 
a paper at the Pan American Institute of Geography and His-
tory that included the seven-parameter transformation from 
PSAD 56 in Bolivia to the WGS 72 Datum where: ∆X = +268.20 
m, ΔY = – 129.21 m, ΔZ = +408.13 m, scale = – 1.79024x10-5, 
RX = – 1.549˝, RY = – 0.742˝, and RZ  = – 0.416˝. However, 
Walker pointed out that the rotations and scale factor had 
magnitudes equal to the uncertainty, so the actual parame-
ters had little to do with reality. For that reason, the transfor-
mation parameters from the South American Datum of 1969 
(SAD69) coordinates for Bolivia to the WGS 72 Datum were 
only offered in terms of three parameters. I have not been able 
to locate anything in Bolivia that is referenced to SAD69.

All late 20th century large-scale mapping of Bolivia appears 
to be referenced to the PSAD 56. The Grid of choice for Bo-
livia is the Universal Transverse Mercator (UTM). Howev-
er, a Lambert Conformal Conic does exist in Bolivia that is 

referenced to the WGS 72 Datum where the Northern Stan-
dard Parallel jn = – 12° South, the Southern Standard Par-
allel js = – 20° South, the False Northing Latitude of Origin 
jo = – 20° South, the Central Meridian λo = – 64° West of 
Greenwich, and the False Easting is 500 km. The ellipsoid of 
reference is the WGS 72 where a = 6,378,135 meters and the 
reciprocal of flattening, 1/f   = 298.26. Other ancient Datums 
known to exist in Bolivia include the Arequipa Astro from the 
boundary surveys of the 19th century with Peru, and the Pepi-
to and Poto Astros. John W. Hager believes that the vertical 
Datum is referenced to Arica in Chile.

Update
Since 2001, Bolivia has entered into a cooperative agreement 
for the Geocentric Reference System for the Americas, termed 
“SIRGAS,” a Spanish acronym.   Extensive geophysical re-
search has been initiated in Bolivia with respect to crustal 
motion and volcanic activity.  The CGPS network in coun-
try consists of 43 CGPS station sites, with 11 GPS stations 
recently installed in response to the Pisagua 8.2 magnitude 
earthquake on 1 April 2014.  As of November, 2014 more than 
240 GPS stations had been observed with dual-frequency GPS 
receivers.1, 2

Topography of the Uyuni salt flats determined with kinematic 
GPS was published in 2008.3

Significant gravity survey were published in 2015 for the Bo-
livian Central Andean Plateau,4 but there seems to be zero 
data publicly available on transformation parameters from 
the PSAD 56 or the SAD69 datums to the current SIRGAS 
system.  The Bolivian military IGM offered no response to my 
queries.

1 http://www.sirgas.org/fileadmin/docs/Boletines/Bol19/56_
Heck_et_al_2014_CrustalMotionBolivia.pdf

2 https : / /pubs .geosc ienceworld .org /gsa/geosphere /
article/14/1/65/525536/50-years-of-steady-ground-
deformation-in-the

3 https://academic.oup.com/gji/article/172/1/31/2081107
4 h t t p s : / / e t d . o h i o l i n k . e d u / ! e t d . s e n d _

file?accession=osu1437668357&disposition=inline.

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

This column was previously published in PE&RS.
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Special Issue on the
ISPRS TCII Symposium 2018 

Fabio Remondino and Isabella Toschi, Guest Editors

This PE&RS Special Issue originates from the ISPRS 
Technical Commission II Midterm Symposium (www.isprs.
org/tc2-symposium2018), that was held in Riva del Garda, 
Italy, in June 2018. ISPRS TCII “Photogrammetry” covers 
all aspects of measurement and information extraction in 
photogrammetry, with special focus on the geometric, radio-
metric and multi-temporal aspects of 3D imaging techniques. 
Particularly, the uniqueness of TCII mainly comes from its 
multi-scale perspective, encompassing theory and methods 
to derive accurate information from terrestrial, aerial and 
satellite images and point clouds, in various application 
fields – industrial metrology, heritage, geosciences, etc. These 
elements made the TCII Midterm Symposium a reference 
meeting point for researchers, practitioners and companies 
working in the field of photogrammetry, computer vision, 
geospatial data analysis and point cloud processing. 
As event organizers, we selected the most promising contri-
butions, that convey deep insight into the latest advances 
of photogrammetry, from image orientation and point cloud 
generation, to 3D scene reconstruction and large-scale 
machine learning methods for geospatial analysis. Data 
acquisition and processing in underwater and environmental 
applications are also treated. This Special Issue contains the 
most salient outcomes of the studies presented at the Sympo-
sium, and includes 10 peer-reviewed papers grouped into two 
issues.

In this issue, the reader will find the following articles

Robust Structure from Motion Based on Relative Rotations and Tie 
Points 
This paper will present two novel approaches for image 
orientation with a focus on robustness, starting with relative 
orientations of available image pairs, an incremental and a 
global one, and compare their performance. For the incre-
mental approach, we first choose a suitable initial image 
pair, and we then iteratively extend a cluster by adding new 
images. The rotation of these newly added images is estimat-
ed from relative rotations by single rotation averaging. In 
the next step, a linear equation system is set up for each new 
image to solve the translation parameters with triangulated 
tie points which can be viewed in that new image, followed by 
a resection for refinement. Finally, we refine the orientation 
parameters of the images by a local bundle adjustment. We 
also present a global method, which consists of two parts: 
global rotation averaging, followed by setting up a large 

linear equation system to solve for all image translation 
parameters simultaneously, a final bundle adjustment is car-
ried out to refine the results. We compare these two methods 
by analyzing results on different benchmark sets including 
ordered and unordered image datasets from the Internet and 
two other challenging datasets to demonstrate the perfor-
mance of our two approaches. We conclude that while the in-
cremental method typically yields results of higher accuracy 
and performs better on the challenging datasets, our global 
method runs significantly faster.

Flexible Photogrammetric Computations using Modular Bundle 
Adjustment
The main purpose of this paper is to show that photogram-
metric bundle adjustment computations can be sequentially 
organized into modules. Furthermore, the chain rule can be 
used to simplify the computation of the analytical Jacobians 
needed by the adjustment. Novel projection models can be 
flexibly evaluated by inserting, modifying, or swapping the 
order of selected modules.

As a proof of concept, two variants of the pin-hole projec-
tion model with Brown lens distortion were implemented in 
the open-source Damped Bundle Adjustment Toolbox (DBAT) 
and applied to simulated and calibration data for a non-con-
ventional lens system. The results show a significant differ-
ence for the simulated, error-free, data but not for the real 
calibration data.

The current flexible implementation incurs a performance 
loss. However, in cases where flexibility is more important, 
the modular formulation should be a useful tool to investigate 
novel sensors, data processing techniques, and refractive 
models.

Aiding Indoor Photogrammetry with UWB Sensors
Given the worldwide spread of smartphones, photogrammet-
ric surveying with mobile devices is becoming of significant 
interest in the research community for providing low cost 
3D models. Since the photogrammetric procedure applied 
to images produces a projective model, some external infor-
mation is needed in order to obtain a 3D metric model. To 
this aim, GNSS measurements are typically aided to the 
photogrammetric reconstruction procedure. However, the 
quality of the obtained reconstruction is related to the GNSS 
positioning accuracy, which is typically at meter-level for 
cheap receivers as those embedded in most of the consumer 
mobile devices, e.g. smartphones. Furthermore, this approach 
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cannot be used in GNSS-denied environments (e.g. indoors). 
To overcome these issues, this paper investigates the in-
tegration of information provided by an UWB positioning 
system with image-based reconstruction to produce a metric 
reconstruction. Furthermore, the orientation (with respect to 
North-East directions) of the model is assessed thanks to the 
use of inertial sensors included in the UWB devices. Results 
of this integration are shown on two case studies in indoor 
environments.

Digital Surface Model Generation from Multi-view Stereo Satellite 
Imagery
Along with the improvement of the spatial resolution, mul-
tiple-view stereo satellite imagery has become a valuable 
data-source for digital surface model generations. In 2016, a 
multi-view stereo publicly benchmark of commercial satellite 
imagery has been released by the John Hopkins University 
Applied Physics Laboratory, USA. Motivated by this well-or-
ganized benchmark, we propose a pipeline to process multi-
view satellite imagery to accomplish digital surface models. 
According to the tests differentiating the image view angles 
and capture dates, the input images are pre-selected. We 
apply the relative bias-compensated model for orientation, 
and then generate the epipolar image pairs. The images are 
matched by the modified tube-based Semi-Global Matching 
method tSGM. Within the triangulation step, very dense 
point clouds are produced, and are fused by a median filter 
to generate the Digital Surface Model (DSM). A comparison 
with the reference data shows, that the fused DSM generated 
by our pipeline is accurate and robust.

Self-Supervised Convolutional Neural Networks for Plant Reconstruc-
tion Using Stereo Imagery
Stereo matching can provide complete and dense 3D re-
construction to study plant growth. Recently, high-quality 
stereo matching results were achieved combining semi-global 
matching with deep learning. However, due to a lack of suit-
able training data, this technique is not readily applicable 
for plant reconstruction. We propose a self-supervised MC-
CNN scheme to calculate matching cost and test it for plant 
reconstruction. The MC-CNN network is re-trained using the 
initial matching results obtained from the standard MC-CNN 
weights. For the experiment, close-range photogrammetric 
imagery of an in-house plant is used. The results show that 
the performance of self-supervised MC-CNN is superior to 
the Census algorithm and comparable to MC-CNN trained by 
a lidar point cloud. Another experiment is performed using 
stereo imagery of a field beech tree. The proposed self-train-
ing strategy is tested and has proved capable of identifying 
the drought condition of trees from the reconstructed leaves.



Robust Structure From Motion Based on  
Relative Rotations and Tie Points

X. Wang, F. Rottensteiner, and C. Heipke

Abstract
In this article, we present two new approaches for image 
orientation with a focus on robustness, starting with rela-
tive orientations of available image pairs, an incremental 
and a global one, and compare their performance. For the 
incremental approach, we first choose a suitable initial im-
age pair, and we then iteratively extend the image cluster 
by adding new images. The rotations of these newly added 
images are estimated from relative rotations by single rota-
tion averaging. In the next step, a linear equation system is 
set up for each new image to solve the translation parameters 
with triangulated tie points that can be viewed in that new 
image, followed by a resection for refinement. Finally, we 
refine the orientation parameters of the images by a local 
bundle adjustment. We also present a global method that 
consists of two parts: global rotation averaging, followed by 
setting up a large linear equation system to solve for all im-
age translation parameters simultaneously; a final bundle 
adjustment is carried out to refine the results. We compare 
these two methods by analyzing results on different bench-
mark sets, including ordered and unordered image data 
sets from the Internet and two other challenging data sets 
to demonstrate the performance of our two approaches. We 
conclude that while the incremental method typically yields 
results of higher accuracy and performs better on the chal-
lenging data sets, our global method runs significantly faster.

Introduction
In recent years, surveying and mapping showed a lot of 
interest in automatic 3D modeling of architectural and urban 
areas from images. The determination of image orientation 
via automatically determined tie points (also called structure 
from motion [SfM]) is a prerequisite to realize this task. Various 
methods have been suggested to solve this problem (Snavely 
et al. 2006; Agarwal et al. 2009; Wu 2013). SfM can be divided 
into three categories: incremental SfM, hierarchical SfM, and 
global SfM. Incremental SfM (Snavely et al. 2006; Wu 2013; 
Schönberger and Frahm 2016; Wang et al. 2018) is the earliest 
idea. Two images or triplets are initially chosen according to 
some specific requirements; their relative orientation param-
eters are computed, new images are iteratively added by space 
resection (also called the perspective-n-point problem [PnP]) 
and triangulation, and a robust bundle adjustment is typically 
adopted to obtain reliable results. The above procedure is re-
peated until no more images can be added. Incremental SfM is 
relatively robust against outliers because these can be detected 
and removed incrementally when adding new images. How-
ever, due to the repeated use of bundle adjustment, it is rather 
slow. To overcome this problem, hierarchical SfM (Farenzena 
et al. 2009; Havelena et al. 2009; Mayer 2014; Toldo et al. 
2015) was proposed. The basic idea is to divide the whole 
data set into several overlapping subsets that are reconstructed 

independently using incremental methods. Finally, all recon-
structions are merged and optimized by bundle adjustment. 
Global SfM (Govindu 2001; Martinec and Pajdla 2007; Jiang et 
al. 2013; Moulon et al. 2013; Ozyesil and Singer 2015; Arri-
goni et al. 2016; Reich and Heipke 2016; Goldstein et al. 2016; 
Wang et al. 2019) considers this problem from a different per-
spective. Global SfM draws on the well-known idea that rota-
tion and translation estimation (i.e., the computation of the 3D 
coordinates of the projection center) can be separated. Accord-
ingly, these methods consist of two main steps: global rotation 
averaging and global translation estimation. Global rotation 
averaging simultaneously estimates the rotation matrices of all 
images in a consistent (global) coordinate system (Hartley et 
al. 2013). Given global rotations, global translation estimation 
aims at simultaneously solving the translation parameters of 
all images. The advantage of global SfM is that it can solve both 
rotations and translations without using intermediate bundle 
adjustment, only a final one is necessary. However, it is more 
sensitive to outliers than the other methods. 

We are most interested how incremental and global 
methods compare with respect to robust and time-efficient 
solutions; to this end, we propose and investigate novel 
incremental and global SfM approaches in this article. Figure 1 
shows the work flows of our methods. We first extract features 
from all images and perform relative orientation of all image 
pairs; for unordered sets, we first determine image similar-
ity using the method described in (Wang et al. 2017). Then, 
for the incremental approach, an initial image pair is chosen, 
and clusters of new images are iteratively added and oriented 
by single rotation averaging and linear translation estima-
tion (see pointed box in Figure 1). Subsequently, new scene 
points are triangulated, and a local bundle adjustment is used 
to refine the results. The global method uses the two steps of 
global rotation estimation and global translation estimation 
(see dashed box in Figure 1), both making sure that blunders 
are detected and eliminated beforehand. 

The main contribution of this article is threefold. First, as 
part of the incremental approach, we adopt single rotation 
averaging to estimate the new image rotation matrix. Second, 
again for the incremental approach, we set up a linear equa-
tion system with only two tie points that can be seen in the 
new images to calculate the translation parameters. Finally, 
inspired by the second contribution, if the global rotation 
matrices can be provided in one way or another, we set up 
a linear equation system that solves all image translation 
parameters simultaneously. The L1 norm (minimization of 
the sum of the absolute values of the residuals) is chosen to 
solve the above optimization, as it is more robust than the 
L2 norm (least squares). We evaluate the performance of our 
approaches’ w.r.t. accuracy and time efficiency using various 
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benchmark data sets. Additional experiments on large data 
sets, including unordered images from the Internet, demon-
strate further capabilities of our approaches.

The remainder of this article is structured as follows. The 
second section discusses related work. In the third section, we 
introduce our method for estimating rotation matrices and trans-
lation parameters by single rotation averaging and solving a lin-
ear equation system, respectively. The fourth section describes 
our global translation estimation by using the tie points only 
after global rotation averaging. In the fifth section, we report the 
results of experiments on a number of data sets to evaluate our 
methods. Finally, the sixth section concludes our work. 

Related Work 
In this section, we review related work on SfM. We discuss the 
classical space resection (PnP)  problem, rotation averaging, 
and translation estimation.

Space Resection
Space resection aims at determining the rotation and transla-
tion for one perspective image of known interior orientation 
parameters from n ≥ 3 points given their 3D coordinates in 
object space and their corresponding 2D image coordinates. 
The most common approach is, of course, based on the col-
linearity equations and iterative least-squares adjustment; it 
needs three 3D points if the interior orientation parameters 
are given. Kilian (1955) gives a direct solution requiring four 
3D points, using the additional observations to linearize the 
problem without requiring initial values. The direct linear 
transformation (DLT) (Abdel-Aziz and Karara 1971) is another 
well-known solution. DLT solves for interior and exterior 
orientation simultaneously, needing six 3D points. Using pro-
jective geometry, Hartley and Zisserman (2003) suggested a 
two-stage procedure for calibrated cameras. They first applied 
the calibration matrix to the image coordinates, which turns 
the projection matrix into a so-called image pose matrix. The 
exterior orientation parameters are then calculated from the 
pose matrix. Zheng et al. (2013) revisited the problem by ap-
plying Gröbner bases. Both these methods were demonstrated 
to give accurate results provided that at least three non-collin-
ear 3D points are given.

Rotation Averaging
Rotation averaging attracted the attention of vision research-
ers since the work of Govindu (2001). There are two basic 
approaches: single rotation averaging and global rotation 
averaging (Hartley et al. 2011). Single rotation averaging com-
putes the mean rotation of a set of rotations, while in global 
rotation averaging (Govindu 2001; Chatterjee and Govindu 
2013; Reich et al. 2015, 2017), relative rotations Rij are given 
for a set of images, and the global rotations of all images are 
computed simultaneously, satisfying all constraints Rij Ri = Rj. 
Govindu (2001) used quaternions to compute the global rota-
tions by constrained least-squares optimization. Martinec and 
Pajdla (2007), Arie-Nachimson et al. (2012), and Moulon et al. 
(2013) studied this problem by considering the properties of 
rotation matrices; singular value decomposition was used to 
solve the corresponding linear equation system. Hartley et al. 
(2011) compared L1 and L2 averaging and demonstrated that 
the L1 norm performed better than the L2 norm by using the 
Weiszfeld algorithm. Chatterjee and Govindu (2013) started 
by propagating initial rotation values using a minimum span-
ning tree. The initial results were then optimized using the 
Lie algebra, taking advantage of the fact that rotation matrices 
form the special orthogonal group SO(3) (Hartley et al. 2013). 
Reich et al. (2015, 2016, 2017) solved the problem based on a 
convex relaxed semi-definite program that yields a more ro-
bust result. However, due to a breadth-first search, the method 
is rather computationally intensive.

Translation Estimation
A number of approaches have recently been proposed for 
determining image translations from relative orientations and a 
set of globally consistent rotation values. They can be divided 
into two categories: (1) the combined use of tie points and rela-
tive translation information and (2) the exclusive use of 3D co-
ordinates of tie points only. In the first group, Jiang et al. (2013) 
proposed a linear global approach using tie points of images’ 
triplets to unify the scale factors of the related image pairs and 
then propagated these scale factors to the connected triplets. 
Given the relative translations, they set up and solved a global 
linear homogeneous equation system. They normally recover 
fewer images than other methods (Moulon et al. 2013; Wilson 
and Snavely 2014) because the triplets are required to be well 
connected. Wilson and Snavely (2014) presented a method 

Figure 1. Workflow of image orientation approaches. The pointed box denotes the incremental method, and the dashed one 
presents the global method (Note that we only show an example of six images for simplicity).
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called 1DSfM. They developed an outlier filter by projecting 
3D information into different 1D spaces; the inliers of relative 
translations are then considered to constrain the translation 
parameters. Cui and Tan (2015) first used several strategies to 
detect outliers of relative orientations, solved the scale fac-
tors by unifying the tie points of all image pairs, and, finally, 
built a global linear equation system for translation estimation. 
Cui et al. (2015) used the constraint that the 3D coordinates of 
tie points visible in different image pairs must be identical to 
compute the translations in a unified coordinate system. The 
second group of methods, in which only the 3D coordinates of 
the tie points are used, is not as well studied because detecting 
outliers from tie points only is normally more difficult than 
detecting outliers of relative orientations. Cui et al. (2017) pre-
sented a hybrid SfM method combining a global and an incre-
mental strategy; they estimated the rotation matrices by global 
rotation averaging, followed by an incremental linear transla-
tion estimation in which the rotation matrices remain constant. 

The previously mentioned works determine the exterior 
orientation parameters of images, mostly without initial val-
ues. Some restrictions apply, however. For spatial resection, 
at least three non-collinear ground control points are needed, 
which may not always be available. Rotation averaging is rela-
tively sensitive to outliers of relative rotations, and the same 
is true for the first category of translation estimation methods 
with respect to outliers in relative translation. Moreover, both 
groups of translation estimation methods can be negatively 
influenced by errors in the tie points.

Our incremental method needs only two 3D points for trans-
lation estimation. To reduce the impact of outliers during rota-
tion determination, we present an iterative method to detect 
and eliminate them in our single rotation averaging scheme. We 
refine our rotation matrices by iteratively using space resection 
and local bundle adjustment, and we also use RANSAC (Fischler 
and Bolles 1981) to make the choice of tie points as robust as 
possible. To make our global method more robust, we present 
a triplet loop closure constraint to detect outliers of relative 
rotations, and tie points are robustly selected by considering tie 
point distribution in image space and the reprojection error of 
the corresponding individual local spatial intersection.  

Incremental Rotation and  
Translation Estimation 
In this section, we present our 
strategy of choosing a good initial 
image pair, explain our procedure 
for calculating the rotation matrices 
of newly added images, and show 
how we compute the translation 
parameters via a linear equation 
system by minimizing the L1 norm.

Overview of the Developed  
Incremental Procedure 
As is well known, the selection of 
the initial pair can have a signifi-
cant influence on the subsequent 
reconstruction. To obtain a good 
initial pair, we introduce two 
indicators: the number of matched 
features, which should be large, 
and the intersection angle, which 
should be close to 90°. 

Given the individual images, 
we first derive SIFT features (Lowe 
2004). Then, for each image pair (i, 
j), we compute the relative ori-
entation parameters based on the 

five-point algorithm of Nistér (2004) with RANSAC, record all 
inliers, and compute the intersection angle for each matched 
feature pair (pi,pj). We choose the median of these angles as 
the intersection angle for the considered image pair. We keep 
all image pairs that fulfill two conditions: (1) they need to 
have more matches than a threshold (we use 50 in our work), 
and (2) at least a certain number of the matches must be inliers 
(we use 80%). Note that these two thresholds that are set em-
pirically and work well in our experiments can determine the 
photogrammetric block’s size; a small threshold will normally 
increase the size at the cost of including incorrect image pairs. 
Among the remaining pairs, the one with an intersection angle 
closest to 90° is the final choice for the initial image pair. 

As long as the base line is not too small, the most obvious 
way to select the image to be added to the block next is to 
find the candidate that shares the largest number of cor-
respondences with the images employed so far. As it is not 
very efficient to add only one image each time, we simultane-
ously add all images that fulfill two conditions: (1) a certain 
percentage (we use 60%) of the features extracted from the 
image have matches to already computed 3D points, and (2) 
the number of these features is above a threshold (we use 30 
here). All images fulfilling these two conditions together with 
the images processed already are called a cluster. The size of 
the cluster is related to these two thresholds that are set em-
pirically; the cluster size will enlarge with small thresholds, 
which, on the other hand, may be very dangerous because it 
might result in adding images with incorrect relative orienta-
tions into the cluster. Then, as discussed in the following sec-
tions, rotation averaging, translation estimation, and resection 
refinement are performed independently for each new image 
of the cluster. Recently added object points’ coordinates are 
initially calculated by triangulation using the estimated exte-
rior parameters (dashed box in Figure 2), followed by a local 
bundle adjustment using the whole cluster. In the next step, 
the cluster is extended by selecting images from the image 
set that is still remaining, and the procedure starts again. The 
procedure is visualised in Figure 2.

Robust Rotation Estimation by Single Rotation Averaging
Given the rotation matrices of images that have already 
been added to the block and the relative rotations between 
those images and a newly added image, we calculate several 

Figure 2. Flowchart of our incremental image orientation method (for the explanation 
of “Ours” and “Ours_RF,” see the section “Evaluation of Three Benchmark Data Sets”).
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rotation matrices for the new image. With reference to Figure 
3, let Ra be the rotation matrix of the new image that we want 
to estimate. Ri, Rj, Rk, Rm, Rn are the rotation matrices previ-
ously estimated for images i, j, k, m, and n, and Ria, Rja, Rka, 
Rma, Rna contain the relative rotations with respect to image a 
calculated by the five-point algorithm. We propagate the given 
rotations along these relative rotations to obtain different 
solutions for Ra, namely Ri

a, Rj
a, Rk

a, Rm
a, Rn

a. We want to average 
these rotation matrices and obtain a robust result.

Figure 3. Single rotation averaging.

A 3D rotation can be represented as a rotation by an angle 
around an axis represented by unit 3-vector v~, v = αv~ subject 
to ||v~||2=1. Also, rotation matrices form a differentiable mani-
fold that is inherent in every Lie group. Following Hartley 
et al. (2013), we project the rotation matrices from SO(3) to 
their Euclidean tangent space (the Lie algebra so(3)) using the 
logarithm log(·): SO(3) so(3):
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The inverse transformation projects so(3) back into SO(3) 
using the exponential map:
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We now want to estimate our rotation matrix Ra from the 
different observations (matrices Ri

a, Rj
a, Rk

a, Rm
a, Rn

a with reference 
to Figure 3) by averaging the observations in tangent space:
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where d(Ra, Rd
a) = d(Ra, Rd

a)geod = ||log(Ra, Rd
a

T
)||1 (geodesic distance). 

We use the L1 norm, as it is more robust than the L2 norm, 
and apply the Weiszfeld algorithm to iteratively obtain the 

solution of (4). The pseudocode for single rotation averaging 
is presented in Algorithm 1. The observations of relative ori-
entations may not be accurate if the relative rotations are not 
accurate (such as the dotted line between Ra and Rn

a in Figure 
3).To overcome this problem, we present a robust method to 
eliminate the inaccurate relative rotations in Algorithm 1.

Algorithm 1 Robust single rotation averaging 

Input a number of observations , d i, j, k, m, n}.
Output mean rotation Ra
1. Initialize a rotation matrix R0

a by randomly choosing 
a rotation from all observations, R0

t = R0
a. Iteration number t = 

0.
2. Repeat 

{
2.a Do

{ 
For d = (i, j, k, m, n) { xd = log(Rd

a·R0
a

T
); } 

δ =Σd
(i,j,k,l,m,n)(xd/||xd||)/Σd

(i,j,k,l,m,n)(1/||xd||); 
R0

t+1 = exp(δ)· R0
t ;

t = t+1;
             } while (d(R0

t+1, R0
t) ≥0.0001or t <50)

 
2.b If d(R0

t+1, Rd
a) > 0.001

{                                                                    
discard Rd

a

}
} until (no Rd

a is discarded anymore and step 2a converges)
3. Ra = R0

t+1.

Linear Translation Estimation for Each New Image
Based on the rotation matrix that is determined as described 
in the previous section, image translation parameters can be 
estimated for the new image using only two 3D points: using 
the collinearity equations, each 3D point yields two equations 
(5), and each image has three translation parameters (X0, Y0, 
Z0). As two 3D points with given image coordinates yield four 
equations, these two 3D points are sufficient to determine the 
three unknowns: 
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where (X, Y, Z) are the 3D coordinates of the jth object point 
Xj, which is assumed to be viewed by the ith image, and (x, y) 
are the corresponding 2D image coordinates xij. (x0, y0) are the 
principal point coordinates of ith image, f is its focal length, 
(X0, Y0, Z0) are the coordinates of the unknown projection 
center Ti (equivalent to the image translation vector), and 
rmn (m = 1, 2, 3; n = 1, 2, 3) are the entries of the rotation 
matrix Ri. Note that for the sake of simplicity, we omit the 
indices i and j in Equation 5.

To obtain a form that is linear in (X0, Y0, Z0), we multiply 
Equation 5 by the denominator:
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Finally, we obtain the linear equation system (7) and the 
optimization problem (8): 

  v = Ax − b (7)

 
arg min Ax b−

1  
(8)

Here, x and b are vectors constructed by concatenating 
the unknown translation parameters and the right part of 
Equation 6, respectively; A is the coefficient matrix; and v is 
the vector of residuals. Equation 8 is based on the L1 norm. 
Normally, there are abundant 3D points that can be chosen to 
solve Equation 6. We use RANSAC to find the best image trans-
lation. Then two constraints are further checked: the number 
of inliers should be larger than 30, and the corresponding 
inlier ratio should be larger than 75%.

Refinement of Rotation and Translation by Space Resection
For each new image, the rotation estimated in the section 
“Robust Rotation Estimation by Single Rotation Averaging” and 
translation estimated in the section “Linear Translation Estima-
tion for Each New Image” are regarded as an initial input for a 
space resection refinement to compute a more accurate result:
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where i is the ID of the new image, M is the number of scene 
points that can be viewed in the ith image and xij denotes 
their 2D image coordinates and Xj their 3D point coordinates. 
Ri, Ti are the parameters that we aim to optimize. The param-
eters of interior orientation are the focal length fi and the co-
ordinates of the principal point (x0i, y0i), and φ represents the 
collinearity equations (5). The 2D and 3D points are assumed 
to be inliers as determined in the sections “Robust Rotation 
Estimation by Single Rotation Averaging” and “Linear Trans-
lation Estimation for Each New Image.” The Huber loss func-
tion fHuber (10) is used in our refinement procedure because 
it is less sensitive to observations with large residuals than 
standard least-squares estimation. In this context, the squared 
error loss (0.5r2) is used only if the absolute value of residuals 
is smaller than  (we use rmax = 2 pixels):
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Local Bundle Adjustment
After having added all images selected according to the sec-
tion “Overview of the Developed Incremental Procedure” and 
before extending the cluster, we perform a bundle adjustment 
to reduce block deformation: 

minimize
f x y
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where N is the number of images and M is the number of 
scene points and aij = 1 if object point j is viewed in image i 
and aij = 0 otherwise. Ri, Ti, and Xi and the interior parameters 
(fi, x0i, y0i) are the parameters that we want to refine in adjust-
ment. Note that in principle, each image may have its own set 
of interior parameters. However, images taken from the same 
camera with the same settings (i.e., same focal length accord-
ing to the EXIF headers) are modeled to have identical interior 
parameters. Again, φ represents the collinearity equations (5), 
and xij are the 2D image coordinates. We use the Huber loss 
function (10) with rmax = 2 and eliminate observations with 

absolute values of the residuals |r| > 4 pixels. In addition, to 
avoid numerical problems, any object point is eliminated if 
the corresponding largest intersection angle of all rays gener-
ating that point is smaller than 10°.

Global Rotation and Translation Estimation 
In this section, we introduce our ideas for global rotation and 
translation estimation. We present the procedure of detecting 
outliers of relative rotation for global rotation estimation, then 
show how we robustly select tie points that can connect all 
the available images; finally, the translation parameters are 
solved simultaneously in a linear equation system.

Overview of the Developed Global Procedure 
Figure 4 shows the flowchart of our global procedure. After 
relative orientation estimation, there are two main steps in our 
global method: global rotation averaging and global translation 
estimation. Both steps are preceded by outlier detection. 

First, we choose an initial stereo image pair, using the selec-
tion procedure described in the section “Overview of the De-
veloped Incremental Procedure.” In order to eliminate errors 
in relative rotation, we use a triplet loop closure constraint 
of rotation (see the section “Rotation Outlier Detection”) and 
then perform global rotation averaging on the cleaned relative 
rotations. Again examining Equations 6 and 7, it is possible 

Figure 4. Flowchart of our global image orientation method 
(for the explanation of “Global,” see the section “Evaluation 
of Three Benchmark Data Sets”).
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to set up a common linear equation system to compute the 
image translation parameters of all available images simultane-
ously. For this step to be successful, we must carefully select 
tie points in a robust manner to avoid outliers (see the sec-
tion “Robust Tie Point Selection”). Given the global rotation 
matrices and selected tie points, a large linear equation system 
is then built to solve for the translation parameters (see the 
section “Translation Estimation”). Similar to our incremental 
method, the object points’ coordinates are calculated by tri-
angulation using the estimated exterior parameters. Finally, a 
robust bundle adjustment is applied to optimize the results. 

Global Rotation Estimation
Rotation Outlier Detection
To obtain a reliable and robust solution, we first strive to 
eliminate relative rotation outliers. We can hope to do so 
when considering more than two images simultaneously. 
We use three images; one such triplet is shown in Figure 5. 
Obviously, in the ideal case for each such triplet, Equation 12 
holds (we call it the triplet loop closure constraint):

 R12 R23 R31 = I (12)

where, I is the 3 × 3 identity matrix. We use the constraint as 
follows. For each triplet, we determine an angular error as the 
arccosine of the average of the main diagonal elements of ma-
trix R12 R23 R31. Note that this value will be 0° if the constraint 
(12) is fulfilled. If this error is smaller than a threshold (we use 
5° in our experiments) for a triplet, the three relative rotations 
are regarded as inliers; otherwise, they are considered as poten-
tial outliers. This procedure is repeated for every triplet that we 
can find in the data set. Then each relative rotation is examined 
separately: only if all triplets the relative rotation is part of 
show a value above the threshold, this relative orientation is 
considered to be an outlier; otherwise, it is considered an inlier.

Rotation Estimation
After detecting outliers of relative rotations, we estimate glob-
al rotation matrices by global rotation averaging (see dashed 
box in Figure 4). The problem has been studied by many 
researchers; we use the method of Chatterjee and Govindu 
(2013) because their work is considered capable of providing 
a reliable result for large numbers of images.

Global Translation Estimation 
Robust Tie Point Selection
Given the global rotations of all images and the results of rela-
tive orientation, we now turn to translation estimation. First, 
we examine the tie points used for relative orientation in 
image space. As they were derived from a feature extraction 
step, points exist that tie together more than two images, and 
we concentrate on these points (on how to efficiently deter-
mine these points from the set of all tie points, see Moulon 
and Monasse 2012). In principle, we could set up a coefficient 
matrix A along the lines of Equation 6; note that since the ma-
trix is linear in the unknowns, initial values are not needed. 
However, solving this equation system would be an enor-
mous task due to the large number of available tie points; at 
the same time, potential outliers will deteriorate the results. 
Therefore, we select a subset of points that can still yield a 
reliable result. We take the following considerations into ac-
count: (1) points should have a small reprojection error, and 
(2) they should be evenly distributed in image space.

In order to take into account the first criterion, we calculate 
the reprojection error of the individual local spatial intersec-
tion for each image pair. This reprojection error corresponds 
to the deviation of the extracted point from the epipolar line 
of its conjugate point in the other image. As Figure 6 shows, 
let tie point P be observed by image S, S1, S2, …, Sn. Then the 

reprojection error of P on image S by individual local spatial 
intersection will have different values: err(SS1) is the repro-
jection error by considering image pair S and S1, err(SS2) is 
generated by image pair S and S2, and so on. Among these 
reprojection errors, the median is further considered. 

To take into account the tie point distribution in image 
space, each image is uniformly divided into p×p patches. 
Typically, there will be some tie points in each patch. Figure 
7 shows an example of dividing an image into 3×3 patches, 
where the length of the arrow indicates the value of reprojec-
tion error. For each patch, we keep only the tie point with the 
smallest median reprojection error according to the procedure 
explained in the previous paragraph, such as the green points.

In our experiments, we choose to divide the images into 
3×3 patches, which means that for each image, at most, we 
keep nine tie points. We find that some patches in some im-
ages are empty, but as we require only two tie points to obtain 
a solution, in most cases we still obtain a solution. If only 
fewer than two points are available, the corresponding image 
is eliminated from the block.

Translation Estimation 
We can now proceed in a manner very similar to the way we 
did in the section “Linear Translation Estimation for Each 
New Image.” The only unknowns to be estimated are the 
3D coordinates of the selected tie points and the projection 
centers, and Equation 6 is linear in these unknowns. We again 
use one initial image pair to define the datum (we use the 
same one as for global rotation averaging). Subsequently, a 
large linear equation system is set up (similar to Equation 7, 
where x contains all unknowns, and all unknowns are solved 
for simultaneously) and solved. In the end, a final bundle 
adjustment is used to refine the results.

Figure 5. A closed loop of relative rotations from three 
connected images forming an image triple.

Figure 6. Individual local spatial intersection of tie point.
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Experiments
In this section, we present a detailed evaluation of our ap-
proaches. The experiments are conducted on various real-
word data sets, including three benchmark data sets (Strecha 
et al. 2008) consisting of 11 to 30 images and several unor-
dered data sets from the Internet with up to more than 1000 
images. Two challenging data sets with 175 and 1040 images 
are also tested, and the results are compared to two widely 
used software packages.

In the following section, we discuss the results of the three 
benchmark data sets for single rotation averaging (see the sec-
tion “Evaluation of Rotation Results”), followed by evaluation 
of our translation estimation methods based on the ground 
truth (see the section “Evaluation of Rotation Results”). To 
further explore the potential of our approaches, we orient the 
unordered image data sets with many more images (see the 
section “Evaluation of Translation Result”) by comparing with 
two global SfM methods (Cui and Tan 2015; Cui et al. 2015). 
The section “Experiment on Two Challenging Data Sets” deals 
with the two additional challenging data sets. All reported 
experiments are conducted on a computer with four 3.2-GHz 
Intel Core i5-6500 processors and eight threads. We use the 
open-source Ceres-solver (Agarwal et al. 2017) for bundle 
adjustment. The parameters of our method (e.g., thresholds) 
were set in the way described in sections “Incremental Rota-
tion and Translation Estimation” and “Global Rotation and 
Translation Estimation.” These values were found empirically 
and were not changed in the experiments. While an evalu-
ation of the impact of changing parameters is left for future 
work, we note that the parameters we used achieved good 
results for a very heterogeneous set of test data sets without 
further tuning. We take this as an indication that the chosen 
values are reasonable and can be applied under rather differ-
ent circumstances. 

Evaluation of Three Benchmark Data Sets
Evaluation of Rotation Results
For the investigation of rotation accuracy, the three benchmark 
data sets fountain-P11, Herz-Jesu-P25, and castle-P30, which 
have known ground-truth exterior orientation, are investigated. 
The interior orientation parameters are taken from the EXIF 
information provided with the data. Figure 8 shows results for 
different methods; the abscissa denotes the image ID, and it is 
in the order of the images that are oriented so that the first two 
images are the initial stereo image pair chosen by our method. 

The red triangles indicate stages in which the incremental 
method carried out a local bundle adjustment. The ordinate is 
the angle error (in degrees), that is, the difference between the 
rotation computed by the corresponding methods and ground-
truth rotation (see the appendix for the precise definition of 
that error metric). “Ours” is the result by just using the single 
rotation averaging (see the section “Robust Rotation Estimation 
by Single Rotation Averaging”). Applying resection refinement 
(see the section “Refinement of Rotation and Translation by 
Space Resection”) yields the results of “Ours_RF.” Note that 
while for all clusters but the last one bundle adjustment has 
also been run as part of the procedure (see Figure 2), the re-
sults used for “Ours” are those obtained directly after rotation 
averaging for all images. The same holds for the other experi-
ments accordingly. “Res_RF” uses the DLT (Hartley and Zisser-
man 2003), where the projection matrix is first estimated by six 
points and is then decomposed to obtain rotation and transla-
tion parameters; the result is refined by resection refinement 
(see again the section “Refinement of Rotation and Transla-
tion by Space Resection”). “BA” denotes the results after final 
bundle adjustment. “Global” indicates the results of the global 
rotation averaging method (see the section “Rotation Estima-
tion”). The initial image pairs of these data sets are (4, 9), 
(4, 9), and (4, 12), determined by the method described in the 
section “Overview of the Developed Incremental Procedure,” 
so the rotation of the fourth image is selected as the original 
one. The relative rotation between the fourth image and the 
corresponding ground truth is used to project all remaining ro-
tation matrices into the coordinate system of the reference. We 
calculate the error θ by comparing the ground-truth rotations 
to the computed ones in the way described in the appendix. In 
this way, the error of the fourth image is always zero. 

Comparing the angle errors of the different methods shown 
in Figure 8, “Ours” provided by our single rotation averaging is 
the worst, probably due to remaining errors and outliers in the 
relative rotations. “Global” generates errors similar to “Ours” 
on fountain-P11, but, with respect to Herz-jesu-P25 and Castle-
P30, which have some repetitive structures, “Global” performs 
better than “Ours,” probably due to the relative rotation outlier 
detection. It can also be seen that the angle error of some im-
ages (e.g., image 10 in Figure 8a and images 10–13 and 20–24 
in Figure 8b) are much larger than others. This is probably due 
to error accumulation. Errors propagate and accumulate when 
adding images sequentially into a refined block, and we found 
that the images that were added last have the largest angle 

Figure 7. Procedure of tie point selection. Green tie points with the smallest arrow length (i.e., reprojection error) are kept.
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errors. However, if we turn on the resection refinement, these 
results are significantly improved. Furthermore, by applying 
resection refinement, both “Ours_RF” and “Res_RF” achieve 
almost the same accuracy. As expected, the angle errors after 
final bundle adjustment are the smallest ones: the errors for 
fountain-P11 and castle-P30 are smaller than 0.4°, and for 
Herz-Jesu-P25, they are smaller than 0.2°. 

Finally, from the locations of red triangles in Figures 8 and 
9, we can see that a cluster of images is composed of two to 
five images, which indicates that clustering saves a consider-
able amount of computing time when compared to running a 
bundle adjustment after each new image.

In Table 1, we list the mean angle error of the mentioned 
methods along with the results of the baseline methods of 
Chatterjee and Govindu (2013) (“Global”), Jiang et al. (2015), 
and Reich and Heipke (2016). For “Ours_RF” and “Global,” 
we also list results using the L2 norm for optimization, termed 
“Ours_L2” and “Global_L2.” One can see that resection refine-
ment has a strong effect on the accuracy of estimating rotations. 
“Ours_RF” obtains the best results on fountain-P11 and castle-
P30 before final bundle adjustment and gives a similar accu-
racy as Reich and Heipke (2016) on Herz-Jesu-P25. Neverthe-
less, after final bundle adjustment, the results are significantly 
better. When comparing the different error norms, “Ours” (L1 
norm) performs almost the same as “Ours_L2” on fountain-
P11, but on the other two data sets, the L1 norm is much better; 
similar effects can be seen for “Global” and “Global_L2.”

Evaluation of Translation Result
For the three benchmark data sets, a comparison of the trans-
lation accuracy is given in Figure 9. The abscissa has the same 
meaning as in Figure 8, and the ordinate is the translation er-
ror (in meters). “Ours” means the method of our incremental 
linear translation estimation described in the section “Linear 
Translation Estimation for Each New Image” based on rota-
tions computed according to section 3.2, “Ours_RF” utilizes 
the resection refinement (see the section “Refinement of Rota-
tion and Translation by Space Resection”), and “Res_RF” and 
“BA” denote the same methods as in the section “Evaluation 
of Rotation Results”). “Global” indicates our global transla-
tion estimation. The translation errors of castle-P30 and Herz-
Jesu-P25 are two orders of magnitude larger than those of 
fountain-P11 (see ordinate in Figure 9). Inspecting the results 
in more detail, we found that castle-P30 and Herz-Jesu-P25 
have lots of repetitive structures and a significant number of 
image pairs with small intersection angles. Moreover, some 
images of castle-P30 are weakly connected; consequently, the 
block geometry is not as stable as that of fountain-P11, which 
we believe explains the findings. Similar to the angle error 
shown in Figure 8, “Ours” always provides the worst results. 
This is probably a consequence of the results of rotation 
averaging (see the section “Evaluation of Rotation Results”). 
Comparing Figures 8 and 9, the images with large angle errors 
are normally those that exhibit large translation errors also. 
“Global” and “Ours” generate similar accuracy on fountain-
P11. However, on the other two data sets, “Global” performs 
better than “Ours”; this can be attributed to the fact that the 
rotation accuracy of Castle-P30 and Herz-jesu-P25 given by 

(a)

(b)

(c)

Figure 8. Angle errors of three benchmark data sets. (a) 
fountain-P11; (b) Herz-Jesu-P25; (c) Castle-P30.

Table 1. Mean angle error in degrees for different methods. We compared our results with DLT according to Hartley, Zisserman 
(2003) including resection refinement (“Res_RF”), Chatterjee and Govindu (2013) (Global), Reich and Heipke (2016) (1), and 
Jiang et al. (2015) (2). “Ours_L2” and “Global_L2” use the L2 norm to solve Equation 4. Note that we cite the results of (1) and 
(2) from the corresponding papers, and we reimplemented the approach of Chatterjee and Govindu (2013).

Before Bundle Adjustment After Bundle Adjustment

Ours Ours_L2 Ours_RF Res_RF Global Global_L2 (1) (2) Ours_RF
fountain-P11 0.32 0.33 0.15 0.18 0.25 0.26 0.25 0.45 0.15

Herz-Jesu-P25 0.79 0.93 0.27 0.23 0.24 0.37 0.21 0.39 0.05

castle-P30 1.24 1.57 0.34 0.44 0.75 0.95 0.58 0.96 0.12
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“Global” is better. “Ours_RF” and “Res_RF” give very similar 
results, which are much better than “Ours.” The performance 
after the final bundle adjustment is always the best; the trans-
lation error of fountain-P11 is 0.08 m; both Herz-Jesu-P25 and 
castle-P30 have translation errors that are smaller than 0.2 m. 

Table 2 presents numerical results for the mean translation 
errors of the different methods. Before final bundle adjust-
ment, “Ours_RF” outperforms all other methods. This means 
that optimization by resection refinement can improve the 
accuracy of translation and is a very important step in our 
processing chain. “Ours” detects and eliminates outliers of 
tie points, so it is not surprising that “Ours” is much better 
than the methods of Reich and Heipke (2016) and Jiang et al. 
(2015). In addition, we find that our global translation estima-
tion method significantly improves the accuracy of Castle-P30 
compared to the two approaches just mentioned, which we 
attribute to our robust strategy for tie point selection. When 
comparing the error norms, “Ours” (L1 norm) performs al-
most the same as “Ours_L2” on fountain-P11, but on the other 
two data sets, the L1 norm works again better and comes very 
close to the results of “Global” and “Global_L2.” This may be 
due to the fact that Herz-Jesu-P25 and castle-P30 have more 
repetitive structures so that some incorrect correspondences 
can be generated resulting in large residuals in Equation 7. 
All our following experiments use the L1 norm. After final 
bundle adjustment, the best results (those of “Ours_RF”) are 
improved by nearly one order of magnitude. Visualizations of 
image orientation results can be seen in Figure 10.

Experiment on Unordered Data Sets
To further demonstrate the performance of our approaches, 
we processed several unordered Internet data sets published 
by Wilson and Snavely (2014). The initial interior and exte-
rior orientation parameters are provided by the authors.1 To 
detect mutual overlap of these unordered images for efficient 
image matching, the approach of Wang et al. (2017) based on 
random k-d trees was applied. For each data set, we evaluate 
the rotation and translation accuracy and the run time of the 
different methods.

Table 3 shows the rotation accuracy results of the Internet 
data sets by comparing the results of the different rotation 
estimation methods presented in this article. Analyzing the 
number of images in the largest connected component of 
images(Ne) and the number of oriented images (Nr), we see 
that some images that exist in the original set of images are 
eliminated by the proposed methods. “Global” is able to ori-
ent the largest number of images on most data sets, although 
it typically also eliminates between 10% and 15%. “Ours_
RF” and “Res_RF” solve almost the same number of images 
(a few percent less than “Global”) because they use the same 
constraint for eliminating outlier images. In addition, some 
images are eliminated during bundle adjustment. Before 
bundle adjustment, the rotation accuracies of “Ours_RF” and 
“Res_RF” are very similar, and both of them perform better 
than “Global” for most data sets, which is very similar to the 
results of Table 1. After bundle adjustment, the rotation ac-
curacies of all data sets are improved, and for each individual 
data set, all three methods achieve similar accuracy with 

1.  See http://www.cs.cornell.edu/projects/1dsfm (accessed 15 
November 2018).

(a)

(b)

(c)

Figure 9. Translation errors of three benchmark data sets. (a) 
fountain-P11; (b) Herz-Jesu-P25; (c) Castle-P30.

Table 2. Mean translation error in meters for different methods. “Ours_L2” and “Global_L2” use the L2 norm to solve Equation 7.

Before Bundle Adjustment After Bundle Adjustment

Ours Ours_L2 Ours_RF Res_RF Global Global_L2 (1) (2) Ours_RF
fountain-P11 0.039 0.036 0.023 0.027 0.035 0.040 0.035 0.072 0.008

Herz-Jesu-P25 0.166 0.183 0.081 0.122 0.085 0.131 0.083 0.061 0.016

castle-P30 0.287 0.296 0.127 0.137 0.161 0.194 1.312 1.620 0.016
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differences smaller than 2°. One notable exception is Gendar-
menmarkt, which we discuss below.

Next, we compare our translation estimation methods with 
two state-of-the-art global SfM methods (Cui and Tan 2015; Cui 
et al. 2015). Table 4 gives a detailed quantitative comparison 
of the results (note that those before bundle adjustment are not 
provided by Cui et al. 2015). After carrying out a 3D similarity 
transformation between ground-truth and our methods’ trans-
lation estimation results, the mean translation errors  are eval-
uated. Analyzing the results without bundle adjustment, we 
find that “Ours_RF” and “Res_RF” perform almost the same: 
the results of “Res_RF” are better than those of “Ours_RF” for 

three data sets (Notre Dame, Metropolis, and Roman Forum), 
while practically the same values are obtained for Alamo, 
NYC Library, and Vienna Cathedral. As to the remaining 
seven data sets, “Ours_RF” achieves a better result. Both of 
these two incremental methods are better than the global 
methods, including “Global” and the method of Tan and Cui 
(2015). This was already observed in the section “Evaluation 
of Translation Result”; the reason is that the repetitive local 
bundle adjustment reduces the error accumulation. 

When comparing our “Global” and Cui and Tan’s (2015) 
methods, the mean translation errors of our global transla-
tion method are smaller on most data sets, but the number 

(a) (b) (c)
Figure 10. Visualization of the orientation results on benchmark data sets (shown are those of the incremental approach). Red 
dots are estimated 3D object points, and camera symbols represent the orientation parameters. (a) fountain-P11; (b) Herz-
Jesu-P25; (c) Castle-P30.

Table 3. Mean angle error in degrees for different methods. Ne is the number of images in the largest connected component 
generated from image pairs after checking the epipolar geometry, Nr is the number of the oriented images, and v~ is the mean 
angle error. We highlight the best results in terms of mean angle error for each data set before and after bundle adjustment.

Data Before Bundle Adjustment After Bundle Adjustment

Name Ne

Ours_RF Res_RF Global Ours_RF Res_RF Global
Nr v~ Nr v~ Nr v~ Nr v~ Nr v~ Nr v~

Alamo 513 447 2.3 450 2.3 459 8.3 447 1.8 450 1.7 450 3.7
Ellis Island 209 195 2.9 195 2.3 200 3.3 195 2.1 195 2.1 191 1.9

Gendarmenmarkt 396 354 25.2 354 23.9 366 30.7 354 16.7 354 16.4 318 19.3
Metropolis 293 207 1.6 208 2.3 262 7.6 207 1.3 208 1.5 249 2.7

Montreal N.D. 442 417 1.0 411 1.2 400 1.3 417 0.8 411 0.8 394 0.7
Notre Dame 509 423 1.3 423 1.2 484 4.7 423 0.9 423 0.9 476 1.4
NYC Library 313 261 3.9 268 4.3 255 4.1 261 1.7 268 2.5 239 1.6

Piazza del Popolo 284 192 1.4 192 2.0 242 3.5 192 1.1 192 1.1 231 1.5
Roman Forum 1009 831 1.4 831 1.3 928 5.2 831 1.1 831 0.9 909 1.9

Tower of London 421 370 2.5 370 1.6 356 5.7 370 2.1 370 1.2 354 1.3
Union Square 407 260 1.5 260 1.6 349 6.9 260 1.3 260 1.2 341 2.3

Vienna Cathedral 784 638 1.8 640 1.9 684 7.9 638 1.4 640 1.5 678 2.7
York Minster 396 343 2.1 343 1.2 348 3.1 343 1.1 343 1.0 344 1.5

Table 4. Mean translation error in meters for different methods. Nr is the number of the oriented images, and  is the mean 
translation error. We highlight the best results of Nr and e– on each data set. The results of Cui and Tan (2015) and Cui et al. 
(2015) are cited from corresponding papers. “—” denotes that corresponding items are not provided.

Data Without Bundle adjustment With Bundle adjustment

Name
Ours_RF Res_RF Global

Cui, Tan, 
2015 Ours_RF Res_RF Global 

Cui, Tan, 
2015

Cui et al., 
2015

Nr e– Nr e– Nr e– Nr e– Nr e– Nr e– Nr e– Nr e– Nr e–

Alamo 447 0.3 450 0.3 459 0.4 574 2.0 447 0.2 450 0.2 450 0.3 574 3.1 500 3.7
Ellis Island 195 1.3 195 1.5 200 1.7 223 5.5 195 0.9 195 1.1 191 1.2 223 4.2 211 1.8

Gendarmenmarkt 354 5.8 354 6.0 366 14.2 609 27.7 354 4.0 354 4.0 318 8.3 609 27.3 — —
Metropolis 207 1.6 208 1.4 262 4.3 317 10.6 207 0.8 208 0.8 249 1.1 317 16.6 — —

Montreal N.D. 417 0.6 411 0.7 400 1.4 452 0.7 417 0.5 411 0.5 394 0.7 452 1.1 426 1.1
Notre Dame 423 2.1 423 2.0 484 2.7 549 0.6 423 1.7 423 1.7 476 1.7 549 1.0 539 0.8
NYC Library 261 0.7 268 0.7 255 1.2 338 1.9 261 0.4 268 0.4 239 0.7 338 1.6 288 6.9

Piazza del Popolo 192 0.5 192 0.6 242 2.0 340 2.7 192 0.3 192 0.3 231 1.3 340 2.5 294 3.2
Roman Forum 831 2.0 831 1.9 928 9.3 1077 9.4 831 1.8 831 1.7 909 2.8 1077 10.1 — —

Tower of London 370 2.4 370 2.6 356 7.6 465 11.2 370 2.1 370 2.0 354 3.8 465 12.5 393 6.2
Union Square 260 1.0 260 1.3 349 1.9 570 12.7 260 0.8 260 0.9 341 0.9 570 11.7 — —

Vienna Cathedral 638 1.4 640 1.4 684 4.3 842 5.9 638 0.9 640 1.0 678 3.7 842 4.9 578 4.0
York Minster 343 1.1 343 1.2 348 4.2 417 5.7 343 0.9 343 1.0 344 3.4 417 14.2 341 14.0
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of oriented images is also smaller. This means that we have 
probably eliminated some images with outlier observations, 
which has decreased the mean translation error. After refine-
ment by our robust bundle adjustment, the accuracies of the 
methods mentioned in this article are all improved, and we 
are not surprised to see that “Ours_RF” and “Res_RF” gener-
ate the best results because many outliers were already elimi-
nated in the previous steps. Analyzing the results of “Global”, 
Cui and Tan (2015), and Cui et al. (2015), our global method 
performs best. We also find that the number of images orient-
ed by our global method is reduced during robust bundle ad-
justment, whereas the number of images oriented by Cui and 
Tan (2015) remains constant, and some results after bundle 
adjustment become worse than before. The reason could be 
that incorrectly oriented images are kept in their block.

From Tables 3 and 4, we find that the results of Gendar-
menmarkt are much worse than the others. This data set is 
very challenging due to the highly repetitive structures (see 
Figure 11), which generate ambiguous relative orientations 
and tie points. 

Table 5 provides the run time of image orientation for the 
proposed new methods. We find that the most time consum-
ing step of our “Global” method is the final bundle adjust-
ment. When comparing the run time of the global and the 
incremental methods, the global method is normally 4 to 10 
times faster than the incremental method, depending on the 

size of data set; for example, the global method only uses 
one-thirteenth of the time for the incremental method on 
Notre Dame. The reason is that the time of the computation-
ally expensive repetitive bundle adjustment is saved in global 
image orientation. The run times for “Ours_RF” and “Res_RF” 
are very close to each other because the most time consuming 
process of the incremental method is the repetitive intermedi-
ate local bundle adjustment, and by using the same strategy 
to select images to extend the cluster, these two incremental 
methods should have similar timings. We do not show the 
run time of the three ordered data sets discussed in the sec-
tion “Evaluation of Three Benchmark Data Sets” because, 
not surprisingly, for very small data sets, the run times of our 
incremental and global methods are almost the same.

Experiment on Two Challenging Data Sets
To further explore the capability and limitation of our 
methods, we test two more data sets: Remond and Campus 
published by Cohen et al. (2012) and Cui and Tan (2015), 
respectively. Remond has 175 street-view images with rather 
symmetric building facades; in other words, the vertical walls 
of the houses have very similar structure and texture, which 
can produce ambiguous correspondences. Campus has 1040 
images, including a closed loop, with rather small baselines. 
This means that the initial stereo image pair must be carefully 
selected, and the loop closure can be checked. 

Figure 11. Repetitive structure of Gendarmenmarkt. Note that the left church (German Church, dashed circle) and the right 
church (French Church, pointed circle) are almost identical buildings.

Table 5. Run time in seconds for different methods on internet data. TBA is the time for the final bundle adjustment, T∑ denotes 
the total run time, and TR and TT are the run times of our global rotation averaging and translation estimation, respectively. The 
bold font in brackets of column T∑ of “Global” is the factor of speedup when comparing “Ours_RF” and “Global.” The most 
time efficient approach of each row is highlighted. 

Data Image Orientation Time

Name

Global Ours_RF Res_RF

TR TT TBA T∑ T∑ T∑

Alamo 16 164 299 477 (×13.6) 6501 6862

Ellis Island 5 22 134 161 (×8.4) 1354 1291

Gendarmenmarkt 5 35 369 409 (×4.6) 1882 2297

Metropolis 3 28 211 242 (×3.9) 934 1043

Montreal N.D. 10 144 562 716 (×6.6) 4732 4444

Notre Dame 17 191 466 674 (×13.0) 8752 8154

NYC Library 2 55 244 301 (×7.3) 2186 2563

Piazza del Popolo 5 41 167 213 (×2.0) 427 388

Roman Forum 21 236 1171 1428 (×12.4) 17 752 17 880

Tower of London 5 71 299 375 (×12.8) 4784 4522

Union Square 4 42 261 307 (×4.0) 1225 1434

Vienna Cathedral 16 286 1031 1333 (×7.8) 10 374 10 098

York Minster 4 62 483 549 (×7.0) 3840 4205
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In these two data sets, various 
problems become apparent when 
using the different methods (see 
Figure 12). In this section, we 
compare the results obtained by 
our methods to those from the most 
well established SfM packages, 
VisualSFM and Colmap.2 In Figure 
12, the rectangles mark problem 
areas when using VisualSFM: some 
images are incorrectly oriented in 
the left part of Remond, possibly 
due to the symmetric facades, and 
for Campus, the block is split into 
two unconnected parts. Colmap 
performs better on these two data 
sets: the Remond, results look 
correct, and Campus yields one 
connected block. However, errors 
become visible in the circle (Figure 
12). Both our methods generate 
better results; for example, the 
closure error for “Global” is much 
smaller than that for the other two 
approaches, and “Ours_RF” is 
closed altogether (see the triangle 
in Figure 12 and Table 6). 

Furthermore, whereas the 
bundle adjustment does not 
converge for both data sets using 
VisualSFM, nor does it for Campus 
when Colmap is employed,3 both of our methods obtain good 
results with an rms value smaller than 1.5 pixels. Although 
our global method (Global) gives an incorrect result (a drift) 
for Campus (triangle in Figure 12), this drift is much smaller 
than the drifts of VisualSFM and Colmap. Our incremental 
method (Ours_RF) gives the best results, no visual drift exists, 
and the corresponding rms values are the smallest. 

Conclusions
In this article, we present two robust structure-from-motion 
(or image orientation) methods by combining the informa-
tion of relative rotations and tie points. First, an incremen-
tal method involving single rotation averaging and linear 
translation estimation is proposed. Second, a global method is 
introduced as an alternative. This method uses an existing ap-
proach for rotation averaging, followed by simultaneous trans-
lation estimation for the whole block. In both procedures, we 
pay special attention to the robustness of the method and take 
appropriate steps to identify and eliminate outliers in the set 
of observations. The evaluation using three small benchmark 
data sets demonstrates that our approaches perform well. 
Moreover, experiments on some Internet data sets show that 
it is also possible to orient larger sets of unordered images. By 
comparing the new incremental method with the global one, 
we find that the incremental method shows better perfor-
mance in terms of accuracy and is also more successful when 
applied to more challenging data sets, but the global method 
run significantly faster while yielding better results than com-
parable global approaches from the literature. 

2.  More information about VisualSFM and Colmap can be found at 
http://ccwu.me/vsfm/doc.html and https://demuc.de/colmap (both 
accessed 15 November 2018).

3.   When running VisualSFM and Colmap, we used the default 
settings provided by the authors.

In future work, we will focus on further robustifying the 
results of relative orientation, which are used as input for 
both new orientation methods, for example, by detecting 
critical configurations with very small baseline or image pairs 
with repetitive structures. Also, when selecting tie points (see 
the section “Robust Tie Point Selection”), we will include a 
measure for taking into account the number of rays per point.

Appendix: Rotation Errors
Given two similar rotations Ri and Rj, θ is the angle difference 
we want to compute. We start by computing a value :

 α = trace(Ri Rj
–1) /3 (13)

where α is the average value of the main diagonal elements of 
Ri Rj

–1. We than compute the angular difference θ by 

 θ = arccos(α) · 180/π (14)
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Figure 12. Visualization of results of Remond and Campus after final bundle 
adjustment (example images in the first row) by using different methods. The rectangle, 
circle, and triangle denote problematic areas discussed in the text.

Table 6. Evaluations of Remond and Campus. Nr is the 
number of the oriented images, and rms denotes the root 
mean square value of the reprojection error after bundle 
adjustment; the unit is pixel. “—” denotes runs where the 
bundle adjustment did not converge. 

VisualSFM Colmap Ours_RF Global
Nr rms Nr rms Nr rms Nr rms

Remond 175 — 175 0.67 175 0.53 175 0.59
Campus 1040 — 1040 — 1040 0.56 1003 1.34
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Flexible Photogrammetric Computations Using 
Modular Bundle Adjustment: The Chain Rule and 

the Collinearity Equations
Niclas Börlin, Arnadi Murtiyoso, Pierre Grussenmeyer, Fabio Menna, and Erica Nocerino

Abstract
The main purpose of this article is to show that photogram-
metric bundle-adjustment computations can be sequentially 
organized into modules. Furthermore, the chain rule can be 
used to simplify the computation of the analytical Jacobians 
needed for the adjustment. Novel projection models can be 
flexibly evaluated by inserting, modifying, or swapping the 
order of selected modules. As a proof of concept, two vari-
ants of the pinhole projection model with Brown lens distor-
tion were implemented in the open-source Damped Bundle 
Adjustment Toolbox and applied to simulated and calibra-
tion data for a nonconventional lens system. The results 
show a significant difference for the simulated, error-free, 
data but not for the real calibration data. The current flex-
ible implementation incurs a performance loss. However, 
in cases where flexibility is more important, the modular 
formulation should be a useful tool to investigate novel sen-
sors, data-processing techniques, and refractive models.

Introduction
Background
In photogrammetry and computer vision, bundle adjustment 
(BA) is a fine-tuning estimation process where some or all pa-
rameters that describe a scene are estimated simultaneously. 
It was introduced to photogrammetry some 60 years ago (D. C. 
Brown 1958). The technique became popular in the computer-
vision community after an article by Triggs, McLauchlan, 
Hartley, and Fitzgibbon (2000).

Photogrammetric BA uses the collinearity equations to de-
scribe the world-to-camera projection. The typical presenta-
tion of the function and its linearization has been as a single, 
compact computation (see, e.g., Kraus 1993, section 5.3.2; 
Wolf and Dewitt 2000, appendix D-4; Mikhail, Bethel, and 
McGlone 2001, appendix C.3; Luhmann et al. 2014, section 
4.2.2). In contrast, the standard presentation of the world-
to-camera projection in the computer-vision community has 
been as a sequence of small operations (Tsai 1987) with the 
Jacobians described using the chain rule (M. Brown and Lowe 
2003; Fusiello 2013). In both presentations, the lens distortion 
is treated separately. Although both research communities 

refer to the same D. C. Brown (1971) article, the details of the 
application have differed.

Since its introduction, BA has evolved to be a central algo-
rithm in photogrammetry and computer vision (D. C. Brown 
1976; Triggs et al. 2000; Luhmann et al. 2014). Originally, 
the procedure was used by a small research community that 
understood the algorithm in detail. With a broadening user 
base, the fraction of users with an intimate understanding of 
the inner workings of BA has declined. This development has 
further increased with the inclusion of BA into commercial, 
black-box, software.

Related Work
The Damped Bundle Adjustment Toolbox (DBAT) was origi-
nally developed to illustrate the behavior of different damp-
ing schemes known from nonlinear optimization (Börlin and 
Grussenmeyer 2013, 2014). Later work has focused on the use 
to validate commercial black-box photogrammetric software—
e.g., PhotoModeler and PhotoScan (Börlin and Grussenmeyer 
2016)—especially to provide detailed diagnostics of the 
photogrammetric network (Dall’Asta et al. 2015; Murtiyoso, 
Grussenmeyer, and Börlin 2017; Murtiyoso, Grussenmeyer, 
Börlin, Vandermeerschen, and Freville 2018). Recently, the 
differential observation-weighting capabilities of DBAT were 
used by Menna et al. (2018) to mitigate peripheral image-
quality degradation in underwater photogrammetry.

The chain rule has been used to simplify geometrical com-
putations in, e.g., computer vision (M. Brown and Lowe 2003; 
Fusiello 2013), computer graphics (Barr 1984; Piponi 2004), im-
aging (Gallego and Yezzi 2015), robotics (Koditschek and Rimon 
1990), and registration of terrestrial-laser-scanning point clouds 
(Rabbani, Dijkman, van den Heuvel, and Vosselman 2007). In 
photogrammetry, it has been used for, e.g., modeling of reflected 
ray paths (Rupnik, Jansa, and Pfeifer 2015) and relative pose es-
timation (Cheng, Hao, and Li 2017). To our knowledge, the chain 
rule has not previously been used to express the photogrammet-
ric world-to-camera projection model, including lens distortion.

Aim
The aim of this article is to apply the sequential computation 
to the whole photogrammetric projection model, including 
lens distortion, and to use the chain rule to modularize the 
computations. Furthermore, to illustrate the flexibility of the 
modular approach, a nonconventional optical system—a tilt-
shift lens—will be investigated.

A first version of this approach was presented by Börlin, 
Murtiyoso, Grussenmeyer, Menna, and Nocerino (2018). The 
current article is an extended version with an added empha-
sis on performance versus flexibility.
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Disassembling Collinearity
The Collinearity Equations
The mathematical problem that is solved by the BA process 
includes a residual between two components. One residual 
component is the simulated projection of an object point ac-
cording to the camera model at hand; the other is computed 
from the corresponding image measurement. As a typical 
presentation, consider the collinearity equations as presented 
by Luhmann et al. (2014, equation 4.94):
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Ignoring Δx′ and Δy′, Equation 1 describes the projection 
of an object point at (X, Y, Z) through a pinhole camera with 
principal point (x′0, y′0) and camera constant z′ placed at (X0, 
Y0, Z0) and with an orientation given by the matrix R.

Another requirement for the BA process is the lineariza-
tion of Equation 1 with respect to any parameter that is to 
be estimated (see, e.g., Kraus 1993, section 5.3.2; Wolf and 
Dewitt 2000, appendix D-4; or Mikhail et al. 2001, appendix 
C.3). Some partial derivatives of Equation 1 are presented by 
Luhmann et al. (2014, equation 4.96) as
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where kX and kY are the respective numerators of Equation 1, 
and N is the denominator.

Basic Functions
If we group the parameters as
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and introduce the basic functions
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where c is scalar and m and n are 2-vectors, we may write 
Equation 1 as the following composition:

u g p p R z u T S z H L R T p p u= ( ) ≡ −( )( )( )( )( )′ ′, , , , , , , , .0 0 2 3 0 0
T

 
(5)

In the definition of the functions in Equation 4, generality 
has been favored over typical usage to simplify future exten-
sions. For instance, the function L(R,ν) describes an arbitrary 
3D linear transformation, whereas the collinearity equations 
assume R to be a rotation matrix. Similarly, the translation 
T3(p, p0) is defined with a positive sign on p0, whereas the col-
linearity equations use T3(p – p0).

The algorithm corresponding to Equation 5 is shown in 
Algorithm 1, with a graphical representation in Figure 1.

Linearization
The linearization of function compositions is governed by 
the chain rule (see, e.g., Magnus and Neudecker 2007). For 
example, the Jacobian of the projection function g in Equation 
5 with respect to the object point coordinates p is the matrix 
product of five Jacobians:
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(6)

where the brackets indicate a matrix and the subscripts indi-
cate the point at which the respective Jacobian is evaluated. A 
detailed inspection of Equation 6 reveals that it is identical to 
Equation 2.

A Function as a Module
If we require that each basic function of Equation 4 be able 
compute both the function value and the Jacobians with 
respect to all its parameters, we may similarly extend Algo-
rithm 1 to compute both its function value and its Jacobians. 
The extended algorithm (Algorithm 2) illustrates the compu-
tation of Equation 5 and the Jacobian of Equation 6. In this 
way we can modularize the residual computations and use 
the modules as building blocks. Furthermore, as each module 
is self-contained, it is possible to validate the analytical Jaco-
bian of each module independently.

Figure 1. The computational chain corresponding to Equation 5. The gray rectangles indicate bundle-adjustment parameters. 
The white circles indicate component functions from Equation 4. The arrows indicate how the parameters and results are 
propagated. The arrow labels indicate the name of the formal (input) parameter of the corresponding function.
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Other Photogrammetric Modules
In addition to the functions listed in Equation 4, we add the 
computation of the rotation matrix R from the ω – ϕ – κ Euler 
angles (Förstner and Wrobel 2004, equations 2.128–2.130),

 
R(ω, ϕ, κ) = R3(κ) R2(ϕ) R1(ω)

 
(7)

the D. C. Brown (1971) lens distortion model,

 D u K P u d u K d u Pr t, , , , ;( ) = + ( ) + ( )  (8)

and the 2D affine transformation,
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b b
u2

1 21

0 1
, .( ) =
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(9)

In Equation 8, the vectors K and P contain the radial and 
tangential distortion coefficients, respectively. In Equation 9, 
the scalar b2 controls the aspect ratio and the scalar b2 con-
trols the skew. For more details and derivation of the Jacobi-
ans, see Börlin et al. (2018, appendix B).

Reassembling Collinearity
The Damped Bundle Adjustment Toolbox
The modular technique has been implemented in the open-
source DBAT package1 for MATLAB (Börlin and Grussenmeyer 
2013, 2016). For instance, the modules presented in Equa-
tions 4 and 7–9 were combined differently to implement two 
bundle pipelines that used different adaptations of the D. C. 
Brown (1971) lens distortion model. In the photogrammetric 
formulation, the Brown polynomials are used to “correct” for 
the effect of lens distortion on the measured image coordi-
nates. In contrast, the formulation largely adopted by the 
computer-vision community uses the same polynomials to 
“add” lens distortion to the ideal projection of object points 
(Tsai 1987; Heikkilä and Silvén 1997; Zhang 2000; Drap and 
Lefêvre 2016). The two pipelines are visually contrasted in 
Figures 2 and 3.

DBAT has the possibility to postprocess files from two 
popular software applications: EOS PhotoModeler and Agisoft 
PhotoScan. DBAT version 0.8 was used in this article.

1. https://github.com/niclasborlin/dbat

Figure 2. The computational chain implemented in DBAT. In the photogrammetric formulation, the optical scaling in the 
camera results in image coordinates expressed in physical units, e.g., millimeters. The image coordinates are scaled from 
pixels to millimeters before the D. C. Brown (1971) polynomials are used to “correct” the measured image coordinates for lens 
distortion. The residual (thick circle) is computed as the difference between the projected ideal point and the corrected point.

Figure 3. The DBAT implementation of the computer-vision formulation of the D. C. Brown (1971) lens distortion model. 
The Brown polynomials are used to introduce lens distortion to the projected ideal point in normalized units before the 
coordinates are scaled directly to pixels. The residual (thick circle) is computed between the measured point and the 
“distorted” projected point. The same modules have been used as in Figure 2.
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Extended Pinhole Models
For this article, we have used the modular technique used in 
DBAT to implement two extensions of the photogrammetric 
pipeline of Figure 2. The reference implementation (called 
Model 2) has no affinity. In Model 3, the affinity is applied 
before lens distortion. In Model 4, it is applied after. The cor-
responding functions are:
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where s is the pixel size and u the measured image coordi-
nates. The models are visually illustrated in Figure 4. The 
difference in the computation of the Jacobian with respect to 
the principal point u0 was limited to inserting the Jacobian
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Image-Variant Estimation
A recent addition to DBAT allows internal-orientation (IO) 
parameters to be declared as block invariant or image variant 
(Moniwa 1981) on an individual basis. Thus, some param-
eters can be the same for the full block whereas others can be 
individual for an image.

Experiments and Results
Test Case: The Tilt-Shift Lens
A tilt-shift lens is a nonconventional optical system that al-
lows the following lens movements (Ray 2002; Figure 5):

• a tilt, i.e., a rotation of the optical axis about either the exit 
pupil or the center of the sensor plane,

• a shift, i.e., a translation of the optical axis, and
• a rotation, i.e., a rotation about the optical axis.

Figure 5. The Nikon D750 DSLR camera with the PC-E Micro 
NIKKOR 45-mm f/2.8D ED tilt-shift lens used in this article.

The projection of a tilt-shift camera lens system is not 
completely modeled by the classic photogrammetric projec-
tion model (pinhole with Brown lens distortion) available in 
regular photogrammetric software, including DBAT. In order 
to illustrate the modularity of DBAT, we chose to investigate 
whether the ordering of the affine and lens distortion steps, 
described under Extended Pinhole Models, could improve the 
projection model.

One simulation experiment, two calibration experiments, 
and one performance experiment were designed. The purpose 
of the simulation experiment was to investigate whether the 
variants in the application of the affinity had any measur-
able effect. The purpose of the calibration experiments was to 
investigate whether any of the affinity variants could improve 

Figure 4. Two versions of the right-hand side of Figure 2 with different relative placement of the affine transformation with 
respect to lens distortion. In Model 3 (left), the affine distortion was applied before lens-distortion removal. In Model 4 
(right), the affine distortion was applied after lens-distortion removal. In both cases, the digital scaling uses square pixel 
sizes. Any nonunit aspect ratio is handled by the affine step.

364 May 2019  PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING

http://MY.ASPRS.ORG


an actual calibration of the tilt-shift lens, with or without 
image-variant camera parameters. Finally, the purpose of the 
performance experiment was to investigate the relative perfor-
mance of the DBAT models.

Simulation Experiment
The first experiment was constructed to investigate the effect, 
if any, of the difference in the ordering of affine and lens 
distortion. Two sets of synthetic data were generated, where 
simulated error-free image observations were generated by 
back-projection of known 3D object coordinates and with 
known exterior-orientation parameters, and camera calibra-
tion parameters (IO) of a strong self-calibration network. The 
network consisted of 24 cameras at varying roll angles. About 
100 targets were simulated in a 3D configuration, with a larg-
est dimension of 1000 mm (Figure 6).

Figure 6. The synthetic network consisted of 24 cameras 
at varying roll angles. The simulated targets were in a 3D 
configuration with a largest dimension of 1000 mm.

Generation of Synthetic Data
The following algorithms were used to simulate measure-
ments generated by Models 3 and 4. Note that the sequence 
of the steps here is reversed compared to Figure 4, as we are 
building image observations. Both simulations used a skew 
(shear) parameter of b2 = 0. The algorithms were implemented 
not with DBAT but in software developed in-house at the 
Bruno Kessler Foundation.

Model 3:
1. Apply the collinearity equations (3D translation, 3D rota-

tion, pinhole projection, and optical scaling).
2. Introduce lens distortion (iterative, mm).
3. Convert from millimeters to pixels using a nonsquare 

pixel size (b1 = 0.01218).
4. Introduce the principal point (pixels).

Model 4:
1. Apply the collinearity equations (3D translation, 3D rota-

tion, pinhole projection, and optical scaling).
2. Apply an affine transformation to the image coordinates 

(b1 = 0.01218).
3. Introduce lens distortion (iterative, mm).
4. Convert from millimeters to pixels using a square pixel size.
5. Introduce the principal point (pixel).

Analysis of Synthetic Data
Each synthetic data set was analyzed by a self-calibration bun-
dle adjustment using DBAT Models 2, 3, and 4. No control points 
were used. Instead, the datum problem was solved by fixing 
seven exterior-orientation parameters. The prior weight for the 
image observations corresponded to a sigma of 0.1 pixels. The 
following parameters were estimated: the camera constant c, the 
principal point (x0, y0), the radial distortion parameters K1 – K3, 
and the tangential distortion parameters P1 – P2. For Models 3 
and 4, the affine parameters b1 – b2 were also estimated. The 
quality of each analysis was evaluated in image space (σ0 and 
2D image point root mean square) and object space (3D root 
mean square error [RMSE] between the true and estimated object-
point coordinates). The results are given in Table 1. When the 
correct estimation model was used, the simulated b1 value was 
recovered to the number of available decimals, and the internal 
and external residuals were effectively zero. When the wrong 
model was used, the residuals were significantly higher.

Camera Calibration
In the second experiment, Models 2–4 were used to analyze 
calibration data for a camera with a tilt-shift lens. The data 
set from Nocerino et al. (2016) was used for the calibration. 
The data set was acquired in a controlled environment, with 
stable temperature, humidity, and illumination conditions, 
consequently reducing the influences of uncontrolled fac-
tors on the calibration. Furthermore, high-accuracy reference 
coordinates were available: A point precision vector length of 
2.4 μm and an RMSE with respect to another photogrammetric 
system of 6 μm were evaluated. The calibration target was a 
3D photogrammetric calibration test object (Figure 7) with a 
largest dimension of 900 mm with about 170 coded targets. 
The camera used was a Nikon D750 full-frame DSLR camera 
with a PC-E Micro NIKKOR 45-mm f/2.8D ED tilt-shift lens 
(Figure 5) in two different configurations:

Table 1. Assessment of the analysis of the synthetic data sets. Shading indicates the rows with the smallest residuals.

Simulated 
Data Set

DBAT 
Model

IO Parameters Internal/External Assessment

Parameters n b̂1 σ̂1 RMS (pixels) RMSE (μm)

3

2 P 8 0 34.2847 4.56 620.60

3 b1b2P 10 0.01218 0.0003 0.00 0.01

4 b1b2P 10 0.01223 00.3773 0.05 8.26

4

2 P 8 0 34.1330 4.54 616.59

3 b1b2P 10 0.01212 00.3697 0.05 8.33

4 b1b2P 10 0.01218 0.0003 0.00 0.01

IO parameters = which parameters and how many were included in the estimation. RMS = point residual over all image observa-
tions. RMSE = 3D error over all object points. b̂1 = estimated b1 value.
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• NORMAL: The normal configuration where neither tilt nor 
shift was applied.

• TILTED: The lens was tilted in the vertical plane by 4°.

A high-redundancy photogrammetric camera network 
was realized, consisting of up to 48 convergent images with 
a diversity of camera roll angles to enhance the determin-
ability of the IO parameters (Fraser 2001). The ground sample 
distance was about 0.13 mm. The image measurements were 
performed by PhotoModeler Scanner ver. 6 and exported as a 
text file that was imported to DBAT.

The NORMAL data set was analyzed and used as a reference 
for the processing of the TILTED data set. The TILTED data set 
was analyzed by a self-calibration bundle adjustment in DBAT 
using Model 2, 3, or 4. The datum and prior weights were the 
same as in the synthetic experiment. Furthermore, the param-
eters b1, b2, P1, and P2 were individually included or excluded 
from the estimation (P1 

and P2 were always estimated to-
gether). The quality of the estimation was evaluated as in the 
synthetic experiment with the results of the NORMAL data set 
used as the reference. The results are given in Table 2.

From Table 2, we see that the difference between Models 3 
and 4 on this data is small. The internal and external residuals 
were small when the aspect parameter b1 and the decentering 
distortion parameters P1 – P2 were included in the estimation. 
In those cases, the 3D RMSE was about 0.09 ground sample 
distance and the estimated b1 value was about 0.0019. This 
value is equal to the value from Nocerino et al. (2016, Table 
3, column T-4S0R90) that was estimated by other software. In 
contrast, the inclusion of b2 resulted in an estimated value for 
b2 of about 10–5 and had a negligible effect on the residuals.

Image-Variant Calibration
The best b2-free setup for Model 3 from the second experiment 
was used as the reference for the third experiment. Three dif-
ferent sets of IO parameters were allowed to be image variant. 
The first set consisted of the principal distance and point. The 
second set added the radial and tangential lens distortion pa-
rameters. The final set consisted of all IO parameters, including 
the aspect parameter b1. In order to avoid networks that were 
too weak, prior observations of the image-variant parameters 
were added (Tecklenburg, Luhmann, and Hastedt 2001). As 
the prior values, the posterior estimated values from the refer-
ence experiment were used. The prior weights were chosen to 
correspond to twice the posterior standard deviation from the 
reference experiment. The results are given in Table 3.

The internal assessment suggests a slight improvement in 
accuracy. However, the comparison with the reference 3D co-
ordinates instead suggests that the accuracy slightly worsens 
for all image-variant experiments.

Performance
To investigate the relative performance between the models, 
the St-Pierre-le-Jeune data set from Murtiyoso et al. (2017) 
was used. The data set consisted of 239 images and about 
18 000 object points. DBAT Model 1, a previous, more opti-
mized implementation of Model 2, was used as a performance 
reference. A self-calibration bundle-adjustment process was 
applied to the data set. The timings were performed using an 
HP EliteDesk 800 with Quad Intel Core i7-4790 CPU at 3.60 
GHz with 32 GB RAM running MATLAB R2018b under Ubuntu 
Linux 14.04.5. In all cases, the models required the same 
number of iterations and produced the same results to the 
reported number of digits. The average bundle execution time 
over five repeated runs was about 13 s for Model 1. The cor-
responding times for Models 2–4 were 53%–56% higher.

Discussion and Conclusion
The primary goal of this article was to apply the sequential 
presentation to the whole photogrammetric projection model, 
including lens distortion, and to use the chain rule to modu-
larize the computations. Previous presentations have left 
out the camera-internal operations, notably lens distortion. 
The presentation in this article does show that the residual 

Figure 7. The 3D test object with about 170 coded targets 
had a largest dimension of 900 mm.

Table 2. Assessment of DBAT estimation Models 2, 3, and 4 on 
the TILTED data set. The IO parameters and assessment are as in 
Table 1, except that the target coordinates computed from the 
NORMAL data set were used as the true data. The redundancy 
(number of observation minus number of parameters) was 
around 7800. The smallest residuals were obtained when b1 
and P were estimated (shaded).

DBAT 
Model

IO Parameters Internal/External Assessment

b1 b2 P n σ0 RMS (pixels) RMSE (μm)

2
P 8 5.9 0.79 82.3

6 5.9 0.80 92.9

3

b1 P 9 1.1 0.15 11.9

b1 b2 P 10 1.1 0.15 11.9

b1 7 3.0 0.41 72.9

b1 b2 8 3.0 0.41 73.2

b2 7 5.9 0.80 92.6

b2 P 9 5.9 0.79 82.3

4

b1 P 9 1.1 0.15 11.9

b1 b2 P 10 1.1 0.15 11.9

b1 7 3.0 0.41 73.3

b1 b2 8 3.0 0.41 73.3

b2 P 9 5.9 0.79 82.3

b2 7 5.9 0.80 92.8

Table 3. Results of the image-variant experiments for DBAT 
Model 3 without b2 and with three different sets of image-
variant parameters. The number of IO parameters increases 
from n = 9 for the fully block-invariant case to n = 432 for the 
fully image-variant case. Since a corresponding number of prior 
observations are added, the redundancy remains around 7800. 
The shaded row corresponds to the first Model 3 row of Table 2.

IO parameters Internal/External Assessment

Image-variant parameters n σ̂0 RMS (pixels) RMSE (μm)

None 9 1.1 0.15 11.9
c, x0, y0 150 1.0 0.14 12.0
c, x0, y0, Ki, Pi 385 1.0 0.13 12.1
c, x0, y0, Ki, Pi, b1 423 1.0 0.13 12.1
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computations used by bundle adjustment can be split into 
modules. If each module is responsible for computing Jacobi-
ans with respect to each parameter, in addition to the func-
tion value proper, the chain rule can be used to combine the 
analytical Jacobians of the simple operations into analytical 
Jacobians of complex expressions. Furthermore, the presenta-
tion illustrates how the D. C. Brown (1971) lens distortion 
model is treated differently by the photogrammetry and 
computer-vision communities.

The tilt-shift lens is a complex design whose projection 
model is not yet rigorously supported by regular photogram-
metric software, including DBAT. In a previous article, it was 
found that some of the deviation of the tilt-shift lens from the 
classic photogrammetric projection model (pinhole with Brown 
lens distortion) could be mitigated by including the affine 
distortion parameter b1 in the estimation (Nocerino et al. 2016). 
The modularity of DBAT presented an opportunity to investigate 
further modifications of the projection model. Two models with 
different placement of the affine transformation compared to 
lens distortion were implemented with minimal effort.

An experiment on synthetic image observations verified 
that the relative placement of the affine transformation and 
lens distortion can be detected by DBAT on synthetic, error-
free data. A calibration experiment was constructed to test the 
hypothesis that either ordering could explain more of the tilt-
shift distortion of a real tilt-shift lens. Furthermore, an image-
variant bundle adjustment (Moniwa 1981; Tecklenburg et al. 
2001) was tested to verify whether it would be possible to 
better model the distortions introduced by gravity effects and 
the tilt angle. The results did not support either hypothesis. 
Compared to other, possibly unmodeled effects, the ordering 
does not significantly contribute to the observed residuals, 
and the addition of image-variant camera parameters did not 
improve the results. Instead, the results support the conclu-
sion of Nocerino et al. (2016) that the aspect parameter b1 and 
the decenter parameters P1 – P2 are significant but the skew 
parameter b2 is not.

From the results, we may conclude that the standard 
pinhole camera model with Brown lens distortion cannot fit 
the tilted data better, even with the image-variant approach. 
However, if an RMSE of 0.09 times the ground sample dis-
tance is considered satisfactory, standard photogrammetric 
formulations and software can be used in 3D modeling appli-
cations that require the tilt-shift lens system. We believe that 
to improve on those results, a proper mathematical projection 
model of the tilt-shift lens is required. In relation to the main 
goals of this article, we conclude that the modularity of DBAT 
can indeed be used to test novel projection models with mini-
mal implementation effort.

The performance results in this article show an increase of 
about 50% in computation time on a medium-sized problem 
for the flexible implementation compared to the original 
implementation in DBAT. A potential explanation is that the 
computation of the composed Jacobian as a chained multi-
plication of simpler Jacobians is inefficient. Another possible 
explanation is that some of the computations that depend on 
the same parameters are distributed over multiple subexpres-
sions. In that case, the expressions may need to be jointly 
considered in order to be fully optimized. If true, either case 
would highlight a limitation of the chain-rule approach.

The reported increase in execution time would hardly 
be acceptable for production code, where speed is essential. 
However, the driving force behind the development of DBAT 
has been to provide an open-source, statistically rigorous 
reference implementation of bundle adjustment. Performance 
has been important, but never the primary focus. Further-
more, the code for the original projection model has gone 
through several optimization iterations, whereas the flexible 
chain-rule code has not. It remains to be seen how much per-
formance can be recovered in the future.

In some cases, flexibility is more important than perfor-
mance. The flexibility of the chain-rule formulation should 
allow researchers to investigate novel and nonstandard sen-
sors or data-processing techniques. Furthermore, several new 
photogrammetric applications, including underwater applica-
tions, need refined refractive models. In teaching, the flex-
ibility should allow students to experiment with both existing 
and novel computations.

In summary, the presentation and results in this article 
show that it is possible to use the chain rule to modularize 
the bundle-adjustment computations, including lens distor-
tion. Currently, there is a performance loss associated with the 
modular implementation. In cases where flexibility is more 
important than performance, we argue that DBAT with the 
chain-rule formulation can be a useful tool to investigate novel 
sensors, data-processing techniques, and refractive models.

Future work includes optimizing the flexible models, 
complementing the pinhole module with a fish-eye module, 
complementing the ω – ϕ – κ rotation model by, e.g., azimuth-
tilt-swing, and extending to refractive models to handle the 
tilt-shift lens or multimedia projection models in, e.g., under-
water photogrammetry.
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Algorithm 1. 
The pinhole projection (Equation 5) is evaluated by a se-
quence of function calls.

procedure PinholeNoJac (p, p0, R, c, u0)

• a T p p1 3 0← −( ),

• a L R a2 1← ( )T,

• a H a3 2← ( )
• a S c a4 3← ( ),

• a T a u5 2 4 0← ( ),

• return a5

end procedure

Algorithm 2
The pinhole projection and one of its Jacobians computed by 
the same sequence of function calls as in Algorithm 1. Each 
called function computes both the function value and the 
necessary Jacobians. The complete analytical Jacobian J is 
formed by multiplying the component Jacobians.

procedure PinholeWithJac
 
(p, p0, R, c, u0)

• a J T p p J
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dpp p1 3 0
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2 1
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,

• return (a5, J)
end procedure
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Aiding Indoor Photogrammetry with UWB Sensors
Andrea Masiero, Francesca Fissore, Alberto Guarnieri, Francesco Pirotti, and Antonio Vettore

Abstract
Given the worldwide spread of smartphones, photogram-
metric surveying with mobile devices is becoming of signifi-
cant interest in the research community for providing low 
cost three-dimensional (3D) models. Since the photogram-
metric procedure applied to images produces a projective 
model, some external information is needed in order to 
obtain a 3D metric model. To this aim, Global Navigation 
Satellite System (GNSS) measurements are typically aided 
to the photogrammetric reconstruction procedure. How-
ever, the quality of the obtained reconstruction is related to 
the GNSS positioning accuracy, which is typically at meter-
level for cheap receivers as those embedded in most of the 
consumer mobile devices, e.g. smartphones. Furthermore, 
this approach cannot be used in GNSS-denied environ-
ments (e.g. indoors). To overcome these issues, this paper 
investigates the integration of information provided by an 
Ultra-Wideband (UWB) positioning system with image-based 
reconstruction to produce a metric reconstruction. Further-
more, the orientation (with respect to North-East directions) 
of the model is assessed thanks to the use of inertial sen-
sors included in the UWB devices. Results of this integration 
are shown on two case studies in indoor environments.

Introduction
The worldwide spread of applications based on spatial data 
and position information (e.g. location-based services) is 
causing a continuously increasing quest for three-dimensional 
(3D) data and motivating the development of procedures and 
devices in order to ease their generation in any kind of work-
ing condition.

Among the available techniques for 3D data generation, 
photogrammetry is one of the most commonly used thanks 
to its relatively low cost (nowadays standard cameras are fre-
quently used to generate quite good models) and to the easi-
ness of usage of photogrammetric software currently available 
on the market (Gonzalez-Aguilera et al. 2018), in particular 
those based on the implementation of the Structure from Mo-
tion approach.

When dealing only with images, the photogrammetric 
procedure produces just projective reconstructions, hence the 
generation of 3D metric models (e.g. properly scaled) requires 
the introduction of certain external information: control 
points and Global Navigation Satellite System (GNSS) mea-
surements are often used for such purpose (where the latter 
can be used for georeferencing the 3D model as well). Despite 
the introduction of GNSS measurements in the photogram-
metric reconstruction procedure, which is very common and 
usually leads to reliable and accurate results, it is clearly a 
nonviable way in GNSS-denied environments, such as indoors 
(Dabove, Di Pietra, and Lingua 2018; Tucci et al. 2018).

Actually, the growing interest in surveying areas during/
just after natural disasters, e.g. difficult to reach with terres-
trial vehicles, is also motivating the development of low-cost 
direct georeferencing techniques (Chiang, Tsai, and Chu 2012; 
Lo et al. 2015; Bendea et al. 2008; Pfeifer, Glira, and Briese 

2012), i.e. where reconstruction is obtained by exploiting high 
grade positioning sensors mounted on the vehicle (e.g. GNSS 
and inertial sensors), without using control points.

The integration of information provided by navigation/
inertial sensors in the photogrammetric reconstruction pro-
cedure has also been recently considered in the framework 
of mapping with portable mobile devices, e.g. smartphones 
(Poiesi et al. 2017; Masiero et al. 2016), where such informa-
tion allows to obtain metric reconstructions in GNSS-denied 
environments as well (Mustaniemi et al. 2017; Ham, Lucey, 
and Singh 2014; Alsubaie, Youssef, and El-Sheimy 2017).

Motivated by the above considerations, this paper consid-
ers the integration of information provided by Ultra-Wide-
band (UWB) sensors in the photogrammetric reconstruction 
procedure in order to obtain 3D metric models. Interestingly, 
the use of UWB sensors can be simultaneously used also for 
navigation purposes.

UWB sensors are radio transmitters/receivers which enable 
real-time position estimation of an UWB rover. Such position 
is obtained by means of trilateration, by combining infor-
mation of range measurements collected from a set of UWB 
devices, named anchors, fixed at constant locations. A proper 
UWB sensor calibration can be considered in order to im-
prove positioning performance, e.g. systematic error has been 
modeled as a constant time lag (due to device synchroniza-
tion) (Hol 2011) and as a polynomial function of the distance 
(Dierenbach et al. 2015; Toth et al. 2015). Since positioning is 
based on the use of a collection of range measurements, best 
accuracy of the method is achieved when all measurements 
are collected in clear line of sight (CLOS), i.e. when the line 
connecting two UWB devices is not obstructed by any obstacle. 
Unfortunately, multipath and nonclear line of sight measure-
ments typically cannot be completely avoided, hence they 
usually affect the positioning accuracy.

Similar to (Masiero et al. 2018), in this work an UWB rover 
was rigidly attached to a standard camera: their relative posi-
tion and orientation were constant during all image acquisi-
tion. Consequently, metric reconstruction can be achieved 
by estimating the scale factor comparing the camera-rover 
positions provided by the UWB system with the corresponding 
locations in the photogrammetric reconstruction. Since the 
considered rover is also provided with an Inertial Measure-
ment Unit (IMU), its measurements can be used also for orient-
ing the 3D model according to the East-North directions.

The main advantages of this approach are:

• Wide range of working conditions. It represents an easy and 
low-cost method for obtaining 3D photogrammetric recon-
structions in a wide range of working conditions, and, in 
particular, in GNSS-denied environments.

• Portability. It only requires the usage of easily portable 
(small and lightweight) devices.
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• Easiness of use. Given the simplicity of the data acquisition 
procedure (distributing UWB anchors on the area of interest 
and shooting photos with the UWB rover attached to the cam-
era), it can be easily performed by unspecialized personnel.

In order to maximize the easiness of use of the system, UWB 
anchor positions are estimated by means of a self-positioning 
procedure without the need of human interaction with the 
system: anchor locations are obtained in a local reference sys-
tem by properly processing intrarange measurements between 
anchors (see the section “UWB Anchor Self-Positioning”).

Since the reconstruction accuracy of the system relies on 
the UWB positioning to properly scale the 3D model, the reduc-
tion of the UWB error, if possible, is of fundamental importance. 
Despite the random part of the UWB measurement error is usu-
ally small (e.g. few centimeters) and quite independent of the 
distance between the devices, the actual error, which is mostly 
affected by multipath issues, is often at decimeter-level. This 
causes the UWB positioning error (both the anchor self-position-
ing and the rover positioning error) to be at the decimeter-level 
as well (Masiero et al. 2018). Despite random errors on UWB 
estimates might be partially compensated by the integration in 
the photogrammetric procedure, the overall accuracy level of 
the 3D model is clearly affected by the residual UWB errors.

Given the importance of UWB error reduction, this work 
aims at improving the results reported in (Masiero et al. 2018) 
by reducing the UWB error and, in particular by reducing the 
effect of multipath issues in both self-positioning and rover 
tracking. The different strategy implemented in this work for 
dealing with multipath issues in UWB measurements allowed 
to obtain significant improvements on both the positioning 
and 3D reconstruction results, as shown in two case studies 
(see the section “Results”).

UWB Positioning System
In this work positioning in a local coordinate system is 
obtained by using a Pozyx UWB system ((Pozyx Labs 2015), 
Figure 1). In this system each device is a radio transmitter/re-
ceiver that provides ranging measurements once connected to 
another UWB device. Ranging is obtained by the time of flight 
of the radio signal. This obviously causes a decrease of the 
ranging accuracy when the devices are not in CLOS (i.e. when 
obstacles are along the line connecting the two devices).

Measurements from a set UWB anchors, fixed to constant 
positions, are used to track rover’s position in real-time. To 

this aim, anchor positions are assumed to be known during 
the tracking, i.e. they have to be either surveyed or obtained 
as result of a self-positioning procedure (see the section “UWB 
Anchor Self-Positioning”): a comparison of the results ob-
tained in these two cases is reported in the section “Results”.

Then, estimates of UWB rover positions can be obtained by 
trilateration of range measurements provided by UWB anchors. 
Since Pozyx rover is also provided with an IMU, it can used to 
estimate the orientation with respect to North-East directions 
as well.

Certain characteristics of the Pozyx UWB devices make 
them attractive for portable mapping devices: they are very 
portable (low weight and small size, see Figure 1) and quite 
low cost ($150 per device, approximately). Maximum range is 
over 100 m, however the number of available measurements 
(i.e. successful communications between UWB devices) signifi-
cantly decreases as the distance between the devices becomes 
larger. The random part of the ranging error is relatively small, 
whereas the systematic part is affected by several factors (Po-
zyx Labs 2015) and, in particular, it is environment dependent 
(e.g. multipath issues, section “UWB Ranging Error”).

The rationale of the usage of this system in a photogram-
metric survey is that of allowing any unspecialized user to 
obtain a metric 3D model by simply distributing UWB anchors 
over the area of interest and start taking photos (with an 
UWB rover attached to the camera). Self-positioning of UWB 
anchors, based on their own range measurements, can be 
done automatically just before starting to take photos. Then, 
the UWB rover collects camera locations where images are ac-
quired. This information, combined with a photogrammetric 
reconstruction, can be used to obtain 3D metric models (see 
the section “Metric 3D Reconstruction”).

A more detailed description of the range measurement 
characteristics, anchor self-positioning, tracking rover position 
and data collection is provided in the following subsections.

UWB Ranging Error
The range measurement error of Pozyx devices is formed by a 
random and a systematic part. The random error is typically 
relatively small, e.g. centimeter-level, as shown in Figure 2a. 
The systematic error depends on the relative positions and 
orientations of the devices and, in particular, on the environ-
ment (e.g. multipath/obstruction issues). In practice, due to 
the presence of obstacles and to multi-path (Figure 2b), in a 
typical indoor environment the systematic part of the error 
is often significant and varies with the location of the rover. 

(a) (b)

Figure 1. Example of Pozyx anchor (a) and rover (b), mounted on an Eleego Uno R3 board.
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Furthermore, changes of object and person positions in the 
neighborhood of the UWB devices can affect the error as well. 
As a result, it is quite difficult to provide a model of the sys-
tematic error that allows to efficiently compensate the effect 
of the environment on the UWB measurements, which is often 
a significant part of the range error.

UWB Anchor Self-Positioning
Since UWB rover position is computed based on trilateration 
of range measurements provided by the anchors, the knowl-
edge of anchor positions is a sine qua non information for 
tracking the rover during image acquisition.

Despite anchor positions that can be surveyed with a total 
station (or with a professional GNSS receiver if in outdoor en-
vironments), this approach requires the use of external instru-
ments and the presence of trained personnel. Differently, the 
anchor self-positioning procedure presented in this subsec-
tion aims at: (i) avoiding the need of specialized personnel, 
(ii) using only quite low-cost easily portable devices (small 
and lightweight), (iii) being usable in a wide range of condi-
tions, e.g. both indoors and outdoors.

The first step of the self-positioning procedure is the 
collection of range measurements between each couple of an-
chors (if possible): a person holding a rover moves across the 
area of interest in order to collect measurements from all the 
anchors, then anchor positions are computed in a centralized 
way. This kind of acquisition procedure allows self-position-
ing also when certain of the anchors are not able to communi-
cate with each other (which is quite common when surveying 
a quite complex/large area), and it limits the requirements of 
information exchange between anchors.

A single anchor is considered as an admissible (basic) 
network. Then, let a set of three anchors be an admissible 
network if (and only if) all the three range measurements 
between them are available. In this case it is possible to de-
fine a local coordinate reference system based on such three 
anchors, for instance using a procedure similar to the one 
described in (Pozyx Labs 2015).

Let R be the set of all available range measurements. Then, 
given two anchor admissible networks, the conditions to be able 
to join them in order to form a larger admissible network are:
• there exist at least three range measurements ri1j1

∈R, ri2j2
∈R, 

ri3j3
∈R such that i1, i2, i3 are anchor indexes from the first 

network, whereas j1, j2, j3 are from the second one (it is 
worth to notice that an index value can be repeated, e.g. i1 
can be equal to i2).

• if the cardinality of both the networks is greater than one, 
then there should be at least two different index values in 
both i1, i2, i3 and j1, j2, j3 .

• Anchor cardinality of the network obtained joining the two 
sets has to be at least 4.
Let C and L be the set of currently available anchor net-

works and the set of pair of networks which can be joined, 
respectively. 

Once anchor-to-anchor ranges have been collected, the fol-
lowing procedure, based on the assumption that anchors are 
positioned on a plane (i.e. two-dimensional (2D) positioning), 
is used in order to estimate anchor positions in a local refer-
ence system.
1. Compute C = {all admissible three-node networks, and all 

single anchor nodes}
2. Compute L = {list of networks in C which can be com-

bined}
while L = Ø 
3.1 Randomly select an element l of L
3.2 Join the networks corresponding to l
3.3 Optimize anchor positions in the joined network
3.4 Update C
3.5 Update L
end

4. Compute range fitting error
It is worth it to notice that certain criteria different from a 
completely random choice can be applied in order to make 
Step 3.1 more effective. For instance, it might be convenient 
to give a higher priority to the join of networks that lead to 
a smaller range fitting error (which however is possible only 
if fitting errors are precomputed), or to the join of just one 
anchor to a larger network than to the join of networks with 
higher cardinalities.

Step 3.3 is done by nonlinear optimization of anchor posi-
tions in the joined network with respect to the resulting range 
fitting error (e.g. in least squares sense).

Step 3.4: Once the two selected networks have been 
joined, they are inserted in C. Instead, all other networks in 
C containing at least a node of the newly joined network are 
deleted from C.

Step 3.5: L is updated according to the new networks in C.
Finally, the procedure computes the range fitting error cor-

responding to the new network.

(a) (b)

Figure 2. Ranging error in clear line-of-sight (a). Ranging error influenced by multipath (b). Distance between the two devices: 94 cm.
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The above procedure is repeated N times, where N is a 
design parameter, in order to have a high chance of determin-
ing a (close-to) optimal solution (since this is a nonconvex 
optimization problem, optimization is sensitive to the initial 
condition, hence repeating the above procedure N times aims 
at reducing the probability of reaching a local minimum). It is 
worth to notice that this optimization is typically done before 
the user starts acquiring the images, hence its computational 
time requirements are not so stringent.

It is clear that the positioning performance of the system 
highly depends on the accuracy of the estimated anchor loca-
tions. In order to obtain the anchor positions with the highest 
possible accuracy, outlier range measurements should be 
detected and properly discarded in the above self-positioning 
procedure. To this aim, in this work outlier rejection is imple-
mented as follows:

• First, it is worth to notice that, when considering ranges be-
tween static devices, multipath issues can often be detected 
by collecting a set of measurements of each anchor-to-an-
chor range. In multipath conditions the range distribution is 
usually multi-modal, as shown in Figure 2b. It is clear that 
only the mode corresponding to the shortest range shall be 
considered in order to filter out outlier measurements. To 
this aim, the range estimate for a collection of anchor i-to-
anchor j distance measurements is set as follows:

 r̂ij = median(rij|rij<mini′,j′(ri′,j′)+2nσσr (1)

where σr is set as the average standard deviation for range 
measurements not affected by multi-path issues and nσ is a 
design parameter (e.g. nσ = 3). The range estimate might be 
improved further by decomposing the range measurement 
multi-modal distribution in a sum of distributions and 
considering just the first mode, however the proposed pro-
cedure is in practice much easier and quite effective when 
nσ is smaller than the typical distance between successive 
modes (which is typically the case of major interest).

• The remaining outliers are detected in the self-positioning 
procedure: range estimates leading to errors larger than 4σr 
are considered as outliers and discarded from the procedure.

UWB Rover Positioning
Given the estimates of the anchor locations, rover posi-
tion can be estimated in real-time, for instance by using an 
Extended Kalman Filter (EKF) (Anderson and Moore 2012) to 
integrate information provided by the anchors (e.g. acquiring 
anchors-rover range measurements and solving the trilatera-
tion problem). The filtering model considered here is relative-
ly similar to that presented in (Goel et al. 2017).

First, rover dynamic is conveniently modeled as a random 
walk on the velocity equation (Masiero et al. 2018).

If rover positions are not necessary during image acquisi-
tions, then smoothing shall be considered instead of filtering.

Furthermore, rover altitude with respect to the ground 
typically varies among a relatively small interval of values. 
Hence, rover altitude can usually be set to a constant value in 
the filtering (or smoothing) algorithm, i.e. reducing the track-
ing to a 2D positioning problem.

It is also worth to notice that when all UWB measurements 
are in CLOS the fitting error of UWB ranges with respect to the 
estimated position of the rover at a certain time instant is usu-
ally quite small, typically comparable with nσσr. Larger errors 
are usually mostly caused by the environment-dependent 
effects (e.g. multipath). Motivated by this consideration, the 
bias bj for the range measurements of a rover with anchor j is 
set at each time instant t as the difference between the mea-
sured range and the distance between the estimated position 
rover x̂t and the anchor j:

 bj(t) = rj(t) –|x̂t – pj| (2)

where pj is the position of the th anchor. Then, the estimated 
bias is exploited in order to reduce the measurement error on 
the next range measurement from anchor j:

 r̂j(t + 1) = rj(t + 1) – bj(t) (3)

and, if x̂t was computed by using at least k
–

 range measure-
ments (k = 5 in the experimental results reported in this 
paper, in order to have some redundancy in the trilateration 
problem) r̂j(t + 1) is used in the EKF instead of rj(t + 1).

Furthermore, the tracking algorithm is changed if the rover 
is still on a fixed position for a while: the still-condition is de-
tected by checking if the variation of the absolute value of the 
gyro vector in the last 0.4 s is below a given threshold, which 
is set as a design parameter of the positioning algorithm. In 
such case, a static estimate of the ranges (collected during the 
time interval where the still condition is satisfied) is obtained 
similarly to the self-positioning case.

UWB Data Collection
Two alternative data collection methods were implemented for 
storing UWB range measurements acquired by the Pozyx rover:
• The Pozyx rover was attached to an Arduino, which is pro-

vided with a Secure Digital-card shield, where data are stored.
• The Arduino, attached to the Pozyx rover, sends UWB data 

via Universal Serial Bus serial connection to a smartphone, 
which collects and processes them.

In the latter case, an Android application was developed 
in order to deal with UWB data. The same application also 
acquires GNSS measurements (if available) which can be used 
for both positioning and synchronization purposes.

Metric 3D Reconstruction
During image acquisition the UWB rover was rigidly attached 
to the camera. In these working conditions lever-arm is usu-
ally quite small, however both lever-arm and boresight angles 
should be estimated by calibration (Hol, Schn, and Gustafsson 
2010) in order to improve the performance of the system.

If camera and positioning system are synchronized, then 
rover positions and orientations during image acquisitions 
can be introduced in the photogrammetric reconstruction pro-
cedure as priors for the camera locations and orientations.

Otherwise, the synchronization and the rigid map (roto-
translation and scale) between photogrammetric reconstruc-
tion and UWB reference systems shall be done a posteriori, 
e.g. after computing image orientations, by minimizing the 
fitting error between camera positions in the photogrammetric 
reconstruction and in the UWB system (Masiero et al. 2018).

In this work, despite an initial synchronization between 
camera and UWB positioning system was obtained by means of 
a simple camera-rover calibration procedure, the latter of the 
above options has been implemented in order to reduce the 
synchronization error as much as possible:

 {R, t, s, Δτ} = arg minR′, t′, s′, Δτ′ ∑i||x(τi – Δτ′) – s′R′xi – t′||2 (4)

where xi are the camera positions obtained from photogram-
metric reconstruction and τi the initial estimates of their 
acquisition time, x(τ) is the camera position provided by 
the UWB system at time τ, then Δτ, R, t, s are the estimated 
synchronization time delay, rotation matrix, translation vec-
tor, and scale factor. Such estimated parameters can be used 
to obtain a 3D metric model in the UWB reference system. For 
instance, by applying the estimated rigid transformation to 
the camera coordinates:
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 xuwb,i = sRxi + t , "i (5)

where xuwb,i are the coordinates of the ith camera according to 
the photogrammetric reconstruction expressed in the UWB ref-
erence system. A 3D metric model can be obtained by applying 
Equation 5 to the generated (sparse and/or dense) point cloud.

Since outliers are often included in the orientation mea-
surements provided by the IMU, such information has not 
been used in the optimization above (Equation 4). Instead, 
it is used to align the reference system of the 3D model with 
North-East-up directions as described in the following.

First, IMU measurements collected during image acquisi-
tion are used to compute an approximate IMU calibration 
model (actually, ad hoc calibration, modeling also stochastic 
errors of the inertial sensors (Radi, Nassar, and El-Sheimy 
2018; Bakalli et al. 2018), if possible, can lead to a better per-
formance of the system). 

Then, calibrated magnetometer and accelerometer mea-
surements, {arover,i} and {mrover,i}, in correspondence of image 
acquisitions are considered. During image acquisition the 
camera-rover system is assumed to be still, hence {arover, i} 
corresponds to a measurement of the gravity, whereas (if the 
system is not close to any ferromagnetic material and to any 
magnetic field source) mrover,i is a measurement of the geo-
magnetic field. A rough outlier rejection procedure can be 
obtained by neglecting measurements with absolute value 
much different from the expected one (which can be, for 
instance, the effect of magnetic field deviations due to the 
presence of metals quite close to the device). These measure-
ments, taken in the rover reference frame, are transformed in 
the UWB metric reference system by exploiting the previously 
computed transformations/calibrations, obtaining {auwb,i} and 
{muwb,i}, respectively. Then, estimates of the North and vertical 
direction auwb,i, with respect to the UWB coordinate system, can 
be easily computed for instance taking the averages (or the 
medians) of {muwb,i} and {auwb,i}:

 auwb = median ({auwb,i}) (6)

The North direction can be obtained by projecting {muwb,i} 
on the plane orthogonal to auwb,i and then computing their me-
dian. East direction can be computed as the cross product of 
the normalized vectors corresponding to the North and verti-
cal directions. Finally, the 3D model can be rotated according 
to the estimated North-East-vertical directions.

The method presented above for estimating the model ori-
entation is based on averaging the IMU measurements in order 
to reduce the noise effect. A similar but different approach 
has been recently proposed in (Alsubaie, Youssef, and El-
Sheimy 2017), where a strategy, based on the comparison of 
relative camera rotations, is adopted to determine which IMU 
measurements are more reliable: only the most reliable ones 
are considered for the orientation estimation. 

Finally, georeferencing (i.e. expressing the reconstruction 
in global mapping frame (e.g. WGS84, UTM32 in our case 
studies)) can be obtained by means of a GNSS receiver, if at 
least part of the surveyed area is outdoors.

To conclude, the adopted pipeline is briefly summarized in 
the following:
• Image alignment and generation of a sparse point cloud. If 

camera and UWB system are synchronized, then UWB mea-
surements can be used as priors in the alignment.

• Synchronization and metric reconstruction. Computation 
(or refinement) of the synchronization and of the rigid 
transformation between the camera and UWB system. Esti-
mated parameters are used to obtain a metric 3D model.

• Use of IMU measurements to align the model with North-
East-up directions.

• Use of GNSS measurements, if available, for georeferencing 
the model (Optional). 

Results
In this section the UWB positioning (sections “UWB Anchor 
Self-Positioning” and “UWB Rover Positioning”) and 3D 
reconstruction (section “Metric 3D Reconstruction”) results 
are presented in two case studies: the Savonarola gate and 
the Impossible bastion (named in this way because of its 
shape), both located in Padua, Italy. Both the case studies are 
in indoor environments, where GNSS signal is typically not 
available. Furthermore, natural illumination in these places 
is typically insufficient, hence external illumination has been 
used (when possible) in order to improve the image quality.

Image alignment and dense point cloud generation have 
been performed by means of Agisoft PhotoScan, UWB range 
measurements have been obtained with built-in Pozyx rang-
ing routines, whereas ad hoc software has been developed for 
performing all the other operations involved in this work.

Case Study 1: Savonarola Gate
Data acquisition at Savonarola gate was carried out on 20 
March 2018. Seven Pozyx UWB anchors were distributed on 
the ground inside of the Savonarola gate: anchors were on 
small stands (altitude of approximately 10 cm) in order to 
improve the visibility between them. Images have been taken 
by using a Canon PowerShot SX210 IS camera (14.1 MPix), 
with settings fixed at constant values (f/4.5 aperture, 5.0 mm 
focal length, i.e., 35 mm equivalent: 28 mm). Pozyx rover 
was rigidly attached to the camera during image acquisitions. 
Five hundred and forty-nine images have been collected in 
approximately one hour, varying camera position and orien-
tation. Agisoft PhotoScan performed image alignment and 
dense reconstruction with camera self-calibration.

First, self-positioning of UWB anchors was performed as de-
scribed in the section “UWB Anchor Self-Positioning”. Figure 
3 compares the anchor positions estimated with UWB self-po-
sitioning with those surveyed with a Leica TCR 702 Total Sta-
tion: root mean square (RMS) error between them is 11.1 cm.

Figure 3. Comparison of UWB anchor positions in the 
case study of Savonarola gate: surveyed (gray circles) and 
obtained by means of the self-positioning procedure (black 
x-marks).

The RMS between estimated and surveyed anchor positions 
is clearly influenced by UWB measurement error, and, in partic-
ular by multipath issues, which often affect intraanchor range 
measurements. The outlier detection procedure described in 
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the section “UWB Anchor Self-Positioning” aims at reducing the 
multipath influence on the self-positioning procedure. The effi-
ciency of such procedure is expected to increase with the num-
ber of collected intraanchor range measurements. Given the 
presence of several multipath issues within the collected range 
measurements, a bootstrap estimation (of 1000 independent 
simulations) is used in order to assess the performance of the 
self-positioning procedure (and consequently of the proposed 
outlier rejection method) varying the number of collected range 
samples for each anchor-to-anchor distance (when such an-
chors are able to communicate with each other). The obtained 
results are shown in Figure 4. Such figure compares the results 
obtained in two cases: (a) when range estimates are computed 
as medians of the collected measurements, (b) when outlier 
rejection procedure described in the section “UWB Anchor 
Self-Positioning” is used. More specifically, Figure 4 shows the 
RMS error of the estimated anchor positions with respect to the 
surveyed ones. The error bars indicate the standard deviation 
of the estimate evaluated by means of the bootstrap procedure.

Furthermore, Table 1 reports the maximum RMS error with 
respect to the surveyed anchor positions obtained during the 
bootstrap estimation varying the number of measurements 
considered for each anchor-to-anchor distance.

Table 1. Maximum RMS self-positioning error with respect to 
surveyed positions [cm].

Number of 
Samples

Median Range 
Case (cm)

Outlier Rejection 
Case (cm)

5 24.4 23.2
10 24.1 22.2
15 22.3 21.7
20 22.1 21.3
40 21.7 19.1
80 21.4 18.6
150 20.9 14.7
250 20.8 12.2
400 20.6 12.2

Then, navigation information estimated by means of the 
UWB system was integrated with the photogrammetric recon-
struction as described in the section “Metric 3D Reconstruc-
tion”. The RMS 3D error between UWB estimates of the camera 
positions and the corresponding ones resulting from the 
photogrammetric reconstruction procedure was 0.31 cm.

The obtained photogrammetric model is compared in the 
following with that provided by a terrestrial laser scanner (TLS) 
survey (done with a Leica ScanStation C10), used as reference.

The comparison between the photogrammetric and the TLS 
models was done distinguishing the following cases:
A) relative error and optimal scale: in this case the photogram-

metric model was scaled according to the optimal scaling 
factor. Fine registration of the two models is obtained with 
the iterative closest point (ICP) (Besl and McKay 1992; Chen 
and Medioni 1992) algorithm. Assuming that the camera 
network geometry is sufficiently strong, this case should 
give relative error results quite similar to those which can 
be obtained by using ground control points.

B) relative error: this case considers the point-to-point dis-
tance between the TLS model and that obtained with pho-
togrammetric reconstruction aided with UWB system (in 
the self-positioning case). Registration of the two models 
is obtained by means of the ICP. This case aims at assess-
ing the ability of the proposed procedure in estimating the 
scale of the model.

C) relative error between point clouds oriented according to 
North-East-up directions. With respect to case B), the pho-
togrammetric model was oriented according to North-East-
up directions thanks to IMU measurements, as described in 
section ”Metric 3D Reconstruction”. Instead, the TLS model 
was accurately georeferenced by means of GNSS measure-
ments. Then, the two models were registered with the ICP 
(estimating only the translation between them). The goal 
of this case is that of evaluating the performance of the 
proposed procedure in the estimation of the orientation of 
the model with respect to North-East-up directions.

D) absolute error: computing the point-to-point distance be-
tween the georeferenced models.

In case (D), georeferencing of the photogrammetric model was 
obtained by measuring the map coordinates of a point outside 

(a) (b)

Figure 4. RMS error of the self-positioning procedure with respect to surveyed anchor positions varying the number of 
collected range samples. Range estimate computed as median of the measurements (a), and as described in section “UWB 
Anchor Self-Positioning” (b).
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of the Savonarola gate (approximately two meters from the 
entry) with a Topcon HiPer V GNSS receiver and with the UWB 
rover. Unfortunately, since UWB anchors were distributed only 
inside of the Savonarola gate and the walls of the building are 
quite thick (approximately half a meter), the UWB error on the 
estimation of this position was 2.1 m, i.e. much larger than 
in CLOS conditions. Consequently, this error dominates in the 
computation of the absolute error of case (D). 

Table 2 summarizes the results obtained in the considered 
cases (discarding case D), where the error values are at meter-
level, as explained above).

Table 2. Reconstruction error in case study 1.

Avg (cm) RMS (cm) Max (cm)

A) rel. err. opt. scale 4.1 8.0 84.3
B) relative error 15.2 16.6 94.6
C) rel. err. (IMU) 16.5 18.3 89.9

Figure 5a shows the map of point-to-point distances 
between TLS and photogrammetric point clouds in a local co-
ordinate system (relative error), whereas Figure 5b reports the 
corresponding error distribution. Scale of photogrammetric 
point cloud shown in Figure 5a has been obtained with UWB 
anchor self-positioning.

Case Study 2: Impossible Bastion
Data acquisition in the bastion was carried out on 25 July 
2017. Images have been taken by using a Canon G7X camera 
(20.2 MPix), with settings fixed at constant values (1/60 s 
shutter speed, f/1.8 aperture, 8.8 mm focal length, i.e., 35 mm 
equivalent: 24 mm). Five hundred and seven images have 
been collected in approximately one hour, varying camera po-
sition and orientation. Portable spotlights were used in order 
to properly illuminate the bastion during image acquisitions. 
Agisoft PhotoScan performed image alignment and dense 
reconstruction with camera self-calibration.

Self-positioning of UWB anchors was performed as de-
scribed in section “UWB Anchor Self-Positioning”. Figure 
6 compares the anchor positions estimated with UWB self-
positioning with those surveyed with a Leica TCR 702 Total 
Station: RMS error between them is 38.0 cm.

Then, similarly to the previous subsection, navigation in-
formation estimated by means of the UWB system was integrat-
ed with the photogrammetric reconstruction as described in 
section “Metric 3D Reconstruction”. The RMS 3D error between 
UWB estimates of the camera positions and the correspond-
ing ones resulting from the photogrammetric reconstruction 
procedure was 56.6 cm.

The obtained photogrammetric model is compared in the 
following with that provided by a TLS survey (done with a 
Leica ScanStation C10), used as reference. Table 3 summariz-
es the results obtained in the same cases described in section 
“Case Study 1: Savonarola Gate”.

Table 3. Reconstruction error in case study 2.

Avg (cm) RMS (cm) Max (cm)

A) rel. err. opt. scale 2.2 5.9 120.9
B) relative error 4.8 9.1 136.4
C) rel. err. (IMU) 14.6 19.5 120.2
D) absolute error 37.4 44.7 111.3

Figure 7a shows the map of relative errors (point-to-point 
distances) between TLS and photogrammetric point clouds 
oriented according to the North-East-up directions (estimated 
by means of IMU measurements in the photogrammetric 
model, case (C)), whereas Figure 7b reports the corresponding 
error distribution.

(a)

(b)

Figure 5. Photogrammetric 3D model of Savonarola gate (with 
UWB anchor self-positioning and oriented with IMU) accuracy 
assessment: comparison with the TLS 3D model. Point clouds 
registered in local coordinates with the ICP algorithm. (a) 
Map of point-to-point distances. (b) Histogram of distances 
shown in (a).

Figure 6. Comparison of UWB anchor positions in the case 
study of the Impossible bastion: surveyed (gray circles) and 
obtained by means of the self-positioning procedure (black 
x-marks).
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Figure 8a shows the map of point-to-point distances be-
tween TLS and photogrammetric georeferenced point clouds 
(absolute error, case (D)), whereas Figure 8b reports the cor-
responding error distribution.

Discussion
The first aim of this paper was that of testing the developed 
procedure for self-positioning of the UWB anchors in certain 
real case studies. The performance of anchor self-positioning 
is clearly related to the level of accuracy of UWB range mea-
surements, and to the anchor network geometry. Since anchor 
positions are computed by solving trilateration problems, the 
influence of anchor network geometry is similar to the case of 
GNSS positioning (but in this case we are considering 2D po-
sitioning), e.g. homogeneously distributed anchors typically 
provides better self-positioning performance. 

The random part of the range measurement errors in the 
CLOS case can be statistically modeled for instance as a zero-
mean Gaussian distribution: in this way it can be possible to 
provide asymptotic estimates of the positioning errors taking 
into account only of such stochastic errors. However, the 
systematic error on UWB range measurements typically cannot 
be neglected. In particular, it is often quite large in indoor 
environments, where obstructions and multipath issues are 
quite frequent. Since such error is environment dependent, it 
typically changes when objects are moved: this consideration 
makes it quite difficult to be efficiently compensated. 

Motivated by this consideration, a self-positioning proce-
dure and a tracking algorithm was proposed in sections “UWB 
Anchor Self-Positioning” and “UWB Rover Positioning” in 
order to deal with multipath and obstruction issues during 
the anchor self-positioning and rover tracking (in the last case 
by adaptively estimating the current range measurement bias. 
A key assumption for the application of the proposed tracking 

(a) (b)

Figure 7. Photogrammetric 3D model of the Impossible bastion accuracy assessment: comparison with the TLS 3D model. Point 
clouds in local coordinates oriented with IMU measurements (case C). (a) Map of point-to-point distances. (b) Histogram of 
distances shown in (a).

(a) (b)

Figure 8. Georeferenced photogrammetric 3D model of the Impossible bastion accuracy assessment: comparison with the TLS 
3D model (case D). (a) Map of point-to-point distances. (b) Histogram of distances shown in (a).
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approach is the presence of a certain redundancy in the num-
ber of available ranges.

A bootstrap procedure was implemented in order to as-
sess the performance of the self-positioning procedure when 
varying the number of collected range measurements for each 
couple of anchors. The advantage of the bootstrap estima-
tion is that of sampling directly from the currently available 
samples of the original range measurement distribution, i.e. 
the obtained results take into account also of multipath is-
sues, accordingly to the real measurements collected by the 
devices. The results obtained for the Savonarola gate case 
study show that the use of the median of the collected ranges 
as estimate of the anchor-to-anchor distance does not allow 
to compensate the presence of multipath effects (error in 
Figure 4a is practically constant when varying the number of 
measurements). Instead, multipath issues are partially com-
pensated when using the proposed procedure (error in Figure 
4b decreases when considering a larger number of measure-
ments). In both the cases of Figure 4 the estimated uncertainty 
on the estimates decreases when considering more measure-
ments, as expected.

The comparison of anchor positions estimated by means of 
the self-positioning procedure with the surveyed ones shows 
a larger RMS error in the Impossible bastion case (0.38 cm, 
whereas 0.11 cm was the error in the Savonarola gate). This 
is probably due to several factors: the different configura-
tion of the network, obstructions and larger multipath errors. 
Indeed, in the Savonarola gate the anchors were in quite good 
conditions of CLOS, whereas the line of sight between several 
couples of anchors were obstructed in the Impossible bas-
tion. Thanks to the presented self-positioning procedure with 
multipath error rejection, the obtained results show a clear 
improvement with respect to those obtained previously with 
the same datasets (Masiero et al. 2018; Masiero, Fissore, Guar-
nieri, and Vettore 2018).

The second aim of this paper is that of validating the 
performance of the low-cost mapping system obtained by 
combining photogrammetric reconstruction with navigation 
information provided by the UWB positioning system.

A first measure of goodness of the integration between the 
photogrammetric estimates and the UWB information is given 
by the comparison between camera positions in such two 
cases: RMS 3D errors between camera positions estimated by 
the UWB system and in the photogrammetric reconstruction 
are at decimeter-level (0.31 cm and 56.6 cm in the two case 
studies), that is in accordance with the typical performance 
of UWB systems in good working conditions (errors on the 
camera positions estimated by means of the photogrammetric 
reconstruction are typically smaller than the UWB ones in the 
considered conditions).

Since the final goal of the overall system is that of pro-
ducing metric 3D models, errors on the obtained models are 
clearly of major interest for evaluating the performance of the 
system. To this aim, Tables 2 and 3 summarize the 3D recon-
struction errors in the two case studies estimated by compar-
ing the obtained photogrammetric models with those obtained 
with TLS surveys, which are used as references here.

The rationale of Case (A) in Tables 2 and 3 is that of pro-
viding relative errors similar to those that can be obtained by 
using ground control points (assuming a sufficiently strong 
camera network geometry): in both the considered case stud-
ies (average and RMS) errors were less than 10 cm.

Then, the effect of scale factor estimation error on the 
obtained 3D model can be assessed by comparing the results 
of cases (A) and (B). In both the considered case studies, error 
on scale estimation caused a clear increase on the model error 
(approximately doubled with respect to case (A). Neverthe-
less, error obtained in the Impossible bastion is quite smaller 

than that in the Savonarola gate: this might be motivated by 
the larger area covered with anchors in the Impossible bastion 
case. Indeed, the scale factor estimation error is expected to 
be proportional to the size of the UWB error with respect to 
the size of area covered by the tracks of the UWB rover: just to 
provide some intuition, assuming the UWB error to be ap-
proximately constant with respect to the distance between the 
devices, it is more significant (in percentage) on the measure 
of a small distance than of a large one.

Case (C) of Tables 2 and 3 aimed at checking the ability of 
the proposed procedure on the estimation of the orientation 
of the model according to the North-East-up directions (sec-
tion “Metric 3D Reconstruction”): in both the considered cases 
the obtained errors are at decimeter-level.

Furthermore, in both the considered cases a GNSS measure-
ment was taken outside of the building and mapped also by 
the UWB rover. The results obtained georeferencing the models 
thanks to such measurements (case D) in Tables 2 and 3 show 
the importance of distributing UWB anchors over all the area of 
interest and of avoiding as much as possible significant obstruc-
tions in the UWB measurements. Absolute error in the Impos-
sible bastion was approximately 40 cm, thanks to the possibil-
ity of mapping with the UWB rover the measured GNSS point 
in CLOS conditions. Differently, the presence of thick walls 
between UWB anchors and the point measured with the GNSS re-
ceiver caused large position errors in the Savonarola gate case.

Finally, the proposed UWB positioning procedure with 
(partial) multipath compensation allowed to improve the 
performance of the system in the considered case studies 
with respect to the results previously shown in (Masiero et 
al. 2018; Masiero, Fissore, Guarnieri, and Vettore 2018). The 
improved estimate of anchor and rover positions allowed 
to obtain reconstruction results similar to those previously 
obtained in the surveyed anchor case in (Masiero et al. 2018), 
and, consequently, an improved absolute error.

Conclusions
This paper presented the use of photogrammetry combined 
with UWB sensors in order to provide 3D metric reconstruc-
tions. The results obtained in the two case studies show that 
the proposed method provides results with decimeter-level 
accuracy (actually not comparable yet to that which can be 
obtained with state-of-the-art surveying methods) for what 
concerns the relative error, whereas the absolute error mostly 
depends on the distribution of UWB anchors also in the out-
door area where GNSS measurements are taken. 

Scale and orientation estimation of photogrammetric 
reconstructions without using control points is a topic attract-
ing the attention of several researchers in the recent years. 
This is usually done by using low-cost sensors embedded in 
mobile devices (e.g. smartphones (Ham, Lucey, and Singh 
2014; Alsubaie, Youssef, and El-Sheimy 2017)). Similar to 
these works, this paper considered the use of IMU measure-
ments to estimate the orientation of the 3D model, whereas the 
usage of an UWB positioning system allowed to obtain better 
estimates of the reconstruction scale factor with respect to 
those based only on inertial sensors.

The main advantages of the proposed method are: the 
portability, the low cost, and the possibility of using it in a 
wide range of conditions, e.g. also when GNSS is not avail-
able/reliable. The proposed procedure improves the method 
previously proposed in (Masiero et al. 2018) in particular in 
the compensation of multipath issues both in the UWB self-
positioning and in the real-time tracking stages: this conse-
quently translates in more accurate 3D models (both in terms 
of scaling and of orientation/position).
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Future investigation foresees the use of more advanced 
inertial sensor error modeling (Radi, Nassar, and El-Sheimy 
2018; Bakalli et al. 2018), and the real-time integration of 
advanced methods for smartphone positioning (Widyawan 
et al. 2012; Saeedi, Moussa, and El-Sheimy 2014; Abadi, 
Moussa, and El-Sheimy 2018) with 3D reconstruction in order 
to quickly generate (and view (Scianna and La Guardia 2018)) 
3D models on mobile devices.
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DSM Generation from High Resolution Multi-View 
Stereo Satellite Imagery

K. Gong and D. Fritsch

Abstract
Along with improvements to spatial resolution, multiple-
view stereo satellite imagery has become a valuable data-
source for digital surface model generation. In 2016, a public 
multi-view stereo benchmark of commercial satellite imag-
ery was released by the John Hopkins University Applied 
Physics Laboratory, USA. Motivated by this well-organized 
benchmark, we propose a pipeline to process multi-view 
satellite imagery into digital surface models. Input images 
are selected based on view angles and capture dates. We 
apply the relative bias-compensated model for orienta-
tion, and then generate the epipolar image pairs. The im-
ages are matched by the modified tube-based SemiGlobal 
Matching method (tSGM). Within the triangulation step, 
very dense point clouds are produced, and are fused by a 
median filter to generate the Digital Surface Model (DSM). 
A comparison with the reference data shows that the fused 
DSM generated by our pipeline is accurate and robust.

Introduction
Over the last decade, a number of High Resolution Satellite 
(HRS) sensors have been launched by commercial companies 
or space agencies, like Sentinel-2, WorldView-3/4, Pléiades, 
and so on. The best Ground Sample Distance (GSD) of HRS 
panchromatic imagery has reached the 30 cm level, which 
reveals more surface features. The HRS sensors cover most of 
the regions of the Earth and collect the surface information 
with large range footprints. They have high revisit frequency 
over a certain area, which can provide a large number of im-
age collections and make the acquisition of multi-view stereo 
(MVS) satellite imagery available. As well-known, the Rational 
Polynomial Coefficients (RPCs) are provided by the satel-
lite data vendor, instead of the rigorous push-broom sensor 
model. Thus, data consumers can ignore the difference of the 
satellite sensors and easily process the satellite data by ap-
plying a general pipeline. Because of these benefits, the MVS 
high resolution satellite images are useful for global three-
dimensional (3D) mapping, environmental monitoring, urban 
planning, change detection, and so on.  

In 2016, a public MVS benchmark of commercial satellite 
imagery was released by the John Hopkins University Applied 
Physics Laboratory (JHU/APL), USA. The benchmark contains 
50 DigitalGlobe WorldView-3 panchromatic and multispectral 
images. The imagery covers a 100 square kilometers area close 
to San Fernando, Argentina, with GSD of the nadir images of 
about 30 cm. High resolution image data was made available 
which was captured from November 2014 to January 2016. 
The benchmark also provides a (Light Detection and Ranging) 
LiDAR point cloud collected on June 2016 as the ground truth, 
with nominal point spacing of 20 cm. Digital surface models 
(DSMs) at 30 cm GSD are produced from the LiDAR point cloud, 
in order to make equally-spaced comparisons with the results 

generated from Worldview-3 panchromatic imagery (Bosch 
et al. 2016). This well-organized MVS high resolution satellite 
benchmark has motivated us to learn and test new methods of 
point cloud and DSM generation from MVS satellite data.  

It is well known that MVS imagery 3D reconstruction meth-
ods can be classified into two categories. The first category 
solves the multi-view triangulation problem for all images 
simultaneously, which is the true multi-view method (Furuka-
wa and Hernandez 2015). The second category only uses the 
binocular stereo pairs. It processes the stereo pairs separately 
and fuses the output point clouds or DSMs to a final result 
(Haala 2013). Comparing the binocular stereo strategy with 
the true multi-view method, the latter is more rigorous but 
also more complicated. Because of the efficiency and stable 
performance of the semiglobal matching (SGM) algorithm 
(Hirschmüller 2008), most solutions for the 3D reconstruction 
from the MVS satellite imagery is implemented using binocu-
lar stereo methods (d’Angelo and Kuschk 2012; Kuschk 2013; 
Qin 2017; Facciolo et al. 2017). Some researchers have inves-
tigated and compared both kinds of reconstruction strategies 
on MVS satellite images (Ozcanli et al. 2015). In their imple-
mentation, the pair-wise multi-view reconstruction method 
demonstrated better results than the true multi-view method. 

In this paper, we present a pipeline based on the binocular 
stereo method for DSM generation using MVS high resolu-
tion satellite imagery. The point clouds and DSMs, which are 
separately generated from different stereo pairs, will be fused 
to the final DSM. The fused final DSM is compared to the refer-
ence DSM for further evaluations. We conduct a qualitative 
analysis by visual comparison and calculate the complete-
ness, the median error, the root-mean-square error (RMSE) and 
the error distribution for the quantitative analysis. We show, 
that our proposed pipeline can produce accurate and robust 
DSM from MVS satellite imagery. 

The contents of this paper are structured as follows: 
Section “Related Work” introduces past work in this area, 
whereas the methodology of the proposed pipeline is pre-
sented in the section “Methodology”. Section “Experiments” 
demonstrates the results generated from the benchmark data 
and their evaluation, and in the last section we draw some 
conclusions.

Related Work 
The high resolution satellite sensors are able to provide plenty 
of imagery for a certain area, but usually they are collected on 
different dates. Thus, the collected images may have different 
illumination situations, different geometric configurations, 
and may contain terrain changes. All of those differences will 
have negative influences on the outcome of the DSM genera-
tion. A large number of stereo images also means that image 
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processing is quite time-consuming. Therefore, finding a 
strategy to select the most useful image pairs is an essential 
preprocedure for the DSM generation from the MVS satellite 
data. d’Angelo et al (2014) suggested that the intersection angle 
of the image pairs’ views is the biggest factor that impacts 
performance. They selected the image pairs having intersec-
tion angles between 15 and 25 degrees. After the release of the 
JHU/APL’s benchmark, the following Intelligence Advanced 
Research Projects Activity multi-view stereo 3D mapping chal-
lenge encourages more researchers to find suitable image selec-
tion strategies, especially, when they have to face hundreds or 
thousands of possible pairs. G. Facciolo et al (2017) sorted all 
possible image pairs by the completeness of their computed 
DSMs, and they built a Pearson’s correlation matrix for different 
factors. According to their observations, the temporal prox-
imity, maximum incidence angle, and the intersection angle 
between views are three main factors on the final quality of 
the DSM. They selected image pairs having intersection angles 
between 5 and 45 degrees. All the images have an incidence 
angle less than 40 degrees. The image pairs with smaller date 
differences are supposed to have higher accuracy. Qin (2017) 
also agreed that the intersection angle is critical to the qual-
ity of the generated DSMs. He found that when the intersection 
angle of the image pair is smaller than 8 degrees or larger than 
40, the generated DSM performs poorly. He therefore has chosen 
the image pairs with intersection angles from 10 to 30 degrees. 

In the standard MVS processing work flow, the Structure-
from-Motion or camera model orientation is the critical first 
step. As is well-known, the HRS data vendors prefer to provide 
the RPC along with the imagery to the users, instead of the 
traditional exterior and interior parameters. The RPCs have no 
physical meanings at all. With them, a ratio of two polynomi-
als builds the relation between the image and the object coor-
dinates. It has been verified by many practical experiments, 
that the RPC model can replace the rigorous sensor model 
while maintaining the accuracy (Grodecki and Dial 2001; 
Hanley and Fraser 2001; Fraser et al. 2002; Grodecki and Dial 
2003). A popular solution for the orientation of the satellite 
imagery is the bias-compensated RPCs bundle block adjust-
ment. Grodecki and Dial (2003) have given a detailed descrip-
tion of this method. It minimizes the bias in image space 
with some additional compensation models, for instance, the 
shift model or the affine model. The bias-compensated RPC’s 
bundle block adjustment requires some ground control points 
(GCPs). It is widely applied for the absolute orientation of the 
satellite stereo images (d’Angelo and Kuschk 2012; Ozcanlil 
et al. 2015; Gong and Fritsch 2016). For MVS satellite imagery, 
the GCPs in a certain region are not always easily to access. In 
this situation, the relative orientation of the stereo image pairs 
is needed. Franchis et al. (2014) has pointed out, that the in-
accurate RPC models cause relative pointing errors. This error 
means that the corresponding points are not located on the 
related epipolar lines. It can be measured as a simple transla-
tion when the image is small. In their approach, they divided 
an image into tiles and calculated the translations between 
the corresponding points and the epipolar line separately. The 
median of the translations of different tiles is applied to the 
whole image to remove the relative pointing error. Qin (2017) 
applied pair-wise bias-compensation by using tie points 
first. Then he conducted least squares minimization for the 
registration of the generated DSM and the reference DSM. The 
parameters of the DSM registration will be reused to calculate 
a translation in image domain for the RPCs refinement. In our 
previous research (Gong and Fritsch 2017), we proposed the 
relative bias-compensated model without GCPs. We extract 
some tie points first and calculate the virtual ground control 
information with them. The RPCs are refined pairwise by an 
additional affine model and by applying the virtual ground 

control information. Thus, the relative bias-compensated 
model is also a basic strategy applied in this paper.

To generate the dense point cloud and the DSM, the SGM al-
gorithm is the most popular solution for pixel-wise matching 
of the HRS imagery. Many experiments have proved that SGM 
can generate dense point clouds with reliable quality from sat-
ellite data (d’Angelo and Reinartz 2011; Wohlfeil et al. 2012; 
d’Angelo and Kuschk 2012; Gong and Fritsch 2016). The SGM 
algorithm requires for the input as epipolar images, so that 
the search dimension can be reduced. Unlike the traditional 
frame camera imagery, for the HRS imagery it is hard to gener-
ate the epipolar geometry, because of the changing perspective 
center and attitudes. Kim (2000) has explained in his work 
that the epipolar lines of the satellite push-broom sensors are 
more like hyperbola curves than straight lines, and the epi-
polar pairs can only exist locally. Based on this conclusion, 
Wang et al. (2010) proposed the projection-trajectory epipo-
larity model. The epipolar pair is generated by projecting 
points from one image to another with the RPCs. To resample 
the epipolar image pair, Wang et al. (2011) define a Project 
Reference Plane (PRP) in a local vertical coordinate system. 
The stereo images will be projected onto the PRP. An affine 
model is applied to transfer the original images to the epipo-
lar images on the PRP. Koh et al. (2016) also applied the PRP 
for epipolar image resampling, but they proposed a piecewise 
method. They divided the epipolar line into several curves on 
the PRP. Then a fifth order polynomial function is applied to 
fit and resample all the epipolar curves. Oh (2011) proposed 
an epipolar resampling strategy in the image space instead of 
object space. According to his work, the orthogonal line to the 
track is calculated to generate a set of start points. These start 
points have a proper interval (1000 pixels) and they expanded 
segments to approximate the epipolar line. Epipolar line pairs 
are assigned to a constant row for y-parallaxes removal when 
the segment expansion is about to finish.

The generated dense point clouds are placed into a regular 
spaced and discretized grid in the Universal Transverse 
Mercator (UTM) coordinate system. According to the binocular 
stereo reconstruction method, the dense point clouds or DSMs 
need to be fused for the final result. Kuschk (2013) selected 
the simple and common median filter to get the final height 
of every cell. Qin (2017) proposed an adaptive depth fusion 
method, which considers the spatial consistency. He defined a 
window centered at a cell, and applied all the cells within the 
window as candidates of the height value filtering. Facciolo 
et al (2017) proposed a clustering-based method. The height 
of each cell is estimated by the k-medians clustering. The 
number of clusters are increasing (1 to 8) until the clusters are 
close enough to the predefined precision. The lowest cluster 
is kept as the final altitude.

Methodology
The proposed pipeline of this paper is based on the binocular 
stereo method for the DSM generation. It is semi-automatic and 
needs some tie points for all the images—all are implemented 
by our self-programmed C++ modules. This section presents 
every step of the pipeline. Generally, it is divided into these 
steps: image selection, relative orientation and image rectifi-
cation, dense image matching, triangulation and DSM fusion. 
The workflow is presented in Figure 1. 

Image Selection 
As mentioned in the previous section, the MVS satellite 
images are collected on different dates. The differences in 
illumination situation, geometric configuration, and season 
will lead to bad matching performance. So a suitable im-
age selection procedure is needed to select the most useful 
pairs and reduce the computing time. It is commonly agreed 
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that the intersection angle of the 
stereo images is the biggest factor 
that affects the quality of the DSM 
generation (d’Angelo et al. 2014; 
Facciolo et al. 2017; Qin 2017). The 
differences in collection date and 
the incidence angle of the view can 
also have influences on the result. 
Therefore, we define our image se-
lection strategy according to these 
three factors. 

First of all, those images are 
eliminated which have large inci-
dence angles of the views. Because 
the spatial resolution of the satellite 
image becomes lower when the 
incidence angle is larger, the perfor-
mance of the dense image match-
ing will get worse. In our image 
selection strategy, we only use the 
satellite images whose incidence 
angle is less than 35 degrees.  

Next, the intersection angles 
of the views of every stereo pair 
are computed. As suggested by some previous references 
(d’Angelo et al. 2014; Facciolo et al. 2017), image pairs are 
less useful if their intersection angle is either too large or too 
small. We select the image pairs having intersection angles 
between 5 degrees and 35 degrees.

Lastly, the influence of the collecting dates is taken into con-
sideration. As mentioned above, in most cases, the closer the 
image collecting dates are, the better the results we can obtain. 
According to our observation, there can be two exceptions: 

1. The image collecting dates of the stereo images are 
relatively close, but the images present different seasons’ 
features. Figure 2a and 2b display two images collected 
on 3 October  2015 and 22 October  2015. The point cloud 
generated by dense image matching is shown in Figure 2c. 

2. The interval between the captured dates is large, but the 
images are collected in the same season. An example is 
shown in Figure 3. Figure 3a is a satellite image collected 
on 14 November  2014, and Figure 3b was collected on 
18 December  2015. The point cloud generated from this 
stereo pair is displayed in Figure 3c.

Figure 1. Workflow of the DSM generation using MVS satellite imagery.

(a) (b) (c)
Figure 2. Image collected on close dates and the related point cloud.

(a) (b) (c)
Figure 3. Image collected on different years and the related point cloud.
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According to Figure 2c, we can observe that the area 
marked by the ellipse has a lot of matching failures. As 
Figure 2a and Figure 2b have shown, the trees in this area 
have already grown new leaves on 22 October  2015 but have 
no leaves on 3 October  2015. There is an apparent season 
change from the first image to the second, although the 
collecting dates are close. Comparing with the other stereo 
pair’s results, the same region in Figure 3c has denser points. 
Although the interval of the collecting dates is more than one 
year, the terrain features presented in Figure 3a and Figure 3b 
are similar. The stereo images collected in different years can 
be well-matched, if there are slight seasonal changes. There-
fore, not only the collecting dates but also the season shown 
in the stereo pair will play a role on the quality of the gener-
ated point cloud and DSM.

Since the seasonal changes are mainly presented by the 
vegetation, we have selected a subarea with vegetation, and 
generated the point clouds from image pairs collected in sum-
mer and winter. Figure 4 exhibits the point clouds generated 
from two seasons’ imagery and the corresponding area in the 
reference LiDAR DSM. The vegetation area in the reference DSM 
is flourishing and closer to the reconstruction from summer 
imagery. We have also learned, that the winter images are 
noisier and have worse illuminations. In our image selec-
tion strategy, we sort the images into two groups: winter and 
summer, instead of in chronological order. In each group, we 
ignore the year of data collection and order the images by 
month. The image pairs, that have close collecting month in 
the summer group, are selected as the inputs to generate the 
DSMs in our pipeline. 

Relative Orientation and Image Rectification
Because of the lack of GCPs, we cannot apply the bias-com-
pensated RPCs bundle block adjustment to the JHU/APL’s MVS 
satellite benchmark data. Instead, a relative bias-compensated 
model is used for the orientation of the MVS satellite imagery. 
It has been proved, that the accuracy of the relative bias-com-
pensated model can reach sub-pixel level (Gong and Fritsch 
2017). In the first step, we select some tie points in all of the 
input images manually. A subset of the tie points are selected 
as virtual GCPs. In the relative bias-compensated model we 
apply an additional affine model to compensate the bias 
between different images, so at least four to six virtual GCPs 
are needed (Fraser and Hanley 2005). A pair of stereo images 
is selected to generate the virtual ground information. This 
selected image pair requires a correction of its pointing error. 
The pointing error is the distance between the correspond-
ing point and the corresponding epipolar line (Franchis et al. 
2014). We compute the pointing errors of these virtual GCPs. 
The affine model is applied to estimate the correction of the 
pointing error of the selected stereo pair. After the pointing 

error correction, the object coordinates of these virtual GCPs 
are calculated by the RPCs. The generated virtual GCPs have 
a 3D translation to the true ground. They are then applied to 
perform the bias-compensated bundle block adjustment for 
all the input images. The adjustment will remove the relative 
but not absolute bias for different images. The point clouds 
and the DSMs generated from all stereo images are aligned to 
the surface where we have the virtual ground points. Thus, no 
further registration is needed for the point clouds and DSMs. 

The projection-trajectory epipolarity method is used to 
find the corresponding epipolar curves. With the help of 
the RPCs, a point on the base image can be projected to two 
different height levels in object space. The object points are 
back-projected to the slave image and acquire two intersected 
image points. These image points can be used to approximate 
the epipolar curve. Redoing the projections from the slave 
image to the base image, we find the corresponding epipolar 
curve pair. Having had good experiences with the modified 
piece-wise resampling strategy to approximate the epipolar 
curve and resample the epipolar images (Gong and Fritsch 
2017) it is applied here. The epipolar curve generation is 
started from the points located on the boundary. Expanding 
several epipolar segments with proper length from the start 
points, we approximate the epipolar curve. The epipolar 
segments are aligned to the same row. At last, the epipolar 
images are resampled along the epipolar segments by the bi-
cubic interpolation.

Dense Image Matching and Triangulation 
The proposed pipeline applies a modified SGM method—
which is called tube-based SGM (tSGM) (Rothermel et al. 2012) 
to generate the very dense point clouds. tSGM is implemented 
in the C++ library libTsgm, which is the core algorithm of the 
software SURE. The usage of the library has been authorized 
by nFrames GmbH, Stuttgart. Comparing it with the original 
SGM method, the tSGM algorithm relies on the 9 × 7 Census 
cost instead of the Mutual Information. Because the Census 
cost is insensitive to parametrization and provides robust 
results (Zabih and Woodfill 1994), it can also be implemented 
in a hierarchical coarse-to-fine method to limit disparity 
search ranges. The results of the lower resolution pyramid 
are introduced as the priors to determine the disparity search 
ranges for the matching of the higher resolution pyramid 
(Rothermel et al. 2012). The tSGM algorithm greatly reduces 
computing time and optimizes memory efficiency. The dispar-
ity maps generated by the tSGM method are applied to derive 
the corresponding pixels of every stereo image. With the 
corresponding pixels, the dense point clouds are generated by 
forward intersection.  

(a) (b) (c)

Figure 4. Area with vegetation in: (a) Point cloud from winter images, (b) Point cloud from summer images, (c) Reference DSM.
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DSM Fusion 
Following our image selection strategy, the number of the 
point clouds could still be quite high. We must choose the 
best point clouds for our DSM fusion. All of the input pairs 
will first be processed and then the generated point clouds 
will be ranked according to their quality. The optimal num-
ber of point clouds that are applied for DSM fusion will be 
discussed and presented in the section “Experiments”. As 
explained before, the point clouds have already been aligned 
on the same virtual ground surface, so no additional registra-
tion is needed. To generate the DSM, the point clouds are pro-
jected into a regularly spaced and discretized grid in the UTM 
coordinate system. In our implementation, a simple median 
filter is applied for the DSM fusion. The median value of the 
height of each grid cell is computed as the final height value 
of the fused DSM. The Inverse Distance Weighted interpolation 
method is applied if no points are projected to the cell.

Experiments 
Three different test sites are selected from the MVS satellite 
benchmark. The details of the test sites and the reference data 
are illustrated in the section “Test Site and Evaluation Meth-
od”. In the section “Results and Analysis”, we present the 
results of the proposed pipeline and the evaluation analysis. 

Test Site and Evaluation Method
The proposed pipeline processes three different test sites from 
the benchmark. All the WorldView-3 panchromatic images 
were collected from November 2014 to January 2016, with col-
lection dates covering every month. The GSD of the imagery is 
30 cm. Test site 1 is about 3000 * 3000 pixels. The sizes of test 
site 2 and 3 are about 2000 * 2000 pixels. All the test sites are 
close to Fernando, Argentina. They contain a range of differ-
ent terrain types, such as fields, residential areas and vegeta-
tion. Test site 3 contains several high-rise buildings. The refer-
ence LiDAR DSMs of all the test sites are given. The GSD of the 
reference data is also 30 cm so that the comparison analysis 
becomes easier. The three test sites are shown in Figure 5.

Results and Analysis
Following our image selection strategy, we keep the images 
having an incidence angle less than 35 degrees. We sort the 
images into summer and winter group, and only use the im-
ages of the summer group. The image pairs that have intersec-
tion view angles less than 5 degrees or larger than 35 degrees, 
are eliminated. At last, 748 stereo pairs are selected as input 
data in test site 1. In test site 2 and 3, 394 and 484 stereo pairs 
are winners in the image selection strategy.

For each test site, 25 tie points are manually selected for all 
the images. Ten of them are chosen as virtual ground control 
points. These virtual GCPs are distributed evenly in the image 

scene. We correct the pointing error of one selected stereo im-
age pair’s RPCs. With the corrected RPCs, the object coordinates 
of the virtual GCPs are calculated. By applying the relative 
bias-compensated model for all the images, we use additional 
affine models to compensate the bias caused by the RPCs. The 
epipolar stereo images are generated by our modified piece-
wise epipolar resampling strategy. We apply the tSGM algo-
rithm to match all the stereo pairs and generate the disparity 
maps. The point clouds are derived from the disparity maps, 
and they are all aligned to the same virtual ground surface. 

With hundreds of point clouds, we only select the best ones 
for our DSM fusion. In order to investigate the optimal number 
of the input point clouds, the point clouds are ranked by the 
completeness criterion. It is widely stated that the height mea-
surement is accurate within three times of the GSD, which is 
about 1 meter in our case. Therefore, we present the percentage 
of the points that have height differences to the ground truth 
of less than 1 m as the completeness measure. To be noticed, 
the point clouds need to be aligned to the reference DSM before 
the final quality analysis is carried out. Since there are no GCPs 
in our MVS satellite imagery benchmark and we have the RPCs 
instead of the exterior parameters, we undertake the registra-
tion via a coarse-to-fine method without any GCPs. In different 
spatial resolution levels, the point cloud is moved to the refer-
ence DSM by given 3D translation shifts. The height difference 
of the shifted point cloud and the reference DSM is calculated. 
Iteratively, the translational shift is modified until the median 
error of the height differences is minimized (Bosch et al. 2016). 
In this way, we can minimize the shift between the point cloud 
and the ground truth, which is caused by our relative orien-
tation procedure. For testing, we select different number of 
top-ranked point clouds to do the DSM fusion. The point clouds 
are converted into a discretized and regular spaced grid in the 
UTM coordinate system. The fusion of the point clouds is ap-
plied by a simple median filter. In order to estimate the quality 
of the fused DSM, we compute the completeness and the RMSE 
of the height differences. Figure 6 demonstrates the complete-
ness and RMSE as a function of the number of the input point 
clouds. In Figure 6, the blue solid lines represent the result of 
test site 1, the red dash lines represent the result of test site 2, 
and the green dot lines represent the result of test site 3.

According to Figure 6a, we find that the completeness 
decreases when the number of point clouds used for fusion is 
too low. Then along with the increasing number of the point 
clouds used, the completeness increases until it reaches the 
peak. For test site 1, the completeness has the highest rank 
of about 75% when the number of the input point clouds is 
about 30. For test site 2, the completeness reaches a peak of 
68% when about 25 point clouds are applied. Finally, for test 
site 3, the best completeness is 56% with a corresponding 
point cloud count of 25. Above the peak, the completeness 

(a) (b) (c)

Figure 5. WorldView-3 image (a) test site 1, (b) test site 2, (c) test site 3.
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becomes worse if more point clouds are feeding the fusion. 
We also notice that the completeness of test site 1 is the 
highest of the three areas, and that test site 3 has the lowest 
completeness. Moreover, the completeness decreases more 
significantly when too many point clouds are applied in the 
DSM fusion of test site 3. The reason is that test site 1 has more 
field areas, and there are more residential areas in test site 
2 and 3. In particular, there are several high-rise buildings 
in test site 3, which will lead to larger shadow areas in the 
images. The high-rise buildings reconstructed from different 
stereo pairs might have very large height differences in the 
boundary areas of the buildings. The dense residential areas 
and the high-rise buildings lead to the loss of completeness. 
By observing the relations presented in Figure 6b, the RMSE is 
decreasing when the number of fused point clouds is small at 
the beginning. Then the RMSE increases if more point clouds 
are applied. The accuracy is reduced because more errors are 
introduced by some lower quality image pairs. Test site 1 has 
the best RMSE, then test site 2, and test site 3 has the largest 
height differences to the ground truth. So more dense residen-
tial areas and high-rise buildings reduce the accuracy of the 
reconstruction. Considering both the completeness and the 
RMSE, we should select the number of point clouds which can 
provide the best completeness while having a relatively small 

RMSE. Therefore, the optimal number of the applied point 
clouds for the DSM fusion is 30 for test site 1. The optimal 
number for test site 2 is 20 point clouds. And we select 20 
point clouds as the optimal number to generate the final fused 
DSM for test site 3. By checking the selected point clouds for 
the final fusion, we find that most of these point clouds are 
generated from stereo images collected on close date and the 
intersection angles of most stereo pairs are between 10 and 30 
degrees. This also proved that the image selection strategy is 
effective and the intersection angles of the stereo pairs can be 
limited from 10 to 30 degree in the future’s experiments. 

The fused point clouds are displayed in Figure 7. The 
fused DSMs of the three test sites, which are generated from 
the optimal number of the point clouds, are displayed in 
Figure 8. The reference DSMs of the three test sites are demon-
strated in Figure 9.  

In order to evaluate the quality of our fused DSMs quantita-
tively, a comparison is made between the fused DSM and the 
reference LiDAR DSM for all three test sites. The median height 
difference, the RMSE of the height difference and completeness 
of the results are computed to check the accuracy. Moreover, 
we computed the normalized median deviation (NMAD), 68% 
and 95% quantiles of the absolute height errors to evalu-
ate the robustness of the fused DSM. The statistic evaluation 
results are illustrated in Table 1.

As Table 1 demonstrates, the RMSE of the DSM of test site1is 
2.7 m. The fused DSM of test site 2 has a RMSE of 3.81 m, and 
for test site 3, the RMSE is 4.08 m. The completeness of the 
three test sites are 75.4%, 68.9%, and 55.9%, respectively. As 
we have discussed before, the dense residential areas in test 
site 2 and 3 decrease their accuracy and completeness. The 
high-rise buildings in test site 3 reduce the completeness sig-
nificantly. The NMADs are 0.5 m, 0.6 m, and 1.0 m for test site 1, 
2, and 3. The 68 percent quantiles of the test sites are 0.66 m, 
0.96 m, and 1.45 m. The dense residential areas and high-rise 
buildings cause more shadows and have a negative influence 
on the robustness. The distribution of the height differences of 
the three test sites are depicted as histograms presented in Fig-
ure 10. According to Figure 10, the distribution of the height 
differences in test site 1 and 2 are more concentrated than in 
test site 3. Because the high-rise buildings and its large range 
shadow causes more errors during the DSM generation.

To show the 3D capability of the reconstructed point clouds 
and to conduct some qualitative analysis, the fused point 
clouds are visualized by the open source software CloudCom-
pare. Several subareas are extracted from the three test sites as 
regions of interest (ROIs) to analyze the reconstructed details 
of the fused point clouds. The ROIs on the fused point clouds 
and the reference DSM are shown in Figure 11. 

The left row in Figure 11 shows the ROIs extracted from 
the reference LiDAR DSM, and the right row displays the cor-
responding areas of the fused point clouds. In Figure 11a and 
11b, we can find an isolated large building in the extracted 
area. In Figure 11b, the reconstructed building’s edges are 
sharp except the edge on left-bottom. The blur of the edge is 
caused by the shadow at this side. Comparing to the reference 
DSM, the detail features on the roof of the isolated building are 
also reconstructed in the fused point cloud. Figure 11c and 
11d show an area which have some connected buildings, and 

(a)

(b)

Figure 6. Relation between the number of point clouds and 
(a) completeness, (b) RMSE.

Table 1. Evaluation result of the fused DSM.

Test site 1 Test site 2 Test site 3

Median error (m) 0.320 0.390 0.728
RMSE (m) 2.702 3.810 4.081

Completeness (%) 75.40 68.86 55.93
NMAD (m) 0.503 0.628 1.023
Aq68 (m) 0.660 0.960 1.455
Aq95 (m) 5.930 6.288 6.507
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(a) (b) (c)

Figure 7. The fused point cloud of: (a) test site 1, (b) test site 2, (c) test site 3.

(a) (b) (c)

Figure 8. The fused DSM of: (a) test site 1, (b) test site 2, (c) test site 3.

(a) (b) (c)

Figure 9. The Reference DSM of: (a) test site 1, (b) test site 2, (c) test site 3.

(a) (b) (c)

Figure 10. Distribution of height differences: (a) test site 1, (b) test site 2, (c) test site 3.
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these buildings are surrounded by trees. 
The upper and right boundaries of the 
buildings are reconstructed more clearly, 
because they are not affected by shadows 
at all. We can observe that the buildings 
are hard to distinguish by its boundaries 
if the trees are too close. The height of the 
trees vary from image to image. So the veg-
etation in the fused point cloud is not fully 
fitting the reference DSM, which means 
that the vegetation will introduce errors to 
the generated point cloud and the DSM. To 
generate higher accuracy DSMs, the vegeta-
tion should be masked in the future. The 
next ROI includes a high-rise building. It 
is displayed in Figure 11e and 11f. The 
top and left side of the building have no 
shadows and they have sharper edges than 
the other two sides. Comparing to the low-
rise isolated building in the first ROI, the 
high-rise buildings have a larger range of 
shadow areas and therefore have stronger 
negative effects on the reconstruction. The 
edges on the shadow side is blurred. More-
over, there is a small part missing from the 
high-rise building. We select an area which 
is full of low-rise and intensive buildings 
as our last ROI. This residential area is 
exhibited in Figure 11g and 11h. The fused 
point cloud exhibits poor performance 
because the buildings are too close, and 
the shadows of the buildings are often cast 
on the nearby buildings. The reconstructed 
buildings are connected to each other and 
have totally blurred boundaries. It is chal-
lenging to reconstruct the residential area 
as separate buildings. Generally, the fused 
point clouds can reconstruct the terrain 
surface with some detail. The pipeline has 
worse performance for high-rise buildings 
and intensive residential areas, and the 
vegetation and shadows will cause some 
trouble during the reconstruction. 

Conclusion and Outlook 
In this paper, we propose a pipeline for DSM 
generation from MVS satellite images. The 
methods of the pipeline are implemented 
by self-programmed C++ modules. Experi-
ments were carried out on three different 
test sites provided by JHU/APL’s MVS satellite 
image benchmark. We propose an image se-
lection strategy that considers the incidence 
angles of the view, the intersection angles 
and the collected dates. Those images 
having large incidence angles, too small or 
too large intersection angles, or those col-
lected in winter are eliminated. Image pairs 
collected on close months in summer are 
selected as the inputs. We apply the relative 
bias-compensated model for the relative 
orientation, which aligns the point clouds 
to a virtual ground surface. No further point 
cloud registration is needed before the fu-
sion step. Following the pipeline, the point 
clouds are generated pairwise. The opti-
mal number of the involved point clouds 
for DSM fusion is investigated. We apply 
those point clouds which lead to the best 

(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 11. Detail comparison between the reference DSM and the generated 3D model.
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completeness and maintain a relative low RMSE. In our experi-
ment, the results show that the optimal number of the point 
clouds is thirty for test site 1. For test sites 2 and 3 we apply the 
top-ranked twenty point clouds. More additional point clouds 
introduce errors because some of them are of low quality. The 
point clouds are converted into grids in the UTM system and are 
fused to generate the DSM. The fusion applies the median filter. 
The RMSEs of the fused DSM are 2.7 m for test site 1, 3.81 m for 
test site 2, and 4.08 m for test site 3. The completeness of test 
sites 1, 2, and 3 are 75.4%, 68.9%, and 55.9%. The NMAD of the 
DSMs are all below 1 m and the 68% quantiles of the height dif-
ference distribution are all below 1.5 m. The proposed pipeline 
to generate DSMs from MVS satellite imagery is accurate and 
robust. Fusing point clouds for the final DSM can reconstruct 
the terrain surface with some detail features. High-rise build-
ings and intensive residential areas reduce the accuracy and 
completeness of the DSM. The pipeline has bad performance 
using imagery that includes shadows and areas of vegetation. 

There are still some aspects which need to be improved in 
our work. First, there are some vegetation areas in the im-
ages under investigation. Because the MVS satellite images are 
collected on different dates, the vegetation introduce errors in 
the dense image matching step and reduce the accuracy of the 
generated DSM. We can classify the MVS imagery and mask out 
the vegetation to improve the quality of the results. Second, 
the images that are collected in winter are not applied in our 
current pipeline. The seasonal changes are mainly presented 
as difference in the vegetation. If the vegetation is masked out, 
some winter images with good illumination conditions can 
also be used in our procedure. Third, we apply the median fil-
ter for the DSM fusion. There might be better solutions to fuse 
the DSM than to simply take the median height values of the 
cell. At last, we implement a binocular stereo method in our 
pipeline. It is interesting to see how the true multi-view algo-
rithm will work on the MVS high resolution satellite imagery.
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Self-Supervised Convolutional Neural Networks 
for Plant Reconstruction Using Stereo Imagery

Yuanxin Xia, Pablo d’Angelo, Jiaojiao Tian, Friedrich Fraundorfer, and Peter Reinartz

Abstract
Stereo matching can provide complete and dense three-
dimensional reconstruction to study plant growth. Recently, 
high-quality stereo matching results were achieved combining 
Semi-Global Matching (SGM) with deep learning. However, 
due to a lack of suitable training data, this technique is not 
readily applicable for plant reconstruction. We propose a 
self-supervised Matching Cost with a Convolutional Neu-
ral Network (MC-CNN) scheme to calculate matching cost 
and test it for plant reconstruction. The MC-CNN network is 
retrained using the initial matching results obtained from 
the standard MC-CNN weights. For the experiment, close-
range photogrammetric imagery of an in-house plant is used. 
The results show that the performance of self-supervised 
MC-CNN is superior to the Census algorithm and compa-
rable to MC-CNN trained by a Light Detection and Ranging 
point cloud. Another experiment is performed using stereo 
imagery of a field beech tree. The proposed self-training 
strategy is tested and has proved capable of identifying the 
drought condition of trees from the reconstructed leaves.

Introduction
Forest management is an interdisciplinary topic involved 
in numerous fields such as environment, politics, econom-
ics, climate, and ecology (Strigul 2012). Remote sensing, as a 
technique to take measurements from a distance, is appropri-
ate to assist forest management because it can observe the 
target with no need to approach it and provide time series 
data sets for constant monitoring. Spaceborne and airborne 
remote sensing instruments offer broad observation of trees to 
estimate the biomass, monitor the living condition, measure 
the forest canopy cover, etc. (Ahmed et al. 2014; Freeman et 
al. 2016; Wu et al. 2016). Some high-resolution stereo imaging 
sensors are capable of deriving detailed digital surface models 
to acquire geometric parameters of the forest, however, only 
some large-scale properties such as forest canopy height can 
actually be estimated (Tian et al. 2017).

In order to obtain detailed information about the forest, 
single tree growth patterns should be observed. The size, 
shape, color, and leaf distribution of individual trees are all 
important factors and worth measuring in detail so that the 
health situation of the tree and even the whole ecosystem can 
be better understood (Levin 1999; Gatziolis et al. 2015). The 
terrestrial Light Detection and Ranging (LiDAR) technique can 
provide accurate and dense point clouds of trees to support 
the geometric survey for tree-level parameters estimation 
(Kankare et al. 2013; Tao et al. 2015). Nevertheless, the data 

acquisition can require considerable manpower and material 
resources and can even be dangerous in extreme terrain. 
In the past decade, dense matching using optical stereo 
images has been widely used for three-dimensional (3D) 
reconstruction. Among the different techniques, Semi-Global 
Matching (SGM) has outperformed most existing approaches 
in accuracy and efficiency (especially in remote sensing), 
and is used in many applications, for example building 
reconstruction, digital surface model generation, robot 
navigation, and driver assistance (Hirschmüller 2011; Kuschk 
et al. 2014; Qin et al. 2015). However, the performance 
varies when different matching cost calculation approaches 
are adopted. Many local features (e.g. Census, Mutual 
Information) have been used for the matching cost calculation 
(Hirschmüller 2008; Hirschmüller and Scharstein 2009). But 
tree leaf matching remains very difficult due to the lack of 
unique features, many occlusions, and repetitive structure. 

Convolutional Neural Networks (CNN) (LeCun et al. 1998) 
are a popular topic in computer vision and have been used 
to solve many vision problems. Recently, an algorithm 
computing Matching Cost based on CNN (MC-CNN) was 
proposed (Zbontar and LeCun 2016) in which a net is trained 
with supervised learning based on pairs of small image 
patches with known true disparity. Combined with SGM, 
MC-CNN has proved to outperform most previous algorithms 
thanks to a good extraction of the local image features and a 
trained similarity measure to compare the extracted feature 
descriptors. However, the ground truth collection is always 
a bottleneck for deep neural network-based algorithms, 
which require huge amount of labeled data to train the net 
(Krizhevsky et al. 2012; Knöbelreiter et al. 2018). Ground 
truth acquisition for tree reconstruction via LiDAR sensors is 
complicated by the long scanning time required for capturing 
a dense point cloud. Any tiny movement of the leaf or branch 
during the laser scanning will cause the scanned point cloud 
to be inconsistent with the images, which limits its use for 
further training and evaluation. Hence, in this paper we 
follow the work of (Knöbelreiter et al. 2018) and propose a 
dense matching strategy combining SGM and a self-trained MC-
CNN for plant reconstruction. 

This paper is organized as follows: The MC-CNN based 
dense matching and the proposed training schemes are 
described in the section “Methodology”. The section 
“Experiments” describes an indoor and an outdoor 
experiment, which demonstrate the feasibility of the proposed 
self-training strategy. Conclusions are drawn and an outlook 
for future research is provided in Conclusion.
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Methodology
Dense Matching
Dense matching attempts at establishing correspondences be-
tween every pixel in the image pair (Scharstein and Szeliski 
2002). Together with the known camera orientations, a dense 
point cloud can be obtained. Most dense stereo matching al-
gorithms consist of the following four steps: Firstly, a similar-
ity measure between two potentially matching pixels is com-
puted to evaluate the matching cost. Then as the matching 
cost can be ambiguous, costs are usually aggregated in a local 
neighborhood. Global stereo methods then apply regulariza-
tion to the aggregated costs, while local methods simply select 
the correspondence with the lowest matching cost. SGM com-
bines local and global methods by regularizing the aggregated 
costs before determining each correspondence. Afterwards for 
rectified stereo pairs, a disparity map containing the horizon-
tal shifts between the images is obtained (Bolles et al. 1987; 
Okutomi and Kanade 1993). Finally, subpixel interpolation, 
left-right consistency check, and outlier filtering are applied 
by most stereo algorithms.

CNN
CNNs (LeCun et al. 1998) have been used to solve several vi-
sion problems such as classification (Krizhevsky et al. 2012), 
recognition (Lawrence et al. 1997), etc. It is basically a feed-
forward artificial neural network constructed by a sequence of 
layers with learnable weights and biases. A volume of activa-
tions is transformed into another when going through the lay-
ers, and finally certain scores are obtained as output at the end 
of the network, e.g. class scores for classification. Four types of 
layers are frequently used: (a) convolutional layers, in which 
each neuron is related to a local region of the input; (b) pooling 
layers, used to downsample the previous volume; (c) rectified 
linear units applying an elementwise activation function; and 
(d) fully-connected layers, which calculate the output by con-
necting each neuron to all the neurons of the previous volume 
for high-level reasoning. The network can be trained to reach its 
best performance with a sufficient amount of training samples.

MC-CNN
CNNs provide a new possibility in dense matching (Luo et al. 
2016; Zbontar and LeCun 2016). Zbontar and LeCun (2016) 
proposed a dense stereo algorithm using a CNN based match-
ing cost combined with SGM and additional post-processing 

steps, which outperformed most previous stereo matching 
algorithms. Therefore, this algorithm is utilized as the main 
framework in this paper.

Data Term
A binary classification data set is constructed for training the 
net, based on either the Karlsruhe Institute of Technology and 
Toyota Technological Institute at Chicago (KITTI) (Geiger et al. 
2013; Menze and Geiger 2015) or the Middlebury (Scharstein 
and Szeliski 2002, 2003; Scharstein and Pal 2007; Hirschmül-
ler and Scharstein 2009; Scharstein et al. 2014) stereo data sets 
with available ground truth disparity maps. At each image lo-
cation, a positive and a negative training example are extract-
ed. The positive example is a pair of patches from the left and 
right image respectively with the central pixels projected from 
the same object point, while the negative example is from a 
pair of patches where this geometric condition is not satisfied.

Two network architectures are designed and trained on 
the extracted training examples. Both of them are Siamese 
networks with two subnetworks sharing the same weights 
(Bromley et al. 1993). The first two subnetworks transform 
a pair of image patches into two feature vectors describing 
the structure of each patch. The Siamese network consists of 
several convolutional layers, each of which is followed by a 
rectified linear unit. The second part of the network computes 
the similarity measure using the two feature vectors. The first 
architecture uses the dot product of the normalized feature 
vectors as similarity measure. Therefore, it has a lower runtime 
and is called fast architecture. The second architecture, 
shown in Figure 1 and named accurate architecture, learns 
the similarity measure during training. The outputs of the two 
subnets are concatenated and passed through a number of fully-
connected layers with a rectified linear unit following each 
of them. At the end, there is one more fully-connected layer 
which uses the sigmoid nonlinearity to produce the similarity 
score. In this paper, the accurate architecture is adopted due to 
the high-quality demand of plant reconstruction.

The binary cross-entropy loss used for training is defined as

 l = t · log s + (1 – t) · log (1 – s), (1)

in which l is the binary cross-entropy loss. s, the similarity 
score, represents the output of the net. The value of t depends 
on the category of the training example being used, which is 

Figure 1. The accurate architecture computes the similarity score using fully connected network layers.
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equal to 1 for positive examples and 0 for negative examples. 
The hyperparameters include the number of convolutional 
layers in each subnet (5), the number of feature maps in each 
layer (112), the convolutional kernel size (3), the number of 
fully-connected layers (3), the corresponding number of units 
in each full-connected layer (384), and the input patch size 
(11 × 11). Zbontar and LeCun (2016) acquire the hyperpa-
rameters based on manual search and simple scripts to help 
automate the process, which are also applied in this paper.

Smoothness Term
SGM is used to regularize the disparity estimation using a 
piecewise constant smoothness term. SGM is a combination of 
local and global stereo matching methods (Hirschmüller 2008) 
and approximates a global two-dimensional smoothness term 
by summation of one-dimensional smoothness constraints 
on 8 or 16 directions. For each direction, assuming the target 
pixel is at location p, the cost is computed as:

 Lr(p,d) = C(p,d)+min(Lr (p – r, d), Lr(p – r, d –1)+P1 
(2)

 Lr(p – r, d + 1) + P1, miniLr(p – r, i) + P2),

where Lr(p, d) is the cost along the path traversed in direc-
tion

 
r for the pixel p at disparity d and C(p, d) is the matching 

cost. P1 represents a penalty when the previous pixel has a 
disparity difference of 1. P2 penalizes larger disparity differ-
ences. For each pixel p, S(p, d) = Σr Lr (p, d) is computed and 
the disparity with the minimum S is selected.

SGM is selected as smoothness term due to its good 
performance and efficiency, its runtime is proportional to the 
reconstructed volume (d’Angelo and Reinartz 2011; d’Angelo 
2016). C(p, d) is calculated using MC-CNN and then aggregated 
based on Cross-Based Cost Aggregation (CBCA) (Mei et al. 
2011; Zbontar and LeCun 2016). It should be noticed that 
S(p, d) undergoes CBCA once more before the final disparity 
determination.

Disparity Computation and Refinement
The disparity for each pixel is determined using the winner-
takes-all strategy to generate a disparity map. Referring 
to Zbontar and LeCun (2016) and Mei et al. (2011), some 
postprocessing steps are implemented to refine the quality of 
the disparity map, including interpolation, subpixel enhance-
ment, a median filter, and a bilateral filter.

Training Details
As for the training, two schemes are designed, of which one uti-
lizes the ground truth from a LiDAR scanner to construct train-
ing data, while the self-training scheme directly uses the dense 
matching results of MC-CNN, pretrained on the Middlebury data 
sets, to retrain the network. The reason for the two schemes is 
to test how the performance of MC-CNN can be improved by self-
training and training with ground truth, respectively.

LiDAR Training Scheme
Zbontar and LeCun (2016) provide several nets pretrained on 
the KITTI 2012, KITTI 2015, and Middlebury data sets, respec-
tively. The KITTI data sets focus on street views which do not 
fully match with our application. However, the Middlebury 
data focuses on static objects and the scenes exhibit a simi-
lar structure as our plant images, e.g. both concentrate on 
a certain target. Therefore, as one option we start from the 
pretrained net on the Middlebury data sets and further train 
the net using the ground truth from LiDAR. In other words, we 
reuse the net pretrained on the Middlebury data, and refine 
the network for plant reconstruction by further training. Thus, 
the learning ability of the net for objects from a different cat-
egory could also be tested.

As for the LiDAR scanning, a point cloud of the plant is 
generated to obtain the ground truth disparity map. As the 
image orientation and the LiDAR point cloud use different 
coordinate systems, a co-registration step is needed before 
the point cloud can be used. Besides, the main target is to test 
the performance of MC-CNN trained with different strategies 
for plant reconstruction and compare with a classic Census 
algorithm to demonstrate the effectiveness of MC-CNN. Hence 
as shown in Figure 2, we first generate two disparity maps 
based on SGM with Census and MC-CNN pretrained on the 
Middlebury data sets. A pixel-wise average of both maps is 
computed and projected into 3D space to obtain a point cloud. 
Then, the point cloud from the laser scanner is registered 
to this newly generated point cloud. The ground truth 
disparity map is obtained by projecting the registered laser 
scanning point cloud onto the epipolar image planes. We use 
CloudCompare (Girardeau-Montaut et al. 2005) to roughly 
align the two point clouds first, by scale matching, rotation, 
translation, and manual point pair picking alignment. After 
the rough alignment, some objects (in our case, leaves), which 
are reconstructed well by both dense matching and LiDAR, and 
aligned close to each other already, are selected for a further 
fine registration based on the Generalized Iterative Closest 
Point (GICP) method (Segal et al. 2009). GICP is more robust 
and performs better than the standard ICP without loss of 
efficiency. Afterwards, only well-registered leaves are kept 
to generate the ground truth as described in detail by section 
“Evaluation and Discussion”.

Figure 2. Flow chart for ground truth generation.

Self-Training Scheme
Huge amounts of data are available to meet the need of 
CNN for training. However, in most cases, high performance 
is accomplished at the cost of substantial preprocessing 
workloads to label the training examples. Therefore, many 
self-supervised concepts have been proposed to avoid the 
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time-consuming manual annotation (Joung et al. 2017; Zhou 
et al. 2017; Knöbelreiter et al. 2018). Joung et al. (2017) 
exploited the correspondence consistency between stereo 
images to pick samples during the training and guide the net-
work to compute matching cost. Zhou et al. (2017) randomly 
initialized a network and adopted left-right consistency check 
to select suitable matching to train the net. Knöbelreiter et 
al. (2018) constructed the training data using a pretrained 
version of their hybrid CNN-Conditional Random Fields (CRF) 
model followed by a conservative consistency check to reject 
most outliers. Based on that, their self-supervised network is 
able to improve the completeness and accuracy of the stereo 
reconstruction results on aerial imagery.

Very high-resolution LiDAR point clouds are very 
difficult and expensive to capture especially in an outdoor 
environment. In addition, it is almost impossible to obtain 
perfectly matching image and LiDAR data due to the long 
scanning time and changes in the plant shape due to wind 
and other effects. Therefore, instead of using LiDAR data, a 
self-training procedure is applicable even to scenarios where 
ground truth acquisition is difficult or impossible. We use 
the MC-CNN as described in section “MC-CNN”, pretrained on 
Middlebury, to generate disparity maps used for self-training. 
A left-right consistency check with a threshold of 1 pixel is 
used to filter most outliers:

 |dL
P + dR

q|≤ 1 q = p – dL
P, (3)

where dL
P is the disparity for pixel at location p in the dispar-

ity map regarding the left epipolar image as the master epipo-
lar plane, while similarly dR

q is calculated via dense matching 
regarding the right epipolar image as the master epipolar 
plane. Only pixels where left-right matching differs by less 
than 1 pixel are used as ground truth to further train MC-CNN.

Experiments
Two experiments demonstrate the feasibility of self-trained 
MC-CNN for plant reconstruction. The first experiment was car-
ried out in an indoor laboratory environment. In this experi-
ment, an 8-meter high tree standing in the atrium of a build-
ing was photographed from above. At the same time, a LiDAR 
point cloud was captured from a similar position. The second 
experiment investigated stereoscopic images from the crown 
of a beech tree growing in a typical European forest.

Experiment I
Data Set

The main objective of this work is the three-dimensional 
reconstruction of trees and their leaves in the forest. In order 
to minimize the influence of environmental conditions, the 
first experiment investigates an 8-meter high deciduous tree 
inside a building. A digital high-resolution handheld cam-
era (NIKON D5500) equipped with an 18 mm lens is used to 
acquire images from a bridge over the crown of the tree. An 
exposure time of 1/20 seconds and an ISO speed rating of 400 
was used. The acquired images are 4000 pixels in height and 
6000 pixels in width. A stereo image pair with a baseline 
length of approximately 0.1 meters is taken from a distance of 
approximately 1 meter from the tree. Details about the image 
acquisition are available in Table 1. A Leica HDS7000 laser 
scanner is used to obtain a point cloud of the plant from a 
similar position. Capturing the point cloud with a point dis-
tance of 6.3 mm and a depth error of 0.4 mm RMS at a distance 
of 10 meters took about 10 minutes.

Table 1. The image acquisition parameters.

Camera model NIKON D5500

Height 4000 pixels
Width 6000 pixels
Exposure time 1/20 sec
ISO speed rating 400
Focal length 18.0 mm
Object distance ≈ 1 m
GSD 0.02 cm/pixel
Baseline length ≈ 0.1 m

3D Reconstruction
The proposed dense matching approach requires epipolar 
images, where corresponding pixels are located on the same 
image row. MicMac (Rosu et al. 2015) was utilized for camera 
calibration, relative orientation and epipolar image rectifica-
tion. The epipolar images generated based on the stereo pair 
mentioned above are shown in Figure 3.

Disparity maps have been calculated using the method 
described in sections “CNN” and “MC-CNN” using four different 
matching costs: 

Census: Using only Census as matching cost;
MC-CNN-Pre: Using MC-CNN matching cost pretrained on the 

Middlebury data sets;
MC-CNN-LiDAR: Using MC-CNN further trained on the LiDAR 

ground truth for matching cost, as described in section “LiDAR 
Training Scheme”;

(a) (b)

Figure 3. The epipolar image pair for dense matching.
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MC-CNN-SelfT: Using MC-CNN further trained using the 
disparity maps of MC-CNN-Pre, as described in section “Self-
Training Scheme”.

After the processing as described in section “MC-CNN” and 
applying the left-right consistency check as described in sec-
tion “Self-Training Scheme”, the generated disparity maps for 
the epipolar image pair in Figure 3 are shown in Figure 4. For 
pixels with valid matching, the calculated disparity values 
from -91 to +42 are represented by the color from blue to yel-
low accordingly.

Evaluation and Discussion
Training and evaluation of the different methods is hampered 
by systematic differences between LiDAR and stereo pairs. 
Due to the automatic air conditioning of the building there 
were small movements of the branches and leaves during 
LiDAR recording which took around 10 minutes. These led to 
slightly different leaf positions between LiDAR and stereo im-
ages. During the generation of the ground truth disparity map, 
some errors are included unavoidably when picking up point 
pairs to align the point clouds initially. The fine registration 
with GICP can improve the co-registration but errors still ex-
ist. Due to these problems, the point cloud registration is not 
perfect which influences the use of the ground truth disparity 
map generated from the LiDAR data. This is also the reason 
that we determine to only focus on some selected leaves after 

rough alignment to do GICP, as mentioned in section “LiDAR 
Training Scheme”. Afterwards the relatively well registered 
leaves by GICP, that visually show merely small shift between 
the point clouds, are utilized for training and evaluation of 
the methods, which alleviates the problem mentioned above. 
This is in accordance with our application, as the shape of the 
leaves is the major indicator of plant health. Compared with 
images from the Middlebury data sets with sizes of around 
300 × 200 to 3000 × 2000 pixels, our images are larger (6000 × 
4000 pixels), and the masked leaves can still provide a good 
amount of application specific training data. Thus, we use 13 
well registered leaves together with Jadeplant and Sword1 
data (containing a plant, belonging to the Middlebury data 
sets 2014) as training data. The reason for adding the Middle-
bury data into the newly generated data sets is to increase the 
amount of training data from limited selected leaves. 

A visual comparison of the results in Figure 4 shows that 
the tree was well reconstructed by all matching schemes. The 
results of five independent leaves not used during training 
on the LiDAR ground truth are shown in Figure 5. While most 
parts of the leaves are well reconstructed, some differences in 
completeness and amount of outliers are visible.

From a visual inspection, it is found that the disparity 
values obtained by all four strategies match with the ground 
truth. With Census as matching cost, the main shape of the 

(a) (b)

(c) (d)

Figure 4. The disparity maps generated based on SGM with different strategies for matching cost. Inconsistent matching (IM) is 
represented by the color white.
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Leaf (a)

Leaf (b)

Leaf (c)
Figure 5. The reconstruction details of several selected leaves. From left to right in each subset: the first row includes 
the master epipolar image and disparity maps for Census and MC-CNN-Pre. The second row includes the ground truth and 
disparity maps for MC-CNN-LiDAR and MC-CNN-SelfT. In order to enhance the contrast of the disparity within each single leaf, we 
have used a different color bar for each leaf. Pixels invalidated by the left-right check are shown in white.

394 May 2019  PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING

http://MY.ASPRS.ORG


leaf is reconstructed but with considerable noise and low 
completeness. MC-CNN-Pre results in low completeness, cf. leaf 
(e), but shows less noise. However, when fed with specific data 
for further training, MC-CNN-LiDAR and MC-CNN-SelfT achieve 
higher reconstruction completeness. MC-CNN-SelfT results in a 
slightly better leaf reconstruction than MC-CNN-LiDAR and fewer 
gaps. We would like to point out two reasons for this behavior: 
Firstly, in self-training more training samples are available 
for the net to develop the ability to learn new feature and 
calculate the similarity score. In Figure 4, it can be seen that 
all leaves are reconstructed or partially reconstructed in MC-
CNN-Pre. Hence, the further trained MC-CNN can learn from each 
single leaf during the training and recover more area. Besides 
the rigid left-right consistency check, applied to the dense 
matching results of MC-CNN-Pre to construct training samples, 
guarantees a reasonable training procedure for MC-CNN-SelfT.

A quantitative evaluation is performed by comparing the 
generated disparity maps with the disparity maps obtained 
from LiDAR. The leaves (a)—(e) shown above are used for 

comparison. Firstly, the disparity difference Dp is calculated 
as below in units of pixels:

 Dp  = dp  – dG
p p∈Np, (4)

where dp denotes the disparity value of a pixel at location p 
calculated using one of the four dense matching schemes. dG

p 
is the corresponding ground truth disparity value. Np is the set 
of pixels where both dense matching and ground truth pro-
vide disparity values. The mean (Dmean), median (Dmedian), stan-
dard deviation (DSTD) and median absolute deviation (DMAD) of 
the disparity differences are computed for comparison.

 Dmean = mean(Dp) (5)

 Dmedian = median(Dp) (6)

 
D mean D DSTD p mean= −( ( ) )2

 
(7)

Leaf (d)

Leaf (e)

Figure 5 continued. The reconstruction details of several selected leaves. From left to right in each subset: the first row includes 
the master epipolar image and disparity maps for Census and MC-CNN-Pre. The second row includes the ground truth and 
disparity maps for MC-CNN-LiDAR and MC-CNN-SelfT. In order to enhance the contrast of the disparity within each single leaf, we 
have used a different color bar for each leaf. Pixels invalidated by the left-right check are shown in white.
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 DMAD = median(|Dp – Dmedian|). (8)

The results are reported in Tables 2, 3, 4, and 5.
By comparing the results in Table 2 and Table 3, it can 

be observed that the median is as expected more robust to 
outliers than the mean (e.g. for leaf (c), all the Dmedian are 
around 3 pixels). Leaf (b) and (c) show a relatively large 
systematic disparity difference. This can be attributed to the 
systematic error caused by the shape change and imperfect 
point cloud registration of the ground truth disparity map.

The DSTD values in Table 4 show the robustness of MC-CNN-
LiDAR and MC-CNN-SelfT, as they exhibit much lower DSTD than 
Census and MC-CNN-Pre.

Table 2. Mean of the disparity difference between dense 
matching and ground truth.

leaf

Dmean(pixels)

Census MC-CNN-Pre MC-CNN-LiDAR MC-CNN-SelfT

(a) 0.28 −0.23 0.05 0.17

(b) −6.78 −4.96 −2.32 −1.88

(c) −13.88 −14.32 −3.73 −3.13

(d) 0.35 0.72 0.50 0.64

(e) −0.15 0.14 0.30 0.46

Table 3. Median of the disparity difference between dense 
matching and ground truth.

leaf

Dmedian (pixels)

Census MC-CNN-Pre MC-CNN-LiDAR MC-CNN-SelfT

(a) 0.11 −0.11 −0.10 −0.00

(b) −1.78 −1.72 −2.02 −1.57

(c) −3.91 −3.30 −3.54 −3.12

(d) 0.32 0.48 0.40 0.57

(e) 0.06 0.29 0.28 0.40

Table 4. STD of the disparity difference between dense 
matching and ground truth.

leaf

DSTD (pixels)

Census MC-CNN-Pre MC-CNN-LiDAR MC-CNN-SelfT

(a) 4.49 4.48 2.37 2.76

(b) 19.61 15.02 1.29 1.28

(c) 25.53 30.65 7.86 6.38

(d) 2.73 3.16 1.06 1.13

(e) 5.35 2.84 0.70 0.86

Table 5. MAD of the disparity difference between dense 
matching and ground truth.

leaf

DMAD (pixels)

Census MC-CNN-Pre MC-CNN-LiDAR MC-CNN-SelfT

(a) 0.76 0.57 0.57 0.63

(b) 3.03 0.51 0.42 0.40

(c) 3.49 0.64 0.63 0.63

(d) 0.73 0.67 0.60 0.65

(e) 0.50 0.46 0.43 0.51

DMAD has been widely used for depth map evaluation, as 
it is more robust to outliers than DSTD. The disparity map 
generated from Census has a relatively high DMAD for the 
leaves (b) and (c). This is due to the large amount of noise in 
the Census results, as visible in Figure 5.

In addition to the pixel-based direct comparison, the 
reconstruction completeness and the percentage of the 
accurately measured pixels are calculated. The reconstruction 
completeness is calculated using the Equation 9.

 
Cpl

n
n
DM G

G

= ×/ %100 , (9)

where nG denotes the number of pixels with a valid disparity 
value provided by the ground truth in each leaf. nDM/G denotes 
the number of pixels where both dense matching and ground 
truth provide disparity values. Thus, the completeness Cpl 
will be the percentage of pixels in ground truth which are 
reconstructed by the dense matching as well.

However due to the systematic error, the disparity 
difference Dp between dense matching and ground truth 
cannot be directly utilized for evaluation. Therefore, we 
remove the systematic disparity shift for each leaf before 
computing the percentage of accurate pixels. 

 
Acc

n

n
pass

G

= × 100%
 

(10)

 
npass = the # of pixels if:|Dp – Dmedianmean

|≤ ε (11)

 Dmedianmean
 = mean(Dmedianscheme i

) i∈{1, 2, 3, 4}, (12)

where Dmedianmean
 is the mean of Dmedian calculated using each of 

the four matching schemes for each leaf. npass counts the num-
ber of pixels with the deviation below ε, a predefined thresh-
old to evaluate the corresponding accuracy. In this paper, ε is 
set as 0.5 and 1 pixel respectively for the test. The results are 
shown in Table 6.

MC-CNN-SelfT consistently obtains a slightly higher 
completeness than MC-CNN-LiDAR, while MC-CNN-LiDAR obtains 
slightly higher accuracy values for most leaves, except for 
leaves (b) and (c), where MC-CNN-SelfT shows significantly 
better completeness and 1 pixel accuracy values. Both 
retrained methods consistently outperform Census and MC-
CNN-Pre. This shows that especially MC-CNN-SelfT, which does 
not require additional LiDAR ground truth data, is a good 
approach for significantly improving the leaf reconstruction.

Table 6. Evaluation of reconstruction completeness and accuracy for each dense matching scheme.

Algorithm

(a) (b) (c) (d) (e)

Cpl

Acc

Cpl

Acc

Cpl

Acc

Cpl

Acc

Cpl

Acc

0.5 p 1 p 0.5 p 1 p 0.5 p 1 p 0.5 p 1 p 0.5 p 1 p

Census 92.0 31.8 57.0 63.0 14.8 23.9 49.7 7.6 14.0 92.0 36.4 56.9 89.7 43.3 71.0

MC-CNN-Pre 91.1 42.1 67.3 82.0 39.0 62.5 59.8 23.6 37.0 91.5 37.6 63.3 85.0 45.6 72.9

MC-CNN-LiDAR 96.9 43.8 72.1 89.2 51.9 70.7 86.4 34.5 60.5 99.4 44.3 69.4 97.1 55.6 82.5

MC-CNN-SelfT 97.9 41.0 67.0 98.6 51.0 81.4 95.7 39.7 62.2 99.4 41.9 67.8 99.5 47.9 77.4
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In this experiment, MC-CNN-LiDAR is handicapped due to 
imperfect ground truth, leading to disadvantages compared 
to the MC-CNN-SelfT method. We therefore assume that the 
scores for MC-CNN-LiDAR could be improved slightly by using 
a perfectly registered ground truth. However due to different 
registration errors for each leaf (cf. Table 3), the LiDAR trained 
network is not able to learn and correct for a systematic error 
between the LiDAR point cloud and the image data. We thus 
believe that the evaluation does not favor a specific method.

Experiment II
This work was performed as part of a project aiming at de-
tecting the physiological and morphological status of trees 
under drought stress and studying the adaptation of forest 
areas to climate change. A major part of the project focuses on 
constructing a detailed and accurate 3D model of tree leaves in 
order to monitor the shape change when facing drought.

For this purpose, two nadir-viewing cameras are mounted 
on a crane system for stereo measurement. When the system 
is lifted above the trees, a stereo image pair of the tree crowns 
can be obtained. In order to test the feasibility of the stereo 
method described in this paper, a stereo image pair above 
a beech tree subject to slightly artificial drought stress is 
collected. Some information about the images and the camera 
setting is shown in Table 7.

Table 7. Details about the image acquisition.

Camera model SONY ILCE-5100

Height 4000 pixels
Width 6000 pixels
Exposure time 1/60 sec
ISO speed rating 125
Focal length 19.0 mm
Object distance ≈ 3 m
GSD 0.06 cm/pixel
Baseline length ≈ 0.25 m
Acquisition date 19 June  2018

The corresponding epipolar image pair is shown in Figure 6. 
In this experiment, no LiDAR data is available, thus only Census, 
MC-CNN-Pre and MC-CNN-SelfT can be applied. The disparity map 
computed using MC-CNN-SelfT is shown in Figure 7.

Figure 6 shows that the large beech tree crown is much 
more complex and has much smaller leaves than the indoor 
tree used in the first experiment. The slight drought stress 
leads to multiple different leaf shapes. Under the hypothesis 

that curved leaves are an indicator for drought stress, the 
stereo method should enable a clear separation of planar and 
curved leaves. The generated disparity map provides a dense 
reconstruction of the tree crown, and individual leaves are 
separable. The reconstruction completeness for MC-CNN-Pre 
and MC-CNN-SelfT, are 76.0% and 78.7%, respectively. Due to 
the lack of ground truth, the value is computed as the ratio of 
pixel passing the left-right check to the number of valid pixels 
in the rectified image. Some leaves under drought stress are 
selected for visual comparison. As shown in Figure 8, the 
curled shape of the leaves is clearly visible in the disparity 
image and the profile plot.

It can be found that all the profiles are roughly U shaped, 
similar to the true shape of the leaves.

Conclusion
Plant reconstruction from stereo imagery is difficult due to 
the complexity of leaves which exhibit similar shape and 
intensity information. Hence the matching cost computation 
should be accurate to adequately represent the similarity 

Figure 7. The disparity map generated using self-trained MC-
CNN. IM is represented by the color white.

(a) (b)

Figure 6. An epipolar image pair from the test region of our project.

PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING May 2019  397

http://MY.ASPRS.ORG


between patches as the 
basis for the final dispar-
ity computation. SGM 
combined with MC-CNN 
has proved to outperform 
most previous algorithms; 
however, in practice it 
is extremely difficult to 
capture a large amount 
of high-quality training 
data. In this paper, a self-
trained MC-CNN without 
the use of ground truth 
is tested to reconstruct 
the plant. Based on the 
dense matching results 
of MC-CNN pretrained on 
the Middlebury data sets, 
a rigid left-right consis-
tency check is applied 
to limit the outliers and 
the filtered results are 
utilized to further train 
the net. The reconstruct-
ed plant shows superior 
performance for the self-
trained version than for 
the pretrained one and 
the classic Census algo-
rithm. Compared with 
MC-CNN further trained us-
ing the ground truth from 
LiDAR, the self-trained net 
behaves slightly worse 
in accuracy but better in 
reconstruction complete-
ness. The self-training 
strategy of MC-CNN is 
also applied to the stereo 
imagery of a natural for-
est tree under drought 
condition. The resultant 
disparity map is capable 
of showing the deforma-
tion of leaves, which 
highlights the possibility 
of the self-trained MC-CNN 
to monitor the tree health 
situation.

In future research, 
more approaches will 
be tested to capture the 
ground truth for outdoor 
experiments, for instance 
the structured light 
technique (Scharstein 
and Szeliski 2003). Also, 
the reconstruction of 
other more stable objects 
like buildings could be 
attempted. Furthermore, 
multi-viewed dense 
matching can be used to improve the self-training. Multiple 
images can in fact provide denser reconstruction results; 
meanwhile a consistency check among more than two images 
is able to further remove outliers which guarantees more 
reasonable training data. The self-training strategy of MC-CNN 
provides the possibility of detailed plant reconstruction and 

avoids the complexity of collecting ground truth especially in 
extreme situations.
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The official journal for imaging and geospatial information science and technology
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PE&RS (Photogrammetric Engineering & 
Remote Sensing) is the official journal of 
the American Society for Photogrammetry 
and Remote Sensing—the Imaging and 
Geospatial Information Society (ASPRS). 
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#1 publication in the industry by a wide 
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readers, and who have the purchasing 
power to do business with you.

Advertise in the #1 publication in the imaging and 
geospatial information industry!

Founded in 1934, the American Society for Photogrammetry and Remote Sensing (ASPRS) 
is a scientific association serving professional members throughout the world. Our mission 
is to advance knowledge and improve understanding of mapping sciences to promote 
the responsible applications of photogrammetry, remote sensing, geographic information 
systems (GIS), and supporting technologies.

Our members are analysts/specialists, educators, engineers, managers/administrators, 
manufacturers/ product developers, operators, technicians, trainees, marketers, and 
scientists/researchers. Employed in the disciplines of the mapping sciences, they work 
in the fields of Agriculture/Soils, Archeology, Biology, Cartography, Ecology, Environment, 
Forestry/Range, Geodesy, Geography, Geology, Hydrology/Water Resources, Land Appraisal/
Real Estate, Medicine, Transportation, and Urban Planning/Development.

RESERVE YOUR SPACE TODAY!
Bill Spilman, ASPRS Advertising, Exhibit Sales & Sponsorships
(877) 878-3260 toll-free
(309) 483-6467 direct
(309) 483-2371 fax
bill@innovativemediasolutions.com
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receive a 5% discount, six-times per year and receive a 10% discount, 12-times per year and receive a 15% discount off the cost of the package.

*Based on 2 readers per copy as well as online views| Source: PE&RS Readership Survey, Fall 2012
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Corporate Member 
Exhibiting at a 2019 ASPRS Conference
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portunity to write a highlight article for the journal. Highlight articles are scientific articles designed to appeal to a broad audience and are subject to editorial review before 
publishing. The cover sponsor fee includes 50 copies of the journal for distribution to their clients. More copies can be ordered at cost.
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