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Abstract. Automatically extracted and accurate scene structure generated from airborne platforms is a goal of
many applications in the photogrammetry, remote sensing, and computer vision fields. This structure has tradi-
tionally been extracted automatically through the structure-from-motion (SfM) workflows. Although this process
is very powerful, the analysis of error in accuracy can prove difficult. Our work presents a method of analyzing the
georegistration error from SfM derived point clouds that have been transformed to a fixed Earth-based coor-
dinate system. The error analysis is performed using synthetic airborne imagery which provides absolute
truth for the ray-surface intersection of every pixel in every image. Three methods of georegistration are
assessed; (1) using global positioning system (GPS) camera centers, (2) using pose information directly
from on-board navigational instrumentation, and (3) using a recently developed method that utilizes the forward
projection function and SfM-derived camera pose estimates. It was found that the georegistration derived from
GPS camera centers and the direct use of pose information from on-board navigational instruments is very
sensitive to noise from both the SfM process and instrumentation. The georegistration transform computed
using the forward projection function and the derived pose estimates prove to be far more robust to these errors.
© 2014 Society of Photo-Optical Instrumentation Engineers (SPIE) [DOI: 10.1117/1.OE.53.11.113112]
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1 Introduction
Identifying objects within a scene is a key goal in the field of
computer vision. One method of describing objects within a
scene is to identify their structure through analysis of their
motion between multiple images, a process commonly
referred to as structure from motion (SfM). This technique
of analyzing objects has its roots in traditional photogram-
metry, though the standard goal of SfM techniques lies in
object identification rather than mensuration. To that end,
the SfM algorithm chain assumes little or no information
about the imaging platform. The computer vision community
has developed a number of complex processes to estimate
camera pose, i.e., the sensor position and orientation, but
these methods are limited to estimating parameters in a rel-
ative sense.1,2 Consequently, any estimated object structure is
in the same relativistic coordinate system. Precise geographic
measurements of objects, often required in photogrammetric
applications, cannot be directly extracted in this coordinate
system without additional information.

In many practical SfM systems, it is assumed that the
camera’s calibration information is known; this includes
the focal length, pixel pitch, and sensor size.1,3 Knowledge
of this information allows for a metric reconstruction of both
the camera pose and object structure.1 In other words, ambi-
guity in absolute position, orientation, and scale are present
in this process, and geographic information is necessary to
register the metric coordinate system to a fixed, Earth-based
coordinate system. Fortunately, the relationship between
these coordinate systems can be described by a simple,

seven degrees-of-freedom (DoF) similarity transform, Ts,
as they are both metric coordinate systems.

Although methods for SfM derived point cloud georegis-
tration are known, researchers have started to question the
accuracy of these methods. A number of researchers used
accurate ground truth measurements for accuracy assess-
ment. Neitzel and Klonowski4 generated a dense collection
of survey points, identified the corresponding points in the
SfM georegistered reconstruction, and used that to generate
error residuals. Crandall et al.5 took a similar approach using
highly accurate camera pose information as ground truth for
comparison. Hudzietz and Saripalli6 used known distance
measurements along specific paths. Ground truth can also
be collected in the form of range scanning. Koutsoudis
et al.7 took this approach in evaluating commercial SfM-
based software, using a single structure as a test case.

Using ground truth as a means for accuracy assessment is
a valid approach to this problem. However, this approach
cannot isolate the effects of specific sources of error in
the SfM process, e.g., noise in the recorded pose information
versus error in feature matching. This work proposes a new
technique for assessing the accuracy of an SfM-derived
structure using a completely synthetic dataset. This dataset
is generated using a first principles physics-based modeling
engine alongside a highly detailed spectrally attributed three-
dimensional (3-D) model. A synthetic dataset allows for
complete control over all camera pose information, including
the noise. Furthermore, the modeling engine collects ground
truth for every pixel in every generated image, which can be
used for error analysis.
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1.1 Georegistration Methods

With innovations in global positioning system (GPS) tech-
nology, images are often geotagged, and this additional
information can be exploited in different ways to obtain a
geographically accurate structure. Many SfM applications
use imagery, openly available on the Internet, with geotags
that have been manually recorded or automatically captured
by the GPS of the device itself. Differences between close-
range and long-range collection geometry play a large role in
how this information is used in georegistration.

The simplest georegistration method uses just GPS infor-
mation to extract Ts by matching the estimated camera pose
to its corresponding GPS location.8 Measurement uncertain-
ties and outliers from most GPS devices drive the use of
noise-reducing model optimization algorithms such as ran-
dom sample consensus (RANSAC).9 The error in this esti-
mation alone is often too large, and additional information is
used to further refine the transform. Wang et al.10 incorporate
Google Street View imagery and Google Earth models to
further refine the position of an SfM-derived structure.
Use of accurate digital surface models can also reduce posi-
tional error in ground-based SfM point clouds, as shown by
Wendel et al.11 It is even possible to incorporate the geolo-
cations into the SfM process itself. Crandall et al.5 utilize
Internet-based imagery with geolocations to aid in the esti-
mation of camera pose and orientation.5 They propose an
SfM technique that solves the problem using markov random
fields by incorporating the geotags into pose and orientation
estimation using an energy function that minimizes the noise
present in these types of geotags.

Much of the research related to georegistration of SfM-
derived point clouds focuses on imagery collected through
devices which may have unreliable position and orientation
information. Furthermore, many of these methods assume
that distortion effects must be estimated. Imagery collected
for photogrammetric use often comes from highly calibrated
imaging systems on platforms flown with GPS devices and
state-of-the-art inertial navigation systems (INS), which pro-
vides high-fidelity estimates of the absolute position and ori-
entation. Having the ability to put significantly more trust
into a sensor model derived from accurate information allows
for a simplified georegistration approach to be taken, as
presented by Walvoord et al.12

This work compares three methods of georegistration
using the novel analysis technique: Simply triangulating
using GPS/INS information, estimating Ts using camera
centers,8 and estimating Ts using a combination of both.12

For the relevant discussion of georegistered SfM point
clouds, a review of the SfM problem and current solutions,
as well the estimation process for Ts is presented in the
following sections.

2 Structure from Motion Problem
The goal in SfM is to design a robust, unsupervised scene
reconstruction methodology from a collection of images.

The SfM process can be described as a chain of individual
processes which are formed together to perform the desired
task, as shown in Fig. 1. A standard SfM processing chain
immediately seeks to establish a geometric relationship
between image pairs by applying a feature extraction
algorithm to each image. The most common is the scale-
invariant feature transform (SIFT) algorithm13 due to its abil-
ity to provide a robust feature descriptor across image con-
ditions. The next step in the SfM chain is to match the
descriptors from each image to each other image, effectively
computing correspondences between images. There are a
variety of techniques available, from brute-force feature
matching, to model-fitting algorithms that employ
RANSAC.9

At this point, image-to-image correspondences permit
estimation of a series of fundamental matrices, which pro-
vide the necessary epipolar geometry for cursory triangula-
tion. A coarse estimate of the 3-D sparse point cloud
provides a series of equations that relate the image coordi-
nate system to the world coordinate system (WCS). The
remainder of the problem lies in refining camera projection
matrices to ensure consistent triangulation and accurate rel-
ative orientation. This critical step is accomplished using a
form of bundle adjustment, a nonlinear optimization process
typically used for selfcalibration and parameter refinement
problems in projection functions.14

Using this approach of estimating the fundamental matrix,
performing triangulation, and iteratively refining the solution
allows the scene to be reconstructed up to a projective ambi-
guity. In other words, the scene reconstruction is determined
at best to within a projective transformation with respect to
the WCS. In the field of computer vision, it is well known
that methods exist1 to refine or “upgrade” the reconstruction
to a metric reconstruction, in which the scene is determined
up to a rotation, translation, and uniform scaling. Some SfM
chains require knowledge of the intrinsic camera parameters
prior to adjustment to achieve metric reconstruction.

It is worth noting that using position and orientation esti-
mates from a GPS/INS device to seed the initial parameter
vector will likely fail to produce a high-fidelity, geoaccurate
point cloud. This may seem counterintuitive, as these
estimates are close approximations to the true camera
pose in the desired fixed, Earth-based coordinate system.
However, forcing the camera pose to be consistent with
GPS/INS measurements typically leads to parameter adjust-
ments that produce greater inconsistencies between image
correspondence, which leads to poor triangulation. Careful
selection of the weights applied to adjustable parameters
may help to reduce this error, but it is important to recognize
that an initial estimate of the camera pose using correspond-
ences to perform a resection guides the subsequent refine-
ment toward a solution that, loosely speaking, agrees
with the image-based geometry. The errors caused by
GPS/INS measurements are explored in further detail within
this work.

Images
Feature

Extraction
VisualizationFeature

Matching
Bundle

Adjustment
Point Cloud
Generation

Surface 
Reconstruction / 
Image Draping

Fig. 1 High-level diagram of a procedural chain used to perform the structure-from-motion (SfM) task.
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2.1 SfM Software

This work makes use of a specific open source SfM software
workflow commonly used for dense point cloud generation.
The workflow is composed of three programs, Bundler,3

clustering views for multiview stereo (CMVS),15 and
patch-based multiview stereo (PMVS).16 The methodology
presented in this paper for accuracy analysis is applicable
to any structure generation algorithm, however, the output
from this specific workflow is used in the examples pre-
sented here.

2.1.1 Bundler

Bundler, one of the most commonly used open source SfM
software packages, is a well-established SfM algorithm writ-
ten by Noah Snavley.3 Bundler uses an iterative bundle
adjustment approach to perform the optimization. The
input to the bundle adjustment is generated using initial
image correspondences from SIFT, and the position and ori-
entation of each view are then estimated using the five-point
camera pose estimation algorithm.17 Using this estimate,
each image correspondence is triangulated with each
image using a linear triangulation estimation. The correspon-
dence, camera pose, and triangulated points are used as
inputs to the bundle adjustment, which provides an error-
minimized solution for each input. This is done initially
for the two cameras with the most correspondences and is
repeated by adding the camera with the next highest number
of correspondences. By iteratively removing outliers, the
parameter estimation process avoids the heavy influence
of data that would otherwise disturb a least squares cost func-
tion in the bundle adjustment. The result of the Bundler proc-
ess is an error-minimized set of camera pose information for
each image, as well as a sparse point cloud generated from
the initial SIFT correspondences.

2.1.2 PMVS and CMVS

Bundler provides a sparse reconstruction of the scene.
However, a dense reconstruction is often desired, and
PMVS software attempts to solve this problem.16,15 This
algorithm uses the camera pose provided by Bundler to nar-
row down a correspondence search, which allows for a large
number of pixels to be matched and reconstructed. PMVS
uses a patch-based model to estimate surface orientation
and this model is also used as a measure of point correspon-
dence. It has two majors steps; the first is an initial estimation
of surface through sparse feature matching, guided by the
camera pose information. The second step is a region grow-
ing process where the initial surface is grown and guided by
the camera pose information to produce a dense scene
reconstruction.

The PMVS algorithm is a multicore implementation
which allows for the fast simultaneous processing of
many images. However, when the image set grows large,
this processing time can still become very long. A clustering
algorithm called CMVS is implemented to break down the
image set into manageable clusters.15 CMVS is a graph-cut–
based clustering algorithm which clusters the cameras
according to their pose.18 The goal is to find clusters of cam-
eras which are observing the same region of the scene, and
run PMVS on just the corresponding images. This not only
reduces runtime for PMVS, but also the error in the resulting

point cloud. The analysis tests performed in Sec. 5 use the
Bundler, PMVS, and CMVS workflow to generate structure
from imagery.

3 Error Analysis using Synthetic Data
The ability to control every parameter within an image col-
lection is necessary to fully understand how georegistration
methods perform. To this end, a synthetic aerial image data-
set was generated using the digital imaging and remote sens-
ing image generation (DIRSIG) model. This model was
created by researchers from the digital imaging and remote
sensing laboratory at the Rochester Institute of Technology.19

DIRSIG is a first principles synthetic image generation
model which can produce imagery ranging from the visible
to the thermal infrared spectrum. The synthetic image gen-
eration process requires a spectrally attributed 3-D model of
the scene to be imaged. This work utilized a variant of
Megascene 1, a hand-created 3-D scene of a small suburban
region in northeast Rochester, New York.20 Larger block-
style apartment buildings were added to the scene to increase
the depth of targets within the scene.21

Many photogrammetric applications deal with only nadir-
looking imagery, therefore, analysis of this type of imagery is
explored in this work. A small 12 image dataset was created
which contained 80% forward overlap and 60% side overlap.
The sensor flying height and pixel pitch were designed such
that the images had a ground sample distance of 0.3 m. These
parameters were chosen to be representative of a densely
flown nadir-looking collect.

DIRSIG uses a ray tracer to calculate the sensor response
at each pixel in every synthetic frame, then the pixel to
ground intersections for each ray is recorded and can be
used as ground truth. Each synthetic frame is explicitly
defined with calibration parameters and an exterior orienta-
tion, which is used to create a noiseless sensor model. An
example image from the data used in this work along
with an SfM derived point cloud is shown in Fig. 2.

Every 3-D point in the SfM process is created from cor-
responding pixels in multiple images. These pixels are
tracked and used with the DIRSIG truth imagery to calculate
the error in each 3-D point. The average of every truth meas-
urement is used for error calculation. The Euclidean distance
between the georegistered 3-D point and its corresponding
truth point is taken as the error. The absolute truth values
for every pixel, along with a noiseless camera pose, allow
for an in-depth analysis of error within geoaccurate SfM
processes.

4 Methods of Generating Geoaccurate Point
Clouds

The application of the analysis described in Sec. 3 is dem-
onstrated in this work using three different methods of point
cloud georegistration. Two of these methods are based on
estimating the similarity transform, Ts, whereas the third
method uses only the recorded GPS/INS information.

4.1 Similarity Transform Estimation

Georegistration of point clouds through a similarity trans-
form to obtain absolute orientation has existed for many
years and is well documented.22,23 Points contained within
two different Euclidean coordinate systems can be related
using a similarity transform. A set of points XA in a metric
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coordinate system A, can be transformed to the desired met-
ric coordinate system D using a seven DoF transform as
shown

XD ¼ sRXA þ t; (1)

where s is a uniform scale, R is a rotation matrix, and t is a
translation vector. This transform can be calculated by using
a set of known corresponding points, xa and xd, such that
xa ∈ XD and xd ∈ XD. The first step in solving for this trans-
form is calculating the scale. This is done by moving the
centroid of each set of points, xa and xd, to the origin of
their respective coordinate systems, defined in Eqs. (2)
and (3)

Ca;i ¼ xa;i − x̄a; (2)

Cd;i ¼ xd;i − x̄d: (3)

The scale value can then be determined by the ratio
between the mean lengths of each of the zero-centered points
set. Figure 3 shows an example of Ca;i and Cd;i.

The scale relating the two point sets, Ca;i and Cd;i, can be
calculated through the ratio of the mean vectors lengths for
each point set, as shown in Eq. (4) and pictured in Fig. 3:24

s2 ¼
P

n
i¼1

����Cd;i

����
2

P
n
i¼1

����Ca;i

����
2
: (4)

The next step is to compute the rotation matrix R which
relates Ca;i to Cd;i. This can be done using the Kabsch algo-
rithm, which is a method for calculating an optimal rotation
matrix between two sets of points in a least squares
sense.25,26 After the rotation matrix and uniform scale value
are calculated the translation vector can be calculated using
the centroids, as shown in Eq. (5):

Fig. 2 Digital imaging and remote sensing image generation (DIRSIG) is used to generate synthetic
imagery which is input to the SfM process. Panels (a)–(c) are three close up renderings of
Megascene, the three-dimensional (3-D) model used to generate the synthetic imagery. (d) A sample
DIRSIG image created for this work along with the corresponding Z -dimension truth. (e) A view of the SfM
derived point cloud.
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t ¼ x̄a − sRx̄d: (5)

This method alone is sensitive to error in the correspond-
ing points xa and xd. The similarity transform can calculated
using a model fitting method robust to outliers such as
RANSAC.9

Extracting a subset of corresponding points from sets XA
and XD is necessary for the calculation of a similarity trans-
form. For the purposes of obtaining a georegistered coordi-
nate system with a similarity transform, XA is the SfM
derived WCS and XD is the desired fixed Earth-based coor-
dinate system. The remainder of this section will discuss two
methods of finding these subsets which utilize additional
information known about the scene and its cameras. A
third method using direct triangulation is also described.

4.2 Using Camera Position Estimates

The method most commonly used in the computer vision
community uses geo-tags from imagery.27 Estimated camera
centers derived from the SfM process are used as the points
from set XA, and the GPS-located camera centers are used as
the points from set XD. The transformation process, which is
henceforth referred to as the camera centers approach, is
shown in Fig. 4.

Although this process requires only knowledge of the
GPS information from each camera, it is highly susceptible
to error. Given error in the GPS location or error in the cam-
era pose estimation, the resulting transform is susceptible to
significant inaccuracies. These errors can be mitigated using
an outlier removal algorithm such as RANSAC.5

4.3 Using the Forward Projection Function and
Camera Pose Estimates

The algorithm discussed hereafter, referred to as the aug-
mented camera model approach, assumes an application
that differs from a majority of SfM problems in both collec-
tion geometry and available information.12 In addition to the
sensor position information used by the algorithm in
Sec. 4.2, it is assumed that the imagery has been captured
using a platform with a GPS/INS device, and position and
orientation information are readily available alongside a
known forward projection function.12 The initial point cloud
is obtained by applying the SfM methodology described in
Sec. 2, with the result having been iteratively refined to
ensure consistency with the image-based geometry.

It should be noted that even perfect image correspond-
ences will fail to triangulate if the camera position and ori-
entation do not agree with some fixed geometry, in this case,
the image-based geometry [Fig. 5(b)]. The SfM approach
forces image features to lie on corresponding epipolar
planes; this is commonly referred to as “optimal triangula-
tion.” Any attempt to control the camera position or
orientation (with metadata) will modify this image-based
geometry. Rather, the SfM reconstruction may now be placed
in an Earth-based coordinate system using a simple two
step process.

First, a low-fidelity sparse point cloud is generated to
serve as a reference in the desired fixed Earth-based coordi-
nate system, xd, where the geometry of this process is shown
in Fig. 5(b). Three pieces of critical information enable this
multi-image triangulation:

1. Refined pixel correspondences across multiple views
from the SfM workflow

2. Image metadata containing GPS/INS position and ori-
entation information

3. Complete knowledge of the ground-to-image function
of the collection system

A simple direct linear triangulation algorithm1 is easily
extensible to correspondences across multiple views. New
camera projection matrices corresponding to each view
are derived from the physical sensor model and the available
metadata. To avoid numerical instability due to matrices
with a poor condition number, a normalization matrix is for-
mulated for each view that effectively centers pixel

Fig. 3 (a) An example of two sets of zero centered point clouds. (b) The mean vector length of each set of
points. The ratio of the mean lengths can be used to calculate the scale between the two data sets.

Fig. 4 The most common method for obtaining corresponding points
utilizes the camera centers. Estimated 3-D coordinates from the SfM
process and global positioning system (GPS)-located coordinates are
used to calculate the transform. This transform is then used to convert
the SfM estimated structure into the GPS coordinate system.
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measurements (from that view) and scales the mean magni-
tude to

ffiffiffi
2

p
. Each two-dimensional image point ui;j may be

expressed as a mapping from a 3-D point xi ∈ XD in the
fixed Earth-based coordinate system through the 3 × 4 cam-
era projection matrix Pj for a particular view j. In homo-
geneous coordinates

ui;j ¼ Pjxi; (6)

which can be rewritten as a cross product

0 ¼ ui;j ⊗ Pjxi: (7)

Using the previous equation, the system of equations
above may expressed as1

2
66666666664

ui;1pT3;1xi − pT2;1xi
vi;1pT3;1xi − pT1;1xi
ui;2pT3;2xi − pT2;2xi
vi;2pT3;2xi − pT1;2xi

..

.

ui;npT3;nxi − pT2;nxi
vi;npT3;nxi − pT1;nxi

3
77777777775

¼ 0 (8)

or simply

Axi ¼ 0: (9)

The vector xi that minimizes jjAxjj subject to the condi-
tion jjxjj ¼ 1 is the unit eigenvector with the smallest eigen-
value of the matrix ATA, i.e., the last column of V in the
singular value decomposition A ¼ UΣVT; this is the i’th tri-
angulated point. The geometry of this process is shown in
Fig. 6(a). The process is repeated for all suitable image fea-
ture correspondences established in the SfM framework.
Care should be taken to ensure that the assumed coordinate
system of the focal plane array is consistent (or accounted
for) between the SfM approach, e.g., Bundler,27 and the
physical sensor model. Two point clouds now exist: one
high-fidelity point cloud in an arbitrary WCS, xa, and one
low-fidelity point cloud in a fixed Earth-based coordinate
system, xd. There is a one-to-one mapping between each
3-D point, as seen in Fig. 6(b).

The second step is to determine the transformation
between these two coordinate systems. Ideally, the two
point clouds are related by a translation, a uniform scale fac-
tor, and a rotation, but there is uncertainty present in both
data sets. Image feature correspondences used for scene
reconstruction have an associated error value from the
final error vector ε of the L-M bundle adjustment solution
after convergence. This error vector ε may be used to select
a desired number of correspondences with the lowest image-
based triangulation error, effectively reducing the size of
each point cloud (and computation time of the similarity
transform). The transformation that maps the relative

Fig. 5 (a) Triangulation using refined image-based geometry. Rays extending from C and C 0 through
image feature points consistent with the refined image-based geometry intersect at a 3-D point yi in the
epipolar plane. This is illustrated for several two-ray triangulations, which produces a point cloud in an
arbitrary WCS. (b) Triangulation in the presence of errors in camera position and orientation. Rays
extending from C and C 0 through image feature points on corresponding epipolar lines do not intersect
at a point in the epipolar plane due to discrepancies between the metadata and image-based geometry.

Fig. 6 (a) Triangulation using the physical sensor model and metadata. Rays extending from the camera
centers, with uncertainty in position and orientation, through image feature points consistent with the
refined image-based geometry intersect at a 3-D point xi in the epipolar plane. This is illustrated for sev-
eral two-ray triangulations, which produces a point cloud in a fixed Earth-based coordinate system.
(b) Point cloud transformation. Points from both triangulation methods are related by a similarity trans-
formation matrix T. This matrix maps the point cloud yi to the coordinate system of the point cloud xi .
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point cloud to the triangulated point clouds in the fixed
Earth-based coordinate system is computed using the
method presented in Sec. 4.1.

4.4 Direct Triangulation Using Navigation Data

Perhaps the simplest method of generating georegistered
point clouds is to triangulate corresponding image points
through the sensor model of the camera or cameras used
to capture the image collection if navigation data is available.
In many applications, particularly airborne collections, a
GPS/INS device provides estimates of the position and ori-
entation information at the time of capture. However, even in
well-calibrated models, the random error present in these
measurements leads to some degree of uncertainty in the tri-
angulated result (see Fig. 5).

5 Analysis of Georegistration Techniques
Each method for calculating a georegistration transform is
analyzed using the synthetic data analysis as described in
Sec. 3. Bundler along with PMVS, as described in
Sec. 2.1, is used as the SfM engine to generate a dense 3-
D point cloud for georegistration. In addition, each image
correspondence is triangulated using the camera pose infor-
mation as described in Sec. 4.4 and is also analyzed. Finally,
the georegistration error for each method is calculated again
after random noise was added to the recorded camera pose
data in order to simulate a more realistic scenario. The
amount of random noise was determined based on RMS
error reported in the Applanix POSTrack performance
summary.28

5.1 Georegistration Error using DIRSIG Noiseless
Sensor Model

Two major sources of error are analyzed using this method.
The first source of error comes from the SfM process itself.

The effects of this error are isolated by using noiseless
DIRSIG sensor models in the georegistration process.
Error in geoaccuracy caused by the SfM process often man-
ifests itself in poor image correspondence. Optimized image
correspondence can still contain some small amount of error.
This can cause small errors in camera pose estimation as well
as point triangulation. The synthetic DIRSIG test imagery is
taken from a nadir-looking direction, and therefore, has a
very low base-to-height ratio (B/H). This low B/H causes
poor image correspondence to have significantly more effect
on the error in the Z-dimension.29

Error is calculated for each dimension X, Y, and Z, how-
ever, for illustrative purposes the error is displayed as the
Euclidean distance from the truth. Given the low B/H, the
error resulting from the SfM process will primarily be in
the Z-dimension. However, if the georegistration transform
is flawed the error will be in every dimension. Figure 7
shows the error for each method calculated using the
DIRSIG noiseless sensor models.

Figure 7(a) shows a significant amount of error, caused by
a poor estimation in the georegistration transform. Small
errors in the relative camera pose estimation are amplified
in the scale change between the relative and absolute coor-
dinate systems. The other two methods shown in Figs. 7(b)
and 7(c) show approximately the same amount of error, again
almost completely in the Z-dimension. Given the random
distribution of the error in the Z-dimension it is likely caused
by the error from the SfM process. This result is expected
when using noiseless sensor models.

5.2 Georegistration Error Using DIRSIG Noisy
Sensor Model

A more realistic scenario would be when the sensor pose
models contain a small amount of random noise. The
error analysis was repeated while adding random error to

Fig. 7 Error is calculated using DIRSIG truth and represented as the absolute Euclidean distance from
the truth. The georegistration methods are processed using the noiseless DIRSIG sensor models. Three
methods are tested, (a) is the error found using the camera-center–based georegistration transform,
(b) is the error found using the camera model–based transform, and (c) is simply triangulating correspon-
dence using the sensor model. Each plot shows a histogram of error with 1 m of error marked by a dotted
line. The solid line marks the 95% cumulative distribution value. The histogram’s cumulative distribution
function (CDF) is plotted over the histogram as well.
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the sensor position and pointing information, with the
amount of error determined from Applanix specifications.28

The RMS error in position is 0.1 m in the horizontal direc-
tion, and 0.2 m in the vertical. The error in pointing is
0.015 deg for roll and pitch, and 0.040 deg for heading.
Figure 8 shows the error calculated for each method.

Similar to the noiseless sensor, the camera center–based
transform has a significant amount of error; the addition of
noise only caused this to increase. Adding noise to the sensor
information had a significant impact on directly re-triangu-
lating each point, as seen in Fig. 8(c). A small change in
pointing information from a long distance will drastically
alter the projection of each pixel out of each frame, causing
the triangulation solution to contain significantly greater
error, as noted in Fig. 5. The augmented camera model–
based transformation remained only mildly affected by the
noise. This can be seen by measuring the change in position
of the 95% cumulative distribution value relative to the
noiseless sensor position, as shown in Table 1.

5.3 Reducing the SfM Error

Two major sources of error are prevalent within this error
analysis. The first source of error, which originates from
the georegistration process itself, is addressed in the previous
sections. The second major source of error comes from the
SfM process, in which image features may be inaccurately
matched between images. A mismatch of a few pixels may
translate into several meters of error in triangulation due to
the small base-to-height ratio in near-nadir imaging. Often
SfM algorithms threshold the image correspondence based
on a threshold correspondence value and this threshold can
be adjusted to filter the corresponding points accordingly.16

The algorithm used to generate these point clouds has one
threshold metric which filters image correspondence based

on photometric consistency using a normalized cross corre-
lation.30 The software uses this threshold to determine the
quality of an image correspondence, with a range of −1
(bad) to 1 (good). The consistency value used in the creation
of every point cloud shown in this analysis so far has been
0.8, and the error analysis for the consistency values of 0.7,
0.8, and 0.9 are shown in Fig. 9.

The histograms shown in Fig. 9 depict a trend as the con-
sistency threshold is increased. The total number of points
decreases with the increase, which can be seen by either
the relative total area of each histogram or by the decreasing
number of visible points in each error visualization.
However, it is noted that the 95% point in each histogram,
shown by the solid line, is approaching zero with the increase
of the consistency threshold. This means that even though
the total number of points is decreasing with the increase
of threshold, the number of points with a large geographic
error is decreasing. It can be concluded that the extreme

Table 1 A comparison of the 95% cumulative distribution values for
each georegistration approach between noiseless and noisy sensors.

95% cumulative
distribution function

(CDF) value
noiseless (m)

95% CDF
value noisy

(m)
Change

(m)

Camera centers
approach

8.3 13.5 5.2

Augmented camera
model approach

6.3 6.5 0.2

Direct triangulation
approach

6.3 15.9 9.6

Fig. 8 Adding noise to the DIRSIG sensor models yields a more accurate representation of a real life
scenario. The georegistration methods are processed using a noisy DIRSIG sensor model. Three meth-
ods are tested, (a) is the error found using the camera-center–based georegistration transform, (b) is the
error found using the camera model–based transform, and (c) is simply triangulating correspondence
using the sensor model. Each plot shows a histogram of error with 1 m of error marked by a dotted
line. The solid line marks the 95% cumulative distribution value. The histogram’s CDF is plotted over
the histogram as well.
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error values in the georegistration process are likely due to
triangulation error in the SfM process caused by errors in
image correspondence.

6 Conclusions
Automatically extracted, accurate scene structure is the ulti-
mate goal for many researchers who use computer vision
techniques with long range aerial photogrammetry. It is,
therefore, important to identify, quantify, and minimize
errors that may arise during this process. This work has pre-
sented a new method for analyzing this type of data using a
fully synthetic dataset. It was also shown how control over
the entire imaging process can be used to isolate and analyze
specific soursces of error in the SfM georegistration process.
Three methods of SfM point cloud georegistration methods
were analyzed to demonstrate this capability, namely the
camera centers approach, the augmented camera model
approach, and the direct triangulation approach. Two main
sources of error were examined using this analysis approach.

The first source of error comes from the SfM process
itself, often from error in image-to-image correspondence.
Many factors can contribute to error in image correspon-
dence, for example, a wide-baseline camera geometry
lends itself to error as a result of the large difference in object
appearance. Poor texture definition or repetitive texture on
the object’s surface can also lead to a mismatch. This is
also the case with other imaging modalities, such as objects
in thermal infrared imagery. These objects have rather poor
texture and definition, which would prove challenging to
most feature correspondence algorithms. An error in corre-
spondence propagates throughout the SfM process, causing
errors in camera pose estimation and scene structure triangu-
lation. The analysis technique was also used to show that
adjusting a single parameter to minimize the error in the cor-
respondence can have an impact on the total amount of error.

The second source of error is within the georegistration
transform itself, which is affected by error in the SfM

process, and by error in the additional information used to
generate the transform. For this work, additional information
is found in the GPS/INS data. Given no error in this infor-
mation, each approach was only affected by the SfM error.
The SfM error in the test dataset for this work was substan-
tial, and this led to a significant amount of the error in the
camera centers approach. The augmented camera centers
approach and the direct triangulation remain significantly
less affected. When random instrument error is added to
the GPS/INS readings, the direct triangulation approach
fails. This is expected, as the instrument error directly affects
the triangulation. The random error increases the total error
in both the camera centers and augmented camera model
approaches, however, the latter is far more robust than the
former. The fact that the augmented camera model approach
performed better than the camera centers approach in all tests
supports the idea that geotags alone do not provide (a) the
level of accuracy obtained by including an additional
error minimization through trianguation or (b) enough
data to overcome this lack of error minimization.

One general observation can be stated from the analysis
presented in this work. The error caused by GPS/INS was
shown to have a very significant impact on some georegis-
tration methods, but could also be greatly mitigated using
other methods. The error coming from the SfM process
was persistent and difficult to reduce across all the methods
tested. Feature matching algorithms other than SIFT may
produce better results, depending on the image content.
Along the same line, other algorithms which derive
image-based point clouds may introduce less error into
the georegistration process. For improving the georegistra-
tion accuracy of point clouds, focus should be put on min-
imizing the error from the point cloud extraction process, as
error introduced by the GPS/INS system can be easily
lessened.

The fully synthetic dataset permits error analysis of point
cloud georegistration algorithms, although our dataset is not

Fig. 9 Error from the SfM process often comes from mismatch in image correspondence. In the process
used in this work, image correspondence is filtered using normalized cross correlation photometric con-
sistency measurement. This figure shows error analysis done using the augmented sensor transform for
different consistency threshold values. (a) Threshold 0.7 (b) Threshold 0.8 (c) Threshold 0.9.
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without fault; the synthetic texture can be homogeneous in
both color and texture. This is a challenge to many image
correspondence algorithms, and consequently the SfM proc-
ess. However, having an absolute position truth for each
pixel provides an analysis tool that would otherwise be
unavailable, and other georegistration methods may benefit
from the analysis this sort of dataset could provide. A similar,
but larger, dataset to the one used here can be found at
Ref. 31.21 The accuracy of other georegistered SfM methods
could be analyzed using the analysis method presented in
this work, providing a greater understanding of the perfor-
mance of these existing algorithms.
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