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Abstract

Multiple reconstruction reconstruction from aerial imagery is computationally expensive. Although GPS positional infor-
mation is available for each camera, the orientation in 3D space is frequently unknown. The camera pose estimation for each
image requires an expensive bundle adjustment process to improve the accuracy of the reconstruction. We propose a new
visually-based camera pose technique which eliminates bundle adjustment. Our approach incorporates volume data in order
to analyze the sensitivity of this new method.

(a) Circle Configuration (b) Half Circle Configuration (c) Line Configuration (d) Random Configuration

Figure 1: This figure shows four different camera configurations (of 30 cameras) and the resulting region where a scene
point observed by all cameras is likely to exist.

1. Introduction

Multi-view scene reconstruction refers to the reconstruc-
tion of three-dimensional objects from a collection of im-
ages taken from known camera viewpoints. These view-
points are used to project rays through the image plane.
These rays are intersected to find the three-dimensional
point for corresponding pixels between images. In order to
acurately reconstruct a scene the following operations are
performed:

1. Camera calibration is performed to determine the
cameras’ intrinsic parameters, for example focal
length [1].

2. Mappings between corresponding pixels in different
images of the scene are calculated. This feature
mapping (2 views) or feature tracking (across mul-
tiple views) can be sparse or dense [2, 3, 4] .

3. The epipolar geometry is estimated from the given
matches [1].

4. Pose estimation is performed to calculate the cam-
eras’ extrinsic parameters of translation and rotation
[1].

5. Once the camera parameters are determined, trian-
gulations of scene points are calculated to determine

three-dimensional structure [1].

6. Often errors in the above steps influence the accu-
racy of the results. In this such cases bundle adjust-
ment is performed to optimize the different parame-
ters of this process [5].

The prevalence of GPS devices in cameras used for aerial
photographs provides accurate positional information for
pose estimation. However, camera IMU coordinates, while
present, are not as accurate. Therefore, camera pose
estimation is used to fine-tune the values. Conventional
methods could be used to calculate the camera pose, with
bundle adjustment implemented for optimizations. How-
ever, these approaches are sluggish and provide limited
information to analyze the varying pose estimation tech-
niques.

In our method, the user has the ability to control where
the location of the first feature is set in three- dimensional
space. This determines the camera orientations. Once
this location is fixed, another feature is determined from
the images producing the scalar field. Each scalar field
value represents the probability the feature exits in this 3D
location. Our project goal is to analyze the sensitivity of
this approach in order to develop an improved understand-
ing of camera pose estimation.



2. Background

The first section describes background research in the field
of multiple-view stereoscopy and camera pose estimation.
The second section describes related literature on error
analysis in multiple-view stereoscopy.

2.1. Multiple-View Reconstruction and Camera Pose
Estimation

The reconstruction of three-dimensional objects from col-
lections of images varies in terms of objects observed
and camera conditions. Akbarzadeh et. al introduced a
method for dense reconstruction of urban areas from a
video stream. GPS and INS measures were used to place
the reconstructed models in a geometric coordinate space
[6]. Pollefeys et. al used a similar approach for urban re-
construction. Their approach, however, allowed for real-
time reconstruction [7]. Snavely et. al presented a sys-
tem for interactively browsing and exploring large unstruc-
tured collections of photographs of a scene. Their system
used an image-based modeling front end that automati-
cally computed the viewpoint of each photograph as well
as a sparse 3D model of the scene [8].

In all reconstruction cases, camera pose estimation is a
necessary step. One method to estimate camera pose is to
calculate the epipolar geometry and apply a singluar value
decomposition on the essential matrix to compute the val-
ues [1]. Additional methods to calculate camera pose in-
clude; Direct Linear Transformation and using vanishing
points and lines. [1]. These methods frequently produce
inaccurate data and require an additional non-linear opti-
mization to attain higher quality results. This optimization,
known as bundle adjustment, occurs when all structures
and poses are available[5]. The Levenberg-Marquardt al-
gorithm for bundle adjustment minimizes the reprojection
error”; however, the parameter space for the algorithm may
not converge to the global optimum [9].

2.2. Error Analysis

Various techniques in that estimate camera pose introduce
various errors into the reconstruction pipeline. Rodehorst
et. al introduced an approach to evaluate camera pose
estimation based upon ground truth data [10]. Knoblauch
et. al introduced a geometric error extraction of both
correspondences and camera pose errors. In contrast,
Knoblauch’s method does not rely on ground truth data or
any other assumptions about the data [11].

3. Formulation

In the standard formulation, we start with n camera posi-
tions known and the intrinsic parameters of each camera.
Two features in each image corresponding to each camera
are selected. The user will specify a guessed location for
the first of the two features. This location locks the pitch
and yaw angles for each camera. The second 3D location

locks the roll angle for all cameras.

Figure 2: Diagram of ray calculations for scalar field.

For our method, the user will interactively specify the 3D
location through the center of each image in order to deter-
mine the camera orientation. A scalar field over 3D space
is rendered, specifying the most probable location for the
second feature. To calculate each value for the scalar field
(as shown in Figure 2), we compute a vector v between
all 3D positions on a regularly spaced grid and the cam-
era center. We also compute a vector a between the first
3D location (user specified) and the camera center. We
compute another vector w by projecting a ray through the
image plane, from the camera center, towards the second
feature. The scalar value is the absolute distance between
the angles of v and a, and the angle between w and a. If
this distance is zero, then the projection vector through the
second feature passes through that 3D point on the regu-
lar grid. A value of zero for each camera would indicate a
proper alignment.

4. Implementation

Our approach allows the user to load camera data, which
specifies positional information and intrinsic camera values
for each camera. An image is specified with two corre-
sponding features for each camera. The user interactively
specifies a 3D location for the first feature (see Figure 3).
This first feature is located at (0, 0) in the image space for
each image. We compute a scalar field based upon the
user’s specification. The scalar field is volume rendered
showing the likely second feature 3D location. Each value
of the scalar field is the absolute angle difference for that
volume position. The user can change the first feature lo-



cation to analyze the effect that moving his or her choice
impacts the accuracy of the second feature position.

Figure 3: This figure shows a screen capture of our ap-
plication. The top left side allows the user to position the
red dot in 3D space and the resulting scalar field is volume
rendered on the right. An isosurface is depicting an area
of interest.

Our application was developed using VTK [12]. Direct vol-
ume rendering is implemented using a ray cast approach
and samples are uniformly distributed along the ray. Com-
positing is done in a front to back order [13]. The volume
color indicates the likely position of the second feature, with
red indicating minimum error in a particular region and blue
indicating increased error. The opacity for regions can be
adjusted by the user. In addition, the user can specify a
range of values to generate an isosurface to define areas
of interest. A Marching Cubes implementation [14] is used
to generate isosurfaces.

5. Test Cases

To analyze the sensitivity of this camera pose estimation
technique, we conducted the several tests. We imple-
mented our tests on four different sets of camera configu-
rations. The first camera configuration represented a set of
cameras positioned in a circle above the scene. The sec-
ond configuration was similar to the first except we used
only a half circle of cameras. A set of cameras in a line
above the scene was used for the third configuration. In the
last configuration, cameras were placed randomly, repre-
senting an unstructured collection of images. Each config-
uration consists of 30 cameras each looking toward (0, 0, 0)
in world space. The second feature ground truth position
was located at (0.1, 0.1, 0.1) in world space.

5.1. Quantity Variation

We observed the effect that the number of cameras has
on the accuracy of camera pose estimation. We used 15
cameras for the first variation, 10 cameras for the second,
8 cameras for the third, then 4 cameras and finally 2 cam-

eras. We conducted this test on each configuration. The
results of this scenario are shown in Table 1. Images from
the test for the cirlce configuration are shown in Figure
4

As we can see in the table, the general trend is that re-
ducing the number of cameras produces smaller angular
averages and a smaller standard deviation value. The
cameras in each configuration are uniformly spaced from
one another, with the exception of the random camera set.
Therefore removing cameras still allows for the scene to
be viewed from multiple angles and actually causes more
accurate results. Removing too many cameras, however,
eventually produces worse results.

5.2. Feature Matching Variation

For this test, we varied the error in the feature matching
process to observe the effect on the region of the second
feature. To accomplish simulating feature matching error,
we randomly moved the correct projected position of the
second feature by a specified the amount. The amounts
were 1%, 2%, 5%, 10%, and 20% of the image plane size.
The effects of this variation are shown in Table 2. Figure 5
shows the images for this variation of the half circle config-
uration.

The results for the circle configuration show an angular av-
erage trend to decrease except after the 5% deviation. The
volume measures and standard deviation, in this configu-
ration, are shown to decrease (except for the last case). In
the half circle camera setup, the angular average and stan-
dard deviation tend to increase (except in the 1% and 10%
case). However, the ratio for this configuration decreases
as the feature matching deviation increases. In the random
configuration, increasing the matching error increases the
ratio values (except in the last case).

5.3. Principal Ray Variation

In this scenario, we investigated the effect of having the
principal ray be through some other position on the image
plane other than (0, 0). To simulate this manufacturing de-
fect, we randomly moved the principal ray from the origin
of the image plane by certain amounts. The amounts were
again 1%, 2%, 5%, 10%, and 20% of the image plane size,
similar to the above. The results of this experiment are
shown in Table 3. Images of the random configuration for
this test are shown in Figure 6.

We observed, with increasing the distance from the cen-
ter the point the principal ray passes, that the angular dif-
ference average increases. It also follows that isosurface
volume decreases as the variation increases. However,
with large variation (10% and 20%) this relationship does
not continue. There existed no major effects on standard
deviation. There appeared to be no relationship between
the longest length to shortest length ratio and increase in
distance.



5.4. Focal Length Variation

For the last test, we modified the camera focal length to
investigate its effect on the camera pose estimation. To
implement this variation, we used the similar approach to
the tests mentioned above. We decreased the focal length
of each configuration of cameras by 1%, 2%, 5%, 10%, and
20%. The results of thisvariation are shown in Table 4. Im-
ages from this scenario of the line configuration are shown
in Figure 7.

As presented in the table, the average angular difference
increases as the focal length decreases for all camera con-
figurations. The volume of the generated isosurfaces also
generally decreases as the focal length decreases. The
angular difference averages are increaseing, therefore, the
angular values in the volume are more frequenty increas-
ing. Thus the isosurfaces generated on the same value for
each increase will be smaller resulting in a smaller isosur-
face volume.

6. Analysis

Our test cases focused on the effect that camera quan-
tity, feature matching, and intrinsic camera variation had
on camera pose calculation. In the camera quantity vari-
ation, we found that removing cameras in the uniformly
spaced configurations generally decreased the angular av-
erage which produce more accurate camera pose estima-
tions. This coincided with the results of Frame Decimation
[15]. In this technique, only key frames are used to in-
crease the camera pose estimation accuracy in structure
from motion application. Frames that contained redundant
data, in our case cameras viewing similar portions of the
scene, were discarded to produce better results. However,
our tests also showed the results of over decimation, where
critical frames are discarded and produce less accurate re-
sults [15].

The results for feature matching error showed that feature
matching error does effect the accuracy of camera pose
estimation. The volume measures in the circle configura-
tion are shown to decrease resulting in a smaller region
where the scene point could exist. However, there exist
better angular values without feature matching error. This
error impacted the shape of the isosurface, as shown by
the ratio metric. Based upon our results, there does not
appear to be consistent relationship between the feature
matching error and shape of the isosurface.

In the experimentation of principal ray positioning, we ob-
served tthat an increase of distance from the origin results
in a larger angular average. With this increase in aver-
age, the volume of the isosurfaces decreases. Modifying
the camera focal length produced similar results as varying
the principal ray. Decreasing the camera focal length pulls
the image plane closer to the camera center. Thus scene
positions that map to the same 2D location on the image
plane will have different angular values between the rays

passing through those locations (at different focal lengths)
from the camera center.

Finally, we observed that different camera configurations
produce differently shaped regions. This observation is
shown in Figure 1. The circle configuration and random
configuration show more spherical regions. However, the
half circle and line configurations produce more ellipical re-
gions. Additionally, the angular difference values for the
circle and half circle are similar whereas the random con-
figuration has higher values.

7. Conclusion

In this paper, we present a user interactive tool for calculat-
ing camera poses. The user is able to specify camera view-
ing direction to specify the cameras poses. The resulting
volume visualization is used to show the most likely posi-
tion for another feature specified in the images. The user
is able to interactively move the point at which all cameras
are looking to see the resulting effects in the volume visu-
alization. Our tool provides an isosurface rendering of the
likely position of the scene in addition to the direct volume
rendering.

We analyzed and displayed the effects that quantity, fea-
ture matching, and intrinsic camera variation have on cam-
era pose estimation. The effects of frame decimation on
camera pose estimation were demonstrated by our cam-
era quantity results. We observed that feature matching
error introduces error into the camera pose estimation. In
investigation of camera intrinsic parameters, it was noted
that the larger the distance from the origin that the principle
ray passes, the larger the angular differance average was.
Similarly the closer the image plane is to the center of the
camera, the larger the angular average.

8. Future Work

We would like to continue investigating the relationship be-
tween feature matching error and feature location region.
Our study found that random feature matching error im-
pacts the shape of the second feature location but did not
reveal any definitive relationships. Introducing some form
of controlled feature matching error, such as motion blur,
to permit further investigation of the error effects.

Based on the results of our work, we have identified a new
method for triangulation and an automated approach for
camera pose estimation. The technique to generate the
scalar field for visualization purposes is used in a similar
fashion to obtain an accurate triangulation method. This
new method involves sampling three dimensional space
for the minimal angular difference metric. The automated
camera pose estimation technique also samples camera
pose space for the most accurate angular difference met-
ric. The work presented in this paper can be used to visu-
alize and validate these newly proposed methods.
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10. Appendix A: Project Timeline

The following is an initial timeline for the project.

• Week of 1/30. Project Proposal Due. Design inter-
face and learn technologies required for implementa-
tion

• Week of 2/6. Implementation of camera pose estima-
tion algorithm.

• Week of 2/12. Implementation of volume visualiza-
tion of scalar field. Write up Progress Report.

• Week of 2/20. Progress Report Due. Finish imple-
mentation and begin analysis.

• Week of 2/27. Analyze sensitivity of the solution
method. Write up Preliminary Report and work on
Project Presentation.

• Week of 3/5. Preliminary Report Due. Project Pre-
sentations Due.

• Week of 3/12. Project Presentations Due. Write up
Final Report.

• Week of 3/19. Final Report Due.
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(a) 30 cameras (b) 15 cameras

(c) 10 cameras (d) 8 cameras

(e) 4 cameras (f) 2 cameras

Figure 4: Resulting images from the quantity variation test case for the circle configuration. In all images an isovalue of
0.05 was used. It is easy to see that decreasing the number of cameras does not affect the region size initially but as more
cameras are taken away the region grows. Figure 4.f highlights the region deformation.



(a) No error (b) 1% error

(c) 2% error (d) 5% error

(e) 10% error (f) 20% error

Figure 5: Resulting images from the feature matching error test case for the half circle configuration. In all images an
isovalue of 0.05 was used. Note the variations in shape of the region with different amounts of feature matching error.



(a) No increase (b) 1% increase

(c) 2% increase (d) 5% increase

(e) 10% increase (f) 20% increase

Figure 6: Resulting images from the principal ray variation test for the random configuration. In all images an isovalue of 0.07
was used. Table 3 summarizes the numerical results however, note the visual relationship to the region size and increase in
principal ray variation.



(a) No decrease (b) 1% decrease

(c) 2% decrease (d) 5% decrease

(e) 10% decrease (f) 20% decrease

Figure 7: Resulting images from the focal length variation test for the line configuration. In all images an isovalue of 0.05
was used. It is easy to see that the angular average increases as the focal length decreases. Table 4 presents the numerical
values of this visual result.



Circle Half Circle Line Random

30 cameras

avg: 0.527882 0.522174 0.645524 0.751512
std dev: 0.56249 0.563417 0.708763 0.783435
volume: 0.0023809 0.00267865 0.00125326 0.000482449

ratio: 1.01968 1.05004 1.0874 1.04662

15 cameras

avg: 0.527882 0.521912 0.645519 0.709851
std dev: 0.562493 0.563056 0.708707 0.747846
volume: 0.00238008 0.00267418 0.00123983 0.00182475

ratio: 1.01967 1.04953 1.08737 1.02744

10 cameras

avg: 0.527881 0.521659 0.645323 0.684557
std dev: 0.562503 0.562726 0.70845 0.728902
volume: 0.0023814 0.00267737 0.00123581 0.00242948

ratio: 1.01967 1.04776 1.0893 1.0197

8 cameras

avg: 0.527531 0.522325 0.638181 0.712329
std dev: 0.562099 0.562435 0.699287 0.749883
volume: 0.00237737 0.00261012 0.00123838 0.00142782

ratio: 1.01963 1.04319 1.07872 1.03613

4 cameras

avg: 0.528176 0.521467 0.637141 0.741629
std dev: 0.563003 0.561634 0.698129 0.773585
volume: 0.00240841 0.00260565 0.00122305 0.00105272

ratio: 1.01853 1.04407 1.08592 1.05896

2 cameras

avg: 0.520537 0.520537 0.626084 0.66599
std dev: 0.561781 0.561781 0.685587 0.742944
volume: 0.00265391 0.00265391 0.00125757 0.00642327

ratio: 1.0662 1.0662 1.12641 1.17855

Table 1: This table summarizes the results of the quantity variation test. The number of the left specifies the number of
cameras. The average angular difference, standard deviation, volume of computed isosurface and ratio of longest side to
shortest are shown for each dataset. The isovalue used was .05 for the first three and .07 for the random dataset.



Circle Half Circle Line Random

No deviation

avg: 0.527882 0.522174 0.645524 0.751512
std dev: 0.56249 0.563417 0.708763 0.783435
volume: 0.0023809 0.00267865 0.00125326 0.000482449

ratio: 1.01968 1.05004 1.0874 1.04662

1% deviation

avg: 0.527878 0.522162 0.645536 0.751498
std dev: 0.562482 0.563408 0.708769 0.783424
volume: 0.00237845 0.0026811 0.00125085 0.000486696

ratio: 1.01968 1.04973 1.08736 1.04631

2% deviation

avg: 0.527868 0.522209 0.645506 0.751586
std dev: 0.562472 0.563428 0.708735 0.783473
volume: 0.00237359 0.00267735 0.00125663 0.000462875

ratio: 1.01971 1.04828 1.08763 1.04715

5% deviation

avg: 0.528048 0.522462 0.645517 0.75177
std dev: 0.56243 0.563518 0.708609 0.783398
volume: 0.002311 0.00259049 0.00124844 0.00043634

ratio: 1.0192 1.04716 1.08547 1.05027

10% deviation

avg: 0.527947 0.522411 0.645568 0.751707
std dev: 0.562382 0.563475 0.70864 0.783612
volume: 0.00215049 0.00241733 0.00122701 0.00036989

ratio: 1.01934 1.0489 1.08799 1.05199

20% deviation

avg: 0.528365 0.522128 0.646081 0.752253
std dev: 0.562927 0.563568 0.709303 0.784296
volume: 0.00156354 0.00180613 0.000955322 7.99379e-05

ratio: 1.02129 1.05061 1.09058 1.10489

Table 2: The results of the feature matching variation test are shown in this table. The number to the left specifies the
distance the feature position was moved (in percent of the image plane size). The metrics are average angular difference,
standard deviation, volume of computed isosurface and ratio of longest side to shortest. The value used for isosurface
generation was .05 for the first three and .07 for the random dataset.



Circle Half Circle Line Random

No variation

avg: 0.527882 0.522174 0.645524 0.751512
std dev: 0.56249 0.563417 0.708763 0.783435
volume: 0.0023809 0.00267865 0.00125326 0.000482449

ratio: 1.01968 1.05004 1.0874 1.04662

1% variation

avg: 0.527914 0.521896 0.645527 0.751479
std dev: 0.562515 0.563076 0.708759 0.783394
volume: 0.00232944 0.00265082 0.00123274 0.00045779

ratio: 1.01981 1.04861 1.08801 1.05031

2% variation

avg: 0.528779 0.522575 0.645852 0.752859
std dev: 0.562143 0.56303 0.708272 0.783398
volume: 0.00226124 0.00255342 0.00113491 0.000380995

ratio: 1.0184 1.04801 1.08931 1.06407

5% variation

avg: 0.528701 0.524552 0.645867 0.752564
std dev: 0.563104 0.566056 0.709013 0.784376
volume: 0.00104848 0.00192323 0.000834126 1.91289e-05

ratio: 1.02162 1.04743 1.10199 1.25641

10% variation

avg: 0.535155 0.527038 0.648215 0.760499
std dev: 0.563864 0.564688 0.70717 0.786207
volume: 0.00186295 0.00212757 0.000774749 4.02657e-05

ratio: 1.0162 1.04197 1.09024 1.11914

20% variation

avg: 0.534394 0.533659 0.648008 0.751312
std dev: 0.581253 0.583415 0.717977 0.799657
volume: 0.00428207 0.00501729 0.00317625 4.02657e-05

ratio: 1.02523 1.06293 1.10134 1.11914

Table 3: This table displays the results of the principal ray variation test. The number to the left specifies the distance in
percent of the image plane size that the principal ray moved from the center of the image. For each camera configuration
the average angular difference, standard deviation, volume of computed isosurface and ratio of longest side to shortest are
presented. The isovalue used was .05 for the first three and .07 for the random dataset.



Circle Half Circle Line Random

No increase

avg: 0.527882 0.522174 0.645524 0.751512
std dev: 0.56249 0.563417 0.708763 0.783435
volume: 0.0023809 0.00267865 0.00125326 0.000482449

ratio: 1.01968 1.05004 1.0874 1.04662

1% decrease

avg: 0.527935 0.522211 0.645545 0.751658
std dev: 0.562531 0.563434 0.708774 0.783515
volume: 0.00237858 0.00268498 0.00124708 0.000470487

ratio: 1.01968 1.04834 1.08733 1.04702

2% decrease

avg: 0.52799 0.522249 0.645567 0.751805
std dev: 0.562572 0.563452 0.708785 0.783595
volume: 0.0023761 0.00267954 0.00124082 0.000458135

ratio: 1.01969 1.04819 1.08727 1.04747

5% decrease

avg: 0.528048 0.522363 0.645631 0.75177
std dev: 0.56243 0.563507 0.708818 0.783398
volume: 0.002311 0.00266339 0.00122166 0.00043634

ratio: 1.0192 1.04777 1.08711 1.05027

10% decrease

avg: 0.528436 0.522558 0.645741 0.753015
std dev: 0.562917 0.563605 0.708877 0.784287
volume: 0.00236528 0.00263361 0.00119003 0.000354125

ratio: 1.01818 1.0476 1.08628 1.05595

20% decrease

avg: 0.529026 0.522968 0.645969 0.754601
std dev: 0.563386 0.56382 0.709003 0.785261
volume: 0.00232709 0.00257949 0.00112273 0.000215813

ratio: 1.01814 1.04797 1.08477 1.10781

Table 4: The focal length variation test results are summarized in the table above. The number on the left specifies the
percent decrease in focal length. The average angular difference, standard deviation, volume of computed isosurface and
ratio of longest side to shortest are shown for each dataset. The value for isosurface generation was .05 for the first three
and .07 for the random dataset.


