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Appendix A

Rotation Averaging

Let R = {Rij , i = 1, ..., N, j = 1, ..., M } be the absolute camera rotations, where Rij denotes the rotation of j th camera in
the ith generalized camera; {Rj1 } be the camera rotation transformations between reference camera Ci1 and camera Cij .
Then, for the camera Cij , the corresponding rotation Rij is calculated by:
Rij = Rj1 Ri1 .

(A1)
Rpq
ij

Given the essential matrix estimated by 5-point algorithm, pairwise relative rotation estimate
between a matched
image pair: camera Cij and camera Cpq , could be obtained by matrix decomposition. Ideally, the following relationship
between the relative rotation and the absolute rotations should be satisﬁed:
j
q
T
T
Rpq
ij = Rpq ∗ Rij = R1 Rp1 (R1 Ri1 ) .

(A2)

Since every edge in EG forms such a constraint, then an over-determined equation system is obtained as EG always consists
of redundant edges. However, since the erroneous pairwise geometry estimates are inevitable, we perform the rotation
averaging in an Iterative Reweighed Least Square (IRLS) manner. The coarse initial camera rotations of reference cameras
{Ri1 , Rp1 } deﬁned under the ECEF coordinate system are obtained from initial compass angles (tilt and twist angles are
initialized with zero degrees), and the initial coarse camera rotation transformations in the generalized camera {Rj1 , Rj1 }
are obtained from the cameras pre-conﬁguration 1) . Then, the rotation averaging problem in the lth iteration is to ﬁnd a
set of reference camera rotations and rotation transformations to satisfy the following cost function as much as possible:
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Note that the rotation transformation {R11 } is set to the identity matrix. In our work, the weighting function wij
is deﬁned
as a 0-1 function:
{
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where ϵpq
= ∥Rpq
Rp1 (Rj1 Ri1 )T ∥F , and τ1 is an adaptive threshold. In order to make it possible for all
ij
ij − R1
the common cameras to be reﬁned in the same optimization, the minimum spanning tree (MST) of the EG is ﬁrstly
constructed. Then, we ﬁnd the largest residual of its edges and denote it by maxmst . Hence in our work, we set τ1 =
max{0.5, 1.2 ∗ maxmst }. When the threshold τ1 is not changed between two consecutive iterations, our rotation averaging
is considered as reaching the convergence.
After minimizing Eq. A3, the rotation transformations {Rj1 } and the rotations of reference camera {Ri1 } are obtained.
Then, all of the absolute camera rotations {Rij } could be computed through Eq. A1.

* Corresponding author (email: shshen@nlpr.ia.ac.cn)
1) For most of the multi-camera systems, coarse relative orientations of the common cameras are usually known in
advance. For example in the street-view capturing system, the cameras are always evenly placed to cover the 360◦ ﬁeld of
view. Thus, the coarse rotation transformation could be obtained and considered as a good initialization for the optimization.
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Scene Reconstruction

Let T = {Tij , i = 1, ..., N, j = 1, ..., M } be the absolute camera locations, and Tj1 be the centers transformations in the
generalized camera. Given the reference camera centers Ti1 (initialized by geotags) and rough camera center transformations
Tj1 2) , the locations of cameras Cij is computed by:
j
Tij = RT
i1 ∗ T1 + Ti1 .

(B1)

Then, in each generalized camera, given the intrinsic parameters of the reference camera, including focal length f1 , and two
radial distortion parameters k11 , k21 , the intrinsic parameters of the other cameras j = 2, ..., M are deﬁned as:
fj = f1 + ∆fj .
[

k1j
k2j

]

[
=

k11

]

k21
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∆k2j

(B2)
]
.

(B3)

where ∆fj denotes the focal length diﬀerence between the j th common camera and the reference camera, ∆k1j and ∆k2j
denote the radial distortion parameters diﬀerences between the j th common camera and the reference camera. Thus, given
the camera rotations Rij and initial intrinsic parameters (focal length could be obtained from EXIF tag), we get the initial
projection matrix of each common camera P = {Pij }.


fj 0 0



Pij = Kij Rij [I −Tij ] = 
(B4)
 0 fj 0 Rij [I −Tij ].
0 0 1
Then, for each track, we estimate the angles of all pairs of rays that could be used to triangulate the 3D point, and ﬁnd
the image pair having maximal angle of separation θmax . For the robustness concern, a 3D point is ignored if either one
of the following two criteria is violated: (1) θmax is larger than a threshold γ1 ; (2) the average reprojection error across
all visible images is greater than γ2 pixels. (in our work, γ1 = 2.5◦ and γ2 = 10% of the maximal image dimension).
Based on the camera projection matrix P and predicted 3D points X = {Xh , h = 1, ..., H}, where H is the number of
feature matching tracks, the discrepancy between the measured 2D image point locations x = {xijh } and projections of the
predicted 3D scene points is minimized subsequently. Here, the reprojection function γ(Pij , Xh ) is deﬁned as:
γ(Pij , Xh ) = fj (1.0 + k1j ∗ r2ijh + k2j ∗ r4ijh )rijh .
[
s.t.

λijh ∗

rijh
1.0

(B5)

]
= Rij (Xh − Tij ).

(B6)

Furthermore, since there are outliers in the tracks, we use a robust Huber function on the reprojection error. Thus, our
bundle adjustment is formulated as:
N ∑
M ∑
H
∑

δijh ∗ (γ (Pij , Xh ) − xijh )huber .

(B7)

i=1 j=1 h=1

where N is the number of generalized cameras, M is the number of common cameras in each general camera system, and H
is the number of image feature matching tracks. δijh is set to 1 if the 3D point Xh is visible to the j th common camera in
the ith generalized camera, otherwise set to 0. The parameters in Eq. B7 mainly consist of three parts: (1) rotations (DOF
is 3(N + M - 1)), including the reference camera rotation Ri1 and inside rotation transformation R1j ; (2) centers (DOF is
3(N + M - 1)), including the reference camera centers Ti1 and inside centers transformation Tj1 ; (3) intrinsic parameters
(DOF is 3 + 3(M - 1)), including the reference camera intrinsic parameters f1 , k11 , k21 , and the intrinsic diﬀerences ∆fj ,
∆k1j and ∆k2j .
It should be noted that gross tracks are directly regarded as outliers in the triangulation process, according to their
triangulation angle and average reprojection error. However, since the initial camera parameters are noisy, some real tracks
inliers could be considered as outliers, and some outliers could also be initially considered as inliers. In this work, the
triangulation and bundle adjustment are carried out repeatedly to achieve the goal of making more real tracks inliers into
the bundle adjustment. For the eﬃciency concern, the process is stopped when the ratio of the change of the kept tracks
between two consecutive iterations is less than 1.0%. Although the bundle adjustment is considered as the most timeconsuming part in the SfM solving, we ﬁnd that the iteration times of our bundle adjustment is always less than 5 in all
our experiments, hence the time-cost of our iterative bundle adjustment is acceptable.

Appendix C

Experiments

Since the reconstruction results are susceptible to the inﬂuence of many unpredictable factors, such as the accuracy of
initial transformations and the cleanness of tracks, it is nearly impossible to conduct synthetic experiments to simulate
realistically. Instead, we validate our reconstruction method on real image datasets.
2) For most of the multi-camera systems, the common cameras are always placed closely. Thus, in our work, the coarse
initial camera center transformations are set to [0, 0, 0].
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Speciﬁcations of image datasets.

Dataset

# of images

(N)

(M)

Capturing platform

GPS accuracy

compass accuracy

SV1

1504

376

4

Street View Car

2–3m

5-10◦

SV2

3270

545

6

Street View Car

2–3m

5-10◦

OBL

3720

744

5

Unmanned Aerial Vehicle

3–5m

5-10◦

Appendix C.1

Datasets and Comparison Methods

Two kinds of real images, including: (1) images captured by a street view car; (2) oblique airborne images captured by
an UAV, are used, and their speciﬁcations are listed in Table C1, in which the GPS are used to initialize the locations of
reference camera centers and the compass angle are used to initialize the reference camera rotations. For all the datasets,
the initial diﬀerence of focal length can be easily obtained from image EXIF-tags and the initial radial distortion k11 , k21
of the reference camera are set to [0, 0]. In addition, the initial centers transformations Tj1 are set to [0, 0, 0], and the radial
distortion diﬀerences [∆k1j , ∆k2j ] are set to [0, 0].
In particular, for the dataset SV1, the camera pointing to front is selected as the reference camera, and the initial rotation
transformations of the other 3 common cameras are computed by respectively rotating about 90, 180, 270 degrees around
Z axis. Note that our global X-Y-Z axis is the same as ECEF coordinate system, which is usually called ‘east-north-up’.
For the dataset SV2, the camera pointing to front is selected as the reference camera. Then, in a generalized camera, the
other 5 common cameras includes four cameras respectively rotating about k ∗ 72, k = 1, 2, 3, 4 degrees around Z axis and
a camera pointed to the sky. For the dataset OBL, we select the camera with a vertical down direction as the reference
camera. Then, in a generalized camera, the initial rotation transformations of the other 4 common cameras are computed
by respectively rotating about ±45 degrees around X axis and ±45 degrees around Y axis. All the experiments are carried
out on a single desktop PC running Ubuntu 12.04 operating system with Intel Xeon E5-2603 2.50GHz CPU (4 cores) and
16G memory space.
We compare our method with both a state-of-the-art incremental SfM approach, Bundler [1], and a lately representative
global SfM approach, Cui et al. [2]. For comparison criteria, both scene structures and camera poses are assessed. Gross
calibration errors, such as unreasonable camera centers and evident artifacts are the direct indicators of algorithms′ inadequacy. For the quantitative comparsion, we evaluate the estimated centers transformations to the ground truth which are
obtained manually.
Moreover, the running-times spent by the reconstruction approaches, setting aside the features detection and matching
module, are recorded to compare the computational load. For the fairness concern, the bundle adjustment in the Bundler [1],
Cui et al. [2] and our method are all performed using a state-of-the-art nonlinear least squares package Ceres-Solver [3]. We
use default solver settings, except that we set the linear solver to be the Sparse-Schur method.

Appendix C.2

Comparison and Evaluation

Fig. C1 shows the reconstruction results produced by the Bundler [1], Cui et al. [2] and our method on the dataset SV1.
From the area marked by the blue eclipses, we could see that our reconstructed scene is more complete than that by Cui
et al. [2]. In addition, from the calibrated camera poses in the area marked by the red squares, the poses calibrated by our
method are apparently better and more reasonable than those produced by the other two methods.
The reconstructed scene and calibrated camera poses on the dataset SV2 are showed in Fig. C2. Clearly, the reconstruction result produced by Bundler [1] is not complete, while more complete scenes are reconstructed by Cui et al. [2] and
our method. Considering the calibrated camera poses in the last row of Fig. C2, some gross errors, e.g. irregular camera
centers, appeared in the results produced by Bundler [1] and Cui et al. [2], while our result is more reasonable. Fig. C3
shows the results on the dataset OBL. The reconstruction results produced by these three methods are similar, while some
calibration errors occurred in the results of Bundler [1] and Cui et al. [2]. For example, within the blue rectangles of the
last row of Fig. C3, an unreasonable camera center (sudden jump) appears in the result of Cui et al. [2] and a camera is
left uncalibrated by Bundler [1].
In sum, in terms of the qualitative comparison, our method outperforms the other two state-of-the-art approaches.
Especially for the locations of camera centers, our result is more reasonable. The reason mainly owes to the used generalized
camera model, which is naturally integrating the imaging prior info, i.e. capturing mode, into the image calibration process.
As a result, our optimization model reﬂects closely to the real capturing model. Fig. C4 shows an example of the enlarged
version of our calibrated generalized camera model on three datasets, from which we can see that the calibrated camera
placements are very close to real conﬁgurations.
To evaluate the accuracy of calibration, we compare the estimated centers transformations with the ground truth transformations. For the OBL, the locations of the ground-truth centers transformations are obtained manually (error under
5cm) with the help of ground control points measured by diﬀerential GPS. We use RANSAC to estimate a 3D similarity
transformation between the generalized camera locations and their ground truth coordinates. With the best found transformation, our calibration result has a median error of 0.061 meter, which is much smaller than 5.20 meter in Bundler [1]
and 4.16 meter in Cui et al. [2].
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Figure C1 This ﬁgure illustrates a qualitative comparison on SV1, where the colored cones denote the calibrated camera
poses. The ﬁrst row shows the top-view of the reconstruction result respectively produced by Bundler [1], Cui et al. [2] and
our method. To better compare the reconstruction result, blue eclipses marking a same scene area are showed in the ﬁrst
row. In addition, the enlarged version of calibrated camera poses in the red squares are showed in the last row.
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Cui et al. [2]
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Figure C2 This ﬁgure illustrates a qualitative comparison on SV2, where the colored cones denote the calibrated camera
poses. The ﬁrst row shows the top-view of the reconstruction result respectively produced by Bundler [1], Cui et al. [2] and
our method. To better compare the camera poses calibrated by Cui et al. [2] and our method, the enlarged version of the
red rectangles are showed in the last row.
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Figure C3 This ﬁgure illustrates a qualitative comparison on OBL, where the colored cones denote the calibrated camera
poses. The ﬁrst row shows the top-view of the reconstruction result respectively produced by Bundler [1], Cui et al. [2] and
our method. To better compare the calibrated camera poses, the enlarged version of red rectangles marking a same area
are showed in the last row, in which blue rectangles mark a subarea for detailed comparison.

(a) SV1

(b) SV2

(c) OBL

Figure C4 This ﬁgure shows the cameras placement of calibrated generalized camera model, where the colored cones
denote the calibrated camera poses. (a) shows the four-camera street view capturing system of SV1, (b) shows the six-camera
street view capturing system of SV2, (c) shows the ﬁve-camera oblique airborne photogrammetry system of OBL.
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Table C2 Comparison with Bundler [1], Cui et al. [2] in terms of the reconstruction running-times. (#) denotes the
number of calibrated images by the corresponding method.
Dataset

Bundler [1]

Cui et al. [2]

Ours

SV1

12.1 hours (1003)

0.92 hours (1504)

0.31 hours (1504)

SV2

14.1 hours (1035)

3.41 hours (3270)

0.75 hours (3270)

OBL

101.3 hours (3710)

3.53 hours (3720)

0.81 hours (3720)

Appendix C.3

Time Eﬃciency and Scalability

Table C2 shows the time eﬃciency comparison among the three methods. The result shows that in our three datasets, there
are always some uncalibrated images left by Bundler [1]. In addition, with our proposed formulation of generalized camera
model, our method is about three times faster than the global SfM method Cui et al. [2] on dataset SV1, while about four
times faster on the datasets SV2 and OBL. The main contributor is our fast bundle adjustment compared to those in the
other two methods. Note that since the time-cost of bundle adjustment is closely related to the number of parameters in
the optimization, the time eﬃciency of our method is inherently faster than the conventional method due to the reduced
parameters in optimization.
Theoretically, the number of parameters in our bundle adjustment is 6N + 9M − 6. Thus, the ratio of the number of the
parameters in our method to that in the Bundler [1] or Cui et al. [2] is:
(
)
(
(
) )
6N + 9M − 6
2
1
1
2
1
3M
r=
1−
+
=
1+
−1
.
(C1)
=
9N M
3M
N
N
3M
2
N
As a result, when the number of generalized cameras N is ﬁxed, the ratio could also be reduced by increasing M , and when
the number of cameras M in a generalized camera is ﬁxed, the ratio could also be reduced by increasing N . For example,
for SV1, the ratio of the number of the parameters in our method to that in the other two methods is 16.9%, while the ratio
in SV2 and OBL is respectively 11.3% and 13.5%. Thus, the number of parameters in our method is far less than that in
Bundler [1] and Cui et al. [2]. In conclusion, in terms of the computational eﬃciency, our method has a better scalability
than the other two state-of-the-art SfM methods: Bundler [1], Cui et al. [2].
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