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Robust Camera Pose Refinement and Rapid SfM for
Multiview Aerial Imagery—Without RANSAC
Hadi Aliakbarpour, Kannappan Palaniappan, and Guna Seetharaman

Abstract—A robust camera pose refinement approach for sequential wide-area airborne imagery is proposed in this letter.
Image frames are sequentially acquired, and with each frame, its
corresponding position and orientation are approximately available from airborne platform inertial measurement unit and GPS
sensors. In the proposed structure from motion (SfM) approach
the available approximation of camera parameters (from lowcertainty sensors) is directly used in an optimization stage. The
putative matches obtained from the sequential matching paradigm
are also directly used in the optimization with no early stage
filtering (e.g., no RANSAC). A robust function is proposed and
used to deal with outliers (mismatches). The full pipeline has been
run over a set of wide-area motion imagery data collected by an
airplane flying over different cities in the U.S. The results prove
the power and efficiency of the proposed pipeline. Effectiveness
of the proposed robust function is compared with some popular
robust functions such as Cauchy and Huber using synthetic data.
Index Terms—Bundle adjustment (BA), exterior orientation
(EO), structure from motion (SfM), 3-D reconstruction and multiview stereo (MVS).

I. I NTRODUCTION

B

UNDLE adjustment (BA) is an essential part of using
structure from motion (SfM) and multiview stereo (MVS)
computer vision algorithms for 3-D reconstruction using a set
of 2-D images. In applications such as 3-D reconstruction,
aerial photogrammetry, and computer vision, it is essential
to refine the noisy camera pose measurements in order to
enable accurate processing of the imagery data. BA is the most
popular solution and a gold standard [1], [2] to obtain precise
camera poses. It receives initial estimates of camera poses and
minimizes the errors based on some cost functions [3]. Despite
many reports presented in this old area of research, BA is still a
bottleneck in related applications.
Mostly, initial camera poses (inputs to BA) are obtained
by applying a RANSAC-based model estimation algorithm
(e.g., the five-point algorithm [4]–[6]). However, nowadays in
aerial imagery systems, these parameters are often available
and known as a priori which can be directly measured with
onboard sensors [GPS and inertial measurement unit (IMU)].
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Fig. 1. Conventional and proposed SfM (BA pipelines). (a) Conventional
SfM. Camera poses and outliers are simultaneously estimated using RANSAC.
Metadata sometimes is used as an extra constraint in optimization. (b) BA4W;
proposed SfM (BA pipeline). Metadata is directly used. No model estimation,
no explicit outlier elimination, and no RANSAC.

Nevertheless, these parameters are too noisy [7] and must be
refined before being used in the downstream processing stages
(e.g., 3-D reconstruction [6], [8], [9]).
Throughout this letter, wherever the term “BA pipeline” is
used, it refers to an end-to-end BA system (or SfM) whose
inputs are raw images and outputs are refined camera poses and
3-D point cloud. Likewise, when the term “BA” is used, it will
refer to just the optimization stage where initial camera poses
and point cloud are already available.
This letter proposes a new SfM (BA pipeline) to refine
noisy camera parameters available from platform sensors. In
the proposed approach, to be called BA4W, approximate sensor measurements are directly used as initial values for BA.
Moreover, we do not apply any early-stage filtering method
(e.g., no RANSAC nor its variations) to eliminate outliers.
A conventional SfM and the proposed one are depicted in
Fig. 1. More precisely, the contributions of this letter include
the following.
1) We show that approximate camera parameters available
from low-precision sensors in an airborne platform (GPS
and IMU sensors) can be directly deployed in a BA as
initial values (and not as extra constraints [10]–[12]),
provided that a proper robust function is used. It will
be shown that there is no need to apply any camera
pose estimation method (e.g., the five-point algorithm
[4], [7], [12]). Neither it will not be needed to apply a
filtering method such as extended Kalman filter (EKF)
[10], [11] before feeding noisy sensor measurements into
the optimization engine.
2) We demonstrate that the putative matches obtained from
a sequential matching paradigm can be directly used
as observations and initial 3-D points in the BA. We
show that there is no need to eliminate outliers before
feeding the putative matches to the optimization engine.
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For instance, there will be no need to use RANSAC or
any other explicit outlier filtering mechanism.
3) An adaptive robust function is proposed to deal with
outliers within the optimization stage. It uses information
about the quality of the 2-D feature correspondences and
is shown to be superior when compared to other popular
robust error norms such as Cauchy and Huber.
Background: In the computer vision community, camera
parameters are known as intrinsic and extrinsic. In photogrammetry, the same parameters are known as interior and exterior
parameters. Having precise values of these parameters is very
crucial for relevant applications (e.g., 3-D reconstruction). BA
is considered as the gold standard for refinement [1], [2], [13] of
camera parameters and is a widely studied problem in computer
vision, robotics, and photogrammetry dating back more than
three decades [3], [13]. A comprehensive introduction to BA
can be found in [3], which covers a wide spectrum of topics
involved in BA. Due to recent interest in large-scale 3-D reconstruction from consumer photographs as well as aerial imagery,
there have been renewed interests in making BA robust, stable,
and accurate [5], [14]–[16]. Recently, several BA methods have
been proposed, such as sparse BA [17], [18], incremental BA
[10], and parallel BA [19], [20].
There have been many reports presenting the use of GPS and
IMU measurements for refining camera parameters. However,
to our best knowledge, so far such measurements have been
mostly used as complementary values and just together with
other pose estimation methods through essential matrix estimation (in computer vision) [10], [11] or resectioning in photogrammetry. For example, in [8], [10], [11], and [21], available
GPS and IMU measurement are fused with SfM approach using
an EKF or/and as extra constraints in BA. An SfM method,
called Mavmap, is proposed in [12], which leverages the temporal consistency of aerial images and availability of metadata to
speed up the performance and robustness. In [12], VisualSFM
[19] has been considered as the most advanced and widely used
system for automated and efficient 3-D reconstruction from
2-D images. However, as stated in [12], it is not efficient for
aerial imagery and also has no integration of IMU priors.
II. B UILDING F EATURE T RACKS
In persistent aerial imagery (WAMI), flights have continuous
circular trajectories, yielding temporal consistency to the image
sequence. By leveraging the temporal consistency of the images
and using them as a prior information, we reduce the time
complexity of matching from O(Nc2 ) to O(Nc ) while not
compromising the quality of pose refinement results (Nc is the
number of cameras). This is similar to what has been recently
proposed in [12]. In this method, interest points are extracted
from each image using a proper feature extraction method.
Starting from the first frame, for each two successive image
frames, the descriptors of their interest points are compared.
While successively matching them along the sequence, a set of
feature tracks is generated. A track indicates that a potentially
unique 3-D point in the scene has been observed in a set of
image frames. The minimum length for a track is two, and it
ideally can go up to Nc . No will be used to represent the total
number of 2-D feature points (image observations), and N3D
represents the total number of tracks (3-D points). Normally,

the tracks are just used as a way to associate a set of feature
points together from which a 3-D point is estimated in the
scene. In addition to this, we consider the length of a track
j as a factor of persistency γj and use it in the optimization.
Indeed, γj is equivalent to the number of persistent covisibility
of jth 3-D point in the sequence. The intuition is that a detected
feature point is more reliable if detected over a longer period
of time in a sequence. It is analogous to say that a 3-D point
estimated from a shorter track is more vulnerable to be a
spurious point, which can adversely affect the optimization.
Therefore, with each track of features, a persistency factor is
assigned and stored. After building all tracks, the expected
 3D
value of all of the persistency factors μ = (1/N3D ) N
j=1 γj
and their standard deviation (std) σ are calculated. These two
statistical factors will be used together with the persistency
factors γj (j = 1, . . . , N3D ) within the optimization stage (see
Section III-B).
III. ROBUST P OSE R EFINEMENT
A. BA Formulation
BA refers to the problem of jointly refining camera parameters and 3-D structure in an optimal manner. Given a set
of Nc cameras, with possibly different poses (translations and
orientations) and N3D points, the BA is done by minimizing the
sum of squared reprojection errors
min

Ri ,ti ,Xj

Nc N
3D



xji − g(Xj , Ri , ti , Ki )2

(1)

i=1 j=1

where Ri , ti , and Ki are, respectively, the rotation matrix,
translation vector, and calibration matrix of the ith camera, Xj
is a 3-D point from the structure, and xji is the image coordinates (observation) of Xj in camera i. Here, g(Xj , Ri , ti , Ki )
is a projection model which maps a 3-D point Xj onto the
image plane of camera i using its related extrinsic (Ri and ti )
and intrinsic parameters (Ki ) and is defined as
g(Xj , Ri , ti , Ki ) ∼ Ki [Ri |ti ] Xj .

(2)

Usually, g(Xj , Ri , ti , Ki ) = xji is not satisfied due to noisy
parameters, and a statistically optimal estimate for the camera
parameters and 3-D points is desired. This L2 minimization
of the reprojection error involves adjusting the bundle of rays
between each camera center and the set of 3-D points which is
a nonlinear constrained optimization problem. It is equivalent
to finding a maximum likelihood solution assuming that the
measurement noise is Gaussian, and we refer to [3] and [13]
for more details. There exist various methods to solve the
aforementioned nonlinear least squares problem. Implicit trust
region methods and, in particular, Levenberg–Marquardt (LM)
methods are well known in the BA literature [15], [17].
B. Adaptive Robustifier
Automatic selection of 2-D point correspondences (tie
points) is arguably known as one of the most critical steps in
image-based multiview reconstruction [22]. Feature correspondences are usually contaminated by outliers, which is wrong
data association. Mostly, pose refinement or SfM techniques in
literature use initial estimates and then perform a refinement
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TABLE I
D ATA S ET S PECIFICATIONS AND T IMINGS FOR I NDIVIDUAL P ROCESSING S TEPS ( PER I MAGE ) AND OVERALL W ITH C OMPARISON TO T WO O THER
A PPROACHES . Nc , No , AND N3D S TAND FOR THE “N UMBER OF C AMERAS ,” “N UMBER OF O BSERVATIONS ,” AND “N UMBER OF 3-D P OINTS ,”
R ESPECTIVELY. T HE T OTAL TAKEN T IME AND PER I MAGE S PEEDS A RE P RESENTED FOR BA4W (O UR M ETHOD ), FOR V ISUAL SFM [19],
AND FOR M AVMAP [12]. T HE S PEED -U P FACTOR FOR O UR M ETHOD V ERSUS E ACH OF THE T WO O THER M ETHODS I S P RESENTED AND
H IGHLIGHTED . I N AVERAGE , BA4W I S 77 T IMES FASTER T HAN V ISUAL SFM AND 22 T IMES FASTER T HAN M AVMAP

which generally happens by iteratively applying the LM algorithm [3] on the initial camera parameters and 3-D points.
LM is highly sensitive to the presence of outliers in the input
data [22]. Mismatches can cause problem for the standard
least squares approach, and as stressed in [23], even a single
mismatch can adversely affect the entire result. They can easily
lead to suboptimal parameter estimation or inability of the
optimization algorithm to obtain a feasible solution [22], [24].
This is even more problematic for the high-resolution WAMI,
where a number of potential correspondences are enormous.
Generally, outliers are explicitly excluded from the putative
matches in very early stages and much before applying an
optimization. For example, in computer vision, a relative camera motion estimating algorithm is applied (e.g., the five-point
algorithm [4]) in which simultaneously initial camera parameters are estimated while explicitly detecting and eliminating
outliers (which happens mostly through different variations of
RANSAC). Here, we show that there is no need to apply any
explicit outlier elimination algorithm. We show that the choice
of a proper robust function is very crucial to achieve robustness
in the optimization when the initial parameters are too noisy
and outliers were not explicitly eliminated.
In Section II, it was motivated that a feature persistently
observed in successive frames along the airplane trajectory is
less likely to produce a spurious 3-D point. Inspired from the
Cauchy robust function [3], we propose a robust function which
integrates this theory by using the statistics calculated in the
feature-tracking stage



2 
2
γj
μ+σ
ρj (sj , γj , μ, σ) =
log 1 +
s2j
(3)
μ+σ
γj
where sj denotes the residual of the jth 3-D point, γj stands
for its persistency factor, and μ and σ are, respectively, the
mean and std of the persistency factors of the whole track
population. For each individual residual, its persistency factor
is normalized by being divided to the sum of the mean and
std of the population, and the result is used as a weight in
the robust function. A larger persistency factor for a track is
seen analogous to a longer covisibility period over the image
sequence (higher persistency on their continued observation
over the trajectory). Residuals belonging to a track with a longer
covisibility period (larger γj ) are favored over residuals with
shorter covisibility period (smaller γj ). Thus using (3), (1) can
be expressed as
min

Ri ,ti ,Xj

Nc N
3D



ρ (xji − g(Xj , Ri , ti , Ki ) , γj , μ, σ) .

i=1 j=1

(4)

Fig. 2. Camera trajectory for the Berkeley data set. (Left) Positions.
(Right) Looking directions.

Fig. 3. Difference between camera positions of metadata and BA4W output.
They basically indicate how much the camera positions have been corrected
after BA. (a) Albuquerque. (b) Berkeley.

IV. E XPERIMENTS
The BA4W pipeline has been implemented in C++. The
used PC has the following specifications: CPU Intel Xeon 5650,
2.66 GHz, 12 cores (24 threads), 24-GB RAM, and nVidia
GTX480/1.5 GB as the GPU. SIFT-GPU [25] has been used
for fast feature extraction. We used Ceres Solver library [26]
as a framework for nonlinear least squares estimation. Schur’s
complement, Cholesky factorization, and LM algorithm were
used for trust region step computation. The WAMI data sets (see
Table I) were collected from platform sensors of an airplane
flying over different areas in the U.S. including Albuquerque
downtown, Four hills (Albuquerque), Los Angeles, Berkeley,
and Columbia. In addition to the images, camera poses were
measured by IMU and GPS sensors (referred to as metadata).
The BA4W pipeline has been run on each data set. A nonlinear
triangulation algorithm [13] was used to estimate 3-D points.
Also, the persistency factors of the tracks and their related
statistics were computed, and used in the optimization. The
camera positions and their looking directions corresponding to
the Berkeley data set are plotted in Fig. 2. Fig. 3 depicts the
amount of corrections accomplished by BA4W on the camera
positions. As one can see, in Albuquerque, the correction value
for one of the axes (Y) is about 40 m, which indicates how
noisy the metadata were for this data set.
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Fig. 4. Representation of error values between each pair of cameras (a cell
in the plot) within one of the data sets (Albuquerque), after and before BA.
The plotted ij values were truncated once bigger than the spectrum maximum
value. Notice that, for the plots corresponding to the original metadata and
refined ones, different scales are used for better presentation. (a) (μ , σ ) =
(39.57, 33.74). (b) (μ , σ ) = (0.47, 0.12).

Fig. 4 represents the error values between each pair of
cameras (a cell in the plot) within the Albuquerque data set
before and after BA4W. For each data set, a groundtruth has
been generated by manually tracking a set of Ng points over
the image sequences. For each pair of cameras (i and j), their
mutual pose error ij is measured by
ij =

Ng
1 
d(xkj , Fij xki )
Ng

(5)

k=1

where Fij is the fundamental matrix between the image planes
of two cameras and directly computed from the camera pose
parameters, and d is the Euclidean distance between a
groundtruth point xkj (in image j) and its corresponding
epipolar line Fij xki from image i. Fig. 4 presents the ij
values plotted in different color spectra. The left and right plots
correspond to evaluation using original camera poses (from
metadata) and bundle adjusted ones (by BA4W), respectively.
The mean and std of all ij are computed and displayed under
each case. As can be seen, BA4W has been quite successful
in the pose refinement process despite taking a significantly
short running time (see Table I for more details). It is worth
mentioning that, after having the camera parameters optimized
a dense and colored point cloud can be obtained by applying a
proper dense 3-D reconstruction algorithm such as PMVS [27].
We compared our algorithm versus Mavmap [12] as a recent
SfM algorithm for sequential aerial images. Mavmap also takes
advantage of temporal consistency and availability of metadata.
The camera poses in Mavmap are initialized by estimating
the essential matrix [4] and applying a RANSAC technique to
deal with large amounts of outliers. In addition to Mavmap,
VisualSFM [19] as a state-of-the-art incremental SfM has been
run on the data sets. We initially ran VisualSFM in its sequential
matching mode, where each frame is matched just with its
next frame. VisualSFM failed to generate reasonable results by
producing several fragments of cameras, and only a fraction
of cameras could be recovered, and for the other cameras, it
failed. This observation about VisualSFM’s performance on
sequential aerial images is consistent with what was reported by
[12]. Therefore, we ran VisualSFM in its exhaustive matching
mode to get reasonable results. Table I shows the comparison
results. In these experiments, our algorithm is, in average, 77
times faster than VisualSFM, and 22 times faster than Mavmap.
Over the longest data set (AlbuquerqueFull), VisualSFM and

Mavmap took about 85 and 18 s, respectively, whereas our
method took just 0.7 s to process one frame in average.
Tolerability of BA4W in the Presence of Outliers: Generally,
in numerical optimization problems, a robust function may be
used in order to mitigate the outlier’s effect. Cauchy and Huber
[3] are two of such robust functions. In this letter, a new robust
function was proposed, which is adaptive by using the persistency factor of the tracks. In this section, the tolerability of the
proposed robust function in the presence of highly noisy camera
measurements and different amounts of outliers has been studied and compared against the Cauchy and Huber.
For groundtruth, we have generated a set of synthetic data
by using the information of a real scenario. First, BA4W
was run over the Albuquerque data set (a real data set from
Table I). Its outputs, including optimized 3-D points and camera
parameters, were taken and considered as the groundtruth.
Then, the original image observations from the real data set
are discarded. The optimized 3-D points were back-projected
onto the 215 image planes using the optimized camera parameters, in order to obtain groundtruth for image observations (invalid observations are discarded). It yields to have a
syntactic and accurate groundtruth yet quite similar to a real
scenario. Then, a percentage of outliers is added to each track.
The image observations for outliers were generated randomly
and inserted for randomly chosen cameras in each track. For
example, if a track includes 20 cameras and if the outlier
percentage was set to 60%, then 30 random camera indices,
each with a random image observation, are generated. The 20
original cameras together with the injected 30 random cameras/
observations yield to have a total of 50 image observations,
where 60% of them are outliers. The contaminated observations
(correct image points plus the outliers) were used together
with the original metadata (initial noisy camera parameters
from the original real data set, not the optimized ones) as
inputs to the numerical optimization. Within the optimization,
four different situations have been considered: 1) using no
robust function; 2) using the Huber; 3) using the Cauchy; and
4) using the proposed robust function. Two metrics are used
to evaluate each one’s performance: the RMS of reprojection
errors and the differences between the recovered camera poses
and their groundtruth. Translation errors are computed based on
the following equation:
Nc
1 

tj − tj 
Nc j=1

(6)

where  ·  defines the Euclidean norm and 
tj and tj , respectively, stand for the BA output and groundtruth related to the
jth camera. The norm of the difference/sum of the quaternions
is used as the rotation error [28]
Nc
1 
min {
qj − qj , 
qj + qj }
Nc j=1

(7)

j and qj are the quaternion representations for the BA
where q
output and groundtruth related to the jth camera. The results
are presented in Table II. The errors with acceptable values
are highlighted in yellow. As can be seen, the BA with no
robust function or with Huber has the highest error values even
when zero percent of data is contaminated. It means that just a
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TABLE II
P ERFORMANCE OF O PTIMIZATION IN THE P RESENCE OF D IFFERENT
L EVELS OF O UTLIERS . F OUR D IFFERENT ROBUST F UNCTIONS A RE
C ONSIDERED : N ONE , H UBER , C AUCHY, AND O URS . F OR A LL OF T HESE
E XPERIMENTS , THE N OISY C AMERA PARAMETERS [I NDICATED IN
F IG . 3(a)] W ERE D IRECTLY U SED IN BA. T HE E RRORS W ITH
A CCEPTABLE VALUES A RE H IGHLIGHTED IN Y ELLOW. N3D FOR T HESE
E XPERIMENTS I S 135 451

high amount of noise in the camera parameters [inputs to the
BA optimization; in this case, the noise levels are indicated in
Fig. 3(a)] is enough to fail the optimization. The Cauchy could
optimize the camera parameters in the presence of 40% outliers,
whereas the proposed robust function managed it in a much
higher outlier percentage, up to 62%.
V. C ONCLUSION
BA4W as a fast, robust, and efficient BA pipeline (SfM)
for WAMI has been introduced. It was shown that, without
neither applying a direct outliers filtering (e.g., RANSAC)
nor reestimating the camera parameters (e.g., essential matrix
estimation), it is possible to efficiently refine noisy camera
parameters in a very short amount of time. The proposed
approach is highly robust due to the proposed robust function
that is adaptive with the persistency factor of each track. The
proposed SfM is highly suitable for sequential aerial imagery,
particularly for WAMI, where camera parameters are available
from onboard sensors.
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