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Abstract

The use of 360 degree cameras, enabling one to record
and share full-spherical 360◦×180◦ view without any crop-
ping in the viewing angle, is on the rise. Shake in such
videos is problematic, especially when used in conjunction
with VR headsets causing cybersickness to the viewer. The
current state-of-the-art video stabilization algorithm [17]
designed specifically for 360 degree videos considers the
special geometrical constraints in such videos. However,
the specific steps in the algorithm can abruptly change the
viewing direction in a video leading to unnatural experi-
ence for the viewer. In this paper, we propose to fix this
anomaly by the use of L1 smoothness constraints on the
camera path, as suggested by Grundmann et al. [7]. The
modified algorithm is generic and our experiments indicate
that the proposed algorithm not only gives a more natural
and smoother stabilization for 360 degree videos but can be
used for stabilizing normal field of view videos as well.

1. Introduction

Advances in processor and sensor technologies have en-
abled 360 degree cameras to shrink and become afford-
able. This has made their usage practical for wider con-
sumer adoption. The 360 degree cameras typically record
full-spherical 360◦ × 180◦ view without any cropping, thus
giving unmatched freedom to a videographer to focus on
experiencing the moment rather than worrying about the
camera capturing direction (Fig. 1). On the other hand,
the viewers are also free to explore the viewing perspective
of their choice using a keyboard based input or by simply
moving their head while wearing a VR headset. Infact, one
of the reasons for the popularity of 360 degree videos could
also be attributed to virtual reality (VR) systems becom-
ing mainstream. 360 degree videos are by far one of the
most popular forms of content for such devices. Availabil-
ity of commodity cameras such as Ricoh Theta, Samsung
Gear 360, Giroptic and viewing interfaces on popular con-
tent distribution websites like YouTube and Facebook have
only helped further.

While, recording and viewing of 360 degree videos is

Figure 1: 360 cameras capture the entire 360 degree field of
view (FOV) around them, as shown in the equirectangular
view on the top. The bottom four perspective FOV images
are obtained by resampling the full 360 frame on the top.
360 video players allow the user to select the desired FOV
through an interactive UI, or via their head motion in VR
headsets. However, a videographer may want to drive the
user’s focus towards a desirable FOV by intentionally con-
trolling the camera orientation during capture.

fairly easy now, the processing of such videos for opti-
mal viewing experience is still a challenge. In the last
few years alone, researchers have addressed problems rang-
ing from inpainting [34, 33, 16], tracking [3], stereo [26],
virtual reality[9], upright adjustment [10], visual odome-
try [35], background estimation [15], to hyperlapse [19],
and stabilization [12, 17]. Some of the novel applications
specific to 360 degree videos have been explored as well
[31, 30, 8, 32, 14]. For example, researchers are developing
new algorithms to navigate in 360 degree videos. The algo-
rithms help a viewer decide where and what to look at by
controlling the direction of virtual camera [31, 30, 8, 32].

In this paper, we focus on the problem of 360 video stabi-



Figure 2: Demonstration of our 360 stabilization technique on OFFICE sequence. Top row: frames from input sequence.
Middle row: Frames from our stabilized sequence. Bottom row: Result from our implementation of Kopf et al.. First
column shows a frame from the beginning of sequence. 2nd column shows a frame 5 seconds into the sequence. The last
column shows feature tracks computed over the respective sequence overlaid onto the frame from the 2nd column. Notice
that the feature trajectories from our result and Kopf et al.’s result are smooth, indicating successful stabilization (as opposed
to the input trajectories, which are jittery) – the color of the trajectories indicates whether they agree with the dominant
(background) feature motion in the frame (green), or are likely to be outliers or foreground (red); hence greener trajectories
tend to be more relevant in evaluating smoothness. The distinguishing feature of our approach is that our result preserves
the original intended camera path (demonstrated by the person staying in the middle of the frame), even while achieving
stabilization. Kopf et al.’s approach on the other hand, eliminates all camera rotation, which may cause it to deviate from the
intended camera path (the person moves to the side of the frame in this example). Note that, looking at the output of Kopf et
al. from a VR headset, a wearer will experience taking a turn and start looking sideways.

lization. Stabilization is a standard problem for narrow field
of view (NFOV) videos, but becomes even more acute for
360 degree videos. The 360 degree videos are usually con-
sumed through VR headsets, where viewing shaky videos
can even lead to physical discomfort, known as ‘cybersick-
ness’ [13]. Most existing state of the art stabilization tech-
niques are designed with NFOV videos in mind and cannot
be translated to the spherical wraparound view in 360 de-
gree videos.

In some aspects, video stabilization is an easier problem
for 360 degree videos. A simple algorithm, which stabilizes
the viewing direction by warping every frame to the refer-
ence frame using the estimated frame to frame homogra-
phy, may be sufficient in many cases. This is not a desirable
technique for NFOV videos instances because of excessive
cropping it may lead to. In 360 degree videos, cropping
is not a concern since we have full spherical view avail-
able. In fact, Kopf et al.[17] has proposed a technique very
similar to the above outline, specifically for 360 degeree
videos. They first compute 3D rotations across the entire
sequene, and once estimated, each frame is simply warped
to the reference frame using this computed transformation.

Their technique leads to excellent results, but has a prob-
lem whenever the videographer takes a large turn. Because
of alignment with the reference frame direction, the output
video now awkwardly starts looking sideways.

In our work, we specifically address this issue of broadly
preserving the videographer’s intended camera orientation
in the stabilized video. This requires computing a stabi-
lized camera orientation path that does not deviate signif-
icantly from the original orientations. To achieve this, we
solve a constrained optimization problem over camera ro-
tations. Our approach is inspired by the work of Grund-
mann et al. [7]. However, while their formulation optimizes
over 2D linear transformations that can be solved using lin-
ear programming techniques, we optimize over 3D camera
rotations using non-linear optimization over quaternions.

Contributions: We propose a novel algorithm for 360 de-
gree video stabilization that computes the optimal 3D cam-
era rotations for stabilization, without destroying the orig-
inally intended camera orientation. We find 3D rotations,
first between keyframes and then between each consecutive



frames, as suggested by Kopf et al.[17]. However, rather
than warping to reference frame, we use the computed 3D
rotations, and stabilize the camera orientation by minimiz-
ing the first, second, and third derivatives of the resulting
camera path. Warping to this smooth camera path keeps
the output video view point near to original even when the
videographer takes a turn. Figure 2 compares an output
from our algorithm with that of Kopf et al.. It may be noted
that the idea of computing steady optimal path based upon
3D rotations rather than homography is itself novel and can
be applied to regular NFOV videos as well. Though, our
focus is on 360 degree videos, we show some experiments
on such videos as well.

2. Related Work
Stabilization techniques generally vary on the spectrum

of flexibility and robustness. Simpler 2D techniques based
on smoothing linear models [25] or fitting linear cam-
era paths [4] trade off flexibility for robustness, while 3D
approaches based on SfM [20, 18] or image-based ren-
dering [2] can be more expressive but prone to failure
cases. Hybrid approaches include imposing subspace con-
straints [21] from 3D to 2D domain, or use of models that
extend to 2.5D via homographies [7] or homography mix-
tures [6]. Higher flexibility is achieved by increasing the
degrees of freedom, e.g. by mesh warps [21, 5, 22] or going
to dense flow fields [23]. Ringaby and Forssen [28] employ
3D rotations for rolling shutter removal and stabilization
of cell-phone videos, using matrix averaging for temporal
smoothing.

Stabilization for 360 degree videos necessitates 3D esti-
mation, which is needed for spherical warping, making the
problem challenging. Past work is based on frame-to-frame
estimation of relative rotation [13] or use omnidirectional
SfM [11]. More recently, Kopf et al. [17] have suggested a
simple video stabilization technique for 360 degree videos
by first finding 3D rotations between certain pairs of con-
secutive key frames. For the intermediate frames, an opti-
mization technique is used to maximize feature trajectory
smoothness, coupled with a deformed-rotation model. The
latter allows handling some degree of translational motion,
parallax, lens deformations, and rolling shutter wobble. We
employ this approach for estimating rotations in our work.

Our approach for camera motion smoothing is inspired
by [7]. They compute optimal steady camera paths, within
an optimization framework, by moving a crop window of
fixed aspect ratio along this path while minimizing an L1-
smoothness constraint based on the cinematography princi-
ples. Their formulation is limited to 2D linear transforma-
tions, which allows for solutions via linear programming.
We extend this path optimization approach to work for 3D
rotations and 360 videos, by using a quaternion-based rep-
resentation, coupled with a non-linear solver.

Figure 3: Left: A sample frame from a 360 degree video in
equirect format. Note the distortions near the pole. Right:
Corresponding cubemap representation. Each face image is
equivalent to one taken from a pinhole camera.

3. Tracking and Estimating Camera Pose
3.1. Cubemap Representation

360 degree videos are usually represented in an equirect
format. This format is suitable for viewing but hard to pro-
cess using computer vision techniques. For processing by
our algorithm, we convert it to a cubemap representation.
The representation is obtained by projecting the viewing
sphere to the six faces of a unit cube. Each face is equivalent
to an image captured by a pinhole camera at the center of
the cube having a unit focal length. The face images follow
the standard epipolar geometry and most of the computer
vision algorithm for camera pose estimation can be applied
to these images. Figure 3 shows a sample equirect image
and its corresponding cubemap representation.

3.2. Tracking and KeyFrame Pose

We track GFTT [29] features between a pair of cubemaps
using LK tracker [24] and some minor additional consis-
tency checks for robust tracking. We track features points
on each face of the cubemap independently. It is possible
that feature points near the boundary of a face becomes vis-
ible in an adjoining face in the next frame. The proposed
independent face tracking loses track for such features. We
note that it is possible to come up with a more complicated
feature tracking to track such features also, but, experimen-
tally, did not feel the need to do so.

The tracked features points are converted to a 3D vector
representation (assuming a unit cube, i.e. z = 1), and trans-
formed to the coordinate system of a reference face, chosen
arbitrarily. The tracked 3D points from all faces are then
jointly fed into a RANSAC based camera relative pose esti-
mator [27]. We discard the relative translation returned by
the pose estimator and only use the rotation component for
our computation ahead.

As noted by Kopf et al.[17] also, the relative motion and
the parallax between two consecutive frames may be small
leading to noisy estimates of the camera relative pose. We
designate certain frames as keyframes when the relative mo-
tion is large enough to estimate pose reliably. In our experi-



ments, we average the magnitude of optical flow vector and
whenever the average exceeds beyond 20 pixels, the frame
is marked as a keyframe. We estimate the relative rotation,
R̂, between each two consecutive keyframes independently,
and then chain them to compute the rotation of a keyframe

relative to the first frame as: Rki =
(∏

i R̂
−1
ki

)−1
3.3. Pose Estimation for Intermediate Frames

Direct camera pose estimation between two consecutive
frames is noisy because of lack of motion and parallax be-
tween them. Since the rotation estimation is ultimately used
to smoothen the camera trajectory, we compute the rela-
tive rotation between the consecutive frames that leads to
maximally smooth feature trajectories. To achieve this, we
divide the input frames in batches with a keyframe at the
beginning and end of the batch, and containing all the inter-
mediate frames between these two keyframes. The rotations
for all intermediate frames of a batch are computed together
by solving an optimization problem, describe below.

Similar to [17], we formulate an optimization prob-
lem containing two energy components. The first compo-
nent, Ef minimizes first order smoothness of feature tracks,
while the second, Es, minimizes second order jitter. The
complete expression for the batch with keyframes j and k
at its two ends can be written as follows:

arg minRi|i∈I

∑
i

[Ef (i, i− 1) + Es(i, i− 1, i− 2)] ,

where I is the set of intermediate frames, and R denotes
their rotation relative to first frame. Ef and Es can be writ-
ten as follows:

Ef (i, i− 1) =
∑
p∈C

f(Rip−Ri−1p), and

Ef (i, i− 1, i− 2) =
∑
p∈C

f(Rip+Ri−2p− 2 ∗Ri−1p).

Here C denotes the set of corresponding points between a
pair of frames or a triplet, as is clear from the context, and f
is some loss function penalizing non-smoothness. We have
experimented with L1 and L2 norms in our experiments.
We note that more robust functions which reduce the sen-
sitivity to outliers as used by Kopf et al. could have been
used.

In an important difference from Kopf et al.’s algorithm,
we do not create feature trajectories spanning the whole
batch. Such feature trajectories are rare. Using paired or
triplet correspondence allows us to work with many more
points making our system more robust.

Another important difference between our system and
the one by Kopf et al. is in the rotation representation. It
is not clear from their paper, but we speculate that the au-
thors have derotated the frames to the reference frame be-
fore finding the rotations for the intermediate frames. This

results in relatively smaller rotations for the intermediate
frames. In our case we do not derotate, which results in
large value of rotations with respect to the reference frame.
We observe quaternion representation of rotation to be more
stable than axis-angle representation for larger angles and
use that in our optimization problem. However, we noted
that our solver does not always maintain the required unit
magnitude for the quaternion. Therefore, we also add an
additional cost in the optimization, penalizing magnitude
divergence from the ideal value. We use Ceres solver [1]
for solving the proposed optimization problem.

4. Stabilizing 360 Degree Videos
An advantage with 360 degree cameras is that they cap-

ture the whole viewing sphere. Therefore, one can arbitrar-
ily warp the frame for stabilizing the video, without worry-
ing about the frame cropping that would happen in narrow
field-of-view videos. However, we observe that this is a
trap. Consider a scenario where a videographer is moving
forward and looking straight through a 360 degree camera.
At an intersection, the videographer makes a 90 degree turn
to the right. If one stabilizes by warping the frame to the ref-
erence, then in the output video, the viewpoint of the cam-
era will shift to looking left of the road rather than forward.
Ofcourse, a viewer can rotate the viewing perspective and
bring it back to the forward direction, but this is awkward
and degrades the experience.

Grundmann et al. have proposed a technique to stabilize
narrow FOV videos by computing an L1 optimal camera
path. They suggest finding an update affine transformation,
which when applied to the frame-to-frame transition trans-
formation of the input unstabilized video, makes the com-
posite transformation (transition times the update) smooth.
Restriction to affine allows them to convert the optimization
problem to a standard linear program. Their approach does
not apply to our case directly. Using affine transforms to
warp a 360 degree video frame in equirect representation is
geometrically incorrect. Converting to cubemap allows one
to use pinhole camera geometry but then the update trans-
forms for the six faces of the cube must reconcile geomet-
rically. We propose a new stabilization algorithm which is
inspired from the idea of smooth camera path as suggested
by Grundmann et al. However, the detailed formulation and
technique required to make it work on 360 degree video is
novel and our contribution.

4.1. Stabilizing with L1 Optimal Camera Path

It is well known that camera rotation affects video sta-
bilization more than the translation. This is because trans-
lation does not induce much optical flow in the far away
points, whereas rotation affects near and far points simi-
larly making the effect of rotational camera shake more pro-
nounced. Therefore, we propose to find a steady camera tra-
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Figure 4: Schematic comparison between approach by Kopf et al. [17] (Left) and Ours (right). In the first step both the
approaches find 3D rotation between keyframes followed by the estimation for the inner frames. In the second step, Kopf
has suggested to de-rotate the frames to reference frame. This may abruptly change the viewpoint in the output video if
videographer takes a turn. To fix the anomaly, we pose the 360 degree video stabilization problem as an optimization problem
which finds an update transformation for each frame which when applied to the frame smoothes the trajectory. Intuitively
this is equivalent to warping to the nearest smooth camera trajectory as suggested by Grundmann et al. [7].

jectory based upon rotational component and ignoring the
translation. Since, all faces of the cubemap in a 360 de-
gree video frame are constrained by the same 3D rotation,
this does not introduce any inter-face distortion. Further,
warping a face for 3D rotation does not require any depth
information of the scene, thus simplifying the analysis.

For the purpose of the following discussion, we assume
that the 3D rotations, Ri, for all the frames, keyframes and
intermediate frames, have been computed. All the rotations
are represented with respect to the first frame using quate-
rions. Some of the reasons for using quaternion over axis
angle representation has already been described in the last
section. We discuss some more later in this section. We
compute an update rotation,Bi, for each frame, which when
applied to a frame results in a smooth camera trajectory (in
terms of rotation). Specifically, we minimize the following
energy values:

• First order smoothness:

Ef =
∑
i∈I

f(RiBi −Ri−1Bi−1)

• Second order smoothness:

Es =
∑
i∈I

f(RiBi +Ri−2Bi−2 − 2Ri−1Bi−1),

where, as in pose estimation, f is a robust loss function
penalizing non-smoothness of trajectories. Here again, we
have experimented with L1 and L2 norms, however other
loss functions could have equivalently applied as well. The

overall optimization can be written as follows:

B∗ = arg minBi|i∈IλfEf + λsEs

Note that there exists a trivial solution to this problem, ob-
tained by setting Bi as the inverse of Ri. In that case, our
solution becomes the same as the one suggested by Kopf et
al. [17]. To prevent such a solution, and also to keep the up-
date transformations smaller in general, we impose an addi-
tional constraint on the maximum permissible angular rota-
tion in update transformation. Since we use quaternions as
representation for rotation matrices, where the first element
is cos(θ/2) (where θ is the angular rotation), such a con-
straint becomes simply a lower bound on the first element,
and easy to handle in any optimization problem solver.

It is important to state here that using quaternions in-
stead of axis angles for representation of rotations has an
additional signficant advantage. Our problem formulation
requires composing rotations by multiplying the 3D rota-
tion computed from camera pose estimation with the un-
known update rotation that will be estimated as part of the
optimization. For two rotation matrices, R1 and R2, rep-
resented as quaternions, q = q0 + iq1 + jq2 + kq3 and
r = r0 + ir1 + jr2 + kr3, respectively, the quaternion,
t, corresponding to their composition R2R1 can be simply
written as:

t0 = (r0q0 − r1q1 − r2q2 − r3q3)
t1 = (r0q1 + r1q0 − r2q3 + r3q2)

t2 = (r0q2 + r1q3 + r2q0 − r3q1)
t3 = (r0q3 − r1q2 + r2q1 + r3q0).



Corresponding to our optimization problem, R2 represents
the rotation from the camera pose and R1, the update trans-
formation to be computed. Since, camera pose, and thus r is
a constant in the optimization problem, the overall expres-
sion is linear in the parameters, q. In contrast, an axis angle
representation would have required complicated terms in-
volving angle sines and cosines. From the optimization per-
spective, using quaternion greatly simplifies the problem.

We use Ceres [1] to solve this optimization problem as
well. Similar to pose estimation, we need to put an extra
term in the optimization assigning a high cost to the solution
when norm of the update vector, Bi, is not identity. This is
to make sure that the returned vector is a valid quaternion
– this is the single non-linear term in the optimization other
than the robust cost function.

Figure 4 gives a schematic diagram describing key steps
of our algorithm. Along with, we show the similar steps for
the algorithm given by Kopf et al. to highlight the difference
between the two algorithms. The schematic for Kopf et al.’s
algorithm has been reproduced from [17].

5. Generalization to NFOV Videos
Many stabilization techniques for narrow FOV cameras

compute and exploit 3D camera poses, but most of them fit
the camera trajectory to simple linear or quadratic curves.
Grundmann et al.have suggested a principled technique to
automaticlly split the trajectory into portions of static, pan-
ning or constantly accelerating camera motion. However,
their technique is limited to 2D linear transformations. The
proposed approach of stabilization by smoothing 3D rota-
tions is novel by itself even for narrow FOV cameras.

Keeping this in mind, we also explore the applicability
of proposed technique for regular cameras. Figure 9 shows
one sample result. The algorithm remains exactly the same
as described for 360 degree cameras except for the fact that
the 3D rotations are now computed on a single frame rather
than over six faces together as described in Section 3 .

6. Experiments and Results
We have implemented our algorithm in C++. We use

GFTT features [29] and LK tracker [24] for feature track-
ing. Keyframes are marked whenever the average optical
flow between the frames increases beyond 20. We use our
own implementation for finding relative camera pose be-
tween keyframes which is based on Nister’s algorithm [27].
For intermediate frames we use the formulation described
in Section 3 and use Ceres [1] solver for solving the opti-
mization problem. The optimization problem for the stabi-
lization is also solved using the Ceres solver.

The implementation of Kopf et al.’s algorithm is not pub-
licly available. We use our own implementation for camera
pose estimation but warp each frame to the reference. Re-

0

1

2

3

4

5

6

1
2

1
4

1
6

1
8

1
1

0
1

1
2

1
1

4
1

1
6

1
1

8
1

2
0

1
2

2
1

2
4

1
2

6
1

2
8

1
3

0
1

3
2

1
3

4
1

3
6

1
3

8
1

4
0

1
4

2
1

4
4

1
4

6
1

4
8

1

O
ri

en
ta

ti
o

n
 a

n
gl

e 
(r

ad
ia

n
s)

Time

JOGGING sequenceOriginal

UB=0.5

UB=1

UB=2

UB=4

UB=6

0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

1

2
3

4
5

6
7

8
9

1
1

1

1
3

3

1
5

5

1
7

7

1
9

9

2
2

1

2
4

3

2
6

5

2
8

7

3
0

9

3
3

1

3
5

3

3
7

5

3
9

7

4
1

9

4
4

1

4
6

3

4
8

5

O
ri

en
ta

ti
o

n
 a

n
gl

e 
(r

ad
ia

n
s)

Time

OFFICE sequenceOriginal

UB=0.5

UB=1

UB=2

UB=4

UB=6

Figure 5: Stabilized orientation angles overlaid on the orig-
inal orientation angles over time for two video sequences
(best viewed in color). The angle for each frame is com-
puted as the magnitude of the axis-angle representation of
the rotation w.r.t the first frame. The solid blue curve cor-
responds to the original shaky orientation path, while the
remaining curves show the stabilized orientation angles cor-
responding to different upper-bounds on the stabilization
update, which limits the degree by which the original ori-
entation can be changed. The smoother curve after the sta-
bilization indicates that shake in camera orientations have
stabilized. Our video results use an upper bound UB=1 ra-
dian. At UB=6 radians, our result coincides with Kopf et
al.’s result: all frames become fully registered with the first
frame (curve merged into x axis).

sults generated using this implementation is referred to as
the output of Kopf et al.’s algorithm throughout.

We have applied our technique on select 360 degree
videos available on YouTube and have used them for test-
ing and comparisons. Figures 7 and 8 sample results on two
360 degree video sequences. Figure 9 shows a result on
a sequence from an NFOV camera. Since the advantage of
our algorithm becomes pronounced in the presence of turns,
we have chosen to highlight them in this section. We refer
the reader to supplementary material for more results.

To better visualize the effect of stabilization, we analyze
the angular rotations (with respect to the reference frame),
before and after the stabilization. Figure 5 show stabilized
orientation angles overlaid on the original orientation an-
gles over time for two video sequences corresponding to
different upper-bounds on the stabilization update, which
limits the degree by which the original orientation can be
changed. The smoother curve after the stabilization indi-
cates that shake in camera orientations have stabilized. At
UB=6 radians, our result coincides with Kopf et al.’s result:
all frames become fully registered with the first frame.

We evaluate our approach quantitatively by analyzing the
smoothness of motion trajectories computed on the videos.
We compute fresh feature trajectories over the stabilized
video, the original video, as well as for Kopf et al.’s result.
We then compute the first, second and third-order smooth-
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Figure 6: Cumulative Distribution Functions (CDF) for the first, second and third order smoothness of feature trajectories,
corresponding to the OFFICE video from Figure 2. We compare against the original video as well as Kopf et al.’s result.

Figure 7: Stabilization result on JOGGER sequence. 1st (top) row: select frames from input sequence. 2nd row: our sta-
bilization result – frames do not deviate too far from the original, preserving the intented camera motion. 3rd row: jittery
feature tracks computed from input sequence. 4th row: smooth feature tracks computed from our stabilized sequnce. 5th
row: Kopf et al.’s result – frames deviate from original camera path, turning by a large angle relative to the original path.

ness costs, defined as the norm of the corresponding tempo-
ral derivates of the feature trajectories, and plot the cumula-
tive distribution functions (CDFs) of these costs. As shown
in Figure 6, the original video has the highest costs, Kopf et
al. has the lowest, while our costs fall in the middle. This
is expected, since unlike Kopf et al., we do not completely

eliminate the frame rotation. Interestingly though, the gap
between ours and Kopf et al.’s CDFs decrease when com-
paring second and third order costs. This happens because
the first-order cost measures perfect registration, which we
do not strive for, while the second and third order costs mea-
sure smoothness of the motion, where we do well.



Figure 8: Stabilization result on SKATEBOARD sequence. 1st (top) row: select frames from input sequence. 2nd row: our
stabilization result. 3rd row: Kopf et al.’s result. In the original sequence, the user makes a U-turn. Kopf et al.’s technique
does not take that into account. As a result, the camera starts moving backwards w.r.t its original orientation (notice in the
last bottom-right frame, the building is on the right, instead of on the left). On the other hand, in our result, the camera makes
a U-turn even in the stabilized sequence.

Figure 9: Our results on an NFOV sequence. Left col-
umn shows original frames; right column shows our result,
demonstrating its usefulness in the presense of sharp 3D ro-
tations in the video – in this case, the videographer pans the
camera quickly while walking, evident by the motion of the
fountain wall on the left. We stabilize this motion reason-
ably well despite the presence of strong 3D rotation.

7. Conclusion
In this paper we have presented a new video stabiliza-

tion algorithm for 360◦ videos. Unlike the current state of

the art which may abruptly change the camera orientation in
the output whenever a videographer takes a large turn, our
approach does not significantly change the original orien-
tation, leading to a more natural experience for the viewer.
We pose the problem as warping to the closest smooth cam-
era trajectory. We make important contributions in formu-
lating the problem as an optimization over 3D rotations rep-
resented as quaternions. Though our focus is 360 degree
videos, the proposed technique is generic enough to be used
for regular narrow FOV videos as well. In future we would
like to explore a combination of 3D and 2D techniques, such
as ours and [7] respectively, for improved stabilization ac-
counting for jitter in camera translation as well.
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