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Abstract
We propose a novel video upright adjustment method that can reliably correct slanted
video contents. Our approach combines deep learning and Bayesian inference to estimate
accurate rotation angles from video frames. We train a convolutional neural network to
obtain initial estimates of the rotation angles of input video frames. The initial estimates
are temporally inconsistent and inaccurate. To resolve this, we use Bayesian inference.
We analyze estimation errors of the network, and derive an error model. Based on the
error model, we formulate video upright adjustment as a maximum a posteriori problem where we estimate consistent rotation angles from the initial estimates. Finally, we
propose a joint approach to video stabilization and upright adjustment to minimize information loss. Experimental results show that our video upright adjustment method can
effectively correct slanted video contents, and our joint approach can achieve visually
pleasing results from shaky and slanted videos.
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Introduction

Smartphone cameras are always available everywhere, and action cams such as GoPro have
gained huge popularity for the past several years, so now many people enjoy shooting and
sharing videos of their activities and everyday lives. However, shooting a high-quality video
is still challenging for casual users. Videos captured by casual users often show severely
shaky and slanted contents, which not only degrade aesthetic quality but also make a video
visually uncomfortable, and sometimes even cause dizziness.
To remove camera shakes from a video, video stabilization has been extensively studied [1, 8, 9, 14, 18, 19, 20, 21, 22, 23]. On the contrary, video upright adjustment, which is
a problem to fix a slanted video, has not gained enough attention, even though slanted video
contents are another important factor that degrades aesthetic quality. For image upright adjustment, several attempts have been made. Gallagher et al. [7] and Lee et al. [17] proposed
line detection-based methods. Fischer et al. [5] proposed a convolutional neural network
(CNN)-based approach to predict the in-plane rotation angle of an image.
However, such image upright adjustment methods cannot be directly applied to a video.
Since existing methods are not 100% reliable, applying them to each video frame independently guarantees neither reliability nor temporal consistency. More importantly, these
methods sometimes produce completely wrong estimates. For example, Lee et al.’s method
may fail when edge detection fails [17]. Fischer et al.’s method can also fail due to various
1 Most of this work was done when Sunghyun Cho was at DGIST.
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reasons such as limited training datasets [5]. However, it is unclear how to detect such errors,
especially from CNNs, as they do not rely on explicit models.
In this paper, we propose a video upright adjustment method that can reliably estimate
the in-plane rotation angles of video frames and correct slanted video contents. To the best
of our knowledge, our method is the first attempt to video upright adjustment. Our method is
a three-step process that combines deep learning and Bayesian inference for reliable upright
adjustment. The first step obtains initial estimates of angles from input video using a CNN.
Initial estimates may have errors that result in an unreliable and temporally inconsistent
upright adjustment result. To resolve this, we analyze errors and derive an error model. The
second step estimates reliable and consistent angles from the initial estimates by solving
a maximum a posteriori (MAP) problem based on the error model. Finally, the third step
rotates back the input video frames by the estimated angles to straighten up slanted contents.
We also propose a simple yet effective joint solution to video stabilization and upright
adjustment. For handling slanted and shaky videos, we may apply video stabilization and
upright adjustment one after the other. However, such a naïve combination causes excessive
loss of spatial resolution as both steps trim off frame boundaries to remove invalid pixels
after warping video frames. Furthermore, it may also degrade the quality of the resulting
video, as the second step uses cropped video frames from the first step that contains less
information. To avoid excessive loss of spatial resolution and to improve the quality, our joint
approach first estimates rotation angles without rotating video frames. Then, it estimates
warping parameters for video stabilization from the uncropped input video frames reflecting
the estimated rotation angles. Finally, it warps video frames for both stabilization and upright
adjustment. As we use uncropped video frames for computing warping parameters, we can
stabilize a video more accurately while preserving more contents.
Related Work. While there have been several studies correcting rotation of still shot images,
there is no work correcting rotation of video to our knowledge. Besides [5, 7, 17], several
other works have been proposed for estimating camera orientation and correcting rotated
images. Coughlan and Yuille [3] introduced the Manhattan World assumption to estimate
the orientation of a camera from an image of a man-made environment. Since then, many
camera calibration methods [4, 15, 24, 28] have been proposed based on the Manhattan
World assumption. All these approaches detect line segments, and find vanishing lines and
points for estimating the orientation of a camera. As a result, they can fail for images without
lines consistent with the Manhattan World assumption.
Other approaches have been proposed to utilize other image properties such as textures.
Zhang et al. [29] estimate calibration parameters from textures in an image. Wang and
Zhang [27] proposed a method that detects the orientation of an image as one of the limited
set of angles {0◦ , 90◦ , 180◦ , 270◦ } using support vector machines with hand-crafted features
based on color and edge information. Joshi and Guerzhoy [11] modified the VGG-16 network to train an orientation classifier that classifies the orientation of an image into a limited
set of angles. Recently, Jung et al. [12] proposed an upright adjustment method for 360◦
spherical panorama images, which is based on line detection. For 2D images, He et al. [10]
proposed a content-preserving rotation method. Given a rotation angle, their method finds
the best mesh-based transform that minimizes the loss of contents while rotating an image,
but it has a limitation requiring prior information of a rotation angle.
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Figure 1: Image upright results. (a) Input images. (b) Photoshop upright tool. (c) Fischer et
al. [5]. (d) Our results. (e) Ground truth.
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Rotation Estimation Network

In this section, we describe our rotation estimation network, which will be used for initial
rotation angle estimation. We assume input videos of arbitrary natural scenes. To handle
a wide variety of videos, we train a CNN so that the network can estimate rotation angles
even from images without straight lines, as done in [5]. A CNN based approach has several
benefits over traditional methods: 1) it provides high accuracy as will be shown later, 2) it
can handle images without vertical or horizontal edges, 3) it is computationally efficient as it
does not involve edge detection or sophisticated optimization, and 4) it is easy to implement.
Regarding the network architecture, we modify the VGG-19 network [25], as the general
performance of the VGG-19 network is superior to that of AlexNet [16], which is used by
Fisher et al. [5]. We change the output size of the last fully-connected layer from 1,000
to 1 to produce a single regression result corresponding to the rotation angle of an input
image. For our training dataset, we sampled 110K images whose contents are upright from
the World Cities dataset [26]. We also sampled 500 images that look upright from the World
Cities dataset for our validation set. For training the network, we randomly rotated images in
our datasets from −45◦ to 45◦ , as this range can cover most videos, and training a network
for a wider range degrades the overall accuracy of the network as Fischer et al. [5] reported.
Then, the largest square-shaped region at the center of each rotated image is cropped. We
then trained the network to predict the random rotation angles used for rotating the input
images. Instead of training the network from scratch, we fine-tuned a pre-trained VGG-19
network. We used L1 loss, and trained our network using Adam optimizer [13] and stochastic
gradient descent. The trained network achieved average error of 0.7◦ on our validation set.
For more details, please refer to our supplementary material.
Fig. 1 shows examples of image upright adjustment using our rotation estimation network. As the network does not rely on straight lines, it successfully estimates rotation angles
even for the images without any straight lines (the bottom left of Fig. 1). On the contrary,
Photoshop upright tool, which is based on [17], fails to upright-adjust images on the second and third rows as it relies on explicit line detection. For comparison, we also trained
AlexNet [16], which is used in [5], with our own training dataset. The trained network
achieved average error of 3.32◦ on our validation set, which is smaller than 4.63◦ reported
in [5]. This difference can be due to different training and validation sets. Nevertheless, its
error is still larger than that of the VGG-19 based network. Some examples of AlexNet are
also shown in Fig. 1(c).
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Figure 2: (a) Failure example of rotation estimation network. Top: input frame, bottom:
rotated result by an angle estimated by the network. (b) Local areas for estimating rotation
angles. (c) Squared error vs. angle variance computed from 1,500 images. (d) Squared error
vs. angle variance computed from a video of 1,000 frames.
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Error Analysis

Even though the average error of the rotation estimation network is low, it may still fail to
estimate correct angles for various reasons (Fig. 2(a)). To measure the reliability of angles
estimated by the network, we experimentally analyze errors and derive an error model. Our
analysis starts with the following assumption: If a network produces an incorrect estimate
for an image, then it means that the image has either no reliable features or features that
contradict each other. In other words, wrong estimates are obtained from less reliable or
contradicting features, which are likely to be different in different local areas whereas local
areas should have the same in-plane rotation as the rotation is caused by a camera. Therefore,
the network will produce inconsistent angle estimates for different local areas of an image,
and we may predict the reliability of estimated angles by inspecting their consistency.
To prove the validity of our assumption, we experimentally analyze the relationship between the expectation of squared error and the variance of estimated angles from local regions of a video frame. For the analysis, we collected 1,500 images whose contents are
upright, and randomly rotated them. For each rotated image Ii where i ∈ {1, · · · , 1500} is an
image index, we cropped seven different local regions as shown in Fig. 2(b), and estimated
its rotation angle for each region using the rotation estimation network. We used large local
regions with large overlaps whose width and height are 5/6 of the height of input frames to
avoid the effect of perspective and lens distortion. We denote the estimate from each local
( j)
region by θi where j ∈ {1, · · · , 7} is a region index. Then, we computed the mean and
variance of the seven angles, which we call mean angle and angle variance, denoted by θi
and σθ2,i , respectively. We defined error ei as the difference between the mean angle θi and
the ground truth angle θigt .
Finally, we plotted points (σθ2,i , e2i ), and fitted a line by the least squares method as shown
in Fig. 2(c). The fitted line corresponds to the averages of squared errors with respect to
different angle variances, or equivalently the variances of errors assuming that errors follow
zero-mean distributions. As Fig. 2(c) shows, the fitted line has a positive slope indicating
that errors increase as do angle variances. Fig. 2(d) shows another experimental result using
a video of 1,000 frames. For each video frame, we manually annotated the ground truth
rotation angles, and performed the same process as described above. Fig. 2(d) shows a
similar trend, which proves the validity of our assumption.
Based on our analysis, we model the variance of error as a function of angle variance:

2
σerr
σθ2 = ασθ2
(1)
2 and σ 2 are the variance of error, and angle variance, respectively. α is a scale
where σerr
θ
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factor corresponding to the slopes of the lines in Fig. 2(c) and (d). While α can be directly
obtained from the lines, its absolute scale is not important in our method as will be shown
later.

4

Video Upright Adjustment

Initial angle estimation. We first obtain initial angle estimates using the rotation estimation
network from an input video of N frames. Specifically, for the t-th video frame, we crop
seven local regions as described in Sec. 3, and estimate their rotation angles using the rotation
estimation network. We compute their mean angle θto , which will be used as the initial angle
estimate for the t-th frame. We also compute the angle variance σθ2,t of the t-th frame.
Robust angle estimation. Given the initial angles θ o = {θ1o , · · · , θNo }, we estimate accurate
and temporally consistent angles θ = {θ1 , · · · , θN } from them for all video frames simultaneously. We formulate the problem as a maximum a posteriori (MAP) problem defined as:
argmax p(θ |θ o ) = argmax p(θ o |θ )p(θ )
θ

(2)

θ

where p(θ |θ o ) is a posterior distribution, p(θ o |θ ) is a likelihood, and p(θ ) is a prior. Assuming that error in each initial angle estimate follows a normal distribution with zero mean
2 (σ 2 ), we define the likelihood p(θ o |θ ) as:
and the variance σerr
θ ,t
N

2
p(θ o |θ ) = ∏ N θt − θto |0, σerr
(σθ2,t )

(3)

t=1

where N denotes the normal distribution. For temporal consistency, we define p(θ ) as:
N−1

p(θ ) =

∏N

2
ρ(θt , θt+1 )|0, 2σtemp



(4)

t=1

2
where ρ(θt , θt+1 ) is a pair-wise temporal consistency measure, and σtemp
is a parameter
to control the shape of the prior. To reflect relative rotational motion between consecutive
frames, we define ρ(θt , θt+1 ) as ρ(θt , θt+1 ) = |(θt+1 − θt ) − φt |2 where φt is the relative
rotational angle between the t-th and (t + 1)-th frames. φt can be easily estimated by feature
point matching. We use SURF [2] for feature detection and description as it is invariant
to rotation and scaling. We fit a similarity transform using RANSAC [6], and extract the
rotation angle φt from it. The effect of Eq. (4) is examined in the supplementary material.
Optimization. By applying negative logarithm to Eq. (2), we can obtain the energy function:
N

E(θ ) =

1

∑ σ2

t=1

θ ,t

N−1

|θt − θto |2 + λ

∑ |(θt+1 − θt ) − φt |2

(5)

t=1

2 . This is a simple quadratic function of θ , which can be solved efficiently
where λ = α/σtemp
2 , it can be
using the least-squares method. While λ is defined as a function of α and σtemp
2
set directly as well, as σtemp
is a user parameter. In all the experiments, we used λ = 4.0.
Warping. Once θ are obtained, video upright adjustment can be done by simply rotating
back input video frames and cropping their boundaries to remove invalid pixels. The spatial
size of a resulting video is determined by the maximum rotation angle of its input video.
While this produces satisfactory results when the maximum rotation angle is small, it may
result in excessive information loss if at least one input frame is severely rotated. To avoid
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Figure 3: (a) Bundled camera path model of [20]. (b) Overview of our joint approach.
this, we truncate angles using a pre-defined upper bound τ as θ̂t = sgn(θt ) min (|θt |, τ) where
θ̂t is a truncated angle, and sgn(·) is the sign function defined as 1 for x > 0, 0 for x = 0,
and −1 for x < 0. Input video frames are then rotated back by θ̂ instead of θ . τ controls the
trade-off between information loss and rotation correction. A small τ preserves larger areas
while a large τ straightens up more frames.

5

Joint Stabilization and Upright Adjustment

Our joint approach is built upon a state-of-the-art video stabilization method of Liu et al. [20].
We first briefly review Liu et al.’s method, and introduce our joint approach.

5.1

Bundled Camera Paths for Video Stabilization

For modeling camera paths, Liu et al. introduce a mesh-based motion model called bundled
camera paths, which models a camera motion as a set of simple camera motions based on
homographies (Fig. 3(a)). Specifically, the bundled camera path model splits video frames
into an M × M regular grid, where M = 16 in their system. For each grid cell, the camera
motion is modeled using homographies as done in traditional 2D stabilization methods.
For stabilizing a video, Liu et al. first estimate local homographies between consecutive
(i)
frames using SURF [2] features. Let Ft be a 3 × 3 homography matrix that aligns the i-th
(i)
grid cells of the t-th and (t + 1)-th frames. Then, the original camera path Ct is defined as
the camera motion from the first to the t-th frame in the i-th grid cell, which is computed as:
(i)

Ct

(i)

(i)

(i)

(i)

(i)

= Ft−1Ct−1 = Ft−1 · · · F2 F1 .
(i)

(6)
(i)

Given the original path C = {· · · ,Ct , · · · }, Liu et al. compute a stable path P = {· · · , Pt , · · · }
by solving an energy minimization problem. Finally, for each grid cell of each frame, a warp −1
(i)
(i)
(i)
(i)
ing transform Bt is computed as Bt = Pt Ct
, and a stabilized video is generated by
warping input video frames by the warping transforms. We refer to [20] for more details.

5.2

Joint Approach

To achieve both upright adjustment and stabilization, we may first simply perform upright
adjustment and then stabilization. Our joint approach roughly follows this process, but in
a more efficient and effective way. The key ideas for our joint approach are as follows: 1)
The camera path of an upright-adjusted video does not need to be computed from actually
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rotated frames, but can be computed by simply rotating the paths of the original video by
the rotation angles for upright adjustment. 2) As upright adjustment and stabilization share
feature matching, warping and cropping, we can perform them once for both tasks. Consequently, we can estimate more accurate rotation angles and camera motion as we estimate
them directly from the original uncropped video. As warping and cropping are done only
once, we can avoid excessive loss of spatial resolution. Also we can save a huge amount of
computation time, as feature matching and warping, which are the two most time-consuming
components, are performed only once.
Fig. 3(b) illustrates our joint approach. For upright adjustment, we first estimate initial
angles θ o using the rotation estimation network. In parallel, we perform feature matching
and compute the relative rotation angles φ . We then compute the final rotation angles θ
from θ o and φ . For stabilization, we estimate the camera path C of the input video using the
feature matching result, and convert it to the camera path C0 of the upright-adjusted video.
The camera path C0 of the upright-adjusted video is derived as follows. Let xt be a
point in the t-th original video frame, which is represented as a 3D vector in homogeneous
coordinates. Let xt0 be its corresponding point in the t-th upright-adjusted frame. Then
(i)
0
xt0 = Rt xt , where Rt is a rotation matrix that rotates points by θt . As xt+1
= Rt+1 Ft (Rt )−1 xt0 ,
(i)0

between the t-th and (t +1)-th upright-adjusted frames

we can derive the camera motion Ft
as:

(i)0

Ft

(i)

= Rt+1 Ft Rt−1 .

(7)

(i)0

Then, the original camera path Ct of the i-th grid cell at the t-th upright-adjusted video
frame can be computed similarly to Eq. (6):
(i)0

Ct

(i)0

(i)0

(i)0

= Ft−1 · · · F2 F1

(i)

= Rt Ct R−1
1 .

(8)

Once we obtain C0 , we compute a new stable camera path P0 for the upright-adjusted video
(i)
as done in [20]. We then compute warping transforms Bt from the input video frames to
upright-adjusted and stabilized frames as a combination of rotation for upright adjustment,
and warping for stabilization:
(i)

(i)0

Bt = Pt



(i)0 −1
Ct
Rt .

(9)

(i)

Finally, we warp the input video frames by Bt and crop them to obtain the final result.

6

Experiments

We implemented our method using PyTorch and Python. For the video stabilization method
of Liu et al. [20], we used a third-party Matlab source code on internet as the authors’ code
is not available. Table 1 shows the computation time of each step of our method measured
on a PC with an Intel Core i7-7700K, 16GB RAM, and a GeForce GTX 1080Ti. As Table
1 shows, our method is efficient enough for practical usage. We experimented our method
using various videos that we captured ourselves or downloaded from Youtube. To measure
errors reported in this section, we manually measured ground truth rotation angles of video
frames. All video examples shown in this section as well as additional examples can be
found in our supplementary material.
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Upright Adjustment
Initial rotation estimation
Feature matching
Rotation estimation
Frame rotation & cropping

millisec./frame
5
20 - 150
0.0063
8

Stabilization
Camera path estimation
Stable path computation
Warping

millisec./frame
250
362
134

Table 1: Computation time for each step. The input video size has 1000 frames of size
1280 × 720. Computation time for feature matching varies depending on video frames as
the number of features detected from each frame varies. We also report the computation
times of video stabilization components for comparison. The computation times of video
stabilization components are different from those reported in [20], as we use a third-party
Matlab code while Liu et al.’s original code was implemented in C++.
Angle
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Figure 4: Comparison of different angle estimation. (a) Errors of rotation angles estimated
by different methods. In (a), the curve labeled as (b) is the ground truth rotation angle of
the input frames. The curves labeled as (c), (d), and (e) are errors of initial angles, angles
estimated without using the error model, and our final angles, respectively. The images on
the right correspond to the black, yellow, purple, and red points in (a), respectively.

Initial vs. final angles. To verify the effectiveness of our robust angle estimation, we compare errors of initial angles and final angles estimated by our method for a sequence of video
frames in Fig. 4(a). Note that using initial angles is equivalent to directly applying Fisher et
al.’s method [5] to video frames. Errors of the initial angles are relatively large and clearly
follow the trend of angle variances. This shows that the angle variance is a good predictor
of error. In contrast, our final angle errors are much smaller and show no correlation with
the angle variances. Fig. 4(c) and (e) show video frames rotated by initial and final angles
marked as yellow and red points in Fig. 4(a), respectively.
Error model based on angle variance. To investigate the effect of the error model based
on angle variance, we conduct another experiment where we use a fixed value (16.0) instead
of σθ2,t in Eq. (5). Estimated angles using a fixed value show similar errors to those of the
initial angles (the purple curve in Fig. 4(a)), as errors cannot be detected by a fixed value.
Fig. 4(d) shows an example video frame corresponding to the purple point in Fig. 4(a).
Joint upright adjustment and stabilization. Fig. 5 shows examples of video stabilization
with upright adjustment. As video stabilization does not correct slanted contents, its result
still remains slanted (Fig. 5(a)). As upright adjustment trims off image boundaries to remove
invalid pixels, video stabilization needs a much smaller crop window for stabilized video
frames, resulting in severe loss of spatial resolution (Fig. 5(b)). On the other hand, our joint
approach uses entire video frames for video stabilization while reflecting rotation angles. As
a result, our joint approach minimizes loss of spatial resolution, and a resulting video has a
wider field of view and more effectively stabilized contents (Fig. 5(c)).
Fig. 6 shows a comparison between joint video stabilization using our initial angles and
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(a) Video stabilization

(b) Video stabilization
after upright adjustment
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(c) Joint video stabilization
and upright adjustment

Figure 5: Crop windows in an input video frame. Red and blue are crop windows for video
stabilization, and upright adjustment, respectively.

(a) Initial angles
(b) Final angles
Figure 6: Joint upright adjustment and stabilization using our initial angles and final angles.

final angles. As video stabilization removes high-frequency jitters, we may obtain uprightadjusted and stabilized results simply using initial angles. While this approach may work
for initial angles with small errors, video stabilization cannot remove large rotation errors,
and consequently, can still produce slanted video frames. In contrast, our video upright
adjustment can effectively detect and remove such large errors and produce satisfying results.
User study. Finally, we report a user study result. We recruited 20 participants. All the
participants are graduate students majoring in either electrical engineering or computer science, but not related to computer vision or graphics. Each participant was shown 20 pairs
of videos, and asked to choose a visually more pleasing video for each pair. Among the
20 pairs, 10 pairs are of original slanted videos and their corresponding upright adjustment
results, and the other 10 pairs are results of stabilization and our joint approach. It was unknown to the participants which ones were ours. The user study result is shown in Table
2. For the pairs of original videos and their upright adjustment results, the participants preferred our results by 78% on average. For the pairs of stabilization and our joint approach,
the participants preferred our results by 82.5% on average. This shows that our method can
effectively improve the perceptual quality of videos in both scenarios. For more details of
the user study, we refer the readers to the supplementary material.

7

Conclusion

In this paper, we proposed a novel video upright adjustment method. Our approach uses a
CNN to estimate initial estimates of the rotation angles of input video frames so that angles can be robustly estimated even for images without obvious horizontal or vertical lines.
To handle errors in initial estimates, we derived an error model on the basis of error analysis. Estimation of reliable and consistent angles is then formulated as a MAP estimation
problem based on the derived error model. For higher accuracy, our approach also utilizes
relative rotation between consecutive frames. Finally, we proposed a joint stabilization and
upright adjustment, which can effectively correct shaky and slanted video contents. The
effectiveness of our method was examined by various experiments including user study.
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Video No.
1 2 3 4 5 6 7 8 9 10 Avg.
Original vs. upright-adjustment
40 90 85 90 85 70 85 65 85 85 78
Stabilization vs. joint stabilization & upright-adjustment 50 90 85 95 85 95 95 80 85 65 82.5

Table 2: User study. Numbers in the table cells are the percentages of users who prefer
upright-adjusted videos.
Limitations and future work. Our method has a few limitations. Our method cannot
handle videos whose all frames are rotated by more than 45◦ , as our network cannot estimate
rotation angles from any frames reliably. Our method may also fail for videos of unnatural
scenes that our network is not trained with. As our method relies on feature matching for
temporal consistency, the method may fail when feature matching fails. Rotating video
frames by large angles results in severe loss in spatial resolution. A small τ may preserve
larger areas, but it also leads to results that are not fully corrected. Such information loss
might be alleviated by adopting the content-aware rotation method proposed in [10]. We
assume that input videos have well-defined upright orientations. However, some videos,
e.g., videos showing only the sky or the ground, may have no such orientations. Lastly,
extension to 360◦ videos would also be an interesting future direction.
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