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Synonyms: Camera shake compensation.

Definition: Algorithms used to improve video quality by removing unwanted camera shakes and jitters due to hand
jiggling and unintentional camera panning.

Introduction

Video stabilization technology is used to avoid visual quality loss by reducing unwanted shakes
and jitters of an image/video capturing device without influencing moving objects or intentional
camera panning [1]. This is particularly essential in handheld imaging devices which are more
affected by shakes due to their smaller size. Unstable images are typically caused by undesired
hand jiggling and intentional camera panning whereas unwanted position fluctuations of camera
result in unstable image sequences. Using video stabilization techniques ensures high visual
quality and stable video footages even in non-optimal conditions. Ideally, imaging devices are
equipped with mechanical means which physically avoid camera shakes, or they employ
sophisticated optical or electronic means to first sense camera movement and then compensate for
it by acting on the lens or on the image sensor. To reduce the cost of imaging devices, desired
stabilization effects can be obtained through digital video stabilization which uses information
drawn from footage images, with no need for additional knowledge about camera physical motion
[2]. Digital video stabilization can be implemented in both real-time and offline systems. Applying
stabilization in video recording helps reduce the bit rate of data compression because the
performance of motion estimation usually significantly improves after stabilizing the successive
frames.

Hardware Stabilization

As already noted, there exist three hardware approaches, that is, optical, electronic, and
mechanical, to achieving stabilization effects.

In optical stabilization [3], vibrations are compensated by varying the optical path to the sensor
using a floating lens element moved orthogonally to the optical axis of the lens. Vibrations are
revealed by sensors and then mechanically controlled lenses instantly compensate the jitter with a
correction movement before visual data is recorded. Thus, the system response is synchronized
with the vibration. Since no manipulation is done on visual data, optical stabilization preserves
image quality. Unfortunately, high cost of optical stabilization devices prevents from including
them in low-end digital cameras.

Electronic stabilization uses an electronic system to control the stabilization process [5]. If the
system detects through its sensors a camera shake, it responds by slightly moving the image so
that it virtually remains in the same position on the image sensor. This movement is obtained by
readdressing the area of the image sensor which is read by the capturing chip. Since the used area
is small, image motion induces blur and graininess with consequent image degradation. This issue
can be solved using oversized sensors or by digitally zooming the image; however, both these
approaches produce some resolution loss.

In mechanical stabilization, camera motion is detected by gyroscopes. The gyroscopic wheels,
occupying opposed axes to each other, spin with high speed and physically resist camera



vibrations, acting like an invisible tripod. Once the camera motion is detected, the sensor is
counter-moved to avoid vibrations and to obtain clear, steady images and jitterless panning effects.

Digital Stabilization

Unlike hardware stabilization solutions, digital stabilization systems operate on the captured
image data [2],[4],[6]. The generic architecture of such systems is composed by three functional
units, that is, motion estimation, motion filtering, and image composition. The motion estimation
step compares the current frame with the previous one (in postcapture processing also with the
next frame) to achieve the best approximation of the interframe motion vector. Then, this global
motion vector is used in the motion filtering step to update the absolute motion vector which
tracks camera movements frame by frame. Finally, the image composition step corrects the frame
in order to obtain the stabilized sequence.

Digital stabilization often leads to visual quality degradations because image sensors are not fully
used due to employed motion compensation. Basically, resulting video comprising of steady
frames is captured using a smaller sensor area; thus reducing its resolution. Image borders are
usually not shown in the final footage since they are used in digital stabilization to achieve the
desired correction.

Motion Estimation

One of the main issues in digital stabilization is to estimate the global camera motion based only
on the information contained in the video frames. The performance of a stabilization algorithm
highly depends on the accuracy of estimated global motion vectors. Motion estimation in natural
image sequences may be quite challenging; for example, due to the presence of large moving
objects, low contrast areas and repeated patterns. Unfortunately, even if information gathered
from frame content is essentially modeled in a two-dimensional space, camera motion occurs in a
three-dimensional space. In spite of this, video stabilization can be accomplished by using
simplified, two-dimensional motion models. This allows for relatively easy and fast processing of
each individual frame and better performances even under real-time constraints.

Global motion estimation can be implemented using the methods and algorithms operating on
some local assumptions. Optical flow based techniques [6] are computationally efficient; however,
without multi-scale approaches they are not able to deal with large displacements. Feature-based
algorithms extract features from video images and estimate interframe motion using locations of
these features. There also exist techniques which combine concepts of feature extraction and robust
filtering ([7], [8]). These methods have gained larger consensus for their good performances;
unfortunately, calculating or extracting features is usually time consuming. Global intensity
alignment approaches [9], which operate directly on image intensities to compute interframe
transformation, are generally less sensitive to local image variations, but the problem can be their
high computational cost. Finally, block matching-based techniques use different adaptive filters to
refine initial motion estimation based on block local vectors [10]. These techniques generally
provide good results and their computation complexity depends on complexity of the employed
block matching step.

The whole set of local motion vectors (LMV) probably includes both incorrect and correct matches
belonging to self-moving objects in the captured scene. Obviously, there exist some correct
matches that represent real camera shakes. LMVs may not represent the exact motion vector of an
image region if this region contains large motion objects, suffers from random noise, lacks high
contrast patterns, or it is not exposed normally. These irregular LM Vs should be bypassed and not
used for final global motion estimation (Figure 1).



Figure 1. Achieved motion vectors: (a) motion vectors obtained by a block matching algorithm
operating in 16x16 blocks, and (b) residual vectors after the filtering process.

Alternatively only some specific regions of each frames can be used for LMVs computation, trying
to identify specific (but fixed) areas where background regions are typically located (Figure 2).
Global motion between adjacent frames can be estimated with a two-dimensional linear model
which usually provides a trade-off between effectiveness and complexity. This model describes
interframe motion using four different parameters; namely, two shifts, one rotation angle and a
zoom factor. The model associates a point (x;, y;) in frame I, with a point (xs, vy in frame I,+; with
the following transformation:

X; =XAC089—y,ASiNG+T,
Vi =XAsind+y,Acos3+T,

where 2 is the zoom parameter, 0 the rotation angle, T, and T}, respectively X-axis and Y-axis shifts.
In order to estimate four transformation parameters, four different linear equations are required.
Thus, only two couples of features allow for the system to find a solution. Since features can be
affected by noise, it is useful to apply a linear least squares method on a set of redundant
equations. The least squares method does not perform well when the set of features consists of a
large portion of outliers. However, outliers can be identified, removed from the estimation process
by filtering, thus resulting in higher accuracy. Many robust estimation techniques have been
developed for computer vision applications [11], [12]; however, in order to obtain real-time
performance a simplified version of iterative least squares methods [8], [13] can be used.

Figure 2. An example of regions used for LMV calculations.



Motion Filtering

It is quite common that a feature can move from a frame to the next one due to both camera shakes
and intentional panning movements. In this situation, the corresponding local motion vectors may
result in inaccurate motion estimation, since video stabilization should occur only on the camera
jitters and should not compensate desired movements. To avoid this problem, motion filtering
should be employed and estimated motion should be evaluated in order to recognize intentional
movements. Several techniques, such as Kalman filtering [7], [14] and motion vector integration
[15] have been proposed to correct translational and rotational jitters [10], [16] according to real
systems constraints.

Image Composition

The final stage of an image stabilization system is the image composition process. With the
estimated motion compensation vectors, the process stabilizes the image frame by adjusting the
location offset of the sensor active area. In some cases, further processing (e.g., interpolation,
inpainting, etc.) may be needed to fill up the missing image area and to deblur the images.

The stabilization process changes the location of the cropped window such that the relative
positions of the objects belonging to the image background keep the same locations in the final
frames. This compensation method is the most popular one in consumer digital cameras due to its
relatively low computational complexity. The major drawback of this method is the reduced
resolution of resulting frames due to trimming image areas. In addition to limited adjustable
margins of sensor area, simple approaches usually cannot handle severe camera shakes as well as
rotational types of camera vibrations. To avoid this problem, sophisticated image stabilization
systems consider both translational and rotational motion models (Figure 3). Namely, unstable
images are first translated and rotated to let the locations of the objects in the scene keep
unchanged after stabilization.

Stabilized images often suffer from the trouble of some areas being trimmed. Filling up those
missing image areas is called image or video inpainting [17]. Another issue in camera motion
compensation is reducing image blurriness, which is also called motion deblur [1], [21]. Motion
blur is caused by a moving scene point that spreads out several pixel locations during the exposure
period of the sensor.

Evaluation

Automatic assessment of the video stabilization performance is important in order to tune and
compare various techniques. In some cases the full stabilization cannot be achieved precisely.
Furthermore, the shake compensation process itself often introduces some additional distortion
(such as blurriness) in images instead of removing it.

Typically automatic criteria for image quality are based on a simple pixel-by-pixel comparison
between the ground truth image and the reference image. Such pixel-wise approaches are often
extended to video quality assessment, simply by comparing still images on a frame-by-frame basis
[1]. A simple rough evaluation of a stabilization algorithm can be achieved by using the interframe
transformation fidelity (ITF) measure [4] defined as follows:
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where PSNR(k) is defined as

|2
PSNR(k) =10log,, —™*—
(k) 910 MSE(K)

In the above expression, MSE(k) is the mean square error between two consecutive frames, [ is
the maximum intensity value of a pixel, and N is the video frames number. Typically, stabilized
sequences have higher ITF values than their unstable versions.

Figure 3. Example of image composition: (top) four destabilized consecutive frames of a real
sequence, and (bottom) stabilized sequence.

A more detailed evaluation can be obtained by measuring separately performances of the motion
estimation and motion filtering modules in order to evaluate the amount of intentional camera
movement (e.g., panning) erroneously removed [18], [19].

Finally, stabilized videos can exhibit some additional blurring to each compensated frame;
especially when rotation and translational models are employed. A human observer often finds
this blurring irritating, even if images were perfectly aligned. The amount of additional blurring
introduced by the stabilization depends on the employed interpolation technique and other
implementation details [1], [4], [17].

Still Photography

In digital photography, stabilization techniques are employed to enhance overall quality of images
acquired in low-light conditions [20]. The exposure time needed to acquire the pixel values is long
enough to generate some unpredictable motion blurring even in a single shot. In general, blurred
(or degraded) images can be restored by considering the distortion operator, also called the point
spread function (PSF). If the PSF is known, the original image may be restored by applying an
image deconvolution algorithm [21]. However, in real cases, the PSF is usually unknown, thus
requiring blind deconvolution approaches [22], [23]. When considering simple and easy to
implement motion models, these approaches usually produce poor results in practice. Fortunately,
there exist techniques which synthesize blur-free images by considering a short image sequence
acquired with different exposure time. One possible way of stabilizing images leads to the fusion
of a series of low-exposed images [24]. These images usually do not suffer from blur (because of
low-exposure time) but have high noise level. In order to reduce computational and memory
requirements, some approaches consider only a pair of images (instead of a number of images
from the image sequence), typically consisting of a low-exposed image (no blur but high noise



level) together with a normal exposed image (high blur degradation but low noise level) [20], [25],
[26].

See: Motion estimation, motion blurring, video codec, exposure settings.
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