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Type of Image Stabilization

Image 

Stabilization (IS)

Optical IS 

(OIS)

Electric IS 

(EIS)

Digital IS 

(DIS)
Block Matching  

Algorithm (BMA)

Feature Based 

Matching (FBM)
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Camera Trajectory : Represents the intentional motion.

Camera Trajectory Model

Camera shake : Noise version of intentional motion.

: Camera shake

ttt WAXX  1

ttt VHXZ 

[Dynamic equation]

),1,0( tX t : the state at time    that represents the camera position, velocity, and acceleration t

),1,0( tZ t : the observed camera position at time  t

HA, : the state transition matrix and the measurement one, respectively  

),0(~ tt QNW ),0(~ tt RNVAssume that and are white Gaussian noise that are independent of each other

X : Intentional motion

Z : Global motion
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Camera Trajectory Model
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Motion Model

[Affine transform]
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Rigid Body Transformation : Translation + Rotation

Similarity Transformation : Translation + Rotation + Uniform scaling

Affine Transformation : Translation + Rotation + Scaling + Shearing

[Rigid Body Transformation (2-D)]
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where
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ttt n 1
ˆˆ 

: white noise with variance 

Design of the KF
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Design of the KF
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The process of the proposed DIS algorithm
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Selection of Good FPs
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),(),,( yxIyxI yx : spatial derivative of the image frame in the horizontal (vertical) direction 

thresh ),min( 21

: eigen-values of G 21, 

: generally set as  thresh )10(max  rrthresh  max : maximum eigen-value obtained from eigen-values of all points
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FP Tracking Using KF-Based Prediction
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Detection of Scene Change

thresht NN  : no scene change

tN

If scene change is detected, 

Current image frame

Assume that       pairs of FPs are obtained after finding the correspondence.

new reference frame

FPs : re-selection

Parameter of KF : re-initialization

[Irregular condition and the lack of features]

: scene change??
thresht NN  X

threshTt  : reference frame change t : time difference between the current detection of scene change and the previous one
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Adaptive Measurement-Update of KF
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We develop a new scheme, called and adaptive KF

zero-crossing cases : 

period 1 > period 2camera shakes : 

: the number of zero-crossingtC

: measurement noise with different

variance

)40( iRti

: predefined threshold)41( iCTi
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Compensation of Unintentional Motion

o

tM

accumulative motion model

The global motion
tM̂
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tMcontains the intentional motion and the unintentional one
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Sample image

(a) : small motions less than 2 pixels and high frequent jiggles.

(b) : small motion less than or equal to 1 pixel and irregular conditions.

(c) : small motions less than 2 pixels and high frequent rotational and translational jiggles. 

20,10,10,5,100,1.0 0  pTTNNr pthreshthresh

Parameter

040302014321 80,40,20,4,7,5,3,1,10 ttttttttp RRRRRRRRCTCTCTCTT 

Adaptive KF

where       depends on specific applications and is usually set as 0.10 tR
0tR
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Example

Effectiveness of Motion Prediction With KF

10 times

avg : over 100 frames

(a) : Original image frames

(b) : Stabilized image frames
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Performance of Adaptive KF

(a) : Performance with adaptive KF

(b) : Performance without adaptive KF

(1) high-frequency jiggles exist in the horizontal direction

(2) the amount of jiggles between the 30 and 50th frames changes frequently
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Computational Complexity
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We proposed a new DIS algorithm which can obtain a good stabilized performance in real time.

The intentional motion is obtained with the proposed adaptive Kalman filter

The developed algorithm has better robustness against irregular conditions than the conventional ones.

(KLT tracker + Kalman filter)
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