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Abstract—In this paper, a motion-aligned auto-regressive
(MAAR) model is proposed for frame rate up conversion, where
each pixel is interpolated as the average of the results generated
by one forward MAAR (Fw-MAAR) model and one backward
MAAR (Bw-MAAR) model. In the Fw-MAAR model, each pixel
in the to-be-interpolated frame is generated as a linear weighted
summation of the pixels within a motion-aligned square neighbor-
hood in the previous frame. To derive more accurate interpolation
weights, the aligned actual pixels in the following frame are
also estimated as a linear weighted summation of the newly
interpolated pixels in the to-be-interpolated frame by the same
weights. Consequently, the backward-aligned actual pixels in the
following frame can be estimated as a weighted summation of the
corresponding pixels within an enlarged square neighborhood in
the previous frame. The Bw-MAAR is performed likewise except
that it is operated in the reverse direction. A damping Newton
algorithm is then proposed to compute the adaptive interpolation
weights for the Fw-MAAR and Bw-MAAR models. Extensive
experiments demonstrate that the proposed MAAR model is
able to achieve superior performance than the traditional frame
interpolation methods such as MCI, OBMC, and AOBMC, and it
is even better than STAR model for the most test sequences with
moderate or large motions.

Index Terms—Damping Newton algorithm, frame rate up con-
version (FRUC), motion-aligned auto-regressive (MAAR) model,
motion compensation interpolation (MCI).

I. INTRODUCTION

F RAME RATE up conversion (FRUC) is a statistical inter-
polation procedure where pixels in the to-be-interpolated

frame are generated based on observations from the previous
and following frames. FRUC is commonly used in format con-
version, e.g., from 24 fps film content to 30 fps video content,
or from 50 fields to 60 fields per second. FRUC is also used
to enhance the visual quality of reconstructed frames in low bit
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rate video coding, where only some key frames in the original
sequence are encoded and all the remaining frames are interpo-
lated by the adjacent decoded key frames. In addition, FRUC is
of other uses such as video surveillance, medical imaging and
remote sensing.

One of the simplest FRUC techniques is the combination of
adjacent video frames, like frame repetition or frame averaging.
In static regions it performs quite well; but in moving regions,
when the motion between successive frames is neglected, the
interpolated frame becomes very choppy.

A more effective and prevalent technique is motion com-
pensation interpolation (MCI), which performs interpolation
along the motion trajectory between the previous and following
frames. Since motion information is utilized in MCI, the ac-
curacy of motion vector determines the quality of interpolated
frames. To improve the accuracy of motion vector between
successive frames, many pioneering works have been done,
which can be divided into two categories: motion estimation
(ME) and motion vector post processing. In [1], de Haan et al.
proposed a 3-D recursive search (3-DRS) method to get the true
motions between successive frames. Choi et al. [2] proposed a
bi-directional ME method to obtain more reliable motions for
FRUC. A hierarchical ME [3] was also proposed by Lee et al.
to obtain more faithful motions. To overcome the limitation of
constant velocity assumption, a constant acceleration model
[4] was adopted by Gan et al. to further improve the accuracy
of motion vector between successive frames. Since the actual
pixels are absent in the to-be-interpolated frame, the ME in
FRUC is performed between the previous frame and the fol-
lowing frame, which may sometimes result in nonconsistent
motion fields. Consequently, some motion vector post pro-
cessing methods [5], [6] were proposed to smooth the motion
fields.

These MCI methods mentioned above, usually performed
block by block, have achieved much better performance than
frame averaging and frame repetition. Whereas block edges
may not always be consistent with the heterogeneous object
edges, and thus blocking artifacts are usually perceived in the
regions where one block has a significantly different motion
compared with its neighbors.

By extending traditional MCI, overlapped block motion com-
pensation (OBMC) [7] was employed in FRUC for its efficiency
of reducing blocking artifacts. For example, Zhai et al. [8] pro-
posed an OBMC method to suppress the blocking artifacts by
positioning overlapped blocks from the previous and following
frames. Compared with MCI, OBMC is able to generate a much
smoother interpolated frame. However, OBMC may result in
blurring or over-smoothing artifacts in case of nonconsistent
motion regions since it assigns fixed weights for neighboring

1057-7149/$26.00 © 2010 IEEE

Authorized licensed use limited to: Harbin Institute of Technology. Downloaded on May 27,2010 at 03:18:32 UTC from IEEE Xplore.  Restrictions apply. 



ZHANG et al.: MOTION-ALIGNED AUTO-REGRESSIVE MODEL FOR FRAME RATE UP CONVERSION 1249

blocks. For better adjusting the weights of OBMC, an adaptive
OBMC (AOBMC) [9] was also proposed to tune the weights of
different blocks according to the reliability of neighboring mo-
tion vectors.

All of the aforementioned works are dedicated to find the
most similar blocks in the previous and following frames, and
then take the combination of the similar blocks as the ultimate
interpolation results. In most cases, the motion displacement
resolution is fractional-pel rather than integer-pel. As a result,
most of these methods first interpolate the previous and fol-
lowing frames to half-pel or quarter-pel resolution with a fixed
interpolation filter and then search the most similar blocks.
However, as stated in [10], the invariant interpolation filter
does not consider the nonstationary statistical properties of
video signals, which will result in aliasing or displacement
estimation errors in the interpolation process. Thus, all these
FRUC methods will inevitably suffer from the inferiority of the
fixed interpolation filter.

Considering the inherent shortcomings of the fixed inter-
polation filter, it would be beneficial to devise an adaptive
interpolation scheme in FRUC. Auto-regressive (AR) model
[11], which is an efficient, compact description of random
process, has attracted a lot of attention in image and video
applications thanks to its desirable abilities of adaptively ad-
justing the weighting parameters to local pixel structure. AR
predictors exploiting spatial information [11] and temporal
information [12], [13] have been proposed to improve the
prediction performance. In [11], the predictive pixels were
estimated from the past observations by a piecewise 2-D AR
model. In [12], AR model was utilized to interpolate a high
resolution sequence based on the low resolution one. In [13],
AR was employed to predict one pixel as a linear combination
of pixels in a spatio-temporal neighborhood. AR was also
employed to detect and interpolate the missing data in images
based on its property of handling fine detail and accounting for
intensity variation [14], [15]. Furthermore, AR was exploited
to perform ME [16] and super-resolution [17].

In our earlier work [18], we used a spatio-temporal auto-re-
gressive (STAR) model to perform FRUC, where each pixel
in the interpolated frame is approximated as the weighted
combination of a sample space including the pixels within its
two temporal neighborhoods from the previous and following
frames as well as the available interpolated pixels within its
spatial neighborhood in the current to-be-interpolated frame.
In the STAR model, the temporal neighborhoods are cen-
tered at the collocated pixels in the previous and following
frames. Consequently, for the sequences with moderate or large
motions, the collocated regions among the previous frame,
the to-be-interpolated frame and the following frame will be
much different, which will cause performance degradation and
meanwhile bring blurring and ghost artifacts in the interpolated
frames. Although the neighborhood with large size can cover
the corresponding most similar pixels in the previous and
following frames, it will also contain many uncorrelated pixels,
which will decrease the performance and greatly increase the
computational complexity.

In this paper, a motion-aligned AR (MAAR) model is pro-
posed to improve the performance of FRUC by interpolating one

pixel as the weighted combination of pixels within the temporal
neighborhoods, which are centered at the motion-aligned pixels
in the previous and following frames. First, for each to-be-in-
terpolated block, the corresponding motion-aligned blocks in
the previous and following frames are found by integer-pel ac-
curacy ME. Then, the interpolation process is carried out with
a forward MAAR (Fw-MAAR) interpolation and a backward
MAAR (Bw-MAAR) interpolation. In Fw-MAAR interpola-
tion, each pixel in the to-be-interpolated block is generated as
a linear weighted summation of pixels within a motion-aligned
square neighborhood in the previous frame. Based on the as-
sumption that the sample covariance does not change in the mo-
tion-aligned blocks, the Fw-MAAR interpolation is propagated
along the temporal axis. In other words, the newly generated
pixels in the to-be-interpolated block are further used to esti-
mate the aligned actual pixels in the following frame by the same
weights. Consequently, each actual pixel within the backward
motion-aligned block in the following frame can be estimated
as a weighted summation of pixels within an enlarged square
neighborhood in the previous frame. The Bw-MAAR interpola-
tion performs likewise except that it is operated in the reverse di-
rection. A damping Newton algorithm is then devised to obtain
the interpolation weights for the Fw-MAAR and Bw-MAAR
models. The ultimate pixels in the to-be-interpolated block are
then generated as the average of the Fw-MAAR and Bw-MAAR
interpolation results.

The main differences between the contributions of this paper
and [18] are as follows: 1) in this paper, we perform the regres-
sion along the aligned motions rather than regressing along the
co-located position as in [18]; 2) in this paper, only one forward
(Fw-MAAR) or one backward (Bw-MAAR) temporal neigh-
borhood is utilized to perform interpolation, and then the av-
erage of Fw-MAAR and Bw-MAAR is generated as the ultimate
interpolation. Whereas in [18], besides the forward and back-
ward temporal neighborhoods, one spatial neighborhood is also
utilized to perform interpolation; 3) only three frames (including
the current to-be-interpolated frame, one previous frame and
one following frame) are involved in Fw-MAAR or Bw-MAAR,
whereas five frames (including the current to-be-interpolated
frame, one previous frame, one following frame, the next to-be-
interpolated frame and the original frame which follows the next
to-be-interpolated frame) are necessary for STAR in [18]; 4) the
optimization objective in this paper is to minimize the difference
between the previous (or following) frame and its approximated
frame via interpolation propagation. However, in [18], the opti-
mization objective is to minimize the summation of three differ-
ences: a) the interpolation difference of the current to-be-inter-
polated frame between two iterations; b) the interpolation dif-
ference of the next to-be-interpolated frame between two itera-
tions; c) the difference between the original frame, which is lo-
cated between the current to-be-interpolated frame and the next
to-be-interpolated frame, and its approximated frame.

The remainder of this paper is organized as follows. Section II
describes the proposed MAAR model for FRUC. Section III
presents the proposed damping Newton algorithm for weight es-
timation in detail. Experimental results and analysis conducted
on various sequences are given in Section IV. Finally, a brief
conclusion is given in Section V.
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Fig. 1. Proposed MAAR model diagram for FRUC.

Fig. 2. Motion aligning.

II. MOTION-ALIGNED AUTO-REGRESSIVE MODEL

The goal of the proposed MAAR model is to interpolate one
intermediate frame with high visual quality. In this section, the
MAAR model diagram is presented first, and the model descrip-
tion is given afterward.

A. MAAR Model Diagram

The proposed MAAR model diagram for FRUC is illus-
trated in Fig. 1. First, the to-be-interpolated frame is divided
into nonoverlapped blocks and then the motion aligning is
performed. The motion aligning process is depicted in Fig. 2,
where for each block in the to-be-interpolated frame ,
we find its aligned blocks in the previous frame and the
following frame by integer-pel ME. Various ME
methods can be adopted to find the aligned blocks. In this
paper, we utilize bi-directional ME [2] to obtain the forward
and backward motion vectors. After motion aligning, the for-
ward and backward damping Newton algorithms are performed
to derive the corresponding weights for the Fw-MAAR and
Bw-MAAR models, respectively. Finally, the pixels within the
current to-be-interpolated block are generated by averaging the
interpolation results obtained by the newly derived Fw-MAAR
and Bw-MAAR weights.

B. Model Description

Let be a rectangular block within the to-be-
interpolated frame , be the forward motion-aligned
block in the previous frame and be the backward
motion-aligned block in the following frame .
can be interpolated by the proposed MAAR model based on the
pixels in (by Fw-MAAR) as well as the pixels in
(by Bw-MAAR).

Fig. 3. Fw-MAAR model (with supporting order � � �).

Fig. 4. Bw-MAAR model (with supporting order � � �).

The Fw-MAAR model is depicted in Fig. 3, where each pixel
in is interpolated as a linear weighted summation of the
pixels within a square neighborhood centered at the forward mo-
tion-aligned pixel in . The radius (represented by ) of the
square neighborhood is defined to be the supporting order of the
Fw-MAAR model. Thus, when the supporting order is set to be
1, the neighborhood of the Fw-MAAR model is a 3 3 square,
which is shown as the gray circles and the solid cross in Fig. 3.
Due to the piecewise stationary characteristics of natural im-
ages, the Fw-MAAR weights corresponding to each pixel within
one block are assumed to be the same. Similarly, the Bw-MAAR
model is depicted in Fig. 4, where each pixel in the to-be-inter-
polated block is interpolated as a linear weighted summation of
the pixels within the backward motion-aligned square neighbor-
hood in the following frame.
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Fig. 5. Propagation of Fw-MAAR interpolation along the temporal axis.

Since the Fw-MAAR and Bw-MAAR models are quite
similar, we will take the Fw-MAAR model as an example in
the following description. Denote by the interpo-
lated pixel located at within . According to the
Fw-MAAR model, can be interpolated as

(1)

where represents the corresponding pixel within the
forward motion-aligned block , is the supporting order
of the Fw-MAAR model, is the Fw-MAAR weight and

is the additive white Gaussian noise.
Equation (1) can also be expressed in a matrix-vector form as

(2)

where
represents the intensity values in the to-be-inter-

polated block,
represents the intensity values in the forward mo-

tion-aligned block, is the
Fw-MAAR weight vector and is a function transferring

to a matrix. Here, the th row of ma-
trix consists of neighboring pixels of the th
pixel within , . The Fw-MAAR weight

should be chosen the “best” in some sense. In this paper, the
mean square error (MSE) is used to measure its performance

(3)

where denotes the norm. The optimal Fw-MAAR
weights can be computed by minimizing the MSE in (3).
However, since the actual pixels in are not available
in FRUC, (3) cannot be directly used to compute the weights.
To solve this problem, an iterative algorithm using a damping
Newton method is proposed in the following section.

III. DAMPING NEWTON METHOD FOR WEIGHT ESTIMATION

A. Propagation of Fw-MAAR Interpolation

Based on the Fw-MAAR model described in Section II, we
continue the Fw-MAAR interpolation along the temporal axis.
That is to say, assuming that we have obtained the pixels in
the to-be-interpolated frame by the Fw-MAAR model,
we apply the same Fw-MAAR model to further estimate the
actual pixels within the backward motion-aligned block in the
following frame. This process is illustrated in Fig. 5.

It is a reasonable assumption that the Fw-MAAR weights,
used to estimate the backward motion-aligned actual pixels
within frame , remain the same as those used to inter-
polate the pixels within frame since there is a high
similarity between pixels along the motion trajectory from
frame to . As shown in the right part of Fig. 5, the
actual pixels in the backward motion-aligned block within
frame can be estimated as

(4)

where is a column vector representing the concate-
nated and lexicographically ordered intensity values in the back-
ward motion-aligned block within frame . is
a matrix, whose element is computed ac-
cording to (2), and is the same as that in (2). Incorporating
(2) into (4), we can get the interpolation of utilizing the
corresponding pixels within the forward motion-aligned block

as

(5)

where is a function transferring the column vector
to a matrix, represents the new weight
vector corresponding to the enlarged square neighborhood of
sized shown as the gray circles and the
solid cross in Fig. 6. Here, the th row of matrix consists
of neighboring pixels of the th pixel within ,

.
In Fig. 6, each pixel within the backward motion-aligned

block in the following frame can be estimated as a
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Fig. 6. MAAR interpolation between the previous and following frames after
the propagation of MAAR interpolation in the intermediate frame.

weighted summation of the pixels within an enlarged square
neighborhood in the previous frame . It should be noted that
the length of the new weight vector corresponding to the
enlarged square is and each element of is the
quadratic of the elements of . In other words, can be
expressed in a 2-D form as

(6)

with and .

B. Damping Newton Algorithm

After we get (5), the weight vector can be computed by
minimizing the following MSE:

(7)

where is defined to be the
residual vector. Assume to be the approximation of , we
express around in Tayer series as

(8)

where is the Jacobian matrix of at . Here, the Jaco-
bian matrix can be computed as

...

...
. . .

... (9)

with

(10)

where represents the th row of the matrix with
.

TABLE I
SUMMARY OF THE PROPOSED DAMPING NEWTON ALGORITHM

Let ; we can easily compute as

(11)

According to the Newton iteration algorithm, if we have ob-
tained the weight vector after the th iteration, the weight
vector in the th iteration can be updated as

(12)

Since the direct Newton iteration method imposes a strong de-
mand on the initial value of , we modified (12) by adding a
damping factor as

(13)

where with is
the damping factor. By adding the damping factor, the conver-
gence properties of the proposed algorithm can be improved.

The proposed damping Newton algorithm to estimate the
weight vector is summarized in Table I. As shown in the
summary of the iterative algorithm, the forward MSE
is used to judge whether the damping Newton algorithm has
been converged or not. In other words, if is smaller
than a preset threshold , it is considered that the damping
Newton algorithm has been converged and the iteration can
be preterminated, otherwise, the algorithm moves to the next
iteration. In the experiment, the threshold is empirically
set to be 5.

If we define the change of the weight vector compared
to as

(16)
then the convergence ratio of each weight is defined as

(17)
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Fig. 7. Average PSNRs of 50 frames interpolated by the proposed MAAR model with different initial weights. (a) Mobile (QCIF). (b) Tempete (CIF).

TABLE II
SUMMARY OF THE DAMPING FACTOR ADJUSTING

Based on the convergence ratios in (17), we propose a method
to adaptively adjust the damping factor, which is summarized in
Table II.

In Table II, parameters , and can prevent the weights
trapping into the sub-optimal solutions by adjusting the update
of the weights in each iteration. It is noted that , and should
be positive and should satisfy , and . In
this paper, the values of , and are empirically set to be 0.7,
0.2, and 2, respectively, and is set to be the identity matrix

. The computation of is synchronous with the computation
of , and consequently in Table II is the same with that
in Table I.

and should be given proper values, since they play
a significant role on the convergence of the proposed damping
Newton algorithm. In this paper we set to be the inter-
polation results by the traditional FRUC methods, such as MCI,
OBMC or AOBMC. After that we interpolate the corresponding
pixels within the motion-aligned blocks in frames and

by the Fw-MAAR model as

(18)

(19)

The initial Fw-MAAR weight vector is computed according
to

(20)

After deriving the Fw-MAAR weight , the similar iterative
process can also be applied to obtain the Bw-MAAR weight .
Finally, the interpolated pixels within the current to-be-interpo-
lated block are computed as

(21)

IV. EXPERIMENTAL RESULTS AND ANALYSIS

In this section, various experiments are conducted to show
the performance of the proposed MAAR model. In the first sub-
section, we will study the convergence property of the proposed
MAAR model. In the second subsection, the interpolation per-
formance comparisons are presented.

A. Convergence Study

In this subsection, Mobile (QCIF) and Tempete (CIF) se-
quences are selected to conduct the experiments to show the
convergence property of the proposed MAAR model. The
respective block sizes for Mobile (QCIF) and Tempete (CIF)
are set to be 8 8 and 16 16. The supporting orders are set to
be 2 for these two test sequences. Every other frame of the first
100 frames in each test sequence is dropped and interpolated
by the proposed MAAR model.

The interpolation results of MCI, OBMC [8], and AOBMC
[9] are selected to compute the initial weights of the proposed
MAAR model. It is noted that the block size of MCI, OBMC
and AOBMC is set to be 8 8, and the block size of MAAR is
varying according to the sequence content. The motion vectors
of MCI, OBMC and AOBMC are the same and they are de-
rived by the bi-directional ME method in [2]. The 8 8 block
of MAAR is motion aligned directly by the motion vectors of
MCI, OBMC and AOBMC, and for the block larger than 8
8, it is motion aligned by averaging the motion vectors of all

Authorized licensed use limited to: Harbin Institute of Technology. Downloaded on May 27,2010 at 03:18:32 UTC from IEEE Xplore.  Restrictions apply. 



1254 IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 19, NO. 5, MAY 2010

TABLE III
PSNRs OF THE INTERPOLATED FRAMES BY DIFFERENT METHODS

the 8 8 blocks within it. The average PSNRs of 50 interpo-
lated frames in Mobile (QCIF) and Tempete (CIF), generated by
the proposed MAAR model with different initial weights, are
plotted in Fig. 7. It is observed that with the increase of iteration
number, the PSNRs of the interpolated frames increase greatly
at first and then tend to be stable. Another observation is that
the convergence of the proposed damping Newton algorithm is
independent of the initial weights, because the PSNRs tend to
be converged with the increase of iteration number regardless of
the initial weights.

The experimental results shown in Fig. 7 provide the em-
pirical evidence on the convergence of the proposed damping
Newton algorithm. Based on these observations, the maximum
iteration number is set to be 3 for all the experiments in the fol-
lowing subsection.

B. Interpolation Comparison

In this subsection, various simulations are performed in five
QCIF sequences, five CIF sequences, five 4CIF sequences and
five 720P sequences to show the performance of the proposed
MAAR model. The 15-Hz frames are interpolated into 30 Hz
for all the test sequences (except for 720P sequences, which are
interpolated to 60 from 30 Hz). As in the previous subsection,
every other frame of the first 100 frames in each test sequence is
dropped and then interpolated by the proposed MAAR model,
MCI, OBMC [8], AOBMC [9], and STAR [18], respectively. In
[18], the search range of MCI, OBMC, and AOBMC is set to
be 4 for QCIF and CIF sequences and it is set to be 8 for 4CIF
and 720P sequences. While in this paper, the search range is set
to be 4 for all the test sequences. The average PSNRs of the 50
interpolated frames within each test sequence are presented in
Table III.

In Table III, Fw represents the interpolation results generated
by Fw-MAAR model, Bw by Bw-MAAR model, Average
by averaging Fw and Bw. represents the block size

and supporting order of the MAAR model. The
highest PSNR values, among all the methods, of each test
sequence are represented in bold type. It can be observed that
the performance made only by Fw-MAAR or by Bw-MAAR
is not as good as the best result among MCI, OBMC, AOBMC
and STAR. However, when Fw-MAAR and Bw-MAAR are av-
eraged, the performance improves significantly over all the test
sequences. The average gains achieved by the proposed MAAR
model (initialized with AOBMC) are 0.17, 0.53, and 0.47 dB
compared with the best results among MCI, OBMC, AOBMC,
and STAR for the CIF, 4CIF, and 720P sequences, respectively.
For QCIF sequences, MAAR has about 0.01 dB loss compared
with STAR; however, it still has about 0.62 dB gain compared
with the best one among MCI, OBMC, and AOBMC. OBMC
and AOBMC have better performance than MCI due to the
utilizing of weighted motion compensation. STAR model is
very efficient for some highly textured sequences [e.g., Mo-
bile (QCIF) and Flower (CIF)]. This is because these highly
textured sequences are full of nonrigid objects, which are hard
to be recovered by traditional block based MCI, OBMC , and
AOBMC method. Compared with MAAR, STAR model has
one additional spatial neighborhood, and consequently it is
very suitable for those highly textured sequences with fine
details. Besides, STAR also achieves good results for sequences
with low motion [e.g., Foreman (QCIF) and Mother (QCIF)].
However, for the sequences with moderate and large motions,
the performance of STAR drops quickly. For example, there is
about 0.96 dB loss for Foreman (CIF) compared with MAAR.
This is because the temporal neighborhoods of the STAR
model are centered at the collocated pixels in the previous and
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Fig. 8. PSNR comparisons over each interpolated frame with different initial weights for Mobile (QCIF) and Spincalendar (720p). (a) MCI method and the
proposed MAAR model initialized with MCI. (b) OBMC method and the proposed MAAR model initialized with OBMC. (c) AOBMC method and the proposed
MAAR model initialized with AOBMC.

following frames, and it can achieve good results for static or
low motion sequence. However, with the increase of motion the
difference between the collocated regions between successive
frames (especially the first and the fifth frame) becomes larger,
which will lead to the drop of performance. On the contrary,
the temporal neighborhoods of the MAAR model are motion
aligned, which can ensure the pixels within the temporal neigh-
borhoods are very similar to the target pixel. Consequently,
the performance of MAAR model is still very high for the
sequences with moderate or large motions.

Several findings have been derived from the experiments.
First, when is larger than 2, the performance can not be
improved, whereas the computational complexity is greatly
increased. Second, larger achieves better performance over
720P sequences and other sequences with complex texture e.g.,
Mobile (QCIF), Tempete (QCIF), Tempete (CIF), and Flower
(CIF). Thus, is set to be 2 for these sequences and it is set
to be 1 for the remaining sequences. Third, for the sequences
with larger motion, small results in better performance, e.g.,

is 8 for Foreman (CIF) and Crossstreet (4CIF) due to the

fact that smaller blocks can better describe more active regions
with larger motions. For 720P sequences full of homogeneous
regions with little or no motion, large will achieve better
performance, e.g., is 64 for Bigships and Spincalendar. For
other sequences, moderate block sizes (between 8 8 and 64

64) achieve sufficiently good performance.
Fig. 8 presents the PSNRs of each interpolated frame in Mo-

bile (QCIF) and Spincalendar (720p). It can be easily observed
that no matter what interpolation method is used to compute
the initial weights, the proposed MAAR model achieves higher
PSNR than the corresponding interpolation method over each
interpolated frame. In particular, the PSNR gain is up to 2.5 dB
over the frames around the 25th frame in Mobile (QCIF) and up
to 3.0 dB over the frames around the 15th frame in Spincalendar
(720p).

The local area zoom-in comparisons over Spincalendar
(720P) and News (CIF) are shown in Figs. 9 and 10. In Fig. 9,
the number “11” in the two rows can not be seen clearly in the
interpolated frames generated by MCI, OBMC and AOBMC.
In the STAR result, the number “11” in the bottom row can be
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Fig. 9. Zoom-in comparison of the 27th interpolated frame in Spincalendar (720P). (a) Original. (b) STAR result. (c) The proposed MAAR model initialized
with MCI. (d) MCI result. (e) The proposed MAAR model initialized with OBMC. (f) OBMC result. (g) The proposed MAAR model initialized with AOBMC.
(h) AOBMC result.

Fig. 10. Zoom-in comparison of the fifth interpolated frame in News (CIF). (a) Original. (b) STAR result. (c) The proposed MAAR model initialized with MCI.
(d) MCI result. (e) The proposed MAAR model initialized with OBMC. (f) OBMC result. (g) The proposed MAAR model initialized with AOBMC. (h) AOBMC
result.

observed clearly; however, there are still some ghost artifacts
around number “11” in the top row. This is because number
“11” is spinning, and consequently the collocated regions
among the interpolated frame, the previous frame and the
following frame are relatively different, which results in some
weak ghost artifacts around number “11”. Whereas, in the
interpolated frames by the proposed MAAR model the number
“11” in both rows can be clearly perceived, e.g., Fig. 9(c), (e),
and (g). In Fig. 10, significant ghost artifacts can be observed
around the left leg of the actress in the interpolated frames by
MCI, OBMC [8], and AOBMC [9]. On the contrary, the ghost
artifacts are greatly reduced in the interpolated frames by the
proposed MAAR model, no matter what method is utilized to
compute the initial weights, e.g., Fig. 10(c), (e), and (g). In
the interpolated frame by STAR, the ghost artifact is tampered
to some extent but still significant, this is because the left leg
of the actress is rotating, which can not be recovered well by
STAR model. However, the eyes and nose area of the actress
is relatively clear, which shows the efficiency of STAR for
those highly textured details. It is obvious that the proposed
MAAR model achieves much better visual quality than MCI,
OBMC and AOBMC do. Compared with STAR, MAAR can
also achieve better visual quality on the areas with moderate

or large motion although it may have some loss on highly
textured details. This is greatly attributed to the property that
the proposed MAAR model is able to tune the interpolation
weights according to the local region property along the aligned
motion.

Table IV gives the average processing times (seconds/frame)
on a typical computer (2.5–GHz Intel Dual Core, 2 G Memory).
Since MCI, OBMC and AOBMC employ the same ME method
in the experiment, they require more or less the same processing
time. The computational complexities of STAR and MAAR are
much higher than those of MCI, OBMC, and AOBMC due to
the inverse matrix operation involved in these two methods. The
computational complexity of STAR depends on the levels of
motion activity, and, thus, the average processing time of large
motion sequence is much higher than that of static or small
motion sequence. The processing time of the proposed MAAR
model is about 4 and 19 times longer than that of MCI when

is set to be 1 and 2, respectively. However, the proposed
MAAR model is still faster than STAR model. Although the
computational complexity is higher, the proposed MAAR model
achieves much better quality than traditional methods (MCI,
OBMC, and AOBMC) for all the interpolated frames. To speed
up the proposed damping Newton algorithm, we can look for
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TABLE IV
COMPARISON OF AVERAGE PROCESSING TIMES (s/frame)

optimization algorithms such as the fast algorithm proposed by
X. Wu [11] which can greatly reduce the computational com-
plexity. In addition, since (8) is convex, it has a global minimum
which can be found using the steepest descent method as in [17].
Further studies on reducing the computational complexity of the
proposed MAAR model are needed.

V. CONCLUSION

A motion-aligned auto-regressive (MAAR) model is pro-
posed to perform frame interpolation for frame rate up
conversion in this paper. The integer-pel accuracy motion
vector of each to-be-interpolated block is first obtained by
performing traditional motion estimation between the previous
and following frames. Along the aligned motion, the inter-
polation of each block is carried out by one forward MAAR
(Fw-MAAR) and one backward MAAR (Bw-MAAR) models.
In the Fw-MAAR model, each pixel is interpolated as a linear
weighted summation of pixels within a square neighborhood,
centered at the forward motion-aligned pixel in the previous
frame. The Fw-MAAR interpolation is then propagated along
the aligned motion and consequently each backward mo-
tion-aligned pixel in the following frame can be estimated as
a weighted summation of pixels within an enlarged square
neighborhood in the previous frame. A damping Newton al-
gorithm is then designed to compute the interpolation weights
of the Fw-MAAR model. The interpolation and corresponding
weight derivation of the Bw-MAAR model are similar to those
of the Fw-MAAR model. The ultimate interpolated pixel is
computed as the average of the interpolation results generated
by the Fw-MAAR and Bw-MAAR models.

Experimental results show that the proposed MAAR model
is able to adaptively tune its interpolation weights according
to the local properties of image signals along the aligned mo-
tion. Compared with the traditional interpolation methods, such

as MCI, OBMC, and AOBMC, the proposed MAAR model
improves the visual quality of the interpolated frames while
maintaining higher PSNR values. Although it has small loss
when compared with STAR for some highly textured or low
motion sequences, it is better for the most test sequences with
moderate or large motions. One shortcoming of the proposed
MAAR model is the computation complexity required to cal-
culate the interpolation weights; however, the increased com-
plexity does not prevent its use for off-line processing. In the
next step, we plan to investigate faster algorithms to simplify
the MAAR weights estimation.
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