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ABSTRACT — Compressed video may possess a numbercompressed with lossy transform coding, which is taken
of artifacts, both spatial and temporal. Spatial com- to incorporate the block discrete cosine transform in this
pression artifacts arise as a result of quantization of the paper. Lossy compression of frames can result in poor re-
transform-domain coefficients, and are often manifested ceived image quality. The goal for temporal restoration of
as blocking and ringing artifacts. Temporal limitations compressed video is to reconstruct the missing frames of
in compressed video occur when the encoder, in an effort the sequence given the noisy received frames, and, for the
to reduce bandwidth, drops frames. Omitting frames example just given, go from a 10-fps sequence to a 30-
decreases the reconstructed frame rate, which can causefps sequence. Naturally, one desires the reconstructions
motion to appear jerky and uneven. This paper discusses ato be free of the compression artifacts that may plague the
method to increase the frame rate of video compressed with received frames.
the DCT by inserting images between received frames of All effective forms of restoring missing video frames
the sequence. The Bayesian formulation of the restoration take scene motion into account, and for this reason the
prevents spatial compression artifacts in the received frames problem will be referred to as Frame Rate Adjustment
from propagating to the reconstructed frames. by Motion Estimation, o-FRAMEstimatiorfor short. A

number of FRAMEstimation schemes have been reported

Keywords— Temporal Interpolation, DCT Quanti- in the literature; a few examples are [1, 2, 14-16]. How-
zation Noise, Compressed Video, Postprocessing ever, none of the methods appear to address the quality of

thereceivedrames, which seems odd because low bit rate

video is one of the target applications of many FRAMESs-

1 INTRODUCTION timation procedures (due to the low frame rates of heavily

8ompressed video), and low bit rate video typically also

Two of the most important limitations of compresse ial . fifacts. If not | ”
video are spatial compression artifacts and missiH?S spatial compression artifacts. 1t not properly consid-

frames. Spatial compression artifacts commonly take t?]éac.j’ these spatial compression qrtlfapts can propagate to
form of blocking and ringing, and are annoying in the?he mser_ted frames of a FRAMEs_tl_matlon procedure. The
own right. Spatial compression artifact removal has beé)ﬁmu_lat'on _prefherltgd here et)fp“tf]'tly coq5|dde;s the com-
well-researched, a few examples of which can be fouREESSIon noise that 1S present In Ine received frames.

in[10,11,17,18]. On the other hand, temporal Iimitatior} Restoration of dropped frames of video is quite dif-

S ) )
in compressed video are often caused by missing fr{jlmg(gent than restoration of received frames. In the latter

and can result in sequence motion appearing uneven. case, compressed versions of the frames under considera-

In a compete scheme forpostprocessing compres {88 18 SEIAHE <1 e 000 o clmiale e st
video, missing frames should be estimatedi received P ge. pp

frames should be enhanced. However, the focus herﬁl"f‘smes’ however, the missing images must be restored

thetemporalaspect, and this paper deals exclusively wi azen?;Xr;zl?:]:thoesrtzzgﬁ(mgg)g;margzir':::aekseenqﬁgge'
the restoration of the missing frames at the decoder (see b bp

[11] for treatment of both received and inserted frame(?. estimate the missing frames. However, since received

This paper does, however, explicitly consider the spatlzﬁta are not av_allable for the frame being restoredz the

. . . : observations oflifferentframes must be related to the in-
compression artifacts in the received frames so that theérrted frame. The MAP criterion in this case leads to
effect on the reconstructed missing frames is minimized: '

The problem at hand can be stated as follows: An en- z = argmaxp (z|z’;, kek), (1)
coder has compressed a sequence of video frames. How- “ .
ever, due to bandwidth or storage limitations, the encoder = argmaxp (2)p (zg,k € Klz), @)

may have had to drop frames prior to encoding, e.g., drop- _ _ _ oh
ping two out of every three frames to go from 30 fp¥herez is the frame to be inserted am is thek" re-

to 10 fps. In scenes with moderate to high motion, tf€ved frame, which contains quantization noise. (Note
dropped frames may cause motion to appear jerky 4Rat throughout this paper, two-dimensional images are

uneven. Furthermore, the frames that are transmitted Kferésented as vectors by using a stacked-column nota-
tion.) The index sefC includes all frame indices of the

Manuscript submitted 27 July 2001, revised 27 September 2001 received sequence that are being used to reconstruct the
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Figure 1: Configuration of the received fran"ésandzf;rl with respect to the inserted frane

as many received frames as desired. Figure 1 showsiere)\,, is the index set of neighbors for thé" pixel,
configuration of the missing frame with respect to the rand NV is the number of pixels in the image. The inner
ceived frames. summation in (5) is over each pixel in the neighborhood
The first term of (2) is the priori image model, and of the nt" pixel. A neighborhood consisting of a pixel's
is discussed in the next section. The latter term of (2)agyht nearest neighbors is used here.
the observation model that relates observations to the datdsing the HMRF encourages smoothness in the final
being estimated, and consists of two elements—the quianage reconstruction, since the probability in (3) is higher
tization noise model, discussed in Section 3, and the tefor smoother images. The Huber function penalizes dif-
poral observation model, discussed in Section 4. Whignences less thaii quadratically; however, differences
the terms from the prior image model and the observatimger thari” are only penalized linearly, which helps pre-
model are determined, the MAP criterion of (2) resuligent oversmoothing image edges. In this work, the HMRF
in a convex optimization problem, the solution to whicbmooths compression artifacts introduced from the re-
is discussed in Section 5 along with experimental resultgived frames, preventing their presence in the estimates
Section 6 concludes the paper. of missing frames. The prior image model also fills in
gaps in the inserted image that may result when no mo-
tion information is present, which is discussed further in
The prior image model is chosen as a Huber Mark&ection 4.
Random Field (HMRF), which has been used extensively
in image and video processing [10, 13]. The Huber func- 3 DCT QUANTIZATION NOISE

tion'is a convex function that has edge-preserving properyy jq jmnortant to characterize the compression noise in

ties relative to a simple quadratic. Details of the HMRE, iyed frames, because the received frames are the only

can be found i_n the_ Papers just cited, and is given h?fﬁservations from which the missing frames can be esti-
without excessive discussion, mated. After compression and transmission, the receiver

1 . decodes the observed imag?at timek, where the “q”
p(z) = g P —AF Z/’T (dez) ¢, (3)  subscript denotes thaf has quantization error relative to
ece the original noise-free image,

2 PrRIORIMAGE MODEL

wheredG is a normalizing constand is a regularization
parameter, and the Huber functipp(-) is defined as Z’; =z + ek (6)

2
pr(u) = { T2 4 2;(|’u| — 1) IZI i ? (4) Some researchers [8, 9] assume this model with an in-
’ ’ dependent and identically-distributed (IID) Gaussian as-
Thec of (3) are local groups of pixels called cliques, @&d sumption for the noise terms;. However, a spatially-
is the set of all such cliques, which depends on the neigivariant noise term does not realistically model the quan-
borhood structure of the MRF. Here, the vectdisare tization error, and a more sophisticated and accurate quan-
chosen to extract the differences between a pixel andtization noise model is used here instead.
neighbors, such that (3) simplifies to Compression noise is derived here explicitly for com-
N-1 pression methods that use the discrete cosine transform
p(z) = 1 exp {—AF Z Z pr (z[n] — Z[m])} . (DCT), due to the DCT's popularity in image and video
G =0 meN, compression standards. To determine statistics of the
(5) spatial-domain quantization error, begin by considering



the DCT prior to quantization, 4 TEMPORAL OBSERVATION MODEL

yi =D (2" -2~,), (7) The DCT quantization noise model of the previous sec-

- _mc ) tion is one component of the overall observation model.
wherey* is the frequency-domainrepresentatiozbfD  This section provides the final component: The tempo-

represents the matrix that performs the two-dimensiong| opservation model. The goal is to relate the image to
block DCT, andzy;,,, is the motion-compensating prediche inserted to the observations, which is not a trivial task
tion for the video frame. Note that the DCT is applied ogye to motion of objects between frames—the location
a block-by-block basis, sB is a block-diagonal matrix. of pbjects in the observed frames must be related to the
The DCT coefficients are quantized as location of objects in the unknown frame to be inserted.
vE = QFy", 8) It thus seems obvious that knowledgerobtionis nec-

4 essary. A regularized block-based motion model is used
whereQ* -] is the quantization operator for thé&" frame. in this work, with4 x 4 block sizes. Motion estimation is
The decoded image is the motion-compensated predictimiformed on the received framafter they have been en-
added to the inverse DCT (IDCT) of the quantized frétanced with a post-processing algorithm; details of both
guency values, the motion-estimation procedure and the post-processing

algorithm can be found in [11]. However, the primary fo-
) cus of this paper is not motion estimation, and the FRA-
whereD! is the transpose @b, which is also the inverse MEStimation algorit_hm dis_cusged here is not dependent
of D due to the unitary property of the DCT. Note that th@n the type of motion estimation performed. For these

spatial-domain quantization error can be expressed as€asons, it will be assumed that motion vectors are al-
ready known between received frames; these motion vec-

ef = z;—72" = D'(y;—vy"). (10) tors will then be used to establish motion to the inserted

. : - frame, as shown in the following.
Of primary importance here are the statistics of the ) . .
ssume that the unavailable frame for which motion

noise. The autocovariance matrix for the noise is eas_irl%/A L . .
shown to be information is desired is located between frarhasd! +

. 1, the temporal distance between which is normalized to
Koo = E [e’;e’; } =D'Ke D, (11) unity. Assume that the intermediate frames situated

such that the distance between the frame and fiame,
where K., is the autocovariance matrix of the DCTthe distance between the frame and frdmel is 1 — «,

domain noise. Due to the decorrelating properties of thAd(0 < « < 1, as shown in Fig. 1. The observation
DCT for typical images [7], the autocovariance matrix ghodel will be described for th&" frame only, since the
y"* is approximately diagonal; along with some symmehservation model for framer 1 is completely analogous
try conditions on the distributions ¢f*, the DCT-domain tg that of framd.

quantization noise autocovariance matii.» can be  gyppose that motion information for each pixel at
shown to be diagonal as well. The diagonal elementgme; with respect to framé + 1 has already been de-
of K. represent the variances of the frequency-domaéiimined from a motion-estimation algorithm. Note that
quantization errors, and can be found by considering t§¢me of the motion vectors fromto [ + 1 may point
quantization intervals: If a particular observed DCT Valqﬂf the screen, which is perfectly ﬁne’ because some of
yq[m] lies in the quantization intervaly;, ¢i11) defined these off-screen motion vectors frdrto [ + 1 may result

by the quantizer, then barring any prior knowledge qf |egitimate motion (not off-screen) for the intermediate
y[m] one concludes that[m] given the observation isfragme.

uniformly distributed infg;, ¢i11), and the variance of the | the 2-D motion vector froml to I + 1 for pixel i
frequency-domain quantization error is easily seen to be ;. L1 1]t ,
L (gi+1—¢:)*. Thus the matrif .. is easily constructed'S Vi~ = {“z ' Vi } , then the 2-D motion vector
based on the quantization limits defined by the quantiz&gm to the intermediate frame is found simply as

Note from (11) that in general the spatial-domain noise .

terms arenot I1D, but are correlated. vi=avi!tl —q [uﬁ’l“, vﬁ’l“} : (13)

From (10), each spatial-domain noise term is a lin-

ear combination of independently distributed uniform rafsis motion model assumes constant velocity of objects
dom variables ¢4 of them, when using th8 x 8 block petween framesand! + 1, or a “linear motion model.”
DCT), allowing the spatial-domain quantization noise tpnis assumption is obviously not strictly true, because
be approximated as @mean Gaussian random vectofea|-world object velocities between two frames will al-

with autocovariance matriK:. From (6), most never be exactly constant. However, due to the rela-

B tively small temporal sampling interval for most video se-

p (Zlg|zk) = (|27T) quences, the linear velocity model is adequaote that

K
exp {

k _ pt,k k
z, =Dy, + 2.,

|

INote that more accurate motion models, for exangglestant ac-
1 celerationinstead of constant velocity, require motion information for
k kytye—1(,k k ) . ;
S(zg —2")'K_. (z; —2") . (12) more than two frames, which can become unwieldy. Most temporal in-
2 “ terpolation schemes use the same linear motion model used here.

k
ez



the motion elements in (13) are in general non-integeretements ofK! , whereN is the number of pixels in the

m?

value. image.
The motion vectors are used to model the motion com-Probability theory says that the transformation matrix
pensation relationship explicitly as U is the Karhunen-Leve Transform (KLT), but to deter-
z . . mine I/ using the KLT requires prior knowledge of the
z =A'z+n,, (14) matrix K., and would result in a prohibitively complex

. FRAMEstimation algorithm. Rather than rely on the KLT,
wheren/

eny, 1S the_ NOISE, ?r error, that apcounts for the u | simplifying assumption is used to allow construction of
certainty in estimating' with the motion-compensated;; Two-dimensional signals that are well-modeled by

H H H m*
z Note that (14) reIatesngmaI 'Mages in the SEqUeNCes st order prediction models with high one-step correla-
Since the motion to the intermediate frame is in gep

: . . g on parameters have autocovariance matrices that are ap-
eral non-integer, the motion-compensating matik is

imately di lized by the DCT [7]. A [ h
formed based on a bi-linear interpolation model; see [@fxma ely diagonalizec by the [7]. Assuming suc

. X . ignal leads to the approximation
for details on construction of such a matrix.
_ No';e that the mothn rglatlonsh_|p in (14) relates each K! =D'K D, (19)
pixel in framel to a pixel in the missing frame. Due to
the motion vector determination of (13), it is quite likelwhereK!, is diagonal, and is the BDCT, which is the
that there will be pixels in the missing frame that hay®CT applied on a block-by-block basis. Such an approx-
no corresponding observation, and hence no informatigmation relies on the BDCT approximating the KLT for
from surrounding frames is available with which to estmotion compensation error, and requires some further jus-
mate these pixels. For such regions of pixels the HMRification. The BDCTdoesdo a reasonable job of de-
prior image model “fills the holes”—the prior smoothnessorrelating signals with high correlation parameters, as
assumptions cause the algorithm to smooth over the &gidenced by its popular use in image and video compres-
gions with no observations, masking their appearance slon standards [3-5]. The following points provide justi-
such regions, the HMRF performs quite similar to the effeation for assuming that the motion-compensation noise
ror concealment algorithm of Salama et al. [12]. is highly correlated, and hence has an autocovariance ma-
Due to the DCT quantization noise model, it is knowttix that is approximately diagonalized by the BDCT:
thatz), = z' + e, wheree,, is the DCT quantization noise _ _ _ _ o
for frame! with autocovarianc&, = D'K. D. Com- *® Appearing/Disappearing Objects. If an object is

bining the quantization noise model with (12), present in one frame but is covered up in the next
frame, then whatever motion vectors are found for
z, = 7z +e, (15) the object will be pointing to an incorrect object. The
— Alzinl e (16) error in such a case is the difference between the two
. A distinct objects, and will be highly correlated pro-
A’z +n', an

vided that the two objects are independent (a reason-
able assumption) and that each is relatively smooth
(a common assumption for images, at least at the lo-
cal level).

wheren' is the error, or noise, betweet} and its mo-
tion compensation froma, and consists of both motion-
compensation noise and DCT quantization noise. Charac-
teristics of the DCT quantization noise have already been, Off-screen Motion Vectors. If the motion in a
covered in some detail, and the motion noise must now be  gcene results in a motion vector pointing off the
characterized to continue. It is assumed that the motion screen (i.e., pointing outside of the reference image),
noisen;, is Gaussian with autocovariance matk,,. then the situation is similar to the case of appear-
The Gaussian assumption has been used before, for ex- ing/disappearing objects above.
ample by Schultz and Stevenson in [13]. However, in [13]
the authors assume IID Gaussian noise, which for the case Lighting Changes. If the light incident upon on ob-
at hand is rather limited—IID noise implies that each ob- ject changes (due to, for example, some change in
servation is equally reliable, and does not take into consid- ambient light or a change in an object’s orientation
eration spatially-varying errors in motion estimation such ~ with respect to a light source), even with perfect
as appearing/disappearing objects, lighting changes, orin- motion vectors there will be considerable motion-
correct motion vectors. compensation error. Since the lighting change will
Here it is proposed that a spatially-varying motion  probably apply to relatively large regions, it is rea-
noise model be used. Suppose first that the autocovariance sonable to assume that the error will be highly corre-
of the motion-compensation noi#€, is diagonalized by lated.

m

the transformation matrié, such that . . . .
e Motion Vector Errors. Errors in motion vectors arise

K. =u'K,u, (18) from a variety of sources. One major source of error

is due to limitations in the motion model used in mo-
whereK/, is a diagonal matrix. Thus, with knowledge of  tion estimation—perhaps the true motion exceeded
U the autocovariance of the motion-compensating noise is the range of motion searched in the estimation pro-
represented by th& elements ofK), rather than theV> cedure; or maybe the motion model assumes a purely



translational motion, and the actual motion consistedired terms are found here as

of rotation or deformation; or maybe the motion- )

estimation algorithm simply found the wrong vector oilil = a([D(2' — AMF2H] )7, (20)

for some unknown reason. In any case, the result-

ing motion vector is pointing to wrongobject, and where A%+ s the motion- -compensation matrix from

the discussion for appearing/disappearing objects &gme! to framel + 1. As can be seen, the variance esti-

plies here as well. mate of (20) is computed based on only a single sample.

The variance of this estimate is thus quite high, but is un-

e Experimental Tests. The motion-estimation alg@voidable because there is only the single observation of

rithm used in this work was applied to tHfere- motion-compensation error available.

man sequence at 15 fps to examine the motion- From (17),z 4z is Gaussian with meaA'z and au-

compensation error. Values of the one-step cornecovanancdd = Ko + K., Similarly, z;"|z can

lation coefficients in the horizontal and vertical dipe shown to be Gaussian with meAd™z and autoco-

rections p; andp,) were estimated on a frame-byyarianceK'*! = K1 + K., Assuming conditional

frame basis, and averaged out to approximately Qefiependence,

in both the horizontal and vertical dimensions. While

0.4 is certainly not approximately 1.0, the BDCT still p(z,k € Klz) = [] » (z]2) , (21)

performs a certain amount of de-correlation—just keK

not as much as if the correlation coefficients were

approximately 1.0. Indeed, the BDCT is used onWhere the individual probabilities on the right-hand side

wide class of images, many of which have correl&® Now known from (17).

tion coefficients considerably less than 1.0. 5 SOLUTION AND EXPERIMENTAL RESULTS

While the above points provide justification for using With both terms from (2) now determined, the final op-
the BDCT to de-correlate the motion-compensation noigimization problem to be solved becomes
there is at least one strong argument against:

z = argmin [Apu(z) + v(z)], (22)

e When none of the situations presented above apply— ‘

i.e., there are no appearing/disappearing objects,wioere

off-screen motion vectors, no lighting changes, and .

the motion vectors are determined perfectly—then % z) = Z/’T (dez) (23)

the motion-compensation error dosst seem to be CEC

highly correlated. In the experimental tests men-  ;(z) = = Z th (Akz —z’;). (24)

tioned above, during the few areas of tlieeman 25

sequence that had almost no motion at all, the es-

timated correlation coefficients varied between 0.0 The convex optimization problem in (22) is solved us-
(i.e., not correlated at all) and 0.2. ing a gradient descent algorithm [6]. After substituting for

K*, the gradients of the individual terms are given as
While perhaps not perfectly de-correlating the motion-

compensation noise, it is argued that for most situationgu(z Z d.pr (dez) (25)

using the BDCT provides a more accurate description of cec

the noise than an IID assumption. Furthermore, whe kbt [ k}*l k k
A¥'D K D(A%z —1z.).(26

performing FRAMEstimation for sequences at relatlvely Z oy TR (A2 —2,).(26)

kek
low bit rates, motion-compensation errors that are not ap-

proximately de-correlated by the BDCT—where the m@enoting the estimate of at iterationw as z(*), and
tion error is quite small—will be dominated by the BDCT(z) = ArVu(z) + Vu(z), the gradient descent algo-
guantization noise, and the slight mid-modeling has litthtthm forms the new estimate as
negative impact.

The variances?[i], i = 0,..., N — 1, that compose 2D = () — 7(w)g (Z(w)) ; (27)
the diagonal matri¥<’, must be determined. Since the
actual frames andz' are unavailable, the variances mustherer (") is a step size that ideally reduces the objective
be estimated from the available frames at timhasdl + 1 function by as much as possible. The step size is deter-
instead. As mentioned previously in this section, mained by a simple one-dimensional search algorithm that
tion estimation is performed with the processed imagfisds the best(*) in a pre-defined search range, where
z! andz!*! rather than the received frame§ andzl;rl the search is performed at a pre-determined resolution. It-
to prevent compression artifacts from interfering with therations of (27) are continued until improvements in the
process. To determine motion compensation varian@dgective function fall below a small threshold.
here, the processed frames are used as well. Assuminhe FRAMEstimation algorithm has been imple-
that the motion-compensation variances are proportionagnted in an H.263 decoder, and PSNR plots of the in-
to the distance between frames, as done in [13], the serted frames are shown in Figs. 2 and 3 for various values
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Figure 2: PSNR plots for inserted frames in theemansequence. (a) 10 fps, QP =8y = 0.00075, inserting two
frames between each pair of received frames to achieve 30 fps; (b) 15 fps, Q2 =8).00075, inserting one frame
between each pair of received frames to achieve 30 fps. The Huber parameteris T = 10.0.

of quantization parameter (QP). For each of these casegrigs. 4 through 6 suggest quite the opposite—in each
the original sequence was compressed using inter-codédhe three cases, noticeable compression artifacts are
frames for all but the first frame. Frame rates of the rpresent in the received frames, while the inserted frames
ceived sequences varied between 7.5, 10.0, and 15.0 fiasie had these compression artifacts effectively removed.
implying that 3, 2, and 1 frame or frames needed to Bé&e low values from the PSNR charts can be explained
inserted between each pair of received frames in orderfollows: If the estimated motion information to the in-
to achieve 30 fps. Plots of the received frames’ PSN#Rrted frame is incorrect by even a single pixel, then ob-
are shown in these figures as well, and are provided ggets placed in the inserted frame will not be located in the
baseline with which to compare the PSNR of the insertegact proper location, which will result in poor PSNR due
frames. Note that these figures only present PSNR for themisalignment of edges between the true image and the
inserted frames, and do not include PSNR results for angerted image. Small errors in motion vectors can arise
enhancements done to the received frames. Close-upSah a variety of sources, the most prevalent of which is
various frames from these sequences are shown in Figgerhaps the linear motion model (recall that velocities are
5, and 6, and demonstrate that the proposed FRAMEsitssumed to be constant between frames). However, when
mation scheme effectively inserts missing frames, whillee sequences are viewed at 30 fps, these small misalign-
preventing the propagation of compression artifacts framents of edges have no subjective effect, and the inserted
the received frames. frames typically appear to have better quality than the sur-

' N ounding received frames. This provides evidence of the
At first glance, the FRAMEstimation PSNR plots o%

d f PSNR tric for vid lity.
Figs. 2 and 3 might seem to suggest that the proposrt]a% equacy o as a metric for video quaity

algorithm performs poorly. However, although most of However, there are areas of significant motion where
the inserted frames have noticeably lower PSNR than the proposed FRAMEstimation algorithms fails, in par-
surrounding received frames, the visual results presentiedlar the two steep drops in the PSNR curves for the
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foremansequence in Fig. 2. In these two sections of tivere motion between frames, which in turn allows for bet-

sequence, there is severe motion that is not correctly eti- motion estimation, enabling better FRAMEstimation

mated by the motion estimation algorithm, and the recamsults. Furthermore, the constant velocity motion model
structions for the inserted frames have noticeable artifaégssmore accurate for smaller temporal sampling periods,
This problem is not due to limitations in the FRAMEsallowing even better quality for inserted frames.

timation formulation, but is rather due to limitations in

the motion estimation algorithm—given true motion in- 6 CONCLUSION

formation, the algorithm would have determined a goodThis paper has presented a method for increasing the
estimate. In an implementation where quality is criticgame rate of video compressed using the block discrete
some sort of heuristic test would need to be conducted{gsine transform. A Bayesian formulation for the problem
determine when the motion estimation has failed, and R;‘\l,g_s developed, and the estimate of an inserted frame was

i_nserted frames in these cases could just use frame regﬁyén as the solution to a convex optimization problem.
tion. The a priori smoothness term in the Bayesian formula-

Results were only provided for sequences at relativéijn Prevents spatial compression artifacts, which may be
low bit rates, but the algorithm performs equally well fdPresentin the received V|de_o frames, from propagating to
higher-quality video as well. Although not discussed prg]e inserted frames. Exp_gnmental resul_ts were presented
viously, FRAMEstimation algorithms can also be usefifat demonstrated the utility of the algorithm.
for creating slow-motion sequences—for example, a 30-
fps sequence could be converted to 90 fps, and then dis-
played at one-third speed. In general, results for slowl] C. Cafforio, F. Rocca, and S. Tubaro. Motion com-
motion FRAMEstimation tend to be quite good because pensated image interpolatiolEEE Trans. on Com-
the smaller temporal sampling period results in less se- munications38(2):215-222, Feb. 1990.
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[a[b]

[c[d]
Figure 4. Example close-up inserted frames for 10ffpemancompressed with H.263 quantization parameter QP
= 8. (a) Received frame 114; (b) received frame 117; (c) and (d) inserted frames 115 and 116, reconstructed with
Ar = 0.00075,T = 10.



Figure 5: Example close-up inserted frames for 7.5¢efpge sequence of Fig. 3. (a) Received frame 88; (b) received
frame 92; (c), (d), and (e) inserted frames 89, 90, and 91.

10



Figure 6: Example close-up inserted frames for 7.5afisasequence of Fig. 3. (a) Received frame 112; (b) received
frame 116; (c), (d), and (e) inserted frames 113, 114, and 115.
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