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ABSTRACT 
Object based bit allocation can result in significant improvement 
in the perceptual qualit y of relatively low bit-rate video. In this 
paper we describe a novel content aware video transcoding 
technique that can accept high-level description of video objects 
and extract them from incoming video stream and use it for 
perceptual encoding based extreme video downscaling. 
  
Keywords: perceptual encoding, video transcoding, content aware 
streaming.  

1. INTRODUCTION 
Current video transcoding techniques are based on 

requantization [8,13]. However, requantization do not seem to be 
capable enough to down scale a video to the very low bit-rate 
required by current the Internet scenario.  In recent past, it has 
been shown that object based encoding plays an increasingly 
important role for carrying perceptuall y pleasant video at lower 
rates [2,4,9,12].  In this research we are studying how perhaps 
perceptual object based coding concept can be incorporated into 
transcoding for extreme rate transformation required in spli cing 
asymmetric segments of the Internet.  

Object based video encoding is an open problem. Recent 
MPEG-4 standard provides syntax to specify objects into video 
stream [11].  Despite the standardization of the syntax, object 
detection remains a serious open challenge [1,3,5]. It is much 
more diff icult to detect an object than to compute a wavelet or 
DCT co-eff icient. Indeed MPEG-4 objects are currently thought to 
have best chance for computer model generated synthetic video 
where objects do not need to be detected or in limited domain 
(such as head and shoulder) small format video [1,2]. Even in 
these special situations object detection algorithms are generall y 
quite computation intensive [5]. Consequently, these techniques 
have been pursued primaril y for first stage video encoding. 
Because most first stage encoding scenarios (except for li ve video) 

allow for off-li ne processing.   

In this context, the transcoding scenario has several 
significant differences from conventional first stage encoding. 
First of all the original frame images are no longer expli citl y 
available. The transcoder receives an encoded video stream. 
Secondly, the object detection has to be performed extremely fast 
at the rate of the stream. Thirdly, it already contains some refined 
information (such as motion vectors). Consequently, techniques 
for transcoding can generall y be used in first stage encoding but 
the reverse in not always possible. 

In this research we particularly describe a low computation 
based object tracking algorithm suitable for full motion focus 
region based perceptual video recompression. This novel 
technique accepts some logical and high-level initi al description of 
the video objects in terms of initi al position, and shape. It then 
automaticall y tracks the region covered by this object for 
subsequent perceptual encoding based on real-time motion 
analysis. We have restricted the problem that no pixel level 
decoding of DCT or image components is allowed to conform to 
the constraints of the transcoding scenario. In this paper we 
present the stream object tracking method and share some of the 
results from a novel perceptual transcoder, that we have recently 
implemented using this tracking algorithm. 

2. SYSTEM M ODEL 
�����

Transcoder Architecture
The perceptual transcoder system accepts and produces 

MPEG-2 ISO-13818  [6] video stream, and is capable of 
dynamicall y adjusting the incoming bit-rate to an outgoing piece-
wise constant bit-rate (pCBR) [7,10]. The control is similar to the 
MPEG-2 test model TM-5 algorithm. Besides the pCBR operation 
the system can modulate the sample density both in temporal as 
well as spatial dimension based on region description. The detail 
of the rate control algorithm however is not within the scope of 
this paper but can be found in [7]. In this paper we particularly 
focus how the region of interest window required by the 
perceptual rate adaptation/control algorithm is tracked from the 
incoming stream for extreme video downscaling.  

2.2 Tracking System Model 

We view a frame Ft as a matrix of macroblocks mt(i,j), i 
and j being the column and row indices and subscript t the frames 
presentation sequence. The approach classifies frame macroblocks 
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into active (At), monitored (M t) and inactive (It) sets, based on 
motion vector analysis. Macroblocks representing the same video 
object are grouped as At. Macroblocks surrounding the At belong 
to M t, and those beyond are in It. The membership of the 
macroblocks can change from frame to frame. Fig-1(a) shows the 
typical active and monitored set and Fig-1(b) shows the transition 
model. The union of these sets for all objects is the frame set (F). 
Here superscript r is the index of the focal region. 
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Each focal region is defined by a set of macroblock 

properties called macroblock property set (MPS or r
ip ). A focal 

region also has an aggregate property set  (APS or 
rp ), which is 

derived from the properties of the member macroblocks in its 
active set. The idea is that the active set defines the core focal 
object and is quantified by its aggregate property set. Both the 
region memberships and the aggregate properties are dynamic. 
The MPS properties of the active and the monitored sets both are 
continuously monitored. However, for the later is not used to 
update the APS. A macroblock, which is currently in M can be 
indoctrinated in A. Similarly, a macroblock, which is now in A 
can loose its membership and relegated to M or I in next frame. 
The transitions are determined by set transition rules defined 
based on distance measure between the APS and the MPS of 
individual macroblocks explained next. 

2.3 Moving Object Model 
The system accepts a high-level description of an object. For 

moving object detection in the MPEG-2 stream, we rely on 
macroblock motion properties.  Let )](),([ yvxvp tt

r =  where 

vt(x) and vt(y) be the horizontal and vertical motion vectors 
associated with mt(i,j). We also denote )](),([ yvxvp tt

r = . An 

object is then defined by the following seven parameters: 

Initi al Shape (S): a region in a frame denoting the Ao.  

Monitor Span (D): the width of M spans in number of 

macroblocks 

Deviator Thresholds (P1(x) and P1(y)): if the difference 
magnitude between Vt(x) of mt(i,j) Î  At and )(xV t  is greater than 

P1(x) percent of )(xV t , or the difference magnitude between 

Vt(y) of mt(i,j) Î  At and )( yV t  is greater than P1(y) percent of 

)( yV t , mt(i,j) is not following the movement of observed object. 

Follower Thresholds (P2(x) and P2(y)): if the difference 

magnitude between Vt(x) of mt(i,j) Î  M t and )(xV t  is less than 

P2(x) percent of )(xV t , or the difference magnitude between 

Vt(y) of mt(i,j) Î  M t and )( yV t  is less than P2(y) percent of 

)(yV t , mt(i,j) is following the movement of observed object. 

Deviator Persistence (N1): if mt(i,j) Î  At has not been 
following the movement of observed object for consecutively N1 
times, remove mt(i,j) from At. 

Follower Persistence (N2): if mt(i,j) Î  M t has been following 
the movement of observed object for consecutively N2 times, add 
mt(i,j) to At. 

Group Volatilit y (Pd): a maximum of Pd percent of 
macroblocks from A can be removed in one frame. 

For each video object one set of the above seven parameters 
is given. The last six of the above have been defined as thresholds 
and they also determine the set transition rules. Below we now 
describe the algorithm. 

3. INVERSE PROJECTION ALGORITHM 
 The tracking starts with the initi al positions of the 

perceptual objects. Initi al Ar
0, M

r
0 and I0 sets are defined for the 

first frame corresponding to the objects. For each subsequent P 
frame in the presentation (as well as coding) sequence, Ar

t and Mr
t 

sets are predicted by shifting the A and M sets of the previous P 
frame’s motion analysis using inverse shift of the motion. These 
sets in I and B frames are computed by back interpolation while 
the computation follows coding sequence.  Below are the steps 
how each of the objects in each frame are handled: 

 
1.  Initi ali ze A and M sets 
 Given the coordinates of top-left corner pixel (x1, y1) 
and bottom-right corner pixel (x2, y2) of a focal region, the 
corresponding macroblocks to these two points m(x1,y1) and m(x2, 
y2) are identified. The initi al A will be composed of all m(i,j) 
where x1 £ i £ y2 and x1 £ j £ y2. If m(a,b) Ï  A, but within D 
macroblocks away from m(i,j) Î  A, let m(a,b) Î  M. 
 
2. Predict A and M for frame t from previous frame t¢ 

 We obtain the A and M sets for frame t by shifting the 
A and M sets of a previous P frame t¢ towards the object’s 
movement direction. 

 

 
 

Active sets Monitored sets 
sets 

A 

M I 

Fig-1(a)  (left) A, M sets of macroblocks with a frame with 
two objects. I is the background. Fig-1(b)  (right) 
Transition is bi-directional between A-M, and M-I, but 
unidirectional from A to I, A macroblock can not can not 
transition in A directly from I. 
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Fig-2 (a)-(f) Results of the motion tracking. The 
active window (shown with white boundary) 
detected by the algorithm mostly kept up with 
the objects. For this detection we used the 
parameters D=2, P1=50, P2=80, N1=0, N2=0, 
Dd=20. The algorithm occasionally (f) lost partial 
track when the vehicle was turning. However, it 
regained the track after a while. Fig-5(g)  shows 
the trajectory of the car in our sample video 
sequence. 
 
 

(f) Frame 200 

(b) Frame 40 

(e) Frame 160 

(c) Frame 80 (d) Frame 120 

(a) Frame 0 

(g) Complete Trajectory 
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 Given )(' xV t and )(' yV t  of frame t¢, since they were forward 

predicted, the shift direction should be opposite.  
 
I. If frame t is I or P frame, At and M t are generated by shifting 

At¢ and M t¢ horizontall y and verticall y by the following 
number of macroblocks: 

.  

16
)(' xV t-  and 

16
)(' yV t-  

 
II. If frame t is B frame, assuming there are n B frames between 

two adjacent P frames and t is the ith one, We predict At and 
Mt by shifting At¢ and M t¢ horizontall y and verticall y by the 
following number of macroblocks: 

.  

)1(16
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Step 3 to 5 are only performed on P frames. 
 
3. Reshape the current frame At through motion analysis 
I. Sort Vt(x) of all mt(i,j) Î  At, choose the median value as 

)(xV t . Choose )( yV t the same way. 

II. For each mt(i,j) Î  At, if 
.  
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We consider mt(i,j) is not following the object movement in 
current frame, if it has been not following in consecutively N1 P 
frames. We then remove it from At. But we can only remove at 
most Nd percent of macroblocks from At. If more than Nd failed, 
the Nd percent macroblocks with largest values in following 
equation will be removed from At: 
.  |)()(||)()(| yVyVxVxV tttt -+-   

III . for each mt(i,j) Î  M t, if: 
.  

)(
|)(|

|)()(|
2 xP
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xVxV

t

tt <
- and, 
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|)()(|
2 yP

yV

yVyV

t

tt <
-  

we consider mt(i,j) follows object movement in current frame. If it 
has been following in consecutively N2 P frames, let mt(i, j) Î  At. 
 
4. Spatial Localit y based adjustment to At 
I. for each mt(i,j) Ï  At, if mt(i-1,j), 

mt(i+1,j), mt(i,j-1) and mt(i,j+1) all Î  
At, let mt(i,j) Î  At. Intra coded 
macroblocks that were removed form 
At because of their zero motion vectors 
can be recovered through this 
operation. 

II. for each mt(i,j) Î  At, if mt(i-1,j), 
mt(i+1,j), mt(i,j-1) and mt(i,j+1) all Ï  
At, let mt(i,j) Ï  At. 

 
5. Reset M t 
 
 For all mt(a,b) Ï  At, if it is within 
D macroblocks away from mt(i,j) Î  At, let 
mt(a,b) Î  M t. 
The above procedure is now repeated for 
each object. The output of the system is the 
sequence of active sets .......],,[ 210 AAA , 

which is fed to the transcoder rate controller as video object 
region. The transcoder then correspondingly generates the pCBR 
video stream with appropriate spatial distribution of bits for the 
specified outgoing bit-rate.  

4. EXPERIMENTS 
We use two parameters for the evaluation of the motion-

tracking algorithm. The first one is the object-coverage, which is 
the percentage of the actual visual object successfull y covered by 
the active set. The other is the mis- coverage, which is the 
percentage of the active set that did not cover the object (note 
these are not complement to each other). Here we share a typical 
result from a video shot with a toy car moving on carpet. The 
initi al video (and the associated motion vectors) given to the 
transcoder was encoded as a standard MPEG-2 stream using an off 
the shelf commercial encoder (Ligos � MPEG -2 encoder) with 
GOP size 12 and distance between P frames 3 and frame rate 30 
frames/second. 

Fig-2(a)-(f) shows the tracking result for few frames (the 
boundary of A of each frame along with the original video picture 
is shown in white). Fig-2(g) shows the actual trajectory of the 
object on the final frame. To measure the tracking performance, 
we paused the video for every 10 frames, and did a direct count of 
the macroblocks covered by the object and compared them with 
the corresponding active sets. Fig-3 demonstrates the object-
coverage and the mis-coverage with the frame sequence (x-axis). 
As visible the object-coverage rate is typicall y higher than 90%, 
particularly when the perceptual object has translation movement. 
During each turn it somewhat lost the tracking but after a while it 
recovered. The precision of the tracking is given by near zero mis-
coverage. We let the algorithm run till it completely looses the 
track to approximate the maximum stabilit y. The video set we 
tested shows (one continuous shot) stable tracking all the way for 
about 200-300 frames— over more than 10 typical GOPs. Finall y 
Fig-4 shows the perceptual encoding (with temporal sample fusion 
[7]) results for a commercial movie clip sequence with high 
motion. Fig-4(a) and (b) shows the macroblock-wise bit 
distribution on the frame-plane without and with object detection 
activated.  For both cases the total outgoing bit rate was same, but 
as can be seen in the right, we were able to allocated more bits in 
the regions of object. 

Tracking Performance
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Fig-3 Tracking performance in a video sequence showing the object-coverage and 
mis-coverage.   
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5. CONCLUSIONS 
It seems some form of object centered perceptual 

encoding will be inevitable in extreme rate (down) 
scalabilit y. In this paper we have described a novel content 
aware video transcoding technique that can accept high-
level description of video objects and use it for perceptual 
encoding based extreme video downscaling. Though we 
have implemented the system for MPEG-2/MPEG-2 
transcoding but techniques such as this can play important 
role in the emerging MPEG-4/MPEG-2 spli cing. Currently, 
the tracking complexity comprises only a negligible part of 
the overall transcoding. Computations are confined only 

within the pre-extracted motion vectors of the active and 
monitored sets. The results on the tracking stabilit y tend to 
indicate that about every few (~5-10) seconds one 
embedded video object description frame might be enough 
to support such object-based transcoding. It adds about 0.5-
1.0 bits/object/frame overheads to the incoming high-speed 
video stream, which also should have negligible impact. We 
are currently performing additional investigation into 
tracking stabilit y and spontaneous birth-and-death of video 
objects. This research has been supported by the DARPA 
Research Grant F30602-99-1-0515 under its Active 
Network initiative. 
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the entire video sequence for rate transcoding without object analysis. (b) right: the same with object analysis. 
The boundary area was encoded with much less bits in object analysis based transcoding. 
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