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ABSTRACT 
In this paper, we propose a novel region-of-interest (ROI) 
video coding algorithm for wireless video telephony 
applications. In order to improve the visual quality of the 
ROI, the proposed approach reallocates bits from Non-
ROI macroblocks to ROI by adaptively skipping Non-ROI 
and using an optimized weighted bit allocation scheme to 
bias the bit allocation. To the best of our knowledge, this 
work is the first effort to develop an optimized ρ -domain 
bit allocation scheme for ROI video coding. Experimental 
results indicate that the proposed approach significantly 
outperforms other methods by up to 2dB. 

1. INTRODUCTION 
Region-of-Interest (ROI) video coding [1-11] has recently 
become a very attractive field with the increasing 
popularity of wireless video telephony applications. For 
these applications with the constraint of very low-bitrate 
(less than 64kbps), ROI coding can effectively improve 
the subjective quality of the encoded video sequence by 
coding certain regions, such as facial image region, at 
higher quality. As shown in Fig. 1, the facial region in Fig. 
1(b) is normally considered as an ROI for the original 
image shown in Fig. 1(a).  

In video telephony applications, the mechanism to 
accurately specify the ROI is not a trivial task, which has 
resulted in advanced research on face detection, face 
segmentation, and object tracking. The current study on 
ROI video coding generally considers head-and-shoulder 
video sequences and assumes the ROI (human faces) can 
be detected in acceptable accuracy. Therefore, bit 
allocation has always been one of the major focuses of 
ROI video coding. In [1-2], a face model is used to assist 
encoding eyes, mouth and other areas with different 
quantization parameters and temporal resolution. In [3-4], 
human visual sensitivity variations with eccentricity has 
been considered in macroblock-level quantizer 
assignment, where the viewers are assumed most likely 
gaze at faces, and therefore the visual sensitivities of 
macroblocks will decrease with distance from the center 
of gaze. In [5], a simple two-level quantization scheme is 
used which assigns a finer quantizer to the foreground and 
a coarser quantizer to the background. In [6-7], spatial or 
temporal filters are used on background to decrease the 
bitrate cost and save bits for the foreground. In [8], the 

macroblocks are classified into three regions: face region, 
active non-face region and static non-face region. The 
encoding for the static non-face macroblocks are skipped 
to save bits for compensating the quality of the face and 
active non-face macroblocks.  

 

 

 

 

 

          (a) Original Image            (b) ROI of the image 

Figure 1 An example of ROI 

So far, most of the current ROI bit allocation algorithms 
[7-11] are based on a weighted version of the H.263+ 
TMN8 model [12], where a cost function is created and 
the distortion components on various regions in the 
function are treated differently by using a set of preset 
weights. Like most of the other video standards, TMN8 
uses a Q-domain rate control scheme, which models the 
rate and distortion with functions of quantization step size 
(QP). However, recent advances in rate control research 
and development have demonstrated that the ρ -domain 
rate control model [13] ( ρ  represents the number (or 
percentage) of non-zero quantized AC coefficients in a 
macroblock in video coding) is more accurate and thus 
effectively reduces the rate fluctuations. Our simulations 
also showed that the ρ -domain rate control significantly 
outperformed the Q-domain approach. To the best of our 
knowledge, so far there is not a general optimized ρ -
domain bit allocation model for ROI video coding, 
although an ad-hoc bit allocation solution in the ρ -
domain was used in [6].  

In this paper, we propose a ρ -domain optimized 
weighted bit allocation scheme for ROI video coding. At 
the same time, we develop an adaptive background 
skipping algorithm, which can be used jointly with the 
weighted bit allocation scheme. The major difference 
between the proposed skipping approach and the 
macroblock skipping feature of [8] is that the proposed 



method can dynamically control background skipping 
based on the statistics of the previous coded frame. In 
other words, our proposed method will turn off 
background skipping if it severely hurts the video fidelity, 
for example when the background content contains 
important information.  

The rest of the paper is organized as follows. Section 2 
presents the optimized weighted bit allocation scheme, 
Section 3 proposes the adaptive background skipping 
approach, and Section 4 demonstrates the experimental 
results. We draw conclusions in the last section.  

2. OPTIMIZED WEIGHTED BIT ALLOCATION  
Although ROI video coding has become a very popular 
research topic recently, quality measurement for ROI 
video is still an open issue. Most papers use PSNR as a 
distortion metric to evaluate the quality of ROI and Non-
ROI, however, the overall video quality cannot be 
accurately evaluated. In the following text, we propose a 
perceptual quality measurement for ROI video. It is 
important to point out that the main purpose of this paper 
is not to develop a general quality metric for ROI video, 
instead we introduce a quality cost function to bias the bit 
allocation scheme into a subjective visual favorable 
solution. Three major factors should be considered in the 
metric: users’ interest, video fidelity and perceptual 
quality of the reconstructed video data. The users’ interest 
directly determines the classification of a video frame into 
ROI and Non-ROI parts and their associated perceptual 
importance factors. In video telephony applications, 
speaker’s face region is a typical ROI because the human 
being’s facial expression is very complicated and small 
variation can convey large quantity of information. For 
video fidelity factor, PSNR is a good measurement, which 
indicates the total amount of distortion of the 
reconstructed video frame compared to the original frame. 
In general, fidelity is the most important consideration for 
video coding, where any improvement might cause better 
subjective visual quality. However, it is not always the 
case, and that is why perceptual quality factors should also 
be taken into account. The perceptual quality considers 
both spatial errors, for example blocking and ringing 
artifacts, and temporal errors such as temporal flicker 
where the frame visual qualities change non-uniformly 
along the temporal axis. In this work, we only consider the 
first two factors in the metric in our design of real-time 
video communication systems. 

Let us denote by 
RD  and NRD  the normalized per pixel 

distortion of the ROI and Non-ROI, and α  the ROI 
perceptual importance factor. If we assume the 
relationship among the aspects mentioned above can be 
simplified into a linear function in video quality 

evaluation, then we can represent the overall distortion of 
a video frame as 

   ( , ) (1 ) ( , )Frame R NRD D f f D f fα α= + −� � ,                     (1) 

where f and f�  are the original and reconstructed frames, 

RD and 
NRD  are the normalized errors of ROI and Non-

ROI in fidelity. It is clear that α  should be assigned real 
values between 0 and 1, and the selection of α  is up to 
end-users based on their requirements and expectations. 
Again, this measurement is not a perfect metric, but it will 
be shown in the subsequent tests in section 4 to help the 
bit allocation process to favor subjective perception. 

Let us denote by budgetR  the total bit budget for a given 
frame f and R the bit rate for coding the frame, then the 
problem can be represented by 

   Minimize DFrame, such that budgetR R≤ .                       (2) 

Clearly, this optimization problem can be solved by 
Lagrangian relaxation and dynamic programming in the 
same fashion as in [14]. However, the computational 
complexity is tremendously higher than a real-time system 
can bear. Therefore, we propose a low-complexity near-
optimal solution as follows.  

In ROI video coding, let us denote by N the number of 
macroblocks in the frame, { }iρ , { }iσ , { }iR  and { }iD  the 
set of ρ ’s, standard deviation, bit rate and distortion (sum 

of squared error) for the ith macroblock. Thus, 
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where K is the number of macroblocks within the ROI. 
Therefore, the weighted distortion of the frame is 
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Hence, problem (2) can be rewritten as 
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We propose to solve (5) by using a model-based bit 
allocation approach. As shown in [15], the distribution of 
the AC coefficients of a natural image can be best 



approximated by a Laplacian distribution | |( )
2

xp x e ηη −= . 

Therefore in [12], the rate and distortion of the ith 
macroblock can be modeled in (6) and (7) as functions 
of ρ , 

   i iR A Bρ= + ,                                                             (6) 

where A and B are constant modeling parameters, and A 
can be thought as the average number of bits needed to 
encode non-zero coefficients and B can be thought as the 
bits due to non-texture information. 

   / 3842384 i
i iD e θρσ −= ,                                                     (7) 

where θ  is an unknown constant. 

Here, we optimize with respect to iρ  instead of 
quantization parameter because we assume that there is an 
accurate enough ρ -QP mapping table available to 
generate a decent quantizer from any selected iρ . In 
general, (5) can be solved by using Lagrangian relaxation 
in which the constrained problem is converted into an 
unconstrained problem that 
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where *λ  is the solution that enables 
1
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setting partial derivatives to zero in (8), we obtain the 
following expression for the optimized iρ , that is 

let 
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which is 
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so 
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and  
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On the other hand, since 
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From (12) and (14), we obtain bit allocation model I: 
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where budgetρ  is the total ρ  budget for the frame. 

In the following text, we will derive another ρ -domain 

bit allocation model. If we assume that we have a uniform 

quantizer with step size q, then the distortion caused by 

quantization is given by  
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thus based on (16) and (17) 
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By following similar steps as in (8)-(15), we get 
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and then simplify it to bit allocation model II: 
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We compare the two bit allocation models with the 
optimal solution by Lagrangian relaxation and the result is 
shown in Fig. 2. The perceptual PSNR is defined as 



10-10log FrameD .  The result indicates that both models 
perform as closely as the optimal solution.  

 
Figure 2 Comparison of weighted bit allocation models 

with optimal solution  

Given a bit budget for a frame and using Eq. (15) or (20), 
we can optimally allocate the bits over the macroblocks 
within the frame to minimize the perceptual distortion 
defined in Eq. (1). We will use the bit allocation model II 
in the proposed system due to its simplicity. 
 

3. ADAPTIVE BACKGROUND SKIPPING 
At very low bitrate case, the Non-ROI regions are 
normally coarsely coded which results in low visual 
quality. On the other hand, in most cases of video 
telephony applications where background are Non-ROI, 
there are very limited movements in the background. 
Therefore, background skipping is a potential solution for 
reallocating bits to improve the quality of foreground and 
coded background regions as long as the skipping does 
not severely hurt the video fidelity. 

The difference between background skipping and frame 
skipping is that the ROI for each frame is coded in the 
background skipping approach to ensure the good quality 
of ROI. Frame skipping is very helpful in plenty of 
applications, however in ROI video coding, it takes the 
risk of missing important information such as facial 
expressions; especially when α  is set at a large value in 
Eq. (1), any distortion of ROI will be heavily punished 
and could degrade the overall performance. Therefore, 
background skipping is a better choice and it can 
generally save enough bits for improving ROI quality 
because the number of background macroblocks is 
dominant in typical video frames.  

In this paper, we consider a prototype system in which we 
group every pair of frames into a unit. In each unit, the 
first background is coded while the second background is 
skipped (using predicted macroblocks with zero motion 

vectors) as shown in Fig. 3. In frame-level bit allocation, 
we assume that the content complexity of the video frames 
in a sequence is uniformly distributed and thus the bits are 
allocated uniformly among units. Within the unit, Eq. (20) 
is used for the bit allocation among macroblocks. 

 

 

 

 

 

             (a)                            (b)                             (c) 

Figure 3 An example of a coded unit in the prototype 
system (a. ROI in frame 0; b. Non-ROI in frame 0; c. ROI 

in frame 1) 

In the proposed system, background skipping in a unit is 
adaptively controlled based on the distortion caused by 
the skipping ( _NonROI skipD ). For video sequences whose 
background contains large amount of motion, the skipping 
of important background information might severely 
undermine the system performance. Figure 4 shows the 

_NonROI skipD statistics of the Carphone sequence. 

 
Figure 4 Statistics of distortion caused by background 

skipping 

We use a distortion threshold to determine the background 
skipping mode. We define the threshold to be related to 
α  and the statistics of the skipping distortion of the latest 
processed units. Let us denote by nD  the mean distortion 

of the latest n units, we use 
2(1 )

nD
α−

 as the threshold. We 

describe the adaptive background skipping algorithm as 
follows. 

Step 0: Initialization (set 0nD =  and skipping mode=ON). 



Step 1: Allocate ρ  budget for the current (ith) unit by 

2

Segment used
unit i M i

ρ ρ
ρ

−
=

−

, where M is the number of frames 

in the rate control segment, segmentρ  is the number of ρ  

allocated to the segment, and usedρ  is the number of used 
ρ  up to the current unit within the segment. 

Step 2: Within the current unit, allocate bits for each 
macroblocks by Eq. (20). If the skipping mode is on, then 
no bits are assigned for the Non-ROI of the second frame. 

Step 3:  After the distortion for current unit is obtained, 
update nD  by 

1(1 )n n nD D Dη η−= − + , where η  is the 
learning factor and it is in the range of [0, 1]. 

Step 4:  Updating the ρ  statistics and get data for the 
next unit; if this is the last unit, go to step 6. 

Step 5: Calculate 
_NonROI skipD  for the new unit, if 

_ 2(1 )
n

NonROI skip
DD

α
>

−
 then turn off the skipping mode. Go to 

step 1. 

Step 6: Terminate the algorithm. 

We encode the 180th to 209th frames of the Carphone 
sequence with three skipping modes (on, off and 
adaptively controlled) and show the results in Fig. 5. As 
expected the advantage of background skipping 
diminishes with the decreasing of α , and it is even more 
favorable for the mechanism without background skipping 
when α =0.5. The results also indicate that the behavior 
of the adaptive approach is always very close to the best 
solution for variousα . In this experiment, we set η =0.25. 

4. EXPERIMENTAL RESULTS 
We conducted the simulations using the H.263 Profile 3 
codec, and we tested Carphone and Foreman QCIF 
sequences at bitrates from 32kbps to 64kbps. In the 
experiments, we compared four different rate control 
approaches: (1) weighted bit allocation approach, where 
the bit allocation within a frame follows the model 
described by Eq. (20); (2) greedy algorithm, where the 
macroblocks are equally treated in the bit allocation as in 
[13]; (3) frame skipping algorithm, where the sequences 
are divided into units similarly as in section 3, and in each 
unit the second frame is skipped; (4) the proposed 
approach, which combines adaptive background skipping 
and optimized weighted bit allocation as described in 
sections 2 and 3. 

The first experiment was conducted on Carphone 
sequence, and the results are shown in Figs. 6 and 7. As 
shown in Fig. 6, the proposed approach outperformed all 

other approaches in the whole bitrate range and the gain is 
up to 2dB. As an example, Fig. 7 shows the reconstructed 
frame for the greedy algorithm and the proposed 
approach. It is very clear that the result obtained from the 
proposed approach has a much better subjective visual 
quality compared to the other. 

 
Figure 5 Comparison of adaptive skipping approach with 

other approaches 

 
Figure 6 Comparison of various bit allocation approaches 

 

 

 

 

          (a) Greedy algorithm        (b) Proposed approach 

Figure 7 Comparison of various approaches at 40kbps 

The second experiment was conducted on Forman 
sequence, and the results are shown in Figs. 8 and 9. 
Clearly, similar results were obtained as the first 



experiment. In Fig. 8, the frame skipping approach does 
not perform as well as in the first experiment, because the 
face of the Foreman sequence contains much larger 
motion compared to Carphone sequence, which means the 
frame skipping approach missed a lot of ROI information 
in this sequence and thus resulted in an unsatisfactory 
performance.  The reconstructed video frames shown in 
Fig. 9 demonstrate the advantages of using the proposed 
approach. 

 
Figure 8 Comparison of various bit allocation approaches  

 

 

 

 

       (a) Greedy algorithm          (b) Proposed approach         

Figure 9 Comparison of various approaches at 40kbps 

5. CONCLUSIONS 
In this paper, we presented a novel ROI video coding 
algorithm for very low bitrate video applications such as 
wireless video telephony. First, we proposed two 
optimized weighted bit allocation schemes in ρ -domain 
for ROI video coding. Then, an adaptive background 
skipping approach was proposed which can work jointly 
with the weighted bit allocation models to achieve better 
performance. Experimental results indicate that the 
proposed algorithm has significant gains of up to 2dB 
over the other approaches. 
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