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ABSTRACT 
 

In order to achieve a high compression ratio, the H.264/AVC standard has incorporated a large number of 
coding modes which must be evaluated during the coding process to determine the optimal rate-distortion 
tradeoff . The coding gains of H.264/AVC arise at the expense of signifi cant coder complexity which may 
not be desired for mobile devices with limited battery life. One coder process that has been identifi ed as 
having potential for achieving computation savings is the selection between skipping the coding of a 
macroblock and coding of the macroblock in one of the remaining coding modes. In low-motion 
subsequences, a large percentage of macroblocks are ÒskippedÓ, that is, no coded data are transmitted for 
these macroblocks. By estimating which macroblocks are to be skipped during the coding process, 
signifi cant savings in computation can be realized, since the coder then does not evaluate the rate-
distortion costs of all candidate coding modes. In this work we place this skip versus code decision in a 
Bayesian framework. We use the rate-distortion cost difference between coding and skipping a 
macroblock as the single decision feature and determine an appropriate decision threshold following 
modeling of the cost differenceÕs class-conditional PDFs. Finally, in order to further limit system 
complexity, we model the thresholdÕs parameters as functions of application- and sequence-specifi c 
characteristics, namely, the quantization parameter and an activity factor. This results in a decision 
threshold that is only a function of these two characteristics, which are either known or easily measured. 
It is shown that this approach can result in a time savings of over 80% for low-motion sequences at a 
negligible decrease or, in certain cases, a slight increase in quality over a reference H.264 codec.  
 

                                                
1 This work was presented in part in Y. Zhao, M. Bystrom and I. Richardson, ÒA MAP Framework for Eff icient 
Skip/Code Mode Decision in H.264Ó, IEEE ICIP, Oct. 2006.  
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1. I NTRODUCTI ON 
 
1.1  Overview of H.264 Modes and Mode Selection  
 
The ITU H.264 Advanced Video Coding standard [1] achieves significantly better compression 
than earlier standards, enabling high quality video on power-constrained handheld devices. 
However, compression is achieved at the expense of increased computational complexity [2]. In 
an H.264/AVC coded sequence, each macroblock (MB) can be coded in one of a large number of 
modes, many of which are typically evaluated before the appropriate coding mode is selected. 
For example, Table 1 summarizes the modes available for coding an MB using the H.264 
Baseline Profile which supports Intra (I) and Inter (P) coded slices. These modes include a Skip 
mode, in which no further data is transmitted after the Skip indication, three classes of Intra 
coding modes, and four modes that use Inter prediction with up to four macroblock partitions. 
Each partition in an Inter predicted macroblock uses motion compensated prediction with a 
separate motion vector. The 8x8 partition size may be split further into one, two, or four sub-
macroblock partitions, each with a separate motion vector. Further mode options are available in 
the Main and High Profiles. The optimum coding mode for a given macroblock depends on the 
statistics of the source video data, on the coding parameters, and on previous coding decisions. 
 

Table 1: Summary of macroblock coding modes in I and P slices (H.264 Baseline Profile). 

 
 
In order to achieve good rate-distortion performance, the Rate Distortion Optimized (RDO) 
mode selection process [3] evaluates the distortion and rate of each candidate mode prior to 
selecting the mode for the current MB.  In the Joint Model (JM) reference encoder, this is carried 
out by coding the macroblock in each of the possible modes and choosing the mode that 
minimizes a rate-distortion cost function [4]. The rate (R) and distortion (D) corresponding to 
each candidate mode are calculated using the process shown in Fig. 1. The source MB is encoded 
using intra or inter prediction, a forward transform, quantization, and source coding, to produce a 
sequence of R bits, where R indicates the rate associated with this particular candidate mode. The 

Mode Descr iption 
P_Skip No further data transmitted for this MB. A motion-compensated MB is 

reconstructed at the decoder using a motion vector predicted from 
neighboring MBs. 

Intra_4x4 Intra prediction of each 4x4 luma block. The prediction mode of each 
4x4 block is signaled in the macroblock header. 

Intra_16x16 Intra prediction of complete macroblock. Twenty-four versions of this 
mode, depending on prediction and coding choices, are available.  

I_PCM Direct transmission of coded image samples. 
P_L0_16x16 Inter prediction with one 16x16 luma partition. 
P_L0_L0_16x8 Inter prediction with two 16x8 luma partitions. 
P_L0_L0_8x16 Inter prediction with two 8x16 luma partitions. 
P_8x8 and P_8x8ref0 
(2 modes) 

Inter prediction with four 8x8 luma partitions. Further sub-macroblock 
partitions (8x8, 8x4, 4x8 or 4x4) are signaled for each 8x8 partition. 
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quantized coefficients are rescaled, inverse transformed and reconstructed, and the distortion, D , 
namely, the Sum of Squared Differences (SSD) between the source and reconstructed MBs, is 
calculated. The rate-distortion cost is calculated according to  J=D+ ! R , where !  is a Lagrange 
multiplier. This is repeated for each candidate mode as illustrated by the following pseudocode: 
 

Initialize best_mode and best_cost 
For each candidate mode i  { 
 Calculate D and R and coded bitstream (as per Fig. 1) 
 Calculate mode cost Ji =  D+! R 
 If Ji  <  best_cost  { 
  best_cost = Ji 
  best_mode = i 
  store coded bitstream for mode i 
  store coding state for mode i (motion vectors, partition choices,  

coefficients, etc) 
 } 
} 

 
Once all candidate modes have been evaluated, the bitstream for the best mode, i.e., the mode 
that minimizes D+ ! R, is output. 
 

 
 
 
 
 
 
 
 
 
 
 

 
Fig. 1: Processing of candidate mode i for macroblock n to determine rate R and distortion D. 
 
This process of exhaustively evaluating each mode requires significant computation. However, 
by automatically estimating the outcome of the process it may be possible to eliminate much of 
the complexity of the H.264 standard whilst maintaining high compression performance and 
good video quality. 
 
 
1.2  Complexity Reduction Methods for H.264 Mode Selection  
 
 
The H.264/AVC Joint Model document discusses a number of encoder-side complexity-
reduction mechanisms, and other low- or variable-complexity algorithms have been proposed 
[5,6,7,8]. These include fast intra- and inter-mode selection strategies such as intra-mode 
selection based on edge direction information, fast mode decision based on prediction mode 
costs, and early skip mode decision algorithms for  inter-coded slices. Similarly, low-complexity 
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motion estimation algorithms for H.264 are described in [9,10,11,12]. As an example, the 
authors of [9] propose a fast long term motion estimation algorithm which uses multi-resolution 
search and motion vector prediction to adaptively locate the motion search window. 
Computational savings are achieved by predictive motion window location and search range 
reduction. A different approach is taken in [10] where a threshold-based algorithm for early 
termination of the motion estimation process is presented.  
 
A significant amount of research has been carried out to reduce the complexity of the mode 
selection process. A fast inter mode selection algorithm is presented in [5] in which motion 
estimation block sizes are predicted using homogeneous region detection. Computation is 
reduced by carrying out rate distortion optimization for only the predicted block sizes. A similar 
macroblock partition mode prediction algorithm is presented in [13]; this utilizes temporal and 
spatial similarity of blocks for block size prediction. A mode prediction algorithm described in 
[14] uses the cost of previously-evaluated modes to determine the most likely modes, whereas 
the authors of [15] present an algorithm to reduce the number of candidate modes and carry out 
rate distortion optimization based on rate estimation. A fast inter mode prediction algorithm is 
presented in [16] in which the original and the reference images are down- sampled and pre-
encoded in order to find the best prediction block sizes of the original image. The authors of [17] 
propose a skip mode detection algorithm based on predicted MSE values. In [18] a combined 
method which employs an early skip versus code mode prediction based on [6] with early inter 
mode selection shows promising results with a time saving of over 40% even for high-motion 
sequences. Common characteristics of all of these approaches are that parameters and thresholds 
are typically chosen based on heuristics rather than analysis. There is thus a place for an 
analytical framework with automatic adaptation to changing sequence statistics. 
 
In [19,20] we have previously proposed methods for fast mode choice based on estimating and 
comparing rate-distortion costs of skipping versus coding a macroblock. Early prediction of 
macroblock mode choice is made by estimating a Lagrangian rate-distortion cost function that 
incorporates an adaptive model for the Lagrange multiplier parameter based on local sequence 
statistics and then utilizing this cost in the decision process. Computations are saved since the 
proposed coder does not have to explicitly evaluate the rate and distortion of coding modes; it 
simply estimates, with few computations and thus low complexity, the mode choice of the 
baseline coder.  While successful in reducing coding complexity by up to 67% over a baseline 
codec, these methods did not take into account macroblock mode statistics, and thus further 
improvement may be realized.  
 
In this work we again address the challenge of early estimation of coder mode selection, but now 
set this decision process in a Bayesian framework.  A Bayesian framework has previously been 
suggested for joint rate-control and mode selection [21], with frame-level code versus skip 
decisions based on a comparison of rate-distortion costs.  Similarly, a feature-based intra/inter 
mode selection algorithm has been proposed in [22]. Three features, a spatial feature, a temporal 
feature, and the motion vector magnitude, are used to classify each macroblock and a Bayesian 
approach is taken with both parametric and non-parametric models for mode cost difference 
examined.   
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1.3  Overview of the Proposed Mode Estimation Algorithm  
 
 
We propose estimating coder decisions on a macroblock basis by modeling rate-distortion cost 
differences and reduce the mode decision to comparison of the macroblock rate-distortion cost 
difference with a single threshold which is dependent on macroblock quantization parameter and 
frame activity factor. To do so, the potential codec modes are divided into two classes, a class 
representing skipping the current macroblock and a class representing coding the macroblock in 
any one of the remaining modes. An estimate is made of the coder choice of appropriate mode 
group, where the metric used is a function of the rate-distortion (RD) cost of each mode class. A 
challenge is to perform this mode choice estimation on the basis of limited information, since to 
preserve computations, the rate-distortion-based cost metric must be estimated from known MB 
and coding mode statistics and not computed during coding. Thus, there is a performance and 
complexity tradeoff. Nevertheless, as shown in Section 4, the quality penalty is not severe, and 
significant computational savings can be achieved at negligible PSNR reduction over the 
reference codec, particularly for low-motion sequences.  
 
As mentioned above, we propose the rate-distortion cost difference, that is, the difference 
between the rate-distortion costs of skipping and coding the current macroblock, as the single  
discriminating feature.  In Section 2 we take a multi-step approach to determining the two 
sequence- and rate-specific decision regions for this feature. First, the PDFs of the rate-distortion 
cost difference, which are conditioned on the skip and code mode classes, are modelled for a set 
of training subsequences coded at selected rates. Using some simplifying assumptions, an 
analytic region threshold is found; this threshold is a function of the class-conditional PDF model 
parameters which are inherently functions of subsequence features and the selected coder rates. 
To further reduce the system complexity the parameters are then modelled as functions of the 
quantization parameter, QP, and frame activity factor, AF. This results in a cost difference 
decision threshold that can be used for any macroblock, given the desired QP and activity factor 
for the frame. An algorithm for estimating mode cost differences and comparing these with the 
decision threshold is presented in Section 3 and results are shown for a selection of sequences in 
Section 4. Finally, we review the method and results, discuss practical implementation issues, 
and present possible extensions in Section 5. 
 

 
 

2.  MODE COST AND DECISION THRESHOLD MODELING  
 
 
2.1 Feature Selection 
 
The contribution of this paper is the development of a method for estimating the mode selected 
by an H.264 codec without carrying out the full mode evaluation process. The difference in the 
predicted minimum cost of coding the macroblock and the actual cost of skipping the 
macroblock is selected as the feature for rapid discrimination between coding modes.  
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Assuming that the rate cost of skipping (not coding) an MB is negligible, the rate-distortion costs 
associated with skipping and coding the nth macroblock of the kth frame are ),(),( nk

skip

nk

skip DJ =  and 
),(),(),( nk

code

nk

code

nk

code
RDJ !+= ,  respectively. The cost ),( nk

skipJ may be computed by the encoder with 

minimal extra computation, since ( , )k n

skipD   is equivalent to the distortion calculation for the zero 

motion vector and may hence be calculated as the first stage of motion estimation. The value of 
),( nk

codeJ  is not available until the completion of coding this MB. Due to the similarities between 
successive video frames, the coding cost of nth macroblock in the temporally-preceding frame 

),1( nk
codeJ ! may be used to predict the coding costs of  the MB in the kth frame. However, ),1( nk

code
J

!  may 
not always be available, such as when the MB in the previous frame is skipped as the result of an 
early skip prediction algorithm. Therefore, we use the final rate-distortion cost of the nth 
macroblock in the temporally preceding frame, ( 1, )k n

MinRD
J

! , as our estimated ),( nk

code
J  regardless of its 

coding mode (skip or code). Table 2 shows the correlation between ( 1, )k n
MinRDJ ! and ),( nk

codeJ  for selected 
video sequences and QP values. The high correlation between the two coding costs demonstrates 
that ( 1, )k n

MinRD
J

! is a suitable predictor for ),( nk

code
J . 

 
Table 2: Correlation between the rate-distortion costs of the k-1st and kth frames for selected 

sequences and quantization parameters. 
 

Sequences QP 
 12 24 28 32 36 
Akiyo 0.9815 0.9819 0.9838 0.9862 0.9881 
Foreman 0.9103 0.9169 0.9279 0.9348 0.9397 
Mobile 0.9740 0.9741 0.9710 0.9634 0.9467 
Stefan 0.9724 0.9705 0.9678 0.9686 0.9704 
 
 
 
We define a mode cost difference as follows: 
 

( )

( , ) ( , ) ( , )

( , ) ( 1, )

( , ) ( 1, ) ( 1, )

k n k n k n

d skip code

k n k n

skip MinRD

k n k n k n

skip MinRD MinRD

J J J

J J

D D R!

"

" "

= "

# "

= " +

       (1)  

This is the difference between the actual cost of skipping the macroblock, ),( nk

skipJ , and the 

minimum cost, ( 1, )k n
MinRDJ ! , obtained by coding macroblock (n) in the temporally-preceding frame. 

The Lagrange multiplier, ! , in (1) is selected according to the method adopted in the JM 
reference codec [23], i.e., it is derived from the current value of quantization parameter QP. 
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We postulate that the mode cost difference, 
d
J , will be a suitable discriminator between 

macroblocks that should be skipped and those that should be coded2, since it provides an 
estimate of the difference in cost between coding and skipping the current macroblock. Fig. 2 
plots representative PDFs of Jd conditioned on the actual coding mode selected for each 
macroblock, namely ( )dP J skip  and ( )dP J code  , for selected portions of the Foreman sequence. 

While not ideal discriminators, the given distributions ( )dP J skip  and ( )d
P J code  indicate that a 

measured value or estimate of Jd  is a suitable feature for prediction of the likely best coding 
choice between skipping and coding the current macroblock. 
 
 
2.2 Developing a Decision Threshold 
 
In the proposed algorithm, the mode cost difference Jd is compared with a threshold which could 
certainly be formed for each macroblock, or simply set to 0 as in [17,18]. However, since the 
goal of this work is to limit computation while maintaining video quality and we observe from 
the example class-conditional PDFs of Fig. 2 that a preferred choice of region threshold may be 
greater than 0, we place this threshold and hence decision region selection in a Bayesian 
estimation setting. More specifically, we find the value of dJ for which  
 
( ) ( )d skip d code codeP J skip P P J code P C>          (2) 

 
where 

skipP  and 
codeP  are the a priori probabilities of the MB being in skip or code mode, 

respectively, and 
code
C is a cost factor which may be used to tune system performance. Here we 

have made the simplifying assumption that the decision regions are contiguous, thereby reducing 
the decision region determination to choosing a single decision threshold.  
 
The representative class-conditional PDFs which are shown in Fig. 2 for the Foreman sequence 
are dependent on the selected values of the quantization parameter, QP, and a local activity 
factor metric, AF.  The parameter QP is specified by the user or the codec, while AF, in this 
work, is the average normalized difference between the current and the previous frame, a 
parameter which is easily and inexpensively calculated in the codec. We observe the dependence 
of these PDFs on both QP and average AF in the increase with both QP and AF in variance and 
mean of the PDFs; note the change in axis scale with QP.  Comparing, for example, Fig.Õs 2(a) 
and 2(b) with Fig.Õs 2(c) and 2(d), it can be seen that the point at which ( )dP J skip  exceeds  

( )dP J code  is more highly dependent on the quantization parameter than on the activity factor, 

although some dependence on the activity factor is apparent. Thus, our goal is to concisely 
capture the effects of the sequence and coder characteristics into a simple, easily-computable 
decision threshold that is a function of only QP and AF.  
 
To capture the dependence of the mode-conditional PDFs on QP and AF and to create a simple 
decision threshold we first model, with parametric models, each of the PDFs for nine training   

                                                
2 Superscripts are neglected when frame and macroblock references are unambiguous. 
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                   (a) QP=12 AF=43    (b) QP=12, AF= 262                            

 
(c) QP=24, AF=43                                (d) QP=24, AF= 262    

 
                           (e) QP=36, AF=43                                        (f) QP=36, AF= 262 
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Fig. 2:  Class-conditional PDFs for selected values of QP and average AF for subsequences of 
the Foreman sequence.   
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sequences (Akiyo, Carphone, Container, Foreman, Grasses, Mother & Daughter, Mobile, News, 
Stefan) with quantization parameters  { }12,16,20,24,28,32,36,40,44QP!  as follows:  

2

22

2

2 2

( )1
P( | ) exp

22

( )
exp

P( | ) 2

0

d skip
d

skipskip

d code d code
d code

d code code

d code

J
J skip

J S J S
J S

J code

J S

µ

!"!

! !

# # $%& & &
= %' ' (

& && ) *)

# # $% %
% >=' (&

= ' ) *
&

<)

  (3) 

These models were selected on the basis of fit to the wide range of training data as well as for 
their  tractability. The model for the mode cost difference for skipped macroblocks is clearly a 
Gaussian pdf that is a function of the mean and variance parameters, skipµ  and 2

skip! , 

respectively. The model for the mode cost difference for coded  macroblocks is a Rayleigh pdf 
with the standard variance parameter, 2

code
! , but also with a shift parameter,  codeS , that permits 

the pdf to shift along the 
d
J axis. Examples of the class-conditional probabilities together with 

the models of (3) for the Foreman sequence are shown in Fig. 3. The activity factor is averaged 
over the subsequence frames used to generate the model.  
 

 
  (a) QP=24, average AF=12.5    (b) QP=36, average AF=10.9 
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(c) QP=24, average AF=74.9    (d) QP=36, average AF=91.2 
 
Fig. 3:  Examples of class-conditional PDFs for selected values of QP and average AF for the 
Foreman sequence with associated Gaussian and Rayleigh models.  
 
To generate the PDF models for each QP and training sequence, a range of activity factors is 
selected ensuring that there is a minimum of 1000 sample points each for )|( skipJP d  and 

)|( codeJP
d

. The models are fit to the data using a least-squares fit and the activity factors for 
the contributing MBs are averaged.   
 
Following modeling of the class-conditional PDFs, a decision threshold, *

d
J , is found. Given the 

framework described above and the models of (3), and assuming the decision regions to be 
contiguous for the cases of interest, it is then necessary to solve: 
 

( ) ( )
2 2

2 2 22

1
exp exp

2 22

d skipskip d coded code
code

code skip code codeskip

JP J SJ S
C

P

µ

! ! !"!

# $ # $% %%& & & &
% = %' ( ' (
& & & &) *) *

  (4) 

 
for the pdf crossover point which will serve as the optimal region threshold, *

d
J . Note that the 

true values of 
skip
P  and codeP  are generally not known, thus they also must be estimated. In Section 

4 we compare two methods of estimating these parameters: using a lookup table based on a set of 
training sequences; and, using Òon-the-flyÓ estimation based on the previously-coded frame.  
 
Equation (4) indicates that we are interested in determining the crossover point of the two class-

conditional probabilities, )|( skipJP d
 and )|( codeJP d  scaled by  

skip
P and 

code code
P C , respectively, 

to serve as the cost threshold, *
dJ . However, since the overall goal of this work is to reduce 

computational complexity, this must be done is a cost-effective manner. As illustrated by Fig. 2, 
the relationship of the class-conditional PDFs is similar over the range of quantization 
parameters and activity factors considered. Therefore, it suffices to focus on the region over 
which the two PDFs intersect, e.g.,  100dJ ! in Fig. 2(a) and 2000dJ ! in Fig. 2(f).  Given the 
large variances, the arguments of the exponential functions are small near the desired threshold. 
Since the approximation exp( ) 1z z! +  is tight for small values of the argument z,  then over the 
region of interest, we can approximate the exponential functions in Eqn. (4) using 1+z, and 
expand the resulting expression  to yield 
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( ) ( ) ( )

( ) ( )
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2 2
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  (5) 

 
 
 
This cubic equation is in terms of 

d
J , the mode cost difference, and seven parameters of interest, 

namely, the four parameters of the class-conditional PDFs as well as the a priori mode 
probabilities and the Coding mode cost bias parameter, Ccode .  The primary root of this equation, 

*
d
J , omitted due to length, is then taken as a decision threshold, and is an approximation to the 

crossover point of the scaled class-conditional pdfs.  Note that *
d
J  is a function of the four mode 

cost difference model parameters and the associated pdf scale factors. If these parameters are 
known for a particular sequence, then low-complexity mode selection, as summarized in Section 
3, is carried out by estimating the mode cost difference for the given sequence or subsequence 
and its associated parameters and comparing this estimated mode cost difference to the threshold 

*
dJ . However, in general it would be difficult and computationally prohibitive to learn these four 

parameters and to select a cost bias parameter on-the-fly for each subsequence of interest,  we 
propose a further step of modeling these parameters as functions of QP and average AF to 
provide a general threshold that can be applied universally.   
 
 
2.3 Threshold Parameter  Modeling 
 
 
The first stage of modeling resulted in four model parameters ,( )2 2

, , ,skip skip code codeSµ ! ! , for 

each subsequence; these are implicitly functions of QP and average AF.  To further reduce the 
amount of computation required by the coder, these parameters are then further explicitly 
modelled as functions of QP and AF with linear and exponential models.   For each of the 
training sequences,  1000 or more macroblocks for each QP and AF were used to generate the 
models. If insufficient macroblocks were available for a particular sequence, these parameter 
points were neglected.  As an example of the model choice, in Fig. 4(a) 2

skip! for the Foreman 

sequence is plotted versus QP  on a logarithmic-linear scale for a range of activity factors, AF.  
Similarly, in Fig. 4(b) 2

skip! for the Foreman sequence is plotted versus AF on a logarithmic-

linear scale for a range of quantization parameters, QP. We observe that in both of these figures 
the values of the variance are near-linear on these scales, thus justifying the choice of an 
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exponential model in QP and AF for this parameter. Similar observations are made for the 
remaining three parameters. 
 
 
A least-squares fit of the training-sequence data to the selected models is performed, thus 
yielding models for the four parameters:  
 

( )
( )
( )280128.7270737.0003812.0exp

163072.3125269.0002438.0exp

095057.2276957.0003325.0exp

556362.38515281.2090673.0

2

2

+!+!=

+!+!"=

+!+!=

"!+!=

QPAF

QPAFS

QPAF

QPAF

code

code

skip

skip

#

#

µ

   (6) 

 
The forms of these models can be explained by examining Fig. 2. Note that there is little or no 
change in the mean of )|( skipJP d  with either QP or AF. However, we can observe significant 
changes in the other parameters that are more dependent on QP than AF.  As an example, the 
model for 2

skip! of (6) along with a portion of the points used to generate the model are shown in 

Fig. 4(c). Since we develop simple models intended to be used for all sequences, tradeoffs  are 
clearly made in the tightness of the models to all data points. However, the resulting set of 
models yields a threshold, *

d
J , which is solely a function of QP and AF. Below we address 

model error compounding, however, in Section 4 we show that despite the use of models to 
simplify estimation of coding mode, good performance is achieved.  
 
 

 
(a) (b) 
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Fig. 4:  Examples of the variance of the Gaussian model of )|( skipJP d .  (a) Variance of the 
Foreman sequence model plotted versus the quantization parameter QP. (b) Variance of the 
Foreman sequence model plotted versus the activity factor, AF. (c) Variances of Gaussian 
models of three sequences plotted with the exponential model for the variance as given in Eqn. 
(6).  
 
 
 
While the two modeling stages certainly introduce errors, since a wide range of activity factors 
and quantization parameters must be accounted for in the models, these inaccuracies yield a 
difference between the model-based threshold *

dJ and the true threshold found by examining 
subsequence PDFs of less than 10% for very low activity sequences. On the other hand, the 
compounded modeling effects can yield a threshold difference of up to 50% for high-activity and 
highÐQP cases. We illustrate one of the worst-case scenarios in Fig. 5. Measured mode-
conditional PDFs along with the Gaussian and Rayleigh models generated using the modeled 
parameters with values as given in (6) are shown for the Foreman sequence with QP=36 and 
average AF=38.7.  Note that the effects of modeling and approximation yield a threshold of 
*

dJ =625 which is slightly below what might be otherwise chosen as an appropriate threshold. 
This has the effect of not predicting some of the macroblocks which might best be skipped. For 
these macroblocks, computation is not saved since the codec returns to typical operations and 
must then explicitly evaluate the coding cost of the macroblock to determine whether to code or 
skip the macroblock.   
 
This lack of computation savings could be addressed by separately modeling low-activity/low-
QP PDFs and high-activity/high-QP PDFs, but we feel there would be diminishing returns for 
this effort for two reasons. First, in high-activity/high-QP sequences, there tend to be few 
skipped MBs to estimate. Second, the results shown in Section 4 illustrate that good 
computational savings are still achieved despite underestimating the threshold in some cases.  
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Fig. 5:  Illustration of the compound effects of modeling the class-conditional pdfs and the 
modelsÕ parameters.  
 

3. AN EFFICIENT MODE SELECTION ALGORITHM 
 
In this section we present a macroblock mode-selection algorithm based on a rate-distortion 
mode cost difference estimate computed from Eqn. (1) and the estimated decision threshold 
generated using Eqn.Õs (5) and (6). The algorithm is separated into two sections, namely, the 
frame-level and the macroblock-level operations. For each frame k: 
 

• Calculate the activity factor, ( )k
AF , as the average frame difference between the current, 

k,  and temporally-previous, k-1, frames. 
• Find )(k

skipP and )(k
codeP using one of two methods: 

1. Calculate )(k
skipP  for the current frame as the average frequency of skipped 

macroblocks in prior frames with )()( 1 k
skip

k
code PP !=  (Òon the flyÓ method); or,  

2. Use the activity factor and quantization parameter to index a look-up table of 
previously-computed a priori probabilities for estimates )(k

skipP and )(k
codeP  (Òlook up 

tableÓ method). 
• Calculate a threshold *

dJ as a function of )(kAF , )(k
skipP , )(k

code
P , )(k

code
C  and the desired ( , )k nQP  

where n denotes the current macroblock in the kth frame.  
 

Jd*=625 
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For each macroblock within frame k:  
 

• Calculate skipdJ ,  and use stored values codedJ
,

 from the temporally-prior MB to find the 

estimates of the cost of coding the current MB.  Form the cost difference 

( )( , ) ( , ) ( 1, ) ( 1, )k n k n k n k n

d skip MinRD MinRDJ D D R!" "= " +  as described in Section 2.  

 
• Choose the Skip mode if  *

dd
JJ < . 

 
If the Skip mode is chosen, then no further processing is carried out and the macroblock is 
marked as being skipped. If the Code mode is chosen, then process the macroblock as usual. 
 

 
 

4. RESULTS   
 
 
The proposed algorithm is incorporated into the reference H.264 codec (JM9.0). For the nine 
QCIF sequences used in modeling and seven non-training QCIF sequences (Bus, Claire, 
Coastguard, Highway, Salesman, Silent and Table), 100 frames with 4:2:0 sampling are coded 
by the reference H.264 codec and the codec containing the proposed algorithm. The two codecs 
operated with the following common parameters: main profile with CABAC, mode selection 
using SA(T)D, rate-distortion optimization (RDO) enabled, 5 reference frames, 
QP={28,34,36,40}, and  IPPPÉ  format. The proposed algorithm is tested with: (i) a priori 
probabilities of skipping and coding estimated as being equal, that is, skipP = codeP  in equation (2); 

and, (ii) a priori probabilities estimated dynamically. These are termed the ML and MAP 
methods, respectively. The activity factor, AF, is computed prior to encoding each P frame and 
the skip versus code decision threshold, *

dJ , is generated once per frame based on AF, QP, and 

skipP . 
 
To evaluate the performance of the proposed algorithm, three metrics are chosen: the average 
luminance PSNR difference (BDPSNR) [24] between the JVT coder operating in RDO mode and 
the fast mode selection method; the average bitrate difference (BDBR) between the JVT coder 
and the fast mode selection method; and, the time saving (TS) , defined as: 
 

( ) ( )
%

( )
Time reference Time proposed

TS
Time reference

!
=         (7) 

 
The BDPSNR and BDBR results show the effect on rate-distortion performance of applying the 
proposed algorithm while TS reflects the achieved complexity reduction. For each sequence, 
BDPSNR, BDBR and TS are calculated across the four QP values listed above and, for purposes 
of comparison, we let 1=codeC . 
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However, before we examine the performance of the proposed algorithm, we must first consider 
the method of calculating a priori probabilities. As discussed in Section 3, we considered two 
methods for estimating the priors from the sequence. In Table 3, the overall coder time savings 
using the proposed Òon-the-flyÓ estimation of the priors from all previous MBs is compared with 
a look-up table method generated by averaging a priori probabilities over a number of training 
sequences. We further compare this with the Òground truthÓ prior estimated by counting the 
number of MBs coded in each of the two modes by the reference codec. We observe from this 
table that knowledge of the prior typically gives the best savings versus performance tradeoff, 
but in the absence of this knowledge, on-the-fly calculation has a slight advantage over the look-
up table method for the higher-activity sequences. Thus, in the following results, we have chosen 
to use the on-the-fly method of estimating the priors.  
 
In Table 4, the ML and MAP versions of the proposed algorithm are compared with the early 
skip detection results reported in Jeon and Lee [6]. We note that Jeon and LeeÕs method is further 
described in [21] but that the early skip detection results in [21] are significantly poorer than the 
proposed algorithm. This due in part to the fact that sequences with a lower frame rate are used 
as a basis for the skip detection results in [21]. Thus, we compare with the better performance 
reported in [6].  
 
For low- and medium-activity sequences, such as Akiyo, Silent, Foreman and Stefan, the 
proposed methods achieve significant gains in time savings over [6] with comparable 
performance in terms of luminance PSNR and bitrate.  For very high-activity sequences, such as 
Mobile, the time savings is small since the proposed algorithm is based on estimating which MBs 
are to be skipped; for high-activity sequences few MBs are skipped during normal coding. For 
these sequences, the tuning parameter, 

code
C , could be varied; however, time savings would then 

be achieved at the expense of poorer rate-distortion performance. We also note that, in general, 
the MAP method results in a slight increase in time savings and coding performance over the ML 
method.  
 
A Bayesian-based inter/intra mode estimation method has been presented in [22] and an early 
skip mode detection method in [17]. The authors of [22] do not present BDBR or BDPSNR 
results. However, they do show time savings ranging from approximately 24%-30% for the 
Foreman sequence with no frame skipping (in Figure 14 of [22]), with a slight rate-distortion 
penalty, and our results (Table 4) compare favourably with this. Our method also out-performs 
the algorithm described in [17] with the exception of the Mobile sequence; however,  it should be 
noted that [17] uses slightly different simulation conditions.  
 
 

 
 
 

Table 3: Comparison of proposed class prior estimation methods. 
 

Sequence Algorithm 
 

BDPSNR (dB) BDBR (%)  TS  (%) 
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look-up 0.01 -0.17 84.31 
on-the-fly 0.01 -0.18 84.42 

 
Akiyo 

true 0.00 -0.14 84.50 
look-up -0.06 0.95 34.47 
on-the-fly 0.00 0.23 37.57 

 
Foreman 

true -0.06 0.94 37.05 
look-up -0.05 0.92 33.35 
on-the-fly -0.04 0.70 34.31 

 
Stefan 

true -0.18 2.94 35.34 
 
 
 

Table 4: Comparison of decoded sequence quality (BDPSNR and BDBR) and codec 
computation savings (TS) for the proposed ML and MAP methods and that of Jeon and Lee [6]. 

 

Sequence Algori thm BDPSNR (db) BDBR  (%)  TS  (%)  

ML 0 0.01 84.06 
MAP 0.01 -0.18 84.42 Akiyo 

[6] 0.05 -0.84 25.41 
ML 0.01 -0.41 70.85 

MAP 0.02 -0.49 71.00 Silent 

[6] 0.03 -0.54 23.33 
ML -0.07 1.15 37.89 

MAP 0 0.23 37.57 Foreman 

[6] 0.00 0.09 20.21 
ML 0 0 76.59 

MAP -0.02 0.28 78.81 News 

[6] -0.01 0.24 24.92 
ML 0.02 -0.82 80.19 

MAP 0.06 -1.42 80.51 Container 

[6] 0.06 -1.17 27.73 
ML -0.01 0.14 5.58 

MAP -0.15 2.75 9.10 Mobile 

[6] 0.01 -0.30 18.44 
ML -0.06 1 34.46 

MAP -0.04 0.7 34.31 Stefan 

[6] 0.02 -0.42 22.48 
 
 
 
Figs. 6 and 7 show the performance of three 100-frame training sequences as compared with the 
reference codec. Figs. 6(a) and Fig 7(a) compare the rate-distortion performance, the luminance 
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PSNR versus bitrate, of the proposed MAP method with the reference codec for training 
sequences Akiyo, Foreman and Stefan. It can be observed that there is little loss and, for lower 
bitrates, as illustrated in the graphs showing details in Fig. 6(a), even a slight gain in luminance 
PSNR as compared with the reference codec. This gain occurs since the reference codec decides 
to code macroblocks which could reasonably be skipped. Figs. 6(b) and 7(b) illustrate the time 
savings achieved for these sequences as compared with the reference codec. Observe that the 
computational savings is greater at lower rates, since a larger number of MBs are skipped at 
these rates. However, even at higher bitrates, that is, lower QPs, and for higher activity 
sequences such as Stefan, the time saving is significant.  
 
Results for three non-training sequences (Silent, Table and Coastguard) are illustrated in Fig. 8. 
It is clear from Fig. 8(a) and from the detail of this graph given in Fig. 8(b) that for sequence 
Silent there is no decline in rate-distortion performance, while a time savings ranging from 
approximately 60% to 80% is achieved for the tested range of bitrates. A negligible decrease in 
luminance PSNR for sequence Table can be seen from the same figures; this decrease occurs 
since the sequence has some regions with rapid movement. However, the average luminance 
PSNR decline compared with the reference codec for the Table sequence is only 0.05dB, which 
is not likely to cause any degradation in perceptual quality.  
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(a) 
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(b) 

 
Fig. 6:  Decoded sequence quality and time savings and a function of bitrate for the training 
sequence Akiyo.  (a) Decoded sequence luminance PSNR versus bitrate for the reference H.264 
codec and the proposed MAP method. (b) Percent reduction in computation time of the proposed 
MAP method as compared with the reference codec. 
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(a) 

 



 23 

(b) 
 
 

Fig. 7:  Decoded sequence quality and time savings as a function of bitrate for the training 
sequences Foreman and Stefan.  (a) Decoded sequence luminance PSNR versus bitrate for the 
reference  H.264 codec and the proposed MAP method. (b) Percent reduction in computation 
time of the proposed MAP method as compared with the reference codec.  

 
 

(a) 
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(b) 
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(c) 
 

Fig. 8: Decoded sequence quality and time savings and a function of bitrate for three non-
training sequences.  (a) Decoded sequence luminance PSNR versus bitrate for the reference 
H.264 codec and the proposed MAP method. (b) Detail of the previous graph illustrating 
negligible performance differences between the proposed method and the reference. (c) Percent 
reduction in computation time of the proposed MAP method as compared with the reference 
codec.  
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(a) Results for training sequences used in model development.  
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(b) Results for selected non-training sequences. 
 
 

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100%

Act ual Skip Highway Act ual Code Highway Act ual Skip Bus Act ual Code Bus Act ual Skip Salesman Act ual Code Salesman

Predicted Code

Predicted Skip

 
 
 
 

(c) Results for additional selected non-training sequences.  
 

Fig. 9. Percentages of correctly and incorrectly predicted MB modes for selected sequences.  
 
 
The percentages of correct and incorrect predictions of MB modes made by the proposed MAP 
algorithm are presented in Fig. 9(a) for a selection of sequences used in modeling and in Figs. 
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9(b) and 9(c) for non-training sequences. For each sequence the percentages of ÒskippedÓ and 
ÒcodedÓ macroblocks correctly predicted by the proposed method are shown. As an example, for 
the Foreman sequence approximately 80% of macroblocks skipped by the reference codec are 
correctly identified by the proposed algorithm, while approximately 90% of coded macroblocks 
are correctly identified. The remaining 20% and 10%, respectively, represent a missed 
opportunity to save computation and a decrease in reconstructed quality.  Fig. 9 shows that the 
proposed algorithm can correctly predict 68% to 95% of skipped macroblocks for the sequences 
examined; this prediction rate is reflected by the time savings shown in Figs. 6, 7, and 8.  
Percentages of incorrectly estimated code modes range from 10% to 15% over the selected video 
sequences. These incorrect decisions lead to reduced complexity and reduced luminance PSNR, 
but as seen in Figs. 6, 7, and 8, the PSNR penalty is not significant.  

 
 

5. CONCLUSIONS 
 

   
A method for rapid and low-complexity skip versus code mode decisions in the H.264 codec is 
introduced. Computations are saved by estimating the mode that would be selected by the codec, 
thus eliminating much of the evaluation and cost comparison of potential modes. The proposed 
mode estimation method is based on use of the mode cost difference, and models for this 
difference based on the quantization parameter and the local sequence activity as measured by 
frame difference were introduced. The models were used in a Bayesian setting and computation 
of a priori probabilities and the decision regions was discussed. It was shown that significant 
computation savings can be achieved with use of this simple model, particularly at lower bitrates 
and/or for low-activity sequences. These savings are to be expected since low-activity sequences 
have a large number of macroblocks skipped by the reference H.264 codec.  
 
The proposed method is compared with that of [6] which is utilized in [21] in conjunction with 
early inter code mode decision. Significant improvements in computation savings are shown 
over the method of Jeon and Lee in [6] for low-motion sequences. We note that the models of 
Section 2 include limited training data for high-motion sequences, and thus Jeon and Lee [6] 
achieves higher computation savings for the Mobile sequence. While a separate model could be 
developed to specifically address the high-motion sequences, there is, however, little to be 
gained by doing so, since the number of skipped macroblocks is minimal and predicting these 
does not result in much overall computation savings. The proposed method compares favourably 
with other published work [17, 22].  
 
The complexity of the proposed algorithm can be further reduced at the sacrifice of some 
memory by pre-computing and recording *

dJ  for a range of activity factors and quantization 
parameters, and then employing a lookup table in Step 4 of the algorithm presented in Section 3. 
While this may not be practical for all parameter 5-tuples, (AF, QP, Pskip, Pcode, Ccode), for the ML 
case with no cost factor, i.e.,  Pskip=Pcode and Ccode=1, a good balance of storage and computation 
can be achieved.  Similarly, as discussed in the previous section, a lookup table can be used in 
the selection of the class priors, with only slight loss in time savings, if this table facilitates 
implementation.   
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Future work will investigate making rapid decisions between further coding modes. In this paper 
we have concentrated on the skip versus code decision. However, it is anticipated that further 
computational savings can be achieved by including additional modes in the early decision 
method. For example, evaluation of the P_L0_16x16 mode (see Table 1) is relatively simple 
compared with evaluating modes containing multiple partitions and/or sub-partitions. By 
extending the modeling and estimation technique, it should be possible to include the choice 
between P_L0_16x16 and the remaining modes in the early decision method. Furthermore, this 
method could be combined with others mentioned in Section 1 to potentially provide additional 
computation savings.  
 
 

ACKNOWL EDGEMENTS 
 
 
The authors wish to thank  Abharana Bhat for her assistance in generating some of the results.  



 29 

REFERENCES 
 
 
[1] International Telecommunication Union Ð Telecommunication Standardization Sector, 
"Recommendation H.264: Advanced Video Coding for Generic Audiovisual Services," May 2003. 
http://www.itu.int/rec/T-REC-H.264/e, [Accessed: October 2007]. 
[2] J. Ostermann, J. Bormans, P. List, D. Marpe, M. Narroschke, F. Pereira, T. Stockhammer, and T. 
Wedi, "Video Coding with H.264/AVC: Tools, Performance and Complexity," IEEE Circuits and 
Systems Magazine, vol. 4, pp. 7-28, 2004. 
[3] T. Wiegand, H. Schwarz, A. Joch, F. Kossentini and G. J. Sullivan, ÒRate-Constrained Coder Control 
and Comparison of Video Coding StandardsÓ, IEEE Trans. Circuits and Systems for Video Tech., vol. 13, 
no. 7, pp. 688-703, July 2003. 
[4] "JVT-K049, Joint Model Reference Encoding Methods and Decoding Concealment Methods," 
ISO/IEC MPEG and ITU-T VCEG Joint Video Team, 2004. 
[5] K. P. Lim, "JVT-I020, Fast INTER Mode Selection.", ISO/IEC MPEG and ITU-T VCEG Joint Video 
Team, (San Diego), 2003. 
[6] B. Jeon and J. Lee, ÒJVT-J033, Fast Mode Decision for H.264Ó, ISO/IEC MPEG and ITU-T VCEG 
Joint Video Team, (Waikoloa, HI), December 2003. 
[7] J. Lee, I. Choi, W. Choi and B. Jeon, ÒFast Mode Decision for B SliceÓ, ISO/IEC MPEG and ITU-T 
VCEG Joint Video Team, Doc. #JVT-K021, March 2004. 
[8] F. Pan, X. Lin, R. Susanto, K. P. Lim, Z. G. Li G. N. Feng, D. J. Wu and S. Wu, ÒFast Mode Decision 
for Intra PredictionÓ, ISO/IEC MPEG and ITU-T VCEG Joint Video Team, Doc. #JVT-G013, March 
2003. 
[9] H. Chung, D. Romacho, and A. Ortega, "Fast long-term motion estimation for H.264 using 
multiresolution searchÓ, IEEE Int. Conf. Image Processing, (Barcelona), 2003. 
[10] J. Stottrup-Andersen, S. Forchhammer, and S.M. Aghito, "Rate-Distortion-Complexity Optimization 
of Fast Motion Estimation in H.264/MPEG-4 AVC", IEEE Int. Conf. Image Processing, pp. 119-122,  
(Singapore), October 2004. 
[11] E. A. A. Qaralleh and T.-S. Chang, ÒFast Variable Block Size Motion Estimation by Adaptive Early 
TerminationÓ, IEEE Trans. Circuits and Systems for Video Tech., vol. 16, no. 8, pp. 1021-1026, August 
2006. 
[12] Y.-W. Huang; B.-Y. Hsieh; S.-Y. Chien; S.-Y. Ma and L.-G. Chen, ÒAnalysis and complexity 
reduction of multiple reference frames motion estimation in H.264/AVCÓ, IEEE Trans. Circuits and 
Systems for Video Tech., vol. 16, no. 8, pp. 507-522, April 2006. 
[13] A. C. Yu and G. R. Martin, "Advanced block size selection algorithm for inter frame coding in 
H.264/MPEG-4 AVC",  IEEE Int. Conf. Image Processing, (Singapore), 2004. 
[14] J. Chen, Y. Qu and Y. He, "A Fast Mode Decision Algorithm in H.264", Picture Coding Symposium, 
(San Francisco, CA), December 2004. 
[15] H. Kim and Y. Altunbasak, "Low-complexity macroblock mode selection for H.264/AVC encoders," 
IEEE Int. Conf. Image Processing, (Singapore), 2004. 
[16] Q. Dai, D. Zhu, and R. Ding, "Fast Mode Decision for Inter Prediction in H.264", IEEE Int. Conf. 
Image Processing,(Singapore), October 2004. 
[17]  M. Nieto, L. Salgado and J. Cabrera, ÒFast Mode Decision on H.264/AVC Main Profi le Encoding 
Based on PSNR PredictionsÓ, IEEE Int. Conf. Image Processing (Atlanta, US), October 2006.  
[18] I. Choi, J. Lee, W. Choi and B. Jeon, ÒPerformance evaluation of fast mode decision algorithms for 
H.264Ó, ISO/IEC MPEG and ITU-T VCEG Joint Video Team, Doc. #JVT-M013, October 2004 
[19] C.S. Kannangara, I.E.G. Richardson, M. Bystrom, J. Solera, Y. Zhao, A. MacLennan and R. Cooney, 
"Complexity Reduction of H.264 using Lagrange Optimization Methods," IEE VIE 2005, (Glasgow,UK), 
April 2005. 



 30 

 
[20] C.S. Kannangara, I.E.G. Richardson, M. Bystrom, J.R. Solera, Y. Zhao, A. MacLennan and R. 
Cooney, ÒLow Complexity Skip Prediction for H.264 Through Lagrangian Cost EstimationÓ, IEEE 
Trans. Circuits and Systems for Video Tech., vol. 16, no. 2, pp. 202-208, February 2006. 
[21] D.S. Turaga and T. Chen, "Classifi cation Based Mode Decisions for Video over Networks", IEEE 
Trans. Multimedia, vol. 3, no. 1, pp.41-52, March 2001. 
[22] C. Kim and C-C. J. Kuo, ÒFeature-Based Intra/InterCoding Mode Selection for H.264/AVCÓ, IEEE 
Trans. Circuits and Systems for Video Tech., vol. 17 no. 4, pp. 441-453, April 2007. 
[23] K.P. Lim, G. Sullivan and T. Wiegand, ÒJoint Model for Non-Normative Aspects of Advanced 
Video CodingÓ, JVT-N046, (Hong Kong), January 2005. 
[24] G. Bjontegaard, ÒCalculation of average PSNR differences between RD-curvesÓ, ITU-T, VCEG-
M33, April 2001. 


