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ABSTRACT

The H.264 video coding standard derives much of its compression
efficiency gain from the use of multiple different macroblock predic-
tion modes for macroblock coding. In general, finding the prediction
mode which gives optimal R-D performance for a given macroblock
requires the encoder to completely encode the macroblock using all
possible prediction modes. This results in a significant increase in
encoder computational complexity. In this paper, we present a mode
selection framework for H.264 which uses learning theoretic clas-
sification algorithms to discern between broad mode classes, based
on the evaluation of a simple set of macroblock features. We show
that the proposed mode selection framework significantly reduces
encoder computational complexity, at the cost of only a small loss in
compression performance.

1. INTRODUCTION

The H.264 standard [1] provides state-of-the-art video coding with
compression gains of up to 50% over previous standards such as
H.263 and MPEG-4. The key features responsible for this increased
efficiency are: (1) The use of an efficient context-based arithmetic
coding (CABAC) algorithm for entropy coding, (2) The use of quarter-
pixel accurate motion vectors, and (3) The use of multiple mac-
roblock prediction modes and block sizes for intra- and inter-prediction
of macroblocks. However, this increased efficiency comes at the cost
of a large increase in the encoder computational complexity. While
algorithms for efficient CABAC encoding and fast motion search are
well known, the highly complex “mode space” of the H.264 stan-
dard makes the design of a fast mode selection algorithm particu-
larly challenging. In this paper, we will present such an algorithm
for macroblock mode selection given a fixed macroblock quantiza-
tion scale, and compare its performance to the reference encoder
provided by the baseline profile of the standard.

Macroblock mode selection in H.264 is based on the use of rate-
distortion (R-D) optimization algorithms. These algorithms formu-
late the mode selection problem as one of minimizing the bit-rate of
the compressed stream, for a given distortion constraint [2]. More
precisely, given a set of possible prediction modes {Ck} and a quan-
tization scale for the current macroblock, R-D optimization of the
mode selection process involves selecting the prediction mode copt,
which minimizes the following Lagrangian functional:

copt = arg min
c∈{Ck}

D(c) + λR(c) (1)

where λ is a Lagrange multiplier, R is the bit-rate required to encode
the macroblock using mode c, and D is the quantization distortion
incurred (measured as the mean-square error distortion).

The bit-rate required by CABAC for a given prediction mode is
difficult to estimate a-priori, without actually performing CABAC
coding using the mode. Thus, to find the prediction mode which
minimizes the cost function given in (1), an H.264 encoder is forced

to completely encode the current macroblock using all possible pre-
diction modes. While this optimization significantly improves cod-
ing efficiency, it also significantly increases the encoder’s computa-
tional complexity. As an example, the reference JM 6.1 encoder [3]
takes up to three seconds to encode one inter coded frame of a CIF
sized (352 × 288) video sequence on a 2 GHz Pentium-4 processor.

The encoder’s computational complexity may be significantly
reduced by the use of well-designed approximations to the cost func-
tion in (1). The reference encoder provides one such approxima-
tion, termed the SATD cost function, which uses the sum of abso-
lute values of a 2-D Hadamard transform of the prediction error, for
mode selection. While this reduces the computational complexity at
the cost of minimal compression performance loss, minimizing the
SATD cost function still requires a search over all possible predic-
tion modes. An alternate approach for macroblock 4× 4 intra mode
selection is proposed in [4], which uses efficient search algorithms
to reduce the complexity of evaluating the SATD cost function. The
key shortcoming of this approach is that it does not provide mode
selection methodologies to select between intra 4× 4, intra 16 × 16
and inter prediction modes.

In the present paper, we propose an H.264 mode selection frame-
work which uses learning-theoretic classification algorithms to dis-
cern between broad mode classes (such as intra and inter modes),
based on the evaluation of a set of simple macroblock features. Time-
efficient search algorithms are subsequently used to further select a
specific prediction mode from the chosen mode class. Computa-
tional complexity is reduced since only the modes from the chosen
mode class need to be considered by the search algorithms. Results
indicate that the proposed algorithms significantly reduce encoder
computational complexity while causing a loss of only about 0.5-
0.7 dB in reconstruction PSNR at the same bit-rate as the reference
implementation.

2. PROPOSED MODE SELECTION FRAMEWORK
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Fig. 1. The mode selection methodology employed by the reference
H.264 encoder.

The H.264 standard provides three main classes of prediction
modes for luma macroblocks. The key difference between the three
classes is the manner in which the predictor for the current mac-
roblock is generated. The Intra16×16 (I16) prediction modes gen-
erate a 16 × 16 predictor for the current macroblock using pre-
viously encoded neighboring macroblocks from the current frame.
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The Intra4×4 (I4) prediction modes generate 4 × 4 predictors for
each of the 16 constituent 4 × 4 blocks of the current macroblock.
The 4 × 4 predictors are generated using previously encoded neigh-
boring blocks from the current frame. Note that this interaction be-
tween neighboring 4×4 blocks within a 16×16 macroblock makes
it particularly difficult to deveop an approximate search algorithm.
The H.264 standard further provides several prediction modes within
the two intra mode classes—specifically it provides nine I4 predic-
tion modes and four I16 prediction modes. Finally, the Inter (P)
prediction modes generate a predictor for the current macroblock
based on data from prior frames. This involves the use of motion
search algorithms for finding the motion vector which produces the
best motion compensated predictor for the current macroblock. In
this paper we only consider the inter modes available in the base-
line profile of the standard (which does not have bi-directional or
B-pictures).

Inter prediction in H.264 is complicated by the presence of sev-
eral different block sizes for motion compensation, such as 8 × 16,
16×8, 8×8 etc. Since our primary goal is to test our mode selection
algorithm and not to obtain an optimal fast motion search technique,
we will only consider the inter prediction mode with 16 × 16 block
size, obtained through a variant of diamond search algorithm in this
paper. The reference implementation is restricted to use only 16×16
block size, obtained using an exhaustive search.

Chroma macroblocks may be coded using intra or inter predic-
tion modes. However, the luma mode class selection implicitly en-
forces the use of a specific chroma mode class and the individual
chroma modes are direct analogues of the luma modes. Thus, for the
remainder of this paper we will restrict discussion to mode selection
for luma macroblocks, with the described techniques being equally
applicable to chroma macroblocks.

To sumarize, a mode selection algorithm involves choosing be-
tween the I16, I4 and P prediction mode classes. Furthermore, if I16
or I4 prediction is selected, mode selection involves finding the best
prediction mode within the chosen intra mode class. If the P predic-
tion mode is to be used, the best motion compensated macroblock
predictor is required to be found. The efficacy of a particular pre-
diction mode is measured by the cost it induces, either for the La-
grangian functional given by (1), or by an approximation such as the
SATD cost described in Section 1.

The H.264 mode selection algorithm, as implemented by the ref-
erence encoder, is shown schematically in Fig. 1. As shown, the
H.264 mode selection algorithm can be briefly described as follows.
The encoder selects the best I4 prediction mode and the best I16 pre-
diction mode for coding the current macroblock. These two predic-
tion modes are compared to each other using one of the aforemen-
tioned cost functions, and the less efficient predictor is discarded.
The encoder uses motion compensation to find the best P mode pre-
dictor, which is then compared to the best intra mode predictor found.
The more efficient predictor of these two is then used for encoding
the current macroblock.

The main shortcoming of the H.264 mode selection algorithm is
that all possible predictor modes are evaluated during mode selec-
tion. Each such mode evaluation is quite costly in terms of compu-
tational complexity—for example, a mode evaluation using the R-D
optimized cost function requires the macroblock to be differentially
encoded with respect to the generated predictor, with the error being
transform coded, quantized and CABAC coded. The key concept un-
derlying the proposed H.264 mode selection framework is that if we
can infer the right mode class using simple heuristics, only the modes
belonging to the selected class need be evaluated by encoding the
macroblock. To this end, we propose the use of learning-theoretic
approaches that operate on a set of simple macroblock features to

select between the three main mode classes.
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Fig. 2. The proposed mode selection methodology.

Fig. 2 shows a schematic of the proposed mode selection method-
ology which may be briefly described as follows. A fast motion com-
pensation algorithm, termed the stabilized diamond search (SDS)
algorithm, is used to find the best motion compensated P mode pre-
dictor. A learning-theoretic classification algorithm, which operates
on a set of transform domain features extracted from the macroblock
and the P mode predictor, is used to select between the P mode class
and the intra mode (I16, I4) classes. This classification algorithm
does not require the evaluation of either the SATD or the R-D cost
functions. If the P mode is selected the algorithm terminates. If in-
tra prediction is selected, a second classification algorithm is used
to select between the I4 and the I16 prediction mode classes. Fi-
nally, once the correct mode class has been inferred, a specific mode
belonging to the chosen mode class is selected by a time-efficient
search algorithm, which finds an approximate solution to the SATD
cost function through a progressive search with early termination.

The proposed algorithm reduces the encoder computational com-
plexity in two principle ways. Firstly, the use of learning-theoretic
classification for mode class selection implies that the SATD cost
function needs to be evaluated for only a subset of prediction modes.
Secondly, the progressive search algorithms reduce the computa-
tional complexity of evaluating the SATD cost function for each re-
quired mode, while the SDS motion compensation algorithm reduces
the complexity of the motion search.

3. MODE SELECTION DETAILS

In this section we present details of the proposed macroblock pre-
diction mode selection framework.

3.1. I16-I4 Mode Class Selection
For a given macroblock, the selection between I16 and I4 modes is
made by employing supervised binary classification [5] using a set
of transform domain macroblock features.

Consider a data set {xi}
n
i=1, such that each element xi belongs

to one of two classes C1,C2. The aim of binary classification is to
infer the class to which each xi belongs, on the basis of a set of ex-
tracted features {fj(xi)}

m
j=1. Supervised binary classification does

this using two phases—a training phase and a test phase. During
the training phase, a set of training data {yk}

K
k=1 with known class

membership labels (C1 or C2) is presented to the classifier, which
uses this data and the class labels to learn a classification function
Λ(·), such that the classification rule

yk ∈ C1 Λ({fj(yk)}j) = 1

yk ∈ C2 Λ({fj(yk)}j) = 0

minimizes the misclassification rate on {yk}. The form of the clas-
sification function Λ is constrained by the type of classifier used—
for example, linear discriminant analysis yields classifier functions
which are linear in the feature space. During the test phase, the
learned classification function is used to classify the unknown data
{xi}. The key issues in supervised binary classification are the
choice of an appropriate classifier type, and the extraction of a set of
features which allows good discrimination between the two classes.
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For I16/I4 discrimination, the 16 × 16 current macroblock m

was downsampled to a 4× 4 array, denoted m4. Denoting the 4× 4
Hadamard transform of m4 as THm4, the following set of features
was found to be effective: (1) The macroblock high frequency con-
tent f1 =

∑
4

i=2

∑
4

j=2
|THm4(i, j)|, (2) The macroblock horizon-

tal frequency content f2 =
∑

4

j=2
|THm4(0, j)|, and (3) The ver-

tical frequency content f3 =
∑

4

i=2
|THm4(i, 0)|. Intuitively, the

I16 mode performs better when f1, f2 and f3 are low for the mac-
roblock to be encoded. For the classifier type, we examined several
classifiers, including linear and quadratic Gaussian classifiers [5] ,
the Adaboost classifier [6], and classifier trees [7]. Classifier trees
were found to yield the best classification performance.

During the training phase, macroblocks from a large number of
video sequences were used as a training set, and the I16-I4 mode
decisions selected by the R-D optimized reference H.264 encoder
were used as the known class labels. The classifier tree was trained
on this data using the tree-partitioning procedure described in [7].
The training was performed at multiple quantization scales. While
the structure of the classifier tree was found to remain fixed, the deci-
sion thresholds were found to vary with changing quantization scale.
Polynomial interpolation functions were used to compute the deci-
sion tree thresholds as a function of the encoder quantization scale.

For encoding a macroblock from a new video sequence (i.e. a
sequence not in the training set), the feature set {fj}

3

j=1 described
above is extracted and the learned classifier tree is used to infer the
I16-I4 decision. Since the learning is performed completely off-line,
the proposed mode selection methodology requires minimal encod-
ing complexity for making the I16-I4 selection. The SATD cost
function is then required to be evaluated for only the selected mode
class, as opposed to the case in conventional H.264 encoding.

3.2. Progressive Intra Mode Search
Once the I16-I4 selection has been made as described in Section 3.1,
the modes belonging to the selected mode class need to be evaluated
using the SATD cost function, for selection of the best intra predic-
tion mode. We illustrate the proposed mode selection procedure for
the I4 mode class. This involves selecting the prediction mode for
each 4 × 4 block of the current macroblock, from the nine available
I4 modes.

Denote the current 4 × 4 block to be coded as b, denote the
prediction mode to be evaluated as ck,k∈{1,...,9}, and denote the 4×4
predictor generated by using ck as pk. The SATD cost function for
the prediction mode ck is given by

4∑

i=1

4∑

j=1

|TH(b − pk)(i, j)| + λRh (2)

where λ is a known Lagrange multiplier, and Rh is a fixed penalty
which is 0 for the most probable mode,1 and is 1 for all other modes.
The reference H.264 encoder evaluates the cost function in (2) com-
pletely for all candidate modes, to find the best mode.

We propose an alternative progressive search algorithm, with
early termination, to reduce the computational complexity of this
search. The proposed algorithm divides the pixels of the 4× 4 block
into four sets sl,l=1,...,4 of four pixels each. The SATD cost for the
most probable mode is computed using all sixteen pixels, and is de-
noted empm. The evaluation of the other modes proceeds in four
steps. Denoting the 2 × 2 Hadamard transform as TH2

, at step l

(1 ≤ l ≤ 4), the following operations are performed:
1In H.264, the most probable mode is a mode which requires fewer header

bits (in the case of CAVLC prediction) to encode than the other 4×4 modes.
Its value is derived from the modes used to encode previously encoded neigh-
boring blocks.

• For each prediction mode ck, computation of the per-set cost
for the pixel set sl, denoted elk, computed as elk =

∑
|sl|

|TH2

(b(sl) − p(sl))|

• For each prediction mode ck , computation of the cumulative
cost, denoted ec

lk, computed as ec
lk =

∑l

i=1
eik

• Termination of mode ck if |ec
lk−

l
4
empm| ≥ τl, where {τl}

4

l=1

are precomputed thresholds.

The algorithm terminates when only one mode is left or when all
four steps are completed at which point the surviving mode with the
lowest SATD cost is selected for encoding.

In practice we found that a significant proportion of modes were
terminated early. On average, the progressive search algorithm re-
duced the mode evaluation computation complexity by more than
half, with a negligible effect on compression performance. Finally,
we note that the I16 mode search is performed analogously to the I4
mode search, by dividing the 16×16 macroblock into sets of sixteen
pixels.

3.3. I-P Mode Selection
We use a fast motion search algorithm, termed the Stabilized Dia-
mond Search (SDS) algorithm, for generating the motion compen-
sated P mode prediction for the current macroblock. The SDS algo-
rithm is akin to the diamond search algorithm proposed in [8], with
the main differences being the use of multiple start locations to im-
prove motion compensation performance, and the use of progressive
error evaluation with early elimination to reduce computational com-
plexity. The SDS algorithm was found to be significantly faster than
the exhaustive motion search used by the reference H.264 encoder,
with only a small compression performance loss.

The selection between inter and intra prediction is again made
through supervised binary classification using decision trees. The
features used for classification were as follows: (1) The features
f1, f2, f3 described in Section 3.1, and (2) The absolute sum of the
transform coefficients of the prediction error between the downsam-
pled current macroblock m4, and the downsampled motion compen-
sated predictor p4, i.e. f4 =

∑
4

i=1

∑
4

j=1
|TH(m4 − p4)(i, j)|. As

in Section 3.1, training was performed by using the R-D optimized
I-P modes generated by the reference H.264 coder on a training set
of video sequences.

As can be seen in Fig. 2, the selection of the I-P mode based on
classification obviates the need for evaluating the I4 and I16 modes
when inter prediction is selected by the classifier—this represents a
significant reduction in the encoding complexity for P macroblocks.
In the case when intra prediction is selected by the classifier, a spe-
cific intra prediction mode can be selected using the algorithms out-
lined in Sections 3.1 and 3.2.

4. RESULTS

The performance of the proposed mode selection method was eval-
uated using a set of twelve standard 352 × 240 color test sequences.
The test sequences used were distinct from the training sequences
used for learning the classifiers. A composite evaluation sequence,
termed eval seq, was created by putting together randomly selected
subsequences of several frames from the twelve test sequences. The
proposed mode selection method, the reference H.264 encoder with
R-D optimized mode selection, and the reference encoder with SATD
optimized mode selection were used to compress the eval seq se-
quence at multiple quantization scales.

Fig. 3 shows the performance of the classifiers for inferring the
mode class decisions. This was evaluated by comparing the mode
class decisions by the R-D optimized mode selection, to that of the
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Fig. 3. Rate of correct classification of the I-P and I16-I4 classifiers
used in the proposed mode selection.

mode classes selected by the proposed method.2 As can be seen,
the proposed I-P classifier inferred the same decision as the R-D
optimized selection for about 95% of all macroblocks. The I16-I4
classifier inferred the R-D optimized decision for 85-95% of the in-
tra macroblocks. The key point to note is that the classifiers inferred
these mode decisions using far fewer computations than that required
by the R-D optimization. We now see how this impacted the com-
pression and computational performance of the encoder.
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Fig. 4 compares the compression performance for the eval seq
sequence of the reference H.264 encoders employing R-D optimized
mode selection and SATD optimized mode selection, to that of an
H.264 encoder employing the proposed mode selection methodol-
ogy ( termed the proposed encoder). As can be seen, the proposed
encoder provides reconstruction PSNR which is within 0.5−0.7 dB
of the SATD and R-D optimized encoders, at the same bit-rate. We
note that, of this PSNR gap, about 0.3 − 0.4 dB was due to the use
of SDS motion compensation in the proposed encoder, as compared
to the full motion search employed by the reference encoder.

Fig. 5 compares the computational complexity of the mode se-
lection methods used by the proposed encoder and the reference
SATD encoder. Computational complexity was measured by sum-
ming up the number of addition and multiplication operations re-
quired at each step of mode selection, other than the motion search—
motion search was excluded since the reference encoder uses a high-

2For correct evaluation, this required that all macroblocks encoded before
the current macroblock used the same prediction modes for the two mode
selection cases—e.g. the prediction modes selected by the R-D cost function.
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Fig. 5. Computational complexity comparison of proposed encoder
with SATD optimized reference encoder.

complexity full search, as compared to the fast SDS search used
in the proposed encoder. Fig. 5 plots the number of computations
used, per macroblock, in the reference encoder mode selection, and
the number of computations used, per macroblock, in the proposed
mode selection. As can be seen the SATD mode selection requires
6–7 times more computations than the proposed mode selection. The
complexity of the R-D optimized mode selection, which is not shown
in Fig. 5, was found to be an average of 3−5 times higher than that of
the SATD selection. One reason for this inordinately high complex-
ity is that the R-D optimized selection evaluates all combinations of
chroma and luma modes for each macroblock.

Fig. 4 and Fig. 5 show that the proposed mode selection yields
compression performance close to that of the reference encoder, while
requiring significantly reduced computation. In practice, the pro-
posed H.264 encoder was found to encode 352 × 240 color video
sequences at 24-30 frames per second on a 2 GHz Pentium-4 proces-
sor. This is an order of magnitude faster than the reference encoder
using SATD optimized mode selection, which is itself significantly
faster than R-D optimized mode selection.
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