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Abstract—This paper proposes a new complexity model for
H.264/AVC video decoding. The model is derived by decomposing
the entire decoder into several decoding modules (DM), and
identifying the fundamental operation unit (termed complexity
unit or CU) in each DM. The complexity of each DM is modeled by
the product of the average complexity of one CU and the number
of CUs required. The model is shown to be highly accurate for
software video decoding both on Intel Pentium mobile 1.6-GHz
and ARM Cortex A8 600-MHz processors, over a variety of
video contents at different spatial and temporal resolutions and
bit rates. We further show how to use this model to predict the
required clock frequency and hence perform dynamic voltage
and frequency scaling (DVFS) for energy efficient video decoding.
We evaluate achievable power savings on both the Intel and
ARM platforms, by using analytical power models for these two
platforms as well as real experiments with the ARM-based TI
OMAP35x EVM board. Our study shows that for the Intel plat-
form where the dynamic power dominates, a power saving factor
of 3.7 is possible. For the ARM processor where the static leakage
power is not negligible, a saving factor of 2.22 is still achievable.

Index Terms—Complexity modeling and prediction, dynamic
voltage and frequency scaling (DVFS), H.264/AVC video decoding.

I. INTRODUCTION

T HE SmartPhone market has expanded exponentially
within recent years. People desire to have a multi-purpose

handheld device that not only supports voice communication
and text messaging, but also provides video streaming, multi-
media entertainment, etc. A crucial problem with a handheld
device that enables video playback is how to provide a suf-
ficiently long battery life given the large amount of energy
required in video decoding and rendering. Thus, it is very
useful to have an in-depth understanding of power consump-
tion required by video decoding, which can be utilized to
make decision in advance according to the remaining battery
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capacity, e.g., discarding unnecessary video packets without
decoding, or decoding at appropriate spatial, temporal, and
amplitude resolutions to yield the best perceptual quality. In
devices using dynamic voltage and frequency scaling (DVFS),
being able to accurately predict the complexity of successive
decoding intervals is critical to reduce the power consumption
[1].
Generally, there are two sources of energy dissipation during

video decoding [2]. One is the memory access. The other is
CPU cycles. Both are power consuming. In this paper, we
will focus on the computational complexity modeling of the
H.264/AVC video decoding and defer the off-chip memory ac-
cess complexity investigation for our future study.1 Specifically,
we extend our prior work [3] beyond the entropy decoding
complexity and consider all modules involved in H.264/AVC
video decoding, including entropy decoding, side information
preparation, dequantization and inverse transform, intra pre-
diction, motion compensation, and deblocking. First of all, we
define each module as a decoding module (DM), and denote
its complexity (in terms of clock cycles) over a chosen time
interval by . The proposed model is applicable to any time
interval, but the following discussion will assume the interval is
one video frame. Furthermore, we abstract the basic, common
operations needed by each DM as its complexity unit (CU), so
that is the product of the average complexity of one CU
over one frame (i.e., , and the number of CUs required by
this DM over this frame (i.e., . For example, the CU for
the entropy decoding DM is the operation of decoding one bit,
and the complexity of this DM, , is the average complexity
of decoding one bit, , times the number of bits in a frame,

. That is . Among several possible
ways to define the CU for a DM, we choose the definition that
makes the defined CU either fairly constant for a given decoder
implementation, or accurately predictable by a simple linear
predictor. Note that the CU complexity may vary from frame
to frame because the corresponding CU operations change due
to the adaptive coding tools employed in the H.264/AVC. For
example, in H.264/AVC, adaptive in-loop deblocking filter is
used to remove block artifacts, which applies different filters
according to the information of adjacent blocks; thus, the
average cycles required by the deblocking for one block, ,
would vary largely from frame to frame. Therefore, we also
explore how to predict the average complexity of a CU for a
new frame, from the measured CU complexity in the previous
frames. Meanwhile, we assume that the number of CUs, ,

1Since the on-chip memory, such as cache, is inside the CPU part, our power
measurement and saving does include the on-chipmemory energy consumption.
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can be embedded into the bitstream to enable accurate com-
plexity prediction at decoder.
We measure the decoding complexity on both Intel Pentium

mobile CPU [4] (as an example of a general purpose architec-
ture) and ARM Cortex A8 processor [5] (as an example of em-
bedded architecture) to derive and validate our proposed com-
plexity model. We also make use of our complexity model to
adapt voltage and clock rate on these platforms to evaluate the
achievable energy saving. We further measure the actual power
consumption on the ARM-based TI OMAP35x EVM board [6],
to validate our analytical results.
The main contributions of this paper include:
• We introduce the notion of CU for each DM, which is
the fundamental operation unit of the DM, and propose to
model the total complexity (i.e., number of cycles) of the
DM as the product of the average complexity required by
one CU, , and the number of CUs required by the DM,

. For each DM, we identify its CU such that its average
complexity is either constant or easy to predict along with
video decoding. ’s are hard to predict accurately and
we propose to embed ’s for each frame or group of pic-
tures (GOP) as meta-data in the bitstream, which occupies
negligible amount of data compared to the size of the com-
pressed video stream.

• The proposed model is simple and does not involve param-
eters that need to be determined through offline training.
The proposed model was shown to be very accurate for
videos of different scene content, different spatial and tem-
poral resolutions, either coded under constant QPs or con-
stant bit rates.

• We investigate how to incorporate the proposed com-
plexity model to control the DVFS during video decoding
in two different types of hardware platforms (embedded
systems with the ARM processor as an example, and
general purpose architectures with the Intel processor as
a test case), and evaluate achievable power savings. Our
simulation and experimental studies show that up to 55%
and 73% power savings are achievable with the embedded
and general purpose systems, respectively.

The overall paper is organized as follows: the decomposition
of H.264/AVC decoder into DMs and the abstraction of DM op-
erations using CUs are introduced in Section II. Section III de-
rives the proposed complexity model at frame interval, and iden-
tifies the appropriate CU for each DM as well as the CU com-
plexity prediction. Section IV extends this model to the GOP
level. Section V discusses how to integrate the proposed com-
plexity prediction method with DVFS on both Intel and ARM
platforms, and presents power savings derived from both ana-
lytical power models and real measurements. Related works are
discussed in Section VI. The conclusion and future directions
are drawn in Section VII.

II. H.264/AVC DECODER DECOMPOSITION
AND COMPLEXITY MEASUREMENT

In this section, we address the H.264/AVC decoder decompo-
sition, complexity profiler design as well as the CU abstraction.

Fig. 1. Illustration of H.264/AVC decoder decomposition.

A. H.264/AVC Decoder Decomposition

The H.264/AVC decoder can be decomposed into the fol-
lowing basic decoding modules (DMs): entropy decoding

, side information preparation , dequantization and
inverse transform , intra prediction , motion
compensation , and deblocking as shown in
Fig. 1. The bitstream is first fed into entropy decoding to obtain
interpretable symbols for the following steps, such as side
information (e.g., macroblock type, intra prediction modes,
reference index, motion vector difference, etc.) and quantized
transform coefficients; the decoder then uses the parsed infor-
mation to initialize necessary decoding data structures, which
is so-called side information preparation. The block types, ref-
erence pictures, prediction modes, and motion vectors will be
computed and filled in corresponding data structures for further
usage. By this step, we let other decoding modules focus on
their particular jobs, and this job isolation can make data prepa-
ration (for prediction purpose) and decoding more independent
without interference. The dequantization and inverse transform
are then called to convert quantized transform coefficients
into block residuals which are in turn summed with predicted
samples, from either intra prediction or motion compensation
to form reconstructed signal. Finally, the deblocking filter is
applied to remove blocky artifacts introduced by block-based
hybrid transform coding structure.
In order to measure the actual complexity (in terms of clock

cycles) of each DM, we embed a complexity profiler in each
DM. The complexity profiler can be supported by various chips,
such as Intel Pentium mobile (Intel PM) [4] and ARM Cortex
A8 (ARM) [5]. A specific instruction set2 is called to record the
processor state just before and after the desired module, and the
difference is the consumed computing cycles. The number of
computational cycles spent in complexity profiling is less than
0.001% of the cycle number desired by the regular decoding
module according to our measurement data. Hence, it is negli-
gible. The details about how to implement the complexity pro-
filer for the Intel and ARM platforms can be found in [7].

B. Complexity Unit Abstraction of Each Decoding Module

As explained earlier, a H.264/AVC decoder can be decom-
posed into 6 DMs. Each DM requires both memory access and
computation by the CPU. For instance, the temporal reference
block must be fetched into the processor to form the recon-
structed signal of the current block. Because the mobile devices
have limited on-chip memory space, we must store the temporal
reference frame(s) into off-chip memory, and fetch the required
block as needed. These on-chip and off-chip memory transfer
operations can be done via the direct memory access (DMA)

2Different platforms will use different instruction sets to write/read the pro-
cessor state in specific registers.
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TABLE I
ESSENTIAL DM AND ITS CU IN THE H.264/AVC DECODER

routine, which is a feature of modern computers and micropro-
cessors. Using the DMA, the memory data exchange can be per-
formed independently without demanding CPU cycles. In our
work, the memory data transfer will be operated by the DMA
without consuming the processor resource. For example, the
MCP can be sliced into three major parts: reference block fetch,
interpolation, and block reconstruction (e.g., sum and clip). The
reference block fetch is conducted by the DMA. Only interpo-
lation and block reconstruction are conducted by the processor,
and they contribute to the computational complexity.
In order to simplify our work, we ignore the cycles dissi-

pated for parsing the parameter sets and slice header, and only
consider the complexity of the essential operations in each
DM manipulation. Furthermore, instead of analyzing the video
decoding complexity at macroblock level, we will discuss the
complexity of the H.264/AVC video decoding at frame level,
and further at the GOP level. As shown in later sections, the
average complexity of each CU is based on the whole frame or
GOP instead of individual macroblock. Hence, our complexity
model is applicable to the frame-based decoder as well (such
as H.264/AVC reference software).
For each DM, we define a unique CU to abstract required

fundamental operations. For example, for the entropy decoding
DM, the CU is the process involved in decoding one bit, whereas
for the DM, the CU is the process involved in dequan-
tization and inverse transform for one macroblock (MB). Note
that a CU includes all essential operations needed for a basic
processing unit (a bit for , a MB for ) in a DM, in-
stead of the basic arithmetic or logic Ops, such as , ,
etc. Table I summarizes each DM and its corresponding CU.
Let denote the required computational cycles to decode

one frame by a particular DM, then the overall frame decoding
complexity is the sum of individual complexity required by each
DM. As shown in Section III, the complexity of each DM can
be written as the product of —the complexity of one CU,
and —the number of CUs required for decoding each frame.
We further explain the CU identified for each DM and the cor-
responding and in Section III.

C. Experiment Configuration

We choose to focus on two different platforms analyzing the
decoding complexity: the IBM ThinkPad T42 using the Intel
PM processor and TI OMAP35x EVM board using the ARM
processor. Table II provides the configuration of these two hard-
ware platforms. The former is representative of laptops using a
low-power general purpose microprocessor, while the latter is
typical of SmartPhones or other handheld devices. We have de-
veloped our own H.264/AVC decoding software that can run on
these two platforms efficiently. Targeting for low complexity

TABLE II
EXPERIMENT ENVIRONMENT

mobile applications, we have not considered Context-Adaptive
Binary Arithmetic Coding (CABAC), interlace coding, 8 8
transform, quantization matrix, and error resilient tools (e.g.,
flexible macroblock order, arbitrary slice order, redundant
slice, data partition, long term reference, etc.). The baseline,
main, and high profiles are supported but without the tools
listed above, while supportable levels are constrained by the
underlying hardware capability. For example, the decoder
can decode bitstreams smoothly up to level 3 on our OMAP
platform, and up to level 3.2 using Intel PM based ThinkPad
T42.3 Our decoder operates at MB level [8], given the limited
on-chip memory on mobile processors, following the block
diagram shown in Fig. 1.
In our implementation, we use DMA to write back recon-

structed samples from on-chip buffer to off-chip memory and
fetch a large chunk of data into on-chip memory for motion
compensation, e.g., 3 macroblock lines, which means if the mo-
tion vector (MV) of current MB is within this range, there is no
need to do on-the-fly reference block fetching. It is possible that
the MV is out of this range (i.e., exceeding 3 macroblock lines)
and need the interrupt of CPU to fetch such reference block.
However, according to our simulations, such events happen
with a very small probability (less than 1% in our experiments).
Because the on-chip memory is included into the CPU part and
is difficult to isolate, our ARM processor power measurement
contains the energy consumption for on-chip memory access
as well. Based on our implementation and experimental results
obtained on the ARM platform (see Section V-D), the power
consumption required by the on-chip memory access (i.e.,
caching) is insignificant. The total power consumption of the
processor is still dominated by the computational operations.
The complexity profilers for all DMs are embedded as described
in Section II-A. Please note that our MB-based decoder imple-
mentation represents a typical implementation for embedded
systems and hence the complexitymodel derived for our decoder
is generally applicable. Such MB-based pipeline structure is
quite similar to hardware codec design. Therefore, we believe
that our complexity model can be applied to hardware imple-
mentation as well. We measure the actual decoding complexity
on these platforms using the complexity profiler [7]. We also
measure the actual power consumption on the OMAP system
with and without using DVFS driven by our complexity model.
Details on experimental set up will be explained in Section V.
In order to validate our complexitymodel,wehave created test

bitstreams using standard test sequences, e.g., Harbor, Soccer,

3The decoder will crash with insufficient memory when we try to decode
bitstreams at higher levels for OMAP board, while running very slow for Intel
PM platform.
4Compared with the H.264/AVC reference software, i.e., JM, JSVM outputs

the same encoded bitstream using the same encoding configuration, but with
slight difference in high level header signaling, which does not affect our work.
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TABLE III
SUPPORTED ENCODER FEATURES

Ice, News, all at CIF (i.e., 352 288) resolution. These four
video sequences have different content activities, in terms of tex-
ture, motion activities, etc. A large quantization parameter (QP)
range, from 10 to 44 in increments of 2, is chosen to create the
test bitstreams. Particularly, we enable the dyadic hierarchical-B
[9] prediction structure in the encoder; thus, the test bitstreams
inherently support the temporal scalability [10]. The reference
software of scalable extension of the H.264/AVC (SVC),4 i.e.,
JSVM [11], is used for generating the H.264/AVC compliant test
bitstreams. The adopted encoder setting is described in Table III.
These created bitstreams are decoded on both Intel PMandARM
featured platforms. Complexity per DM as well as the total
complexity per frame are measured.

III. FRAME-LEVEL H.264/AVC DECODING
COMPLEXITY MODELING

In this section, we identify the CU for each DM and further
consider how to predict the CU complexity from frame to frame.

A. Entropy Decoding

Intuitively, we model the entropy decoding complexity as the
product of the bit decoding complexity and the number of bits
involved, i.e.,

(1)

where is the average cycles required for decoding one bit,
and is the number of bits for a given frame. Note that
can be exactly obtained after de-packetizing the H.264/AVC
network abstraction layer (NAL) unit [12]. The total bits in
H.264/AVC bitstream are mainly spent for side information and
quantized transform coefficients (QTC). Generally, the average
cycles required by bit parsing for the side information and QTC
are different [3]. Because the percentage of bits spent on each
part varies with the video content and the bit rate, the average
cycles required per bit parsing cannot be approximated well
by a constant. As exemplified in Fig. 2(a) for “Harbour” at QP
28, varies largely in decoding order. However, after de-
composing frames into different temporal layers, we have found
that changes more slowly from frame to frame in the same
temporal layer, as shown in Fig. 2(b). Thus, we can update
for the current frame using the actual bits and consumed cycles
by entropy decoding for the nearest decoded frame in the same
layer. Although only data for “Harbour” at QP 28 on Intel PM

Fig. 2. Variation of when decoding “Harbour” at on Intel PM
platform. (a) In the frame decoding order over the entire sequence. (b) In the
frame decoding order over different temporal layers.

Fig. 3. Illustration of entropy decoding complexity estimation using (1),
is predicted using complexity data from the same layer nearest decoded frame.
The actual and estimated of four test videos at all QPs are presented.

platform are presented here, the data for all other sequences at
different QPs are similar according to our simulation.
The estimated and actual cycles of all test bitstreams are

plotted in Fig. 3 for both Intel and ARM platform. From
this figure, it is noted that the actual complexity can be well
estimated by (1) and the proposed method for predicting .

B. Side Information Preparation

After parsing the overhead information in the bitstream, mac-
roblock type, intra prediction mode, sub-macroblock type, ref-
erence index, motion vectors, etc., are obtained and stored in
proper data structure for future reference. We further include
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Fig. 4. Complexity consumption (in cycles) dissipated in DM against
the non-zero MBs for all CIF resolution test videos. Parameters are obtained via
least-square-error fitting.

macroblock sum/clip, deblocking boundary strength calculation
into SIP DM (to be further discussed in Sections III-E and III-F).
Let represent the average clock cycles for side informa-
tion preparation per MB, and the number of MBs per frame.
The total complexity for SIP can be written as

(2)

Generally, depends on the frame type. For example, in
intra mode, we do not need to fill the motion vector and refer-
ence index structures. For uni-directional prediction in P-frame,
we only need to fill the backward prediction related data struc-
ture, whereas for bi-directional prediction in B-frame, we need
to fill both forward and backward related data structures. We
have found from measured complexity data that is almost
constant in the same temporal layer but different among tem-
poral layers. Thus, we predict from prior decoded frame
in the same layer as with entropy decoding.

C. Dequantization and IDCT

Only 4 4 integer transform and scalar de-quantization are
considered in our current work.5 We have unified the dequanti-
zation and IDCT as a single decoding module, i.e., “ ”.
In H.264/AVC, the dequantization and IDCT can be skipped for
zero macroblocks, and only operate at non-zero MBs. We have
found that the computational complexity of MB dequantization
and IDCT is fairly constant for all non-zero blocks. Therefore,
given a frame, the complexity consumed by can be
written as

(3)

where is the number of non-zero MBs per picture.
describes the complexity of MB de-quantization and

IDCT, and is a constant.
Fig. 4 shows the measured complexity for the DM

for Intel and ARM platforms, respectively. It is shown that for
a given implementation platform, is indeed a constant
independent of the sequence content.

5In H.264/AVC, there is a second stage transform, i.e., Hadamard transform,
applied on the luma DC (e.g., for intra 16 16 mode), and chroma DC coeffi-
cients. For simplicity, we merge these hadamard transforms into 4 4 integer
transform. Also, we defer the adaptive transform (with 8 8) for our future
work.

Fig. 5. Intra prediction complexity against the corresponding number
of intra MB . Intra prediction complexity data from four different test
videos at different QPs are presented, and can be well fitted by (4).

Fig. 6. Modularized motion-compensation in H.264/AVC.

D. Intra Prediction

In intra prediction module, adaptive 4 4 and 16 16
block-based predictions are used for luma component, and
8 8 block-based prediction is used for chroma. There are 4
prediction modes of intra16 16, 9 prediction modes of intra
4 4 for luma component, and 4 prediction modes of
for chroma components. We have found from experimental
data that there is no need to differentiate among different intra
prediction types. Rather, we can just model the total complexity
due to intra prediction by

(4)

where denotes the average complexity of performing
intra-prediction for one intra-codedMB (averaged over all intra-
prediction types), and is the number of intra MBs per
frame.
We collect and plot the number of intra MBs and its corre-

sponding intra prediction complexity for each frame from all
test videos decoding data in Fig. 5. It is shown that the model (4)
works pretty well for different video content at different quanti-
zation levels (i.e., compressed via different QP), and parameter

is constant for a specific implementation on a target
platform.

E. Motion Compensation

The overall motion compensation module is divided into
three parts: reference block fetching, interpolation, and block
reconstruction (sample sum and clip), as depicted in Fig. 6. As
mentioned above, the reference block fetching is conducted by
DMA which does not consume CPU cycles. Only interpolation
and block reconstruction are discussed in the current section.
Note that, on block reconstruction step, the compensated signal
and residual block are added prior to being fed into deblocking
filter, and its computational complexity can be treated as a
constant because of the fixed sum and clip operations per mac-
roblock. Thus, our major work in motion compensation
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Fig. 7. Fractional pixel interpolation in H.264/AVC with “ ”,“ ”, “ ”
standing for integer, half-, quarter-pel positions. The fractional points inside
“dashed” box need half-accuracy interpolation twice.

module of video decoding is to model the complexity dissipated
on the fractional accuracy pixel interpolation. Our experiment
results show that the complexity of chroma interpolation can be
approximated by a constant. The luma interpolation will further
be addressed in details in subsequent sections. For simplicity,
the term “interpolation” stands for the “luma interpolation” un-
less we point out exactly.
Instead of investigating at block level, we analyze the MCP

complexity at pixel level. In H.264/AVC, 6-tap Wiener filtering
is applied to interpolate a half-pel pixel, while 6-tapWiener plus
2-tap bilinear filtering are required for quarter-pel interpola-
tion. Typically, the cycles required by 6-tap Wiener filtering and
bilinear filtering are constants for a specified implementation;
thus, the complexity dissipated for interpolation is determined
by the number of 6-tap Wiener and bilinear filtering operations.
In Fig. 7, we sketch the integer, half-pel, and quarter-pel po-
sitions according to the interpolation defined in the H.264/AVC
standard [12]. The “ ” positions are directly obtained via DMA
from off-chip memory. The other 15 fractional positions need
to be interpolated on-the-fly, and they consume different com-
plexity because they require different interpolation filters. Due
to the on-chip buffer limitation of embedded system architec-
ture, it does not permit frame-based interpolation. Whether to
do interpolation is determined by the parsedmotion vector pairs,
i.e., ( , ) for a block.
Note that there are complexity differences for different

half-pel positions. For example, in Fig. 7, pixels “b” and “h”
are created via 6-tap Wiener filter at one time. However, po-
sition “j” should be computed after creating “b” or “h”. Thus,
“b” and “h” require one 6-tap filtering, and “j” needs 6-tap
filtering twice. Assuming the unit complexity for constructing
“b”, “h”, and “j” are , , and , respectively. Let the unit
complexity of 6-tap Wiener filtering be , then we can have

, and .
As explained in [12], the quarter-pel pixels will be computed

from adjacent half and/or integer pixels using bilinear filter [12].
Then, the 12 quarter-pel positions can be categorized into two

6We found that there was slight difference between interpolation complexity
for P and B pictures. Specifically, there was a constant offset for B picture inter-
polation (e.g., less than 2% compared with total frame decoding cycles in our
simulation on Intel PM). However, compared with the total complexity con-
sumed by whole frame decoding, this constant offset can be ignored.

Fig. 8. Interpolation complexity against the number of 6-tapWiener inter-
polation filtering . All interpolation complexity of four different videos
at different QPs are collected and presented together.

classes: one needs a 6-tap plus a bilinear filter, such as “a”,
“c”, “d”, “n”, and the other requires twice 6-tap filtering plus
a bilinear operation, like “e”, “f”, “g”, “i”, “k”, “p”, “q”, “r”.
Based on our measured complexity data, we have found that
the half-pel interpolation using the 6-tap Wiener filter domi-
nates the overall interpolation complexity; thus, the computa-
tional complexity of bilinear filtering can be neglected to sim-
plify our further exploration. Therefore, we propose to approxi-
mate the MCP complexity by the product of the number of 6-tap
Wiener filtering operations and the unit complexity required to
perform one 6-tap Wiener filtering,6 i.e.,

(5)

where is average complexity required to conduct one
6-tap Wiener filtering, and is the number of 6-tap filter-
ings needed in decoding a frame. In the encoder, once we know
the motion vector of each block, we can obtain the exact .
We now embed in the bitstream header of each frame to
predict the complexity associated with motion compensation
at decoder side. Parameter is fairly constant for a fixed
implementation.
The actual and cycles consumed by the MCP module

have been collected by decoding all test bitstreams, and plotted
in Fig. 8. Note that the model (5) can quite accurately express
the relationship between MCP (i.e., interpolation) complexity
and the number of half-pel filtering operations.

F. Deblocking

In H.264/AVC, an adaptive in-loop deblocking filter [12]
is applied to all 4 4 block edges for both luma and chroma
components, except picture boundaries.7 There are several
options defined in the standard [12] to inform the codec with
the proper filter. However, in this paper, we only consider two
basic options, i.e., option 0 and 1 which indicate to enable

7Actually, the filter could be applied to 8 8 block edges if 8 8 transform
is adopted, and the filtering operation will be disabled at some slice boundaries
by enabling high-level filter syntax controlling. However, in our discussion, we
just concern one slice per picture, and adopt only 4 4 as basic block size.
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Fig. 9. 4 4 block edge illustration and boundary strength decision. (a) Edge-
crossing pixels. (b) Boundary strength calculation.

and disable deblocking filter, respectively.8 Fig. 9 depicts the
block edge with related edge-crossing pixels distributed in
left and right blocks, and the boundary strength decision tree
defined in the H.264/AVC [12], [13]. Fig. 9(b) shows that the
boundary strength (e.g., level) is determined by the block
type, (code block pattern), reference index difference, and
motion vector difference from block and . According to our
simulations, the complexity of calculating can be treated
as a constant, but with slight difference for I/P/B-picture. In
our complexity modeling, the complexity of calculation is
merged with the complexity as aforementioned in
Section III-B. Here, we only consider the edge filtering opera-
tions and its computational demands for in-loop deblocking.
The filtering strength is categorized into 3 classes according

to the value of computed , i.e.,

Strong Filtering
Normal Filtering
No Filtering.

As defined in [12], different leads to different filtering
operations on edge crossing pixels, e.g., and with

. Typically, for , there is no filter applied.
For , the strongest filter will be employed, which uses
all pixels, i.e., to modify and with

, 1 and 2, as depicted in Fig. 9(a). For , 2 or 1, six
edge-crossing pixels, i.e., and with , 1, 2 are used
to update the and with , 1. In addition to the , we
also need to calculate the difference of edge-crossing pixels for
a certain pixel line, such as , and
or . If and are less than predetermined Alpha and
Beta thresholds [12], proper filtering operations are applied; oth-
erwise, the deblocking is skipped even with non-zero .
For simplicity, we define -points (i.e., and -points

(i.e., to categorize all edge-crossing pixels as depicted in
Fig. 9(a) which are required to do filtering, i.e., ,
and . Therefore, the deblocking com-
plexity is the sum of cycles dissipated among -points and
-points

(6)

where and are the average cycles required to do -point
and -point filtering, and and are the numbers of respec-
tive -point and -point per frame. We have found from our
experimental data the decision to filter -point is highly corre-
lated with the decision to filter -point, i.e., once -point re-
quires filtering operations, the corresponding -points will also

8The conditional filter crossing slice boundary, and separated filters for luma
and chroma components are not considered in this paper.

TABLE IV
CORRELATION COEFFICIENTS FOR AND

Fig. 10. Illustration of in frame decoding order for Intel PM platform.
(a) Overall sequence decoding. (b) Frame decomposition for different layers.

be filtered with very high probability (i.e., on average as
exemplified in Table IV). Thus, (6) can be reduced to

(7)

with denoting the generalized average complexity for fil-
tering -points.
Typically, varies from frame to frame due to the content

adaptive tools used for conducting deblocking filter. We have
found that changes slowly from frame to frame in the same
temporal layer as illustrated in Fig. 10(b). As with complexity
modeling for entropy decoding, instead of using a fixed , we
predict of the current frame using previous frame deblocking
complexity in the same layer and its . Fig. 11 demonstrates
that the proposed model in (7) and method for predicting can
accurately predict the deblocking complexity.

G. Overall Frame-Level Complexity Model

From the above discussion, we conclude that each DM com-
plexity can be abstracted as the product of its CU complexity
and the number of involved CUs. The total complexity required
by frame decoding can be expressed as

(8)

where indicates the complexity of the CU for a particular
DM, and is the number of CUs involved in a DM.
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TABLE V
CU ABSTRACTION FOR EACH DM

Fig. 11. Actual deblocking complexity against estimated complexity for both
Intel PM and ARM processors.

Table V lists the CU for eachDM, and its corresponding abstrac-
tion. We assume that for different CUs, can be embedded
into the video bitstream packets as the metadata to conduct the
decoding complexity estimation. For example, one can packe-
tize the raw H.264/AVC bitstream into a popular container, e.g.,
FLV, and put information in the container header field. Note
that and do not need to be embedded since they can
be obtained by de-packetizing the NAL unit of H.264/AVC bit-
stream, parsing the sequence and picture parameter sets before
frame decoding. Therefore, only four numbers, , ,

, and , need to be embedded using 8 bytes. Even for
videos coded at the very low bit rate of 96 kbps, this embedded
overhead only counts for 1.5% of the video bit rate. For GOP-
level complexity prediction (see Section IV), the overhead is
even smaller. As for the CU complexity, i.e., , as shown in
the previous subsections, for a given implementation platform,
it is a constant for some CU, whereas for some other CU (i.e.,
bit parsing, SIP, and -point filtering), it needs to be predicted
from the measured complexity of the previous frame in the same
temporal layer. In practice, we can set the initial to some de-
fault values for decoding the first few frames. Alternatively, we
can pre-decode one frame in each temporal layer (or oneGOP for
GOPmodel) to obtain the specific of each involvedCUahead
of real video playback. Oncewe initialize all for a target plat-
form,we update themautomatically frame by frame according to
the actualDMcomplexity and number of involvedCU (i.e.,
of the previous decoded frame. Table V summarizes whether a

is a constant or needs prediction. The constant is further
listed in Table VI for Intel and ARM processors.
To verify the accuracy of this estimation strategy, we collect

the actual and predicted frame decoding complexity for all four
test videos9 with QP ranging from 10 to 44, and calculate their
prediction error. Let denote the relative prediction error for

9Three more sequences, i.e., “Football”, “Foreman”, and “Rave”, are
included on Intel platform to verify the model accuracy as shown in Table VIII.

TABLE VI
CONSTANT FOR INTEL PM AND ARM PROCESSORS

(IN TERMS OF CPU CLOCK CYCLE)

TABLE VII
RATE CONTROL CONFIGURATION

TABLE VIII
PREDICTION ERROR (MEAN AND STANDARD DEVIATION

) FOR INTEL PM AND ARM PLATFORM

frame , which is defined as with
and for actual profiled and predicted total com-

plexity. We calculate the mean and standard deviation (STD)
of over all frames and over all sequences coded using dif-
ferent QPs, as a measure of the prediction accuracy. As shown in
the simulation results listed in Table VIII, the prediction error is
very small, with small mean and STD (i.e., both less than 3% on
average). To save the space, we only present the predicted and
actual frame complexity in decoding order for the concatenated
video consisting of “News”, “Soccer”, “Harbour”, and “Ice” in
Fig. 13(a) and (b) at QP 24. Results for other QPs and other
videos are similar according to our experiments. Based on these
results, our proposed model can estimate the frame decoding
complexity for the H.264/AVC video decoding very well.

H. Performance Under Rate Control and Different
Spatial Resolutions

The results reported so far are for decoding videos coded
using constant QP, and at the CIF resolution. To verify the accu-
racy of the complexity model for videos coded under variable
QP (due to rate control) and other spatial resolutions, we also
created bitstreams using the JSVM [11] for three resolutions,
QCIF, CIF, and 4CIF. As before, we concatenate 4 different
videos to form a test sequence under each resolution. For QCIF
and CIF resolution, we use the videos in the order of “News”,
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Fig. 12. Illustration of predicted and actual profiled complexity (in terms of cycles) of different resolution concatenated sequences using rate control for frame-
level complexity model. (a) QCIF@250 bps, , . (b) CIF@500 kbps, , . (c) 4CIF@1 Mbps, ,

.

“Soccer”, “Harbour”, and “Ice” while the 4CIF resolution
sequence is the concatenation of “Soccer”, “Harbour”, “Ice”,
“Crew”, and “City”.10 Table VII gives the sequence length and
bit rate setting for QCIF, CIF, and 4CIF, respectively.
As shown in Fig. 12, our complexity model can accurately

predict the decoding complexity for different videos with
various content activities, at different resolutions and bit rates.
Because of the space limit, we choose to present the results
on the Intel platform only. ARM-based simulations have the
similar high accuracy under rate control and different spatial
resolution.

IV. GOP-LEVEL H.264/AVC VIDEO
DECODING COMPLEXITY MODEL

As shown in the previous section, the proposed model can
predict the decoding complexity for each video frame with a
high accuracy, assuming that the number of CUs required for
each DM of each frame, , can be embedded in the bit stream,
and that the decoding complexity for each DM can be measured
for each decoded frame and used to predict the for the next
frame in the same temporal layer. Here, we extend the com-
plexity model from frame-level to GOP-level, and show that
the same model still works well, where now denotes the
number of CUs required for each DM over each GOP, and
denotes the average complexity for a CU over the entire GOP.
Like what we have proposed in frame-based model, will be
updated GOP by GOP using the previous GOP complexity data.
Similarly, we assume can be embedded into the packetized
stream at the GOP header.
To validate our above proposal, we plot the measured cy-

cles consumed by GOP decoding and estimate complexity using
our proposed model for the four test videos at QP 24 on both
Intel PM and ARM platforms in Fig. 13(c) and (d). These fig-
ures show that the GOP level prediction works very well. We
also provide the mean and standard deviation for the GOP-level
complexity prediction error in Table VIII. Note that the GOP-
level prediction improves the accuracy compared to the frame-
level model according to the results listed in Table VIII and pic-
tured in Fig. 13. This is because the average CU complexity over
a GOP varies more slowly than that over a frame, and hence, the
prediction of at the GOP level is more accurate.
Compared with frame-based complexity prediction, GOP

level complexity model only needs to store the metadata at GOP

10We don’t have “News” video at 4CIF resolution.

level instead of frame level, thus reducing the overhead. Also,
for dynamic voltage/frequency scaling, we only need to adjust
the voltage/frequency at the beginning of every GOP instead
of every frame. On the other hand, using GOP level model
for DVFS control introduces larger delay since it requires the
complexity data for the last decoded GOP rather a frame. For
applications which are not delay sensitive, or have sufficient
buffer, GOP-based model is more practical.

V. DVFS-ENABLED ENERGY EFFICIENT VIDEO DECODING

A. Power Model of DVFS-Capable Processor

Currently, popular chips, such as Intel Pentium mobile [4]
and ARM [5], which are widely deployed on mobile devices,
can support DVFS according to the processor’s instantaneous
workload and temperature, etc., or by user defined manner, so
as to save energy [14]. Typically, for a DVFS-capable processor,
there are four kinds of power consumption, i.e.,

(9)

where

(10)

is the dynamic power with as the effective circuit capac-
itance, is the supportable voltage, and is the clock fre-
quency. is the static power due to the leakage sources, such
as subthreshold leakage , the reverse bias junction current

and gate leakage current , etc. It can be written as

(11)

where , , , , , , , and are constants
[15], [16]. The leakage power cannot be neglected when the cir-
cuit feature sizes become smaller (below 90 nanometers) [15].
In particular, for many processors deployed in popular mobile
handhelds, which are fabricated using 70 nm or even smaller
technology node, the static power cannot be ignored. is a
constant, which always exists once the processor is turned on.

is the short circuit power, i.e., where is
the average direct path current. Typically, is related to by

(12)

11Here, we merge the and together and estimate them via the first
item in (13).
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Fig. 13. Illustration of predicted and actual profiled complexity (in terms of cycles) of concatenated sequences (in the order of “News”, “Soccer”, “Harbour”, and
“Ice”) at QP 24 for frame and GOP-level, respectively. (a) , . (b) , . (c) , . (d) ,

.

Fig. 14. DVFS-enabled video decoding, the th frame or GOP decoding and
rendering is allocated in the slot .

where parameters , , and are approximated by fitting the
supportable pairs of and of the underlying platform.
Hence, we can approximate the total power as a convex func-
tion of the voltage,11 noted as

(13)

where , , and , , 2, 3 are constants for
a specified processor.
DVFS is a technique that adjusts the voltage and frequency

of a processor based on the required processing cycles , and
completion deadline of a task (with time interval ). In a tra-
ditional processor without DVFS, the processor always runs at
a maximum voltage and frequency , regardless re-
quired CPU cycles, as illustrated in the upper part of Fig. 14.

With DVFS, the CPU frequency is adjusted according to ,
so that in the ideal case , and ,
as depicted in the bottom part of Fig. 14, thereby reducing the
total power consumption.

B. Proposed DVFS Control Driven by Complexity Prediction

From previous sections, our proposed complexity model can
estimate the video decoding complexity accurately for the next
frame or GOP, based on certain embedded data in the packetized
stream and measured cycles for some DM from previous frame
or GOP. Let us take frame-based video decoding as an example
in the following discussion, where each frame must be decoded
and rendered within the allocated time slot (e.g., for
a 30-Hz video). Note that the discussion can be applied to the
GOP-based setting similarly.
Fig. 15 illustrates our DVFS control scheme for H.264/AVC

video decoding based on frame level complexity prediction. A
similar process applies to GOP level DVFS adjustment as well.
Usually, the raw H.264/AVC bitstream is packed into a certain
container in popular applications, e.g., FLV, AVI, MKV, etc., for
delivery or storage. In our work, we fill the for each frame
into the header field of the container. Then the decomposed raw
video bitstream can be decoded by any available H.264/AVC
decoder. When complexity prediction is done at GOP interval,
the information only needs to be embedded in the container
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Fig. 15. Complexity prediction-based DVFS for H.264/AVC video decoding,
complexity profiler is embedded into video decoder and used to collect cycles
for each module.

header of packetized stream for a whole GOP. The packetized
H.264/AVC stream is parsed to obtain the complexity metadata

and H.264/AVC compliant raw bitstream. Together with the
which is either constant, or from the prediction using com-

plexity data of the previous decoded DM, the parsed can be
used to estimate cycles required by current DM decoding. Sub-
sequently, the estimated total complexity for the current frame is
used to set the proper frequency and voltage for the underlying
processor prior to conducting current frame decoding. Based
on our profiling, we have found that such DVFS control (to-
gether with complexity profiling and prediction) only requires
cycles on the order of tens, which is far less than the cycles
demanded by video decoding. Moreover, the voltage transition
due to DVFS is around 70 [14],12 which is far less than the
real-time frame decoding constraint, for example, about 0.2%
of 33 ms for 30-Hz video. Thus, such transition latency is ac-
ceptable for video decoding.
Typically, there is a set of discrete and supported by a

processor to enable DVFS. For Intel PM processor on ThinkPad
T42, there are 6-level voltages supported as listed in Table IX
[4], while there are 5 achievable voltages and corresponding
maximum clock rates for the ARM processor on TI OMAP35x
EVM platform, as presented in Table X [6]. To validate the
power saving using DVFS, we create a video stream using con-
catenated sequences in the order of “News”, “Harbour”, “Ice”,
and “Soccer” at QP 24, each of which contains 120 frames.13

Our experimental data provide that the maximum error between
predicted and measured complexity is 8.7%; therefore, we scale
the predicted complexity by a factor of 1.1 to avoid underesti-
mation, and use this scaled version to set voltage and frequency
of DVFS. On Intel platform, we use the scaled frame or GOP

12The actual transition latency for our ARM platform is 78 .
13Because of the limited internal memory for data recording supported by our

scope, we created new concatenated videos with 480 frames in total without
using the longer sequences exemplified in previous sections.

TABLE IX
SUPPORTED DYNAMIC VOLTAGE (VOLT) AND FREQUENCY

(MHZ) OF INTEL PM 1.6-GHZ PROCESSOR ON THINKPAD T42 [4]

TABLE X
SUPPORTED DYNAMIC VOLTAGES AND CLOCK RATES
OF ARM PROCESSOR ON TI OMAP35X EVM [6]

complexity to obtain the analytical power consumption. For the
ARM system, in addition to the analytical power saving, we also
conduct real power measurement when doing DVFS enabled
video decoding. Two DVFS schemes are conducted for both ex-
perimental and analytical power saving investigation which are
• Discrete DVFS (D-DVFS): only the discrete sets of
voltage and frequency listed in Tables IX and X are al-
lowed. We choose the frequency (and its corresponding
), which is the smallest one which is equal or larger than

, where is the frame interval.
• Continuous DVFS (C-DVFS): here we assume that the fre-
quency and voltage can be adjusted continuously. The fre-
quency is set to , while the voltage is determined
by (12).

In the following paragraphs, we will present power savings
by using DVFS through both analysis and measurements.

C. Intel PM 1.6 GHz

In this section, the DVFS enabled analytical power saving is
computed for Intel PM processor on our ThinkPad T42 plat-
form in comparison to the traditional CPU operation without
DVFS. This 1.6-GHz Intel PM processor is fabricated using
90-nm technology, and the dynamic power dominates the total
power consumption. According to the discrete voltages and fre-
quencies supported by the processor in Table IX, we have found
that the voltage is linearly related to the frequency , with

, , and , as illustrated in
Fig. 16(a). Thus, the dynamic power (10) can be represented
as a function of , i.e.,

(14)

In Table XI we present the estimated dynamic power saving
for two DVFS cases compared with the “Performance” scheme
without DVFS. For the “Performance” scheme, the CPU runs at
maximum voltage and clock rate regardless the re-
quired CPU cycles, and we use (in
watts) to note the average peak power consumption. Although
we separate the frame and GOP-based video decoding, the “Per-
formance” power consumption is the same for both, since same
voltages are held during the entire video duration.
Compared with “Performance” scheme, the power saving

factors of D-DVFS and C-DVFS are up to 2.94 and 3.33
for frame-based video decoding, and are 3.03 and 3.45 for
GOP-based video decoding, as shown in Table XI.
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Fig. 16. Relation between voltage and frequency for Intel PM and ARM
processors.

TABLE XI
NORMALIZED DYNAMIC POWER CONSUMPTION FOR INTEL PM PROCESSOR
BASED ON ANALYTICAL POWER MODELS RELATIVE TO USING PEAK POWER

D. ARM Cortex A8 600 MHz

In this section, we investigate the total power consumption
required by ARM processor on the OMAP35x board. Unlike
Intel PM processor, the leakage power can not be ignored in the
65-nm fabricated ARM processor. Similar as the Intel PM pro-
cessor, the ARM processor on the TI OMAP35x board only sup-
ports a discrete set of voltage and frequency levels, as shown in
Table X. Each pair of voltage and frequency is associated with
a CPU operating point (OPP) state. We first experiment with
the video decoding on OMAP board using ARM processor for
three cases: one is “Performance” which fixes the voltage and
clock rate at themaximum value, the second one is “onDemand”
which adapts the processor voltage and clock rate at a regular
interval (e.g., 156 ms for our OMAP system) based on the mea-
sured CPU load [17], and the third one is the DVFS using our
proposed complexity prediction method. For the “onDemand”
DVFS control on the OMAP system, we have found that the de-
fault starting voltage and frequency is 1.27 volt and 550 MHz,
which corresponds to OPP 4. If the CPU load is over 80% of
the peak load supported by the chosen OPP state in the previous
interval, the OPP state will be changed to the next higher level
in the current interval. If the CPU load is below 20% of the peak
load, the OPP state will be adjusted to the next lower level. Since
we only use available discrete voltages (clock rates) supported
by ARM processor, the complexity model-based DVFS can be
treated as experimental D-DVFS (eD-DVFS). Along with video
decoding, we measure the voltage and current through ARM
processor14 using Agilent MSO7054A Digital Oscilloscope.
Fig. 18 plots the average power of three experimental cases

in video decoding order, for both frame and GOP-based com-
plexity prediction. Note that the DVFS reduces the processor
power consumption. According to the simulation results, the

14To make our simulation accurate, we disable the DSP core inside OMAP
system, and only conduct the video decoding using ARM processor.
15Here, D-DVFS and C-DVFS are analytical derivations, while eD-DVFS,

eD-DVFS(seg), and onDemand are experimental real measurements.

Fig. 17. Power model for ARM processor, , ,
, , and are obtained via least-square-error

fitting.

TABLE XII
NORMALIZED POWER CONSUMPTION FOR ARM
PROCESSOR RELATIVE TO USING PEAK POWER

Fig. 18. Average power recorded when conducting frame or GOP-based video
coding on OMAP35x EVM platform. (a) Average power recorded for frame
based decoding. (b) Average power recorded for GOP-based decoding.

power saving factors of our proposed complexity prediction-
based DVFS are 1.59 compared with the “Performance”
scheme, and 1.40 in comparison to the default “OnDemand”
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solution, for the frame-based complexity prediction, and are
1.61 and 1.42, respectively, for the GOP-based complexity
prediction.
To derive analytical power savings, we fit the voltages and

clock rates in Table X for ARM processor, and have found that
the voltage and frequency are related by (12) with ,

, and , as depicted in Fig. 16(b). To
evaluate the relation between the power and voltage, we collect
the instant power and its corresponding voltage, plot them as
scatter points in Fig. 17, and find its best fit using the power
model in (13).
Table XII lists the power consumption of analytical D-DVFS

and C-DVFS schemes as well as the experimental “OnDemand”
and “eD-DVFS” cases relative to the power consumed using
“Performance” scheme. Note that our eD-DVFS is very close
to the analytical result for D-DVFS.15 In practice, the processor
voltage/frequency transition requires additional power. How-
ever, this kind of power dissipation is negligible according to the
results of eD-DVFS and analytical D-DVFS in Table XII. Ide-
ally, if the processor supports continuous voltage and frequency,
the frequency is set according to the predicted complexity. Based
on the analytical result obtained with C-DVFS, it is possible to
save the power consumption by half approximately, compared
with the original “Performance” scheme. The fact that the power
savings achievable by experimental measurements (eD-DVFS)
and that by analytical derivation (D-DVFS) are very close also
suggests that on-chip memory access does not consume signif-
icant amount of power. This is because the analytical power
saving is derived without including the on-chip memory access
energy impact, whereas the measured total power consumption
by the CPU includes the power consumption due to computation
cycles and on-chip memory access.
As shown above, the difference using DVFS with frame or

GOP-based complexity prediction is slight. This is due to the
relatively small complexity variation from frame to frame in the
adopted test video. If the decoding complexity changes more
rapidly from frame to frame, the GOP-based DVFS is expected
to provide more power saving. For example, the frame decoding
complexity varies more significantly during the “Soccer” period
within the simulated concatenated video, i.e., from frame #400
to #480 according to our experimental data. Also, the instant
power for the eD-DVFS scheme changes rapidly as presented
in Fig. 18(a). The last row in Table XII, i.e., eD-DVFS(seg),
provides the average power consumption for this video seg-
ment. It is shown that GOP-based method consumes 90% of
the power required by the frame-based method. This result is
encouraging, as GOP-based complexity prediction and DVFS
control not only lead to more power savings, but also require
less computation and bit rate overhead to enable complexity pre-
diction, and involve less frequent adjustment of the processor
frequency and voltage. A downside of the GOP-level scheme
is that it incurs more delay in video decoding (1 GOP instead
of 1 frame, in our case, 1 GOP includes 8 frames). For appli-
cations that can accept longer delay, GOP-based model is more
practical.
The power savings reported so far are for decoding the test

video at QP 24. It is expected that at higher QP (and hence lower
bit rate), more savings are achievable using DVFS, compared to

using the peak power invariably. Specifically, we have coded the
same concatenated sequence at QP 36, and estimated the power
consumption by the two platforms for decoding this sequence
using the same analytical models. The results are also provided
in Tables XI and XII. The power saving factors obtainable with
D-DVFS and C-DVFS increase to 3.23 and 3.7, respectively,
for the Intel processor; and become 1.82 and 2.22 for the ARM
processor.

VI. RELATED WORKS

H.264/AVC video processing complexity have been
studied quite extensively. Just along with the approval of
the H.264/AVC standard [12], the paper in [2] evaluates the
complexity of the software implemented H.264/AVC baseline
profile decoder. The decoding process is decomposed into
several key subfunctions, and each subfunction complexity is
determined by the number of basic computational operations,
such as , , , etc. Therefore, the total decoding
complexity is the sum of the product of the subfunction com-
plexity and its frequency of use. The subfunction frequency
of use is obtained empirically by profiling a large amount of
bitstreams created by different video contents at a wide bit rate
range and different resolutions.
In [18]–[21], authors modeled the complexity dissipated

among motion-compensation (MCP) and entropy decoding in
H.264/AVC decoders, and tried to integrate proposed models
in the encoder to select decoder friendly modes to tradeoff the
rate-distortion performance and decoding complexity. Such
decoder friendly encoding scheme is different from our pro-
posed method and application, where we apply the estimated
decoding complexity (i.e., either frame or GOP level) to do
energy efficient video decoding by adapting the voltage and
frequency of the underlying processor. For entropy decoding
[19], [20], a weighted sum of necessary syntax (e.g., number
of non-zero macroblock, number of regular binary decoding,
number of reference frames, number of motion vectors, etc.) is
used. Similarly, the MCP complexity is modeled as a weighted
sum of motion related parameters, such as the number of motion
vectors, number of horizontal (or vertical) interpolations, and
number of cache missing (introduced by large motion vector
variation between adjacent blocks) [18], [21]. The weighting
coefficients, both for entropy decoding and MCP complexity
models, which can be seen as the “unit” complexity for each
corresponding parameter, are obtained by decoding a large
set of pre-encoded bitstreams and set as fixed constants in the
encoder for decoder-friendly mode selection. Although these
weighting coefficients are fixed for a particular underlying pro-
cessor (such as Intel Pentium CPU used by authors), because
of the large diversity of the processors deployed in popular
mobile handhelds, one needs to train the coefficients for all
of them and use the appropriate set depending on the decoder
processor. Besides, many parameters are required in these
proposed models, for instance, 4 parameters for MCP and 9
parameters for entropy decoding. The same decoder-friendly
idea is extended to the deblocking part of H.264/AVC [22],
where its complexity is modeled as a function of boundary
strength. In H.264/AVC, different encoding modes lead to
different boundary strength, e.g., strongest boundary strength
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for intra-coded blocks. The deblocking complexity factor
associated with each mode is included into an optimized mode
decision process, which yields similar rate-distortion perfor-
mance as conventional rate-distortion mode decision does, but
with a reduced decoding complexity.
Targeting for energy constrained mobile encoding, He [1]

extends the traditional rate-distortion (R-D) to power-rate-dis-
tortion (P-R-D) analysis framework by introducing the power
dimension. The power consumption is translated from com-
plexity model via DVFS technology [16]. In order to derive
the complexity model, the overall encoder is decomposed into
three major parts, motion estimation, pre-encoding [including
discrete cosine transform (DCT), quantization, dequantiza-
tion, IDCT, reconstruction], and entropy encoding (i.e., bits
splicing). The complexities of these components are modeled
as functions of the number of sum of absolute difference
(SAD) computations , number of non-zero macroblock

, and number of bits , respectively, for a given frame.
Together with the frame rate , the complexity model is
expressed as the function of above abstracted factors, i.e.,

. Similarly, by analyzing the impact
of the , , and on the rate and distortion trade-off, a
distortion model, , is also presented.
Thus, P-R-D optimized video encoding is conducted based on
these power and distortion models. This framework is applied
to the encoder to validate the model accuracy. To
make the P-R-D model work with H.264/AVC, the complexity
caused by three new coding tools of the H.264/AVC, mainly
intra-prediction, fractional pel interpolation, and in-loop de-
blocking, need to be analyzed and included as well.
The work in [23] proposes a complexity model for a wavelet

decoder which is based on [24]. Specifically, [23] models the
complexity for each frame using the percentage of non-zero
coefficients , the percentage of non-zero motion vectors

, the percentage of nonzero fractional-pixel positions ,
sum ofmagnitudes of non-zero coefficients , and sum
of the run-length of zero coefficients . Note that ,

, , , and are obtained at the encoder,
and embedded into the bitstream as metadata. Our proposed
work is quite different from [23] and [24]. They are developed
for different video coding strategy (DCT-based H.264 versus
wavelet). The wavelet coder study does not involve spatial intra
prediction and in-loop deblocking. In [23] and [24], and
are used to model the entropy decoding complexity. However,
we predict the entropy decoding complexity using , which is
the total number of bits for a certain frame (without separating
bits for motion vector and coefficients). For inverse transform,
we use the number of non-zero macroblocks instead of the
number of non-zero coefficients (i.e., . Reference [23]
decomposes the motion-compensation (MCP) module into mo-
tion-compensation and fractional-pixel interpolation (IP), while
our method unifies the MCP parts (i.e., ) and uses
the number of half-pel interpolation to model its complexity. As
shown in [24], metadata overhead is more than 5% compared
with the video stream payload for streaming, while our proposed
method requires 1.5% overhead to embed the metadata for
96 kbps video stream (the percentage will be even less for
video with bit rate larger than 96 kbps).

In terms of complexity, [23] employs a statistical framework
(i.e., Gaussian mixture model and expectation maximization al-
gorithm) to predict the decoding complexity from the afore-
mentioned features. Their baseline method requires substantial
training from precoded video to obtain the Gaussian mixture
model parameters. The number of parameters depends on the
actual features used to predict the complexity of each module
and the number of mixtures used. Their two enhanced methods
further require online update of these parameters based on the
actual decoding complexity of the previous frame. On the other
hand, our proposed method is much simpler. Our model re-
quires six parameters, which are the basic complexity units,

, , , , , and , summarized in
Table V. These parameters can be initially set to the complexity
profiled from decoding the first few frames. We have found that
3 parameters in our model (i.e., , , ) do
not change with video content and only depend on the decoding
software/platform, and hence can be fixed to those initial values.
Remaining 3 parameters (i.e., , , ) do change with
video content, but can be accurately estimated using a first order
linear predictor (i.e., use the profiled complexity for those oper-
ations from the previous frame). Hence, no training is necessary
with our method.
The complexity model in [23] and [24] is utilized to guide

dynamic voltage scaling-based video decoding [25]. The
post-decoding buffer is introduced to buffer decoded pictures
within a certain time window, e.g., a GOP, and display them
only at the scheduled display deadline; thus, pictures in the
same GOP can be bunched up to perform DVFS instead of
allocating individual CPU cycles to each picture. The optimal
allocation is determined by using estimated GOP decoding
complexity and playback time constraint via dynamic pro-
gramming, which saves power by about half, in comparison
to the method which allocates CPU cycles to each frame. The
works in [23]–[25] consider complexity modeling and DVFS
application for a wavelet decoder, which is the major difference
from our proposed method. The applicability of this model to
the H.264/AVC decoder should be re-evaluated. At least, com-
plexity models for the newly introduced H.264/AVC features,
such as pixel-domain intra prediction and in-loop deblocking,
should be developed and included.

VII. CONCLUSION

In this paper, we focus on the computational complexity mod-
eling for H.264/AVC video decoding. Our model is derived by
decomposing the overall frame decoding process into several
decoding modules (DMs), identifying a complexity unit (CU)
for each DM, and modeling the total complexity of each DM
by the product of the average cycles required by the CU over a
frame or GOP, i.e., , and the number of CUs involved, i.e.,

. The CU for each DM is chosen so that is either fairly
constant or can be predicted from the CU complexity of the past
frame or GOP. We assume can be embedded into frame
or GOP header, to enable frame or GOP level complexity pre-
diction. To validate our proposed complexity model, we run a
software video decoder on both Intel PM 1.6-GHz and ARM
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600-MHz platforms, to decode H.264/AVC bitstreams, gener-
ated from different video contents, coded using either fixed QP
(over a large range of QPs) or fixed bit rate (over a large range
of rates) and at different spatial resolutions (QCIF, CIF, 4CIF).
The predicted complexity using the proposed method matches
with the measured complexity very closely (with a mean nor-
malized error less than 3%). Our decoder operates at the MB
level, which represents a typical implementation for embedded
systems. Hence, the complexity model derived for our decoder
is generally applicable.
Furthermore, we apply our complexity model for DVFS-en-

abled energy efficient video decoding. The frequency and
voltage of the underlying processor are adapted every frame
according to the predicted frame complexity. For Intel PM
processor, where the dynamic power dominates, our anal-
ysis shows that a power saving factor between 3.03–3.23 is
possible compared to the power required without enabling
DVFS, with more savings at lower bit rate. For the ARM
processor running on TI OMAP35x EVM board, where the
static power cannot be ignored, power saving factors between
1.61 and 1.82 are achievable. These savings predicted by our
analysis are confirmed through actual power measurements.
We further measured the power consumption by the OMAP
when running its default DVFS control method and found
that using our complexity model driven DVFS can save the
power by a factor of 1.42 compared to this default method.
Additional savings are achievable when the underlying video
has rapidly varying contents, and when longer playback delay
is acceptable. These savings are obtained with the current
processors, which support only a few discrete levels of
voltage and frequency. More significant savings are expected
when the next generation processors can adapt the voltage
and frequency at finer granularity. In the ideal case when the
voltage and frequency vary continuously, and the complexity
can be predicted accurately, power saving factors in the range
of 3.45–3.7 and 1.96–2.22 are possible with the Intel and
ARM processors, respectively.
For the future work, we will investigate the complexity im-

pact of other coding tools, such as CABAC, 8 8 transform,
resilient tools, etc., and extend our complexity model to scal-
able video with full spatial, temporal, and quality scalability,
and model the complexity introduced by the memory access
during video decoding. We will also consider encoding com-
plexity modeling. Finally, we will incorporate the complexity
model with other models, such as perceptual quality model and
rate model, to enable joint decoder adaptation or encoder op-
timization under both rate and power constraints, while maxi-
mizing the perceptual quality.
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