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This paper presents a novel power-aware motion estimation architecture for bat-
tery-powered multimedia devices. As the battery status changes, the proposed architec-
ture adaptively performs graceful tradeoffs between power consumption and compres-
sion quality. The tradeoffs are considered to be graceful in that the proposed architecture
is scalable with changing conditions and the compression quality is slightly degraded as
the available energy is depleted. The key to such tradeoffs lies in a content-based sub-
sample agorithm, first proposed in this paper. As the available energy decreases, the al-
gorithm raises the subsample rate for maximizing the battery lifetime. Differently from
the existing subsample algorithms, the content-based algorithm first extracts edge pixels
from amacro-block and then subsamples the remaining low-frequency part. By doing so,
we can alleviate the aliasing problem and, thus, limit the quality degradation as the sub-
sample rate increases. Given a power consumption mode, the proposed architecture first
performs edge extraction to generate a turn-off mask and then uses the turn-off mask to
reduce the switch activities of processing elements (PEs) in a semi-systolic array. The
reduction of switch activities results in significant power consumption savings. To
achieve a high degree of scalability and qualified power-awareness, we use an adaptive
control mechanism to set the threshold value for edge determination and make the reduc-
tion of switch activities rather stationary. As shown by experimental results, the archi-
tecture can dynamically operate in different power consumption modes with little quality
degradation according to the remaining capacity of the battery pack while the power
overhead of edge extraction is kept under 0.8%

Keywords: motion estimation, image processing, VLSI architecture, video compression,
power-aware system

1. INTRODUCTION

Motion estimation (ME) has been notably recognized as the most critical part of
many video compression applications, such as MPEG standards and H.26x [1], since it
tends to dominate the computational and hence power requirements. With increasing
demand for battery-powered multimedia devices, an ME architecture that can be flexible
in both power consumption and compression quality is highly required. This requirement
is driven by the user-centric perspective [2]. Basicaly, users have two views on using
portable devices. Sometimes, users want extremely high video quality at the cost of re-
duced battery lifetime. At other times, users want acceptable quality with extended bat-
tery lifetime. This paper, therefore, presents a novel power-aware ME architecture that
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uses a content-based subsample algorithm, which can adaptively perform tradeoffs be-
tween power consumption and compression quality as the battery status changes. The
proposed architecture is driven by a content-based subsample algorithm that allows the
architecture to work in different power consumption modes with acceptable quality deg-
radation. Since the control mechanism and data sequences in different power consump-
tion modes are the same in the architecture, the power-aware algorithm can switch power
consumption modes very smoothly on the fly. The block diagram shown in Fig. 1 illus-
trates atypical application of the proposed power-aware ME architecture. The host proc-
essor monitors the remaining capacity of the battery pack and switches power consump-
tion modes. According to the power mode, the power-aware architecture sets the sub-
sample rate and calculates the motion vector (MV) for motion compensation. Note that
most portable multimedia devices, in practice, have a battery monitor unit and power
management subroutines. The host processor and battery monitor unit should not be con-
sidered as the overhead of using the power-aware architecture.
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Fig. 1. The system block diagram of a portable, battery-powered multimedia device.

Many published papers have presented efficient algorithms for VLS| implementa-
tion of motion estimation, based on either high performance or low power design. How-
ever, most of them cannot dynamically adapt the compression quality to different power
consumption modes. Among these proposed algorithms, the Full-Search Block-Matching
(FSBM) algorithm with the Sum of Absolute Difference (SAD) criterion is the most
popular approach to motion estimation because of its good quality. It is particularly at-
tractive when extremely high quality is required. Many types of architectures have been
proposed for the implementation of FSBM algorithms [3-6]. However, they require a
huge number of comparison/difference operations and result in a large computation load
and high power consumption. To reduce the computational complexity of FSBM, re-
searchers have proposed various fast algorithms. They either reduce the number of search
steps [7-12] or simplify the calculation of the error criterion [13-16]. By combining
step-reduction and criterion-simplification, some proposed two-phase algorithms balance



POWER-AWARE MOTION ESTIMATION ARCHITECTURE 801

the performance between complexity and quality [17-19]. They first use FSBM with a
simplified matching criterion to generate candidate vectors and then select the best mo-
tion vector from among these candidates using the SAD criterion. These fast-search al-
gorithms successfully improved the block matching speed while limiting the quality
degradation, thus achieving low power implementation. However, a low power imple-
mentation is not necessarily a power-aware system in that a power-aware system should
adaptively modify its behavior according to the change of the power/energy status and
achieve a balance between quality and battery life [20]. The requirement of ME ago-
rithms to be suitable for power-aware designs is high degree of scalability in perform-
ance tradeoffs. Unfortunately, the fast algorithms mentioned above do not meet this re-
quirement.

The authorsin [21, 22] presented subsample algorithms that significantly reduce the
computation cost with low quality degradation. The reduction of the computation cost
implies a savings in power consumption. Since the power consumption can be reduced
by simply increasing the subsample rate, the subsample algorithms have a high degree of
scalability and are very suitable for power-aware ME architectures. However, applying
subsample algorithms for power-aware architectures may suffer from aliasing problem in
the high frequency band. The aliasing problem degrades the compression quality rapidly
as the subsampl e rate increases. To alleviate this problem, we extend traditional subsam-
ple algorithms to obtain a content-based algorithm, called the content-based subsample
agorithm (CSA). In this algorithm, we first use edge extraction techniques to separate
the high-frequency band from a macro-block and then subsample the low-frequency band
only. By combining the edge pixels and subsample pixels, the agorithm generates a
turn-on mask for the architecture to limit the switch activities of processing elements
(PESs) in a semi-systolic array. By doing so, we can achieve significant power consump-
tion savings and limit the quality degradation as the subsample rate increases. Because
the number of high-frequency pixels varies with different video clips, we use an adaptive
control mechanism to set a threshold value for edge determination and make the number
of masked pixels stationary for a given power mode.

The CSA can be used in most existing ME architectures by turning off PESs accord-
ing to the subsample rate. In this paper, we present a semi-systolic architecture with
gated PEs. The proposed architecture shows that the CSA agorithm can dynamically
ater the subsample rate as the power consumption mode changes. As shown by experi-
mental results, the proposed architecture can work in different power consumption modes
with acceptable and smooth quality degradation while keeping the power overhead of
edge extraction under 0.8%.

The rest of the paper is organized as follows. In section 2, we introduce the back-
ground of the power-aware paradigm. Section 3 presents subsample algorithms in detail.
Section 4 describes the proposed power-aware architecture and gives experimental re-
sults. Finally, in section 5, we draw conclusions of thiswork.

2. BACKGROUND
2.1 Battery Properties

One may simply consider a battery as a capacitor in which the charge capacity is
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linearly proportional to the output voltage. However, in practice, the behavior of abattery
is less than ideal due to the variation in voltage and capacity. Two other important prop-
erties of batteries are the rate capacity effect and recovery effect [23]. The first effect
means that the capacity of a battery is dependent on the discharging rate, and the second
one means that a battery with an intermittent load may have a larger capacity than one
with a continuous load. Fig. 2 (a) illustrates the rate capacity effect by plotting the cell
voltage of two different discharging loads as time advances. As shown by the curves,
when the load is halved the battery life can be more than two times longer. Fig. 2 (b)
shows the recovery effect, in where the reduction of the load causes araise of the voltage.
Therefore, one can extend the battery lifetime by gradually stepping down the power
dissipation. The Intel® SpeedStep™ technology, for instance, which is widely used in
mobile CPUs, adopts the same strategy to extend the battery lifetime [24]. This technol-
ogy changes the power consumption mode by scaling down the supplied voltage and
operating frequency, hence degrading the performance in order to increase the battery
lifetime.
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(a) Therate capacity effect [25]. (b) The recovery effect.

Fig. 2. Non-ideal battery properties.

From these two properties of batteries, we can learn two things. First, we can reduce
the load to achieve a longer battery lifetime because halving the current can more than
double the battery lifetime. Second, optima performance can be achieved when the bat-
tery is fully charged because the battery capacity can be recovered later by reducing the
load. These properties provide strong motivation for developing power-aware designs
and reason out the requirement of power-aware architecture — high degree of scalability
in energy-quality tradeoffs.

2.2 Power M ode

One can consider the major power consumption of a CMOS gate i as in Eq. (1),
where C; is the output capacitance, f; is the operation frequency, r;(0 <> 1) is the switch
activity of gatei, aand xare constants:

P

gate =a-G - f 'VDZD:K'Q'ri(OHl)- )

For an execution unit EU; in a VLSI system, the power consumption can be com-
puted using Eq. (2), where Ny is the gate count of EU;:

Pey, = Y k-Clrl (0D 2
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After considering the activity of execution units, the total power consumption can
be expressed as in Eq. (3) and approximated as in Eq. (5) by assuming that the switch
activities are uniform within an execution unit; that is, (0> 1) =r*(0« 1), vVr*(0
<> 1). Since the average output capacitances of each execution unit (C;‘Vg) are nearly the
same as the average output capacitances of the total system (C,,), the total power con-
sumption can be approximated to Eq. (8). Therefore, we can obtain an approximate
power estimation model as shown in Eq. (9), where &, is defined as the gate power coef-
ficient. In this paper, we use the gate power coefficient as the unit for estimating power
dissipation:

Roa = 2, P T 2 P, (©)
VinactiveEU ; VactiveEU
Nga(e‘j i Ngate.k
= > x>y co+ > x) croed (4)
VinactiveEU;  i=1 VactiveEU,  i=1
Ngate‘k
=x Y 10D ) cf ()
VactiveEU,, i=1
=k Y r‘0¢e 1)xﬁx Ngate k (6)
VactiveEU '
=k Y, (0 DXCEyXNygex @)
VactiveEU,
= (K'Cavg) Z rk(OHl)XNgate,k (8)
VactiveEU,,
=g 2. (0 DX Ngey- (9)
VactiveEU,,

3. SUBSAMPLE ALGORITHMS
3.1 Generic Subsample Algorithm

Many published papers have presented efficient algorithms for VLS| implementa-
tion of motion estimation [1, 3, 5, 6, 15, 19]. The FSBM agorithm with the SAD crite-
rion is the most popular approach to motion estimation because of its good quality and
regular data path. The agorithm uses Egs. (10) and (11) to compare each current
macro-block (CMB) with al the reference macro-blocks (RMB) in the search area to
determine the best match and the motion vector is found in Eq. (11):

N-

N-1IN-1
SAD(u, v)=z [S(+u, j+V)=R(@, D, —p<u,v<p-1 (10)
i=0 j=0

=
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The mation vector isfound using Eq. (11):

MV = (u, v) |min, peuvep-1 SAD(U,V) 1 (11)

where the macro-block size is N-by-N and R(i, j) is the luminance value at (i, j) of the
current macro-block (CMB). (i + u, j + V) isthe luminance value & (i, j) of the reference
macro-block (RMB), which offsets (u, v) from the CMB in the search area 2p-by-2p.

Much research has addressed subsample techniques for motion estimation in order
to reduce the computation load of FSBM [21, 22]. Liu and Zaccarin, pioneers in devel-
oping subsample agorithms, applied 4-to-1 subsampling to FSBM and significantly re-
duced the computational load. As shown by simulation results, the 4-to-1 subsample al-
gorithm reduces the computational load significantly while keeping the quality similar to
that with exhaustive search [21]. Here, we will present a generic subsample algorithm in
which the subsample rate ranges from 4-to-1 to 1-to-1. The generic subsample algorithm
uses Eq. (12) as a matching criterion, called the subsample sum of absolute difference
(SSAD), where SMg,,, is the subsample mask for the subsample rate 8-to-m as shown in
Eq. (13):

N-1N-1

SSADg (U, V) = D > | Mgy (i, )-[S(i +u, j+V) = RG, )]
70170 for—p<u v<p-1, (12)
Mani, i) = BMgn(i mod 4, j mod 4). (13)

The subsample mask SMig., is generated from abasic mask as shown in Eq. (14):

uim-2) u(m-5) u(m-2) u(m-6)
uim-3) u(m-7) u(m-4) u(m-38)
uim-2) u(m-5) u(m-2) u(m-6)|’
uim-3) u(m-7) u(m-4) u(m-38)

BMg, = (14)

where u(n), isastep function; that is,

1 forn=0
u(n) = .
0, forn<O

For example, consider the subsample rate 8-t0-6. The subsample mask SMg¢ can be
expressed in Eq. (15) and isillustrated in Fig. 3:

1
]

1111 1111
1010 1010
1111 1111
1010 1010
Mes=17111 1111/ (15)
1010 1010
1111 1111
1010 1010
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Fig. 3. The subsample mask of the subsample rate 8-to-6.

Given a subsample mask, the computational cost of the SSAD calculation can be
lower than that of the SAD calculation. Since areduction of computational cost implies
reduced power consumption, the generic subsample algorithm allows the system power
to scale with the changing subsample rate. The higher the subsample rate, the greater
the number of inactive execution units (EUs). Accordingly, the power consumption of
the system is proportional to the inverse of the subsample rate. Due to its flexibility in
achieving an energy-quality tradeoff, the generic subsample algorithm is suitable for
implementing power-aware architectures. However, the algorithm suffers from the
aliasing problem in the high frequency band. The aliasing problem will degrade the
MV quality and result in considerable quality degradation when the high-frequency
band is messed up.

3.2 Content-Based Subsample Algorithm

As mentioned above, the generic subsample algorithm suffers from the aliasing
problem due to the high subsample rate, leading to considerable quality degradation be-
cause the high frequency band is messed up. To aleviate this problem, we propose using
the content-based subsample agorithm (CSA), which only subsamples the low-fre-
gquency band. The CSA procedure is shown in Fig. 4. We first use edge extraction to
separate high-frequency pixels (or edge pixels) from a macro-block and then subsample
the remaining pixels (or low-frequency pixels). The determination of edge pixels starts
with gradient filtering. Three popular gradient filters [26] were also used here to execute
the content-based algorithm; they are the high-pass gradient filter, the Sobel gradient
filter, and the morphological gradient filter. Egs. (16) to (18) show the calculations of the
three gradient filters:

High-Pass Gradient Filter:

Grpi(i, J) = IMF(HPF s R)(I, )1, (16)

-1-1-1
where HPF 4 =|-1 8 -1|.
-1-1-1
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I frame: t
Input current and reference frames, W x H;
for (y=0; y <WIN; y++) {
for (x=0; x <HIN; x++) {
Perform gradient filtering;
Calculate the edge threshold:
threshold = my'(x, y) - max{G(i, j)} + (1 - my'(x, y)) - min{ G(i, j)}
Deter mine edge pixels and edge mask;
Gener ate content-based subsample mask (GSM);
edge_cnt = total edges of CSV;
I/ update threshold parameter for the next frame
m" (X, y) = my'(x, y) + K, - (csm_cnt — trg_cnt);
if (Mg, y) < 0) {my"(x, y) = O};
if (my™0x, y) > 1) {m"(x, y) = 1};
[/ find MV
SSADpin(X, ¥) = o;
for (u=—p; u<p; ut+) {
for (v=—p;v<p; v+) {
N-1N-1
SSAD(U, V)= D" > ICM (i, j)-(S(i+u, j+V) =R, ) |
i=0 j=0
if SSADin(X, y) > SJSAD(u, V)
{ﬂDmin(Xv y) = $AD(uv V)x MV(X, y) = (U, V)x}
} // for loop index v
} // for loop index u
} // for loop index x
} // for loop index y

Fig. 4. The content-based subsample algorithm.

Sobel Gradient Filter:

Geova (I, J) = IMF(SXies R)(I, J)I + IMF(SYrass R)(, )1,

-1 -2 -1 101
where X, g =| 0 0 0 |andSYq=|-2 0 2|.
1 2 1 101

Morphological Gradient Filter:

Gmorphological = (R ® B) - (R S B)!

17

(18)

000

where B={0 0 0|, and the operations “®” and “©" denote morphological dilation
000

and erosion.

In Egs. (16) and (18), the MF(-) function is the mask filter operation as shown in

Eq. (19):
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1

1
MF(M,R)(i, )= >, > M(p+1 g+1)-R(i+p, j+0), (19)

p=—1g=-1

where M is a 3-by-3 mask and R(i, j) is the luminance value at (i, j).

After obtaining the gradients, G, instead of using a constant threshold, we use a
floating threshold to determine the edge pixels of the CMB. The floating threshold makes
edge extraction more robust when video content varies. Eq. (21) shows the calculation of
the floating threshol d:

threshold = my'(x, y) - max{G(i, )} + (L - my'(x, y)) - min{ G(i, j)}, for 0 < m,' < 1, (20)

where m'(x, y) is the threshold parameter of macro-block (x, y) in the t-th frame.

Following the threshold setting step, the algorithm uses the threshold value to pick
the edge pixels and produce the edge mask as shown in Eq. (21):

1, for G(i, j) =threshold

. (21)
0, otherwise

EdgeMask(i, j) ={

Finally, the contend-based subsample mask (CSM) is generated by merging the edge
mask and the subsample mask, as shown in Eq. (22). In Eq. (22), the operator v means
logic a OR operation. According to the calculation of the CSM, the subsample rate in the
CSA (CSR), denoted as R, is N*to-csm_cnt, where csm_cnt is the number of 1'sin CSM
and N? is the macro-block size. Fig. 5 shows an example of a CSM where the subsample
rate is 64-t0-27:

CSM(i, ) = SMeni, j) v EdgeMask(, j), 0<i,j <N - 1. 22)

High Frequency Band Low Frequency Band
(edge-pixels) (background-pixels)

N
®
CHONON®

Content-Based Subsample Mask (CSM)
Fig. 5. The components of a content-based subsample mask (CSM).
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Once the CSM is generated, the algorithm can then determine the motion vection
(MV) with the content subsample sum of the absolute difference (CSSAD) criterion. The
CSSAD criterion is similar to SSAD mentioned in section 3.1 and shown in Eq. (23):

N-1N-1
CSSADg (U, V)= Y > |CMgpy (i, §)-[S(i+u, j+v) =R, )1,

=0 j=0 for—p<uv<p-1. (23)

The results of simulation show that the CSA can significantly reduce the computa-
tion complexity with little quality degradation. However, there will exist a non-stationary
problem with CSA when a power-aware architecture is implemented if the designer uses
constant threshold parameters m,' and statically sets the floating threshold for a given
power mode. Since different video clips with the same threshold parameters will have
different subsample rates, setting the threshold value without considering the content
variation of the video clip will make the subsample rate non-stationary; that is, power
consumption will not converge within a narrow range for a given power mode. The di-
vergence of power consumption can result in a poor power-awareness. To solve this
non-stationary problem, we use an adaptive control mechanism to adaptively adjust the
threshold parameters so that the subsample rate can be stationary. The adaptive control
mechanism used here is a run-time process that adjusts the threshold parameters fittingly
according to the difference between the current subsample rate and the desired subsample
rate (or target subsample rate).

; (csm_cnt)

CMB(t) Gradient,
Filter Regular
Subsample
A Gradient(t) P CsM
Desired 4
Subsample '/'
Pixel Count Controller| {m! Edge T
X) Determination, B
1
I:' Sensor W
! .
1
- ’: Identification
target subsample pixel : subsample pixel count
1
[}

count (trg_cnt)

Fig. 6. A block diagram of the edge-extraction unit with an adaptive control mechanism.

Fig. 6 shows a block diagram of the adaptive control mechanism. Given the battery
status, the host processor sets the power mode and the target subsample rate as well. The
target subsample rate is N*to-trg_cnt, where trg_cnt is the target number of 1's in the
CSM. Then, the controller recursively updates the threshold parameter, m"(x, y), based
on the current m,(x, y) and the difference of csm_cnt and trg_cnt, as shown in Eq. (24):

m " (x, y) = my'(x, y) + K, - (csm_cnt — trg_cnt);
if (My™(x, y) < 0) {m""*(x, y) = O}; (24)
if (my™(x, ) > 1) {m"(x, y) = 13;
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where my""(x, y) is the threshold parameter of macro-block (x, y) in the (t + 1)-th frame

and K, is the control parameter. The control parameter K, will affect the settling time and
steady-state error of the subsample rate.

3.3 Simulation Results

Figs. 7 and 8 show the simulation results for four 352-by-288 MPEG clips with the
parameters N = 16 and p = 32. The control parameter K, was set as 0.3. The target sub-
sample rates were set to (4:1), (8:3), (2:1), (8:5), (4:3), (8:7), and (1:1); that is, the target
subsample pixel counts were 64, 96, 128, 160, 192, 224, and 256, respectively. Note that
the target subsample pixel counts were proportional to the power consumption. Thus, the
figures can also be read as charts of power versus PSNR. The dashed lines indicate the
results obtained using the generic subsample algorithm, and the solid lines indicate the
results obtained using the content-based subsample agorithm with the three gradient
filters. As shown by the results, the quality degradation due to the content-based algo-
rithm was less than that due to the generic subsample algorithm, and the type of gradient
filter did not significantly affect the performance of the proposed algorithm. In addition,
the adaptive control mechanism kept the subsample rate quite stationary. Tables 1 to 3
show the CSR errors with four 40-frame clips. From the results shown in tables, the
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Fig. 7. The quality degradation of the weather clip. Fig. 8. The quality degradation of the children clip.

Table 1. The CSR error of the content-based subsample algorithm
(wherethe control parameter K, = 0.3).

Video Clip Wesather News Table-Tennis Children

Target CSR Average| CSR | Average| CSR | Average| CSR | Average| CSR
9 CSR Error CSR Error CSR Error CSR Error

96 95.416 | 0.61% | 95.366 | 0.66% | 95.398 | 0.63% | 95490 | 0.53%

128 127521 | 0.37% | 127.720 | 0.22% | 127.467 | 0.42% | 127.754 | 0.19%

160 158.678 | 0.83% | 159.795 | 0.13% | 159.533 | 0.29% | 159.430 | 0.36%

192 188.037 | 2.06% | 191.313 | 0.36% | 191.429 | 0.30% | 189.632 | 1.23%

224 211.274 | 5.68% | 221.224 | 1.24% | 222.893 | 0.49% | 216.001 | 3.57%
The edge-extraction unit uses the high-pass gradient filter.
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Table2. The CSR error of the content-based subsample algorithm
(wherethe control parameter K, = 0.3).

Video Clip Weather News Table-Tennis Children
Target CSR Average| CSR | Average| CSR | Average| CSR | Average| CSR
9 CSR Error CSR Error CSR Error CSR Error

96 94985 | 1.06% | 94.728 | 1.33% | 95361 | 0.67% | 95.114 | 0.92%

128 127.264 | 0.58% | 127.688 | 0.24% | 127.445| 0.43% | 127.304 | 0.54%

160 157.104 | 1.81% | 159.766 | 0.15% | 159.415 | 0.37% | 159.702 | 0.381%

192 184.295 | 4.01% | 191.183 | 0.43% | 191.249 | 0.39% | 188.451 | 1.85%

224 207.612 | 7.32% | 220.949 | 1.36% | 222.685| 0.59% | 215536 | 3.78%
The edge-extraction unit uses the Sobel gradient filter.

Table 3. The CSR error of the content-based subsample algorithm
(wherethe control parameter K, = 0.3).

Video Clip Weather News Table-Tennis Children
Target CSR Average| CSR | Average| CSR | Average| CSR | Average| CSR
9 CSR Error CSR Error CSR Error CSR Error

96 97.072 | 1.12% | 95547 | 0.47% | 96.040 | 0.04% | 95.959 | 0.04%

128 127.626 | 0.29% | 127.718 | 0.22% | 127.120 | 0.69% | 127.267 | 0.57%

160 157401 | 1.62% | 159.659 | 0.21% | 158.986 | 0.63% | 158.885 | 0.70%

192 185.013 | 3.64% | 191.477 | 0.27% | 190.765 | 0.64% | 189.279 | 1.42%

224 209.300 | 6.56% | 222.434 | 0.70% | 222.405| 0.71% | 218.118 | 2.63%
The edge-extraction unit uses the morphological gradient filter.

average CSR error was as low as 1.12%, and the CSR error variance was as low as
0.00024. Because the subsample rate could be kept nearly stationary with given target
subsample rate and power mode, we conclude that the power-awareness of the proposed
algorithm is very good, and that the CSA can be applied in a power-aware architecture.
The results also show that the selection of K, was proper for controlling the threshold
parameters. The following section will further address on the selection of the control pa-
rameter.

3.4 Selection of the Control Parameter

As mentioned in sections 3.3 and 3.4, we use an adaptive control mechanism to ob-
tain a stationary subsample rate while keeping the quality acceptable. However, if the
control parameter is not properly selected, the settling time will be too long to achieve
real-time switching, and the CSR error will be so large as to make the setting of the
power consumption mode inaccurate and the power-awareness worse. The control pa-
rameter, Ko, in Fig. 6 is the major factor affecting the settling time and the CSR error.
After four 30-frame video clips were simulated with 1:1 of the initial subsample rate
and 8:5 of the target subsample rate, the effects of the K, selections were as shown in
Figs. 9 and 10. Obviously, the higher the value of Kp, the shorter the settling time and
the worse the stability of the CSR. As shown by the results, the suitable range of K,
was from 0.1 to 0.5.
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4. THE POWER-AWARE ARCHITECTURE

4.1 System Architecture

According to the content-based subsample algorithm, we present a semi-systolic
architecture in Fig. 11, which is based on existing architectures, such asthat in [5]. The
architecture contains an edge-extraction unit (EXU), an array of processing elements
(PEs), a parallel adder tree (PAT), a shift register array (SRA), and a motion-vector se-
lector (MVS). Given the power consumption mode, the EXU extracts high-frequency (or
edge) pixels from the current macro-block (CMB) and generates 0-1 content-based sub-
sample masks (CSM) for the PE array to disable or enable processing elements (PES).
The structure of the PE array, as shown in Fig. 12, is used to accumulate absolute pixel
differences column by column while the parallel adder tree sums up all the resultsto gen-

erate the value of the CSSAD. The MV'S then performs a compare-and-select operation
to select the best motion vector.

Parallel Adder
Tree
(PAT)

RMB TPSUNC‘ TPSJ‘TPSS\

_

, Motion-Vector |
Selector (MVS)
MV

CMB T Shift Register
— PEs array Array
N < (SRA)
| csm
Edge-Extraction
— Unit - Power mode
(EXU)

Fig. 11. The system block diagram.
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CSM To Paralle Adder Tree

Fig. 12. The architecture of the PE array and shift register array.

Based on the semi-systolic architecture with the content-based subsample agorithm,
the architecture dynamically disables some processing elements to reduce the power con-
sumption since we assume the major power consumption is mainly determined by the
switch activity of the system [15]. After edge extraction is performed first, athreshold is
set as the criterion for determining whether or not to enable/disable processing elements,
thus dynamically changing the switch activities of the system to reduce the power con-
sumption. Fig. 13 shows the PE structure and indicates how the CSM disables/enables
processing elements. The CSM disables the PE by using the block element (BE), imple-
mented by means of AND gates. The BEs can nullify the input signals of data path,
which consists of the absolute difference unit (Ja — b|) and the Adder unit. When a PE is
disabled during a MV searching iteration, the circuits in the PE remain still until the next
iteration starts; thus, the consumption of transient power can be reduced.

to PE(i+1,j) TZAD(k,j)

enable

CSM 7Lcontrol —-
CMEB i rog | —

|

o]
RMB —~i>reg

8

from PE(i,j+1) \

from PEGi-1j) 5" AD(. j) from PE(i,j-1)
k=1

Fig. 13. The structure of a PE.

The edge-extraction unit contains two blocks: a gradient filter and a CSM generator.
The gradient filter isimplemented based on one of Egs. (16) to (18). The proposed archi-
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tecture only requires that a single gradient filter be embedded. However, we will show all
of their implementations for the purpose of estimating the overheads and making a com-
parison. Figs. 14 to 16 illustrate the implementations of high-pass, Sobel, and morpho-
logical gradient filters respectively. Multiplexers are used to prevent boundary errors
from occurring with border pixels of the CMB. The black dot in each multiplexer indicates
the switching path used when processing a border pixel. Fig. 17 shows the structure of
the CSM generator. The CSM generator first determines the threshold according to the
gradient values and the power mode, and then generates the CSM by OR-merging the
regular subsample pattern and the edge pattern, as shown in Egs. (21) and (22).

right boundary

left boundary ‘ ,,,,,,,, —
bottom boundary l 3

A oDl D}
CMB -l_/ +

1) -4-+—D e
N pixels Gradient
delay line |+ 0 »D} x8 \, ~abs| >
y + +

» delay line | ;"j
top boundary
Fig. 14. The architecture of the high-pass gradient filter.

N
CMB c
Lt DDl
o [ 5, ) \
» delay line | X2 ~——p—abs— Gradient
‘ 0 > X2 I —]-\/» >
o delay line )j — e/ '_3_ ~abs|
N pixels A
l\ /V\ »
Boundary *P—-+Di>Di/
Condition
Fig. 15. The architecture of the Sobel gradient filter.
v
mLFMJ*@J
CMB |
— |max} max
LT
+
delay line mex S
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delay line L_E min rmin\
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Boundary | mm DDl
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Fig. 16. The architecture of the morphological gradient filter.
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Fig. 17. The architecture of edge-determination and the CSM generator.

4.2 Execution of Power-Aware M E

Power-aware motion estimation is performed in five phases: the initiadl CMB phase,
initial RMB phase, SAD calculation phase, filtering phase, and edge-determination phase.
The initial CMB phase involves loading the CMB data into a PE array, while the initial
RMB phase involves filling up the PE array with RMB data to start the SAD calculation.
As shown in Fig. 18, theinitial CMB phase and initial RMB phase are executed in paral-
lel with edge extraction; thus, the timing overhead of edge extraction is hidden by the
initial phases. For p > 8, the timing overhead of edge extraction is zero.

One iteration for motion estimation of a macro-block

Edge-extraction N il
Filter Edge- \| ____ , 1. Generate the CSM
CMB hase % determination | | 2. Shift the CSM to PEs
(- f phae /| !
i ______________ Determine the threshold according
to the power mode.
------ » Gradient filter operation
------ > Shift the CMB to PEs array
1. Shift the RMB data to PEs array.
e ---»2. Accumulate the SAD of each
Initial ! hi "
CMB CMB {  searching step.
\ phase / T R
{ \
RMB Initial RMB phase I Calculate SAD Phase -\
)]

p

Fig. 18. The execution phases of the power-aware architecture.

4.3 Experimental Results

Table 4 shows the synthesis results obtained using the TSMC 1P4AM 0.35um cell li-
brary, where the symbol R; denotes the content-based subsample rate and &, is the gate
power coefficient defined in Eq. (9). Compared with the general semi-systolic architec-
ture [5], the edge extraction unit (EXU) of the proposed architecture has the major
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Table 4. Power analysis of the power-awar e ar chitecture.

EU, PE array SRA PAT + MVS EXU
AD + Adder Other
Gate Count G' 117,760 58,708 44,640 1,800 17,121
r'(01) 4p°R;I=4096RT | 4p?=4096 | 4p?=4096 | 4p?=4096 N?=256
P consumption 4.8e8- R! 2.4e8 1.8e8 7.37€6 4.3866
Pitsumption (€gp) 4868 R:L+4.3¢8

N =16 and p = 32. Céll library: TSMC 0.35um process.

overhead for the power-aware function. As mentioned above, we used one of the three
gradient filters here to implement the EXU. As for the synthesis results, the gate counts
of the three gradient filters were 595.33, 793.77, and 727.63, respectively. The variance
of these valuesis very small compared to the overall gate count of the EXU. For instance,
the gate count of EXU with the high-pass filter was equal to 14745. This number is much
larger than the variance. This means that the selection of a gradient filter does not affect
the overhead estimation very much. Therefore, we used the high pass filter to estimate
the performance overhead caused by the EXU. From Table 4, one can see that the area
overhead of EXU was 7.68%, while the worst-case power overhead was only 0.8% when
the subsampl e rate was 4-to-1 for motion estimation with N = 16 and p = 32.

Fig. 19 shows the results for the video clip “table-tennis’ under switching of the
power consumption mode. The target subsample pixel count was reduced by 48 every 40
frames, and the control parameter K, was set to 0.3. The results show that the adaptive
control mechanism could enable the power consumption to reach the target level within
10 frames. According to the battery properties described in section 2, the curve shows
that our power-aware architecture can extend the battery lifetime by gradually degrading
the quality. A, B, C, and D correspond to the switching pointsin Fig. 2 (b), respectively.

% 10° Switch the power mode (Table-tennis)
10 T T T

— A

QD)

power consumption (g

6 I I I I
40 80 120 160 200

Frame number

Fig. 19. An application involving switching of the power mode in the case of the video clip “ta-
ble-tennis.”
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5. CONCLUSIONS

Motivated by the battery properties and the power-aware paradigm, this paper has
presented an architecture-level power-aware technique based on a novel content-based
subsample algorithm. When the battery capacity is full, the proposed ME architecture
turns on all the PEs to provide the best compression quality. In contrast, when the battery
capacity is short for full operation, instead of exhibiting an all-or-none behavior, the pro-
posed architecture shifts to a lower power consumption mode by disabling some PEs in
order to extend the battery lifetime with little quality degradation. Switching of power
consumption mode can be smoothly accomplished; thus, the proposed architecture makes
it possible to switch the power consumption mode with acceptable quality degradation.
Although edge extraction plays a crucia role to dynamically adjusting the power con-
sumption mode, it does not introduce much power dissipation and the timing overhead
can be neglected. As shown by the simulation results, the proposed algorithm success-
fully improves the compression quality of the generic subsample algorithm and switches
the power consumption mode by adaptively adjusting the threshold parameters.
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