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Abstract—Previous research has shown that downsampling
prior to encoding and upsampling after decoding can improve the
rate-distortion (R-D) performance compared with directly coding
the original video using standard technologies, e.g., JPEG and
H.264/AVC, especially at low bit rates. This paper proposes a
practical algorithm to find the optimal downsampling ratio that
balances the distortions caused by downsampling and coding,
thus achieving the overall optimal R-D performance. Given
the optimal sampling ratio, dedicated filters for down- and
upsampling are also designed. Simulations show this algorithm
improves the R-D performance over a wide range of bit rates.
Index Terms—Advanced video coding (AVC), downsampling,
H.264, video coding.

I. Introduction

I

N RECENT years, digital video content has enjoyed explosive popularity. In addition to professionally generated content, there is a proliferation of user-generated video materials
with increased quality and spatio-temporal resolutions. These
videos are distributed and transmitted over various networks,
such as the Ethernet, 3G networks, and Wi-Fi. As the popularity of HD video keeps increasing, it is projected that video
will make up the majority of the world’s mobile data traffic
in the near future. Even with recent advances in the wireless
network technologies, such as 3G and LTE, the bandwidth for
video transmission remains very limited. With low bit budget,
the state-of-the-art video coding technology H.264/AVC often
resorts to heavy compression, which causes severe blockiness,
blurriness, and temporal flickering. It is anticipated that even
the new generation video coding standard currently being
developed, called High Efficiency Video Coding (HEVC), will
be unable to provide satisfactory quality for HD videos at such
low bit rates.
Previous research has shown that downsampling prior to
encoding and upsampling after decoding [see Fig. 1(a)] can
improve the rate-distortion (R-D) performance compared with
using standard technologies, e.g., JPEG or H.264/AVC, directly on the original input, especially at low bit rates [1]–[7].
In [1] and [2], downsampling and upsampling were performed
at the macroblock (MB) level. The so-called critical bit rate
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was studied, below which an MB is downsampled in the
horizontal, vertical, or both directions with a fixed ratio of
2:1 before being coded, and upsampled to the original size
after reconstruction. However, performing such operations at
the MB level no longer conforms to the coding standards. To
maintain conformance to the coding standards, downsampling
and upsampling should be performed as preprocessing and
postprocessing, respectively. The optimal downsampling ratio
for low bit rate image coding was studied in [3], which analytically explained the advantage of downsampling an image
prior to JPEG compression and upsampling the JPEG-decoded
image, and developed a theoretical model to determine the
optimal downsampling ratio. For video coding, the benefits
of using this system were reported in [4], where a set of
downsampling ratios were tried over a wide range of bit rates.
Using the optimal ratio at a given bit rate, it is shown that 30%
and 50% bit rate reduction can be achieved for H.264/AVC and
MPEG-2, respectively. In [5], a downsampling-based video
coding system is proposed for low bit rate applications, in
which intraframes and interframes are coded at the original
and 2x downsampled resolutions, respectively. After decoding, the reconstructed interframes are restored to the full
resolution by an improved exampled-based super-resolution
algorithm. Much other related literature in this context focus
on the sampling filter design. Following [3], Tsaig et al.
proposed an image-dependent algorithm to find optimal filters
for decimation and interpolation [6]. In [7], an interpolationdependent image downsampling method was proposed, where
the difference between the input image and the output image
generated by a specific interpolation method is minimized.
This paper proposes a practical algorithm to find the optimal downsampling ratio for the system in Fig. 1(a), which
theoretically can be any rational number represented by A/B
(A≥B). The proposed algorithm decomposes the overall distortion into two types: one caused by downsampling and
the other by coding, and estimates them separately. Based
on these estimates, the proposed algorithm finds the optimal
downsampling ratio that makes the best balance of the two
distortions, thus achieving the best overall R-D performance.
Given the downsampling ratio, the dedicated downsampling
and upsampling filters are designed. Experimental results show
that this algorithm efficiently improves the R-D performance
over a wide range of bit rates.
The remainder of the paper is organized as follows.
Section II presents the proposed algorithm to find the optimal
ratio for video downsampling. Given the determined optimal
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2
and σC2 . The relationship
where σA2 is jointly determined by σD
2
2
2
among σA , σD , and σC is as below

Fig. 1. (a) Coding system with down- and upsampling is decomposed to
(b) the sampling part and (c) the coding part.

ratio, Section III shows how the dedicated down- and upsampling filters are designed on-the-fly. Section IV reports the
experimental results, followed by the conclusion in Section V.
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E (f − f2 ) (f1 − f2 ) is equal to zero. The difference
between f1 and f2 , i.e., (f1 − f2 ), is the upsampled version
of (d1 − d2 ), and has the same energy as (d1 − d2 ), because
the upsampling filter gain is equal to M. Therefore, (2) can
be rewritten as


2
σA2 = E (f − f2 )2 + (d1 − d2 )2 = σD
+ σC2 .
(3)
Based on (3), the conclusion is that the overall error is the
summation of the downsampling error and the coding error.
Therefore, the optimization problem in (1) is rewritten as
 2

M = arg min σD
(4)
+ σC2 .
M

II. Optimal Ratio for Video Downsampling
2
σD

A. Problem Statement
In the system shown in Fig. 1(a), the video input, denoted as
f , is downsampled with the ratio M to generate d 1 ; d 1 is coded
and decoded to reconstruct d 2 ; d 2 is upsampled with the ratio
M to generate the full-resolution output video f 1 . The overall
MSE between f and f 1 is called overall error, denoted as σA2 .
This system can be decomposed to the sampling part and the
coding part, as shown in Fig. 1(b) and (c), respectively. In the
sampling part, for the input original video f , upsampling with
a factor M is applied right after downsampling to generate
f 2 ; that is, the MSE between f and f 2 is caused only by
downsampling and is called downsampling error, denoted as
2
σD
. In the coding part, the MSE between the input and output,
denoted as d 1 and d 2 , is caused only by coding and is denoted
as the coding error σC2 .
2
When M is equal to 1.0, σD
is zero and the system in
Fig. 1(a) reduces to a traditional video codec as in Fig. 1(c).
Once the bit budget is given, increasing M reduces resolution
for d 1 and also reduces σC2 , because more bits on average are
allocated to code each pixel in d 1 . In other words, a larger
M can result in a better reconstruction in the coding part.
However, an overly large M may cause too much information
2
loss, represented by σD
, in the sampling part. This information
loss occurs prior to the coding process, and could outweigh
the benefit of better reconstruction in the coding part. As
a consequence, the overall performance of the system in
Fig. 1(a) could be even worse than the traditional video codec
as in Fig. 1(c). Therefore, the value of M is very critical for
2
balancing σD
and σC2 , such that the best performance of the
whole system can be achieved.
Given an input video signal and a bit rate, the downsampling
ratio M is optimal, when the overall error σA2 reaches the
minimum, as
M = arg min σA2
M

(1)

and σC2 are introduced in Section II-B
The estimations of
and II-C, respectively.
Usually, M is a scalar, and applies to both horizontal and
vertical directions. Suppose the resolution of the input video
f is W × H, and the downsampled video has the resolution
(W/M) × (H/M). For some decoders that can interpolate
a downsampled video with nonsquare sample to the fullresolution with the correct picture aspect ratio (PAR), the
horizontal and vertical ratios may be different, denoted as M h
and M v , respectively. Then, the resolution of the downsampled
video is (W/Mh ) × (H/Mv ). Theoretically, M can be any
rational number represented by A/B (A≥B). In practice, M
should satisfy the constraint that W/M, H/M, W/Mh , and
H/Mv are all integers.
B. Downsampling Error Estimation
In the sampling part, f is first filtered by an anti-aliasing
filter, which is a type of low-pass filters, and then decimated.
The output f 2 is a blurred version of f , because f 2 no longer
possesses the energy components with frequency components
higher than the cut-off frequency of the anti-aliasing filter
applied to f . The most straightforward and accurate way
2
to estimate σD
is to follow the block diagram in Fig. 1(b)
2
and calculate σD
by definition. However, the complexity of
2
this method is too high. In this paper, σD
is estimated in
the frequency domain by measuring the energy of the high
frequency components that exist in f but are lost in f 2 .
The energy distribution in the frequency domain is modeled by its power spectral density (PSD). As a video signal
can be modeled as a wide-sense stationary random field [8]
with auto-correlation R(τh , τv ), its PSD can be calculated
as the 2-D DTFT of R(τh , τv ). In practice, R(τh , τv ) is an
estimate based on a set of video signals and applying 2D DTFT to the estimated R(τh , τv ) produces an estimated
PSD, which may no longer be consistent with the actual PSD.
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Here, PSD is estimated by the periodogram of the random
field [9]
1
Ŝxx (ω1 , ω2 ) =
WH

2
W−1

  H−1


−jω1 w−jω2 h 
x[w, h]e





(5)

w=0 h=0

where W and H are the width and height of the sequence f ,
and x[w, h] is one frame in f . When the entire sequence f consists of consistent content without scene change, Ŝxx (ω1 , ω2 )
calculated based on one typical frame x[w, h], e.g., the first
frame, can well represent the energy distribution of the whole
sequence f . When the sequence f contains scene changes,
Ŝxx (ω1 , ω2 ) can be calculated by averaging the PSDs of frames
from different scenes.
Let the ratio M be represented by A/B (A≥B), then the
downsampled video has the resolution (BW/A) × (BH/A). In
other words, the proportion of the reduced resolution in either
direction is equal to (1-B/A). In the frequency domain, the lost
components all have high frequency, of which the proportion is
also (1-B/A), if the anti-aliasing filter applied to f has a sharp
cut-off frequency at ± (Bπ/A). In this ideal
 case, all thehigh
frequency
components
of
f
in
the
bands
−π, − Bπ/A and
2


Bπ/A, π are lost. We can estimate the PSD of f 2 , denoted
as Ŝyy (ω1 , ω2 ), from Ŝxx (ω1 , ω2 ) by setting the values in the
aforementioned bands to zero

Ŝyy (ω1 , ω2 ) =



Ŝxx (ω1 , ω2 ) , ifω1 , ω2 ∈ − AB π, AB π
0,

(6)

otherwise.

When the horizontal and vertical directions have different
downsampling ratios, i.e., Mh = Ah /Bh and Mv = Av /Bv ,
Ŝyy (ω1 , ω2 ) is estimated as
Ŝyy (ω1 , ω2 ) =

Ŝxx (ω1 , ω2 ) , if ω1 ∈ − ABhh π, ABhh π &ω2 ∈ − ABvv π, ABvv π
0,

otherwise.
(7)

In practice, estimating Ŝyy (ω1 , ω2 ) as in (6) and (7) is only
a close approximation of the true PSD of f 2 , because it is
impossible for the anti-aliasing filter to have an ideal sharp
cut-off frequency response.
After estimating the PSD of f in (5) and f 2 in (6) or (7),
2
one can calculate the downsampling error σD
by
2
σD
=

1
WH

π

π

−π

−π



Ŝxx (ω1 , ω2 ) − Ŝyy (ω1 , ω2 ) dω1 dω2 . (8)

C. Coding Error Estimation
Given the target bit rate R, the coding error σC2 is estimated
by a proposed empirical R-D model, which was trained based
on a large set of video sequences, including eight CIF, four
WVGA, 12 720p, and 12 1080p sequences. The R-D model is
shown in
σC2 =

β
rα

(9)

where r is the average number of bits allocated to each pixel,
i.e., bits per pixel (bpp), and can be calculated as
R×Mh ×Mv
(10)
r=
F ×W×H
where F is the frame rate for the video sequence. This model
has two parameters, α and β, whose values vary according
to the content, the resolution of the sequence, the encoder
implementation and configurations, and so on. Given a certain
encoder configured with certain settings, one may encode a
given sequence at a range of bit rates {R0 , R1 , . . . , RN−1 },
and then get a corresponding set of distortions {D0 , D1 , . . . ,
DN−1 }. The target bit rates {R0 , R1 , . . . , RN−1 } are then
normalized to bpp {r 0 , r 1 , . . . , r N−1 } using
Ri
ri =
(11)
F ×W×H
and the corresponding distortions are normalized to MSE
accordingly, denoted as {d 0 , d 1 , . . . , d N−1 }. The pairs of
normalized bit rate and distortion [r i , d i ] (0≤i < N) are plotted
as an R-D curve; any commonly used numerical optimization
algorithm can be used to fit the R-D curve. The optimal values
of α and β are found by solving the problem in
N−1



β
αopt , βopt = arg min
di − α
α,β
r
i
i=0

2

.

(12)

Since the down-/upsampling is performed as pre/postprocessing [Fig. 1(a)], the values of α and β, as well
as the downsampling ratio, the determination of which is
introduced in Section II-D, are determined once per coded
video sequence. Therefore, as defined in the H.264/AVC
standard, all the frames in the coded video sequence have the
same resolution. If the encoder used in the system as shown in
Fig. 1(a) encodes an input video into the bitstream containing
only one coded video sequence, then all the determined
parameters, i.e., α, β, and the optimal ratio, represent the
global optimum for the entire input video. However, if the
encoder can detect the scene changes in the input video and
encodes each shot into its own coded video sequence, then
a set of optimal parameters can be determined for each shot
separately.
Fig. 2 shows the accuracy of the proposed R-D model by
comparing estimated R-D curve (see the red lines) with the
ground truth (see the blue lines). For Riverbed and Harbor,
the curves fit each other almost perfectly. For Basketball and
Raven, the estimated distortion using the proposed model
deviates slightly from the actual distortion, but the estimation
error is relatively minor.
Fig. 3 gives an example of R-D curve. Given the increment
of bpp, denoted as r, σC2 is better suppressed at lower bit rates
than at high bit rates. This means trading larger downsampling
error for smaller coding error at lower bit rates can more
effectively improve the overall coding performance, which is
also verified in other related work [2]–[4].
D. Optimal Ratio Determination
Given the target bit rate R, bpp increases with respect
to the downsampling ratio M (10), and therefore, coding
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Comparison of actual and estimated R-D curves.

Example of the R-D curve.

error σC2 monotonically decreases with respect to M (9), as
shown in Fig. 4(b). On the other hand, downsampling error
2
σD
monotonically increases with M, as shown in Fig. 4(a).
The optimal ratio balances the two types of distortions, such

that the overall error σA2 reaches the minimum. Fig. 4 shows
an example of searching for the optimal ratio for the 720p
sequence Harbor, given the target bit rate of 1 mbit/s. In
search step n (n≥1), the downsampling ratio M is equal to
1 + (n-1), where  is an increment of the ratio in each step,
2
and σD
and σC2 are obtained using the algorithms introduced
in Sections II-B and II-C, respectively. In the first few steps,
2
σD
, increasing slowly, is well compensated by better reconstruction in the coding part. Therefore, σA2 decreases. As M
2
becomes large, the increase of σD
outweighs the decrease
2
2
of σC , and σA goes up with each search step. The optimal
ratio M is determined by finding the global minimum of
the overall error σA2 in Fig 2 (c). For videos with different
energy distributions in horizontal and vertical directions, using
different downsampling ratios (M h , M v ) in the two directions
allows to apply heavier downsampling along the direction
with less high frequency energy. This further improves the
performance. In this case, the plots in Fig. 4 form convex surfaces, where σA2 reaches the global minimum with the optimal
(M h , M v ).
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Fig. 4.

Example of searching the optimal ratio for Harbor at 1 mbit/s. (a) Downsampling error. (b) Coding error. (c) Overall error.

III. Down- and Upsampling Filter Design

TABLE I

Once the optimal ratio is determined, the dedicated downand upsampling filters are designed on-the-fly. The filters are
2-D separable, and without the loss of generality, only the
derivation of horizontal filters is explained here.
Suppose the horizontal sampling ratio is Ah /Bh . In the
downsampling step, the rows of the original frames are upsampled to Bh times the width by zero-insertion, filtered by the
anti-aliasing filter f d,h in (13) with cut-off frequency ± (π/Ah )
and filter gain Bh , and then decimated by a factor of Ah

Optimal Ratios Obtained by the Proposed Algorithm

fd,h (n) =

1
2π

π
Ah

Bh ejnω dω =
− Aπ
h

Bh
Sinc
Ah

π
n .
Ah

(13)

In the upsampling step, the rows of the downsampled frames
are upsampled to Ah times the downsampled frame width
by zero-insertion, filtered by the anti-aliasing filter f u,h in
(14) with cut-off frequency ± (π/Ah ) and filter gain Ah , and
decimated by a factor of Bh
fu,h (n) =

1
2π

π
Ah

Ah ejnω dω = Sinc
− Aπ

π
n .
Ah

(14)

h

The filters in (13) and (14) have infinite sizes and need to be
truncated by appropriate window functions before being used
for interpolation. Here, a Gaussian window is used, which
is empirically better than other window functions, such as
rectangular, triangular, and Hanning windows. As the filter
design is based on digital signal processing fundamentals,
the detailed description is omitted here. Interested readers are
referred to [10] for in-depth discussions.
Since the upsampling is performed during postprocessing,
the optimal upsampling ratio that corresponds to the optimal
donwsampling ratio determined on the encoder side may be
unknown to the decoder. If the optimal upsampling ratio
is transmitted to the decoder by out-of-band communication
mechanism and used to design the upsampling filter as in
(14), the end-to-end R-D performance is maximized. Otherwise, theupsampling ratio could be determined by relevant
configurations of the end-user device, such as its display
resolution.

IV. Experimental Results
Our simulations are based on six HD video sequences, each
coded at five target bit rates (see Table I) with four schemes:
1) H.264/AVC, 2) fixed 2:1 downsampling, 3) the proposed
adaptive downsampling (ADS) algorithm with the same horizontal and vertical ratio, and 4) the proposed ADS algorithm
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Fig. 5. Operational R-D curves provided by H.264/AVC, fixed 2:1 downsampling, proposed ADS with same ratio in each dimension, and proposed ADS
with different ratios in each dimension.

with different horizontal and vertical ratios. The highest bit
rate of the five target rates is selected for each test sequence
such that it is either higher than the rate for which the
proposed ADS algorithm can no longer outperform the regular
H.264/AVC coding scheme, or 18 mbit/s, whichever is lower.
Based on the highest bit rate thus selected, four additional
bit rates are selected to be able to plot the R-D curves with
five rate points. To show the robustness of the algorithm,
the test sequences are selected to have diverse content, including rapid and irregular motions (Cactus, BasketballDrive,
and Riverbed), sharp edges and rich textures (Harbor and
WalkingCouple), and smooth areas (Raven). For schemes
3) and 4), the following steps were performed:
1) We calculated the optimal downsampling ratio based on
the input video and the target bit rate, as presented in
Section II.
2) We downsampled the input video using the filter introduced in Section III.
3) We used the x264 implementation of H.264/AVC [11]
(the default x264 settings are used) to encode and decode
the downsampled video.
4) We upsampled the decoded video using the filter introduced in Section III.
5) We calculated the PSNR values by comparing the upsampled decoded video [f 1 in Fig. 1(a)] to the original
video [f in Fig. 1 (a)].
Fig. 5 shows the operational R-D curves for the six test
sequences coded by four schemes: H.264/AVC (black line),
fixed 2:1 downsampling (blue line), ADS with the same ratio
for the horizontal and vertical directions (red line), and ADS

with different optimal ratios for the two directions (green line).
For all the sequences, the two ADS schemes significantly
outperform H.264/AVC, not only at low bit rate as shown by
the previous research, but also at relatively high bit rates. The
gains over the regular H.264/AVC scheme are up to 2.5 dB.
Compared with the fixed 2:1 downsampling scheme, which
outperforms the regular H.264/AVC coding at low bit rate
but can incur significant performance loss at medium to high
bit rates (mostly due to overly aggressive downsampling),
the proposed ADS schemes can consistently outperform the
regular coding over a much wider range of bit rates. And
as we expected, Fig. 5 shows that, as the optimal ratio
calculated by the proposed ADS schemes approaches 1:1, the
R-D performance of the proposed ADS schemes approaches
that of the regular coding at high bit rates. We also applied
the ADS schemes to CIF and WQVGA videos, which have
less spatial correlation among pixels. We found that, for these
lower resolution sequences, even mild downsampling ratios
could cause too much downsampling error to be compensated
by better reconstruction during coding, and that the optimal
ratio eventually selected by the ADS algorithm was very close
or even equal to 1:1. Therefore, for lower resolution videos,
ADS cannot improve the performance as significantly as for
HD videos.
As shown in Fig. 5, among the six test sequences, Riverbed
is the only one for which the ADS scheme outperforms
the regular coding consistently over a wide range of bit
rates, and for which no tendency of narrower performance
gap is observed at higher bit rates. After a deeper study of
Riverbed, we found that Riverbed has very few high frequency
components, and therefore is resistant to downsampling. The
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Fig. 6. Search for the optimal ratio for Cactus. (a) Downsampling error at 1.5 mbit/s. (b) Coding error at 1.5 mbit/s. (c) Overall error at 1.5 mbit/s.
(d) Downsampling error at 3.0 mbit/s. (e) Coding error at 3.0 mbit/s. (f) Overall error at 3.0 mbit/s.

downsampling error of Riverbed in the form of MSE is only
4.3 when the downsampling ratio is 2:1 for each dimension,
and increases very gradually until the ratio increases to 6:1.
Therefore, Riverbed prefers more severe downsampling, where
much better reconstruction during coding can be achieved, and
significantly outweighs the mild downsampling error.
Table I shows the optimal ratios selected by the proposed
algorithm to generate the results in Fig. 5. As can be seen,
the optimal ratio depends on the bit rate and the video
content. The proposed algorithm selects larger downsampling
ratios at lower bit rates than it does at higher bit rates. The
reason is explained here. Given a fixed bpp increment of
r, or according to (10), equivalently a fixed increment of
downsampling ratio of , the coding error σC2 decreases faster
(that is, at steeper slope) at lower bit rates than at high bit rates.

This behavior of the σC2 curve can be observed in Fig. 3, as
well as by comparing Fig. 6(b) and (e). Though the shape
of σC2 curve depends on the target bit rate, the shape of the
2
σD
curve, as shown in Fig. 6(a) and (d), is not influenced
by change in bit rates. Instead, it is determined only by the
2
video content. Therefore, when adding σD
and σC2 together
2
to calculate the overall error σA [see Fig. 6(c) and (f)], one
needs more steps to reach the minimum of σA2 at lower bit
rate [Fig. 6(c) with a target rate of 1.5 mbit/s] than at higher
bit rate [Fig. 6(f) with a target rate of 3mbit/s]. Consequently,
the optimal downsampling ratio is larger for target rate of
1.5 mbit/s than for target rate of 3 mbit/s.
Compared with ADS with the same horizontal and vertical
ratio, ADS with different ratios jointly optimizes the ratios
for the two directions and, therefore, can further improve the
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Fig. 7. Images cropped from 1080p sequence BasketballDrive. (a) By ADS with the same horizontal and vertical ratio (PSNR Y 31.90 dB). (b) By H.264/AVC
(PSNR Y 30.73 dB). (c) Original image.

Fig. 8. Images cropped from 1080p sequence Cactus. (a) By ADS with the same horizontal and vertical ratio (PSNR Y 30.70 dB). (b) By H.264/AVC (PSNR
Y 29.55 dB). (c) Original image.

overall R-D performance. For some cases (e.g., Raven), the
improvement is negligible, because the energy distributions in
the two directions are similar and the horizontal and vertical
ratios selected by the ADS algorithm are also similar. For
other cases (e.g., Harbor and Riverbed), the improvements
are more remarkable. For example, in Harbor, vertical edges
(masts) dominate the content. Since correlation in the vertical
direction is higher than that in the horizontal direction, a bigger
downsampling ratio can be applied in the vertical direction
without causing much information loss. In contrast, Riverbed
is dominated by horizontal textures (waves); in this case, a
bigger downsampling ratio can be applied to the horizontal direction. Note that for some cases (WalkingCouple and
Cactus), ADS with different ratios slightly underperforms
ADS with the same ratio. That is likely due to the fact
that, instead of brute-force search, we employed a fast search

algorithm to find the optimal downsampling ratio in each
dimension. As a result, the search results may have minor
error compared with the actual optimum.
In addition to the improvement in objective performance,
visual quality is also improved significantly by ADS. When
ADS is applied, coding artifacts usually caused by heavy
compression, such as blockiness and blurriness, are greatly
alleviated. Figs. 7–9 show three sets of images cropped from
the reconstructed sequences coded at 1.7 mbit/s: the first set is
coded using ADS with the same horizontal and vertical ratio,
the second set is coded by H.264/AVC without downsampling
and upsampling, and the third set is the original images for
comparison. The PSNR values of the videos in Figs. 7–9 range
between 30 dB to 32 dB. As can be seen, the contours of the
player’s face and arm (see Fig. 7) and edges of the numbers
and letters in the playing cards (see Fig. 8) are much better
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Fig. 9. Images cropped from 1080p sequence WalkingCouple. (a) By ADS with the same horizontal and vertical ratio (PSNR Y 31.81 dB). (b) By H.264/AVC
(PSNR Y 30.83 dB). (c) Original image.

preserved by using ADS. In Fig. 9, the image coded with ADS
looks much smoother, compared with the blocky one coded
by H.264/AVC directly.

V. Conclusion
This paper proposes the ADS algorithm. For a given sequence and target bit rate, it finds the optimal sampling
ratio that minimizes the overall distortion by balancing the
downsampling distortion and the coding distortion, thereby
achieving the best R-D performance for the overall system.
Simulations show the proposed ADS algorithm improves the
coding efficiency of HD video over a wide range of bit rates.
The proposed ADS algorithm also significantly improves the
visual quality of the reconstructed video signal.
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