Accepted by

Rate Control and Bit Allocation for JPEG Transcoding
by
Ricky D. Nguyen
S.B. E.E.C.S, M.L.T., 2006

Submitted to the Department of Electrical Engineering and @mputer Science
in partial ful llment of the requirements for the degree of

Master of Engineering in Electrical Engineering and Compet Science
at the
MASSACHUSETTS INSTITUTE OF TECHNOLOGY
May 2007

€ 2007 Massachusetts Institute of Technology
All rights reserved.

AULNOT L e
Department of Electrical Engineering and Computer Science

May 25, 2007

Certied DY . ..o e
Shizhong Liu

Sta Engineer, QUALCOMM
VI-A Company Thesis Supervisor

Certied DY . ..o e

Vivek K. Goyal
Assistant Professor
M.I.T Thesis Supervisor

Arthur C. Smith
Professor of Electrical Engineering
Chairman, Department Committee on Graduate Theses



Rate Control and Bit Allocation for JPEG Transcoding

by
Ricky D. Nguyen

Submitted to the Department of Electrical Engineering and Computer Science
on May 25, 2007, in partial ful llment of the
requirements for the degree of
Master of Engineering in Electrical Engineering and Computr Science

Abstract

An image transcoder that produces a baseline JPEG le from a laseline JPEG input is
developed. The goal is to produce a high quality image while ecurately meeting a lesize
target and keeping computational complexity|especially t he memory usage and number
of passes at the input image|low. Building upon the work of He and Mitra, the JPEG
transcoder exploits a linear relationship between the numler of zero-valued quantized DCT
coe cients and the bitrate. Using this relationship and a hi stogram of coe cients, it is pos-
sible to determine an e ective way to scale the quantizationtables of an image to approach
a target lesize. As the image is being transcoded, an intraimage process makes minor
corrections, saving more bits as needed throughout the trascoding of the image. This
intra-image process decrements speci ¢ coe cients, minimzing the change in value (and
hence image quality) while maximizing the savings in bitrate. The result is a fast JPEG
transcoder that reliably achieves a target lesize and presrves as much image quality as
possible. The proposed transcoder and several variations axe tested on a set of twenty-
nine images that gave a fair representation of typical JPEG hotos. The evaluation metric
consisted of three parts: rst, the accuracy and precision 6the output lesize with respect
to the target lesize; second, the PSNR of the output image wth respect to the original
image; and third, the subjective visual image quality.
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Chapter 1

Introduction

From the Internet, to digital cameras, to picture messaging the Joint Photographic Experts
Group (JPEG) image compression standard has played a vital ole in image transmission
and storage for more than a decade. Recently, with the convgence of digital cameras
and mobile communication devices, JPEG images can now be sted over mobile wireless
networks. This sharing, however, may be costly in terms of nevork resources such as time
and bandwidth. In an e ort to reduce or limit this cost, carri ers have imposed a lesize limit
on images transmitted over the network. This lesize limit, however, should not constrain
the high-quality images created or stored by a user, just theones that require transmission.
Thus, there is need for a transcoding solution, which takes aJPEG image and produces
another JPEG image of smaller lesize.

Current solutions to this problem are neither e cient, nor a ccurate. For example, one
straight-forward solution would be to use a conventional \black box" decoder and encoder
to completely decode and then re-encode the image with a gréer compression ratio. This
method, however, requires the entire decompressed image toe stored in memory. As an
example, a 5 megapixel image may be roughly 15 MB when decomgsed. In addition, this
solution often results in an unpredictable lesize and may require several trials before a
desired target lesize is reached.

This work presents a novel JPEG transcoding solution to achéve a target lesize with
dependable accuracy while also maintaining reasonable mesry usage and computational
complexity for implementation in mobile handheld devices. The transcoding solution pre-

sented here produces a le consistent with the JPEG baselin&eompression standard [4] in



order to allow maximum compatibility with JPEG baseline decoders, which comprise the
majority of decoders in real world usage. This work also draw upon ideas from research in
the areas of image transcoding, rate control algorithms, ad rate-distortion optimization.
The reader is assumed to have knowledge of the JPEG baselin®mpression standard.
Should a detailed review be necessary, the reader may refeo tAppendix A or the o cial
document de ning the JPEG standard [4]. This paper rst outl ines several compression
options that have previously been explored. Next, the algoithms of the nal transcod-
ing solution are presented and the software architecture tlat implements this solution is
described. Experiments were conducted, testing the perfanance of various algorithms on
a xed set of images. The images produced by the algorithms we evaluated by several
metrics used to determine the most e ective set of algorithns for the nal transcoding

solution.

1.1 Quantization

Quantization table selection is one of the most common ways focontrolling bitrate in a
compressed format. Increasing a quantization parameter deeases the number of symbols
that need to be encoded. Since there are usually two 8x8 quaiziation tables in JPEG
images, there are 128 parameters and nearly endless combiimms available for both coarse
and ne adjustment. But like downsampling, the tables apply to the entire image once they
have been de ned. There exists an extension to JPEG [5] that Hows the tables to change
for di erent parts of the image; although this extension is part of the JPEG standard, it
does not fall within the baseline de nitions and is not implemented in most decoders.

Much research has gone into the selection of quantization gameters. Wu and Gersho
wrote one of the earliest papers using rate-distortion anajsis to control JPEG bitrates [10].
The algorithm starts with a quantization table of large step sizes, producing an image with
high distortion and low bitrate. The entry which produces th e greatest decrease in distortion
and increase in bitrate then has its step size decreased, aritie process is repeated, one
entry at a time, until the rate constraint is met. This algori thm is a rigorous and analytical
approach to JPEG rate control but comes at a large computatianal cost because of the
number of iterations over the entire image.

Similar research into quantization tables has attempted to model the image bitrate as



a function of the quantization parameters. The Qualcomm quantization model [9] was
developed after gathering empirical data from numerous tesimages. The model selects a
scaling factor S as a function of the target bitrate R. This function was derived from images
which used the \default" quantization tables Qg and Q1 as de ned in JPEG Annex K [4].
The image's new quantization tables areSQq and SQ1, regardless of the image's original
tables. If the actual bitrate is greater than the target bitr ate, S is adjusted and the entire
image is reencoded.

Another quantization model is described by Sherlock, Nagpk and Monro [8]. Instead
of modeling the scaling factor, Sherlock models each coe @nt according to its position
in the table. Let Q,y be the value of the quantizer at columnx and row y in an 8x8
block. Then the quantizer can be modeled af),y = A+ D(X + y)F, where A and D are
linear with compression ratio CR and F is quadratic with CR. This produces an 8x8 block
that is symmetric over the main diagonal and nondecreasing \th higher AC frequencies.
The Sherlock Formula Model [8] lIs the entries of the quantization tables according to the

following de nitions:

Qy =bA+D(xx+y)c (1.1)
A =max(0;204CR 1:29) (1.2
D =max(0;0:315CR 2:37) (1.3)
F =max(0;4:33 0:218CR + 0:00384CR?) (1.4)

CR = 3 height width (1.5)

targetbytes

where Qyy is the entry on row x and columny of an 8x8 block

The biggest drawback to these last two solutions is that seval reencodings may be
necessary in a slow and costly feedback loop. And since one ol was derived from
experimental data, it is still signi cantly probable that a n image will not t the model and
the requantization may perform poorly. Also, neither modeltakes into account the statistics
of the image in question, and therefore, is not guaranteed taeach the target bitrate after

just one encoding.

1The details of the Qualcomm Model are not described for legal reasons.



1.2 Thresholding

While quantization table selection is a macroscale method bitrate control that a ects
the entire image, thresholding is a microscale method that acts individual blocks of DCT
coe cients. Ramchandran and Vetterli discuss a method of zeoing DCT coe cients ac-
cording to rate-distortion analysis, called thresholding [7]. For each DCT block of 63 AC
coe cients, the algorithm retains the set of coe cients tha t minimizes a rate-distortion cost
function. This can be done independently for each block. Thecost function depends on
parameter , so for a given xed , the algorithm returns an optimal solution after process-
ing the entire image once. However, is usually not optimal, so additional iterations are
required to nd the optimal . Again, the drawback of this solution is that its complexity
requires several passes through the entire image to reach aptimal solution, even though

the act of thresholding itself is independent from block to Hock.

1.3 -Domain Analysis

While studying rate control algorithms for video processirg, He and Mitra identify a nearly
linear relationship between the bitrate and the number of zeo-valued quantized DCT coef-
cients [6] [2] [1]. They call the percentage of these zeros and expressed the rateR as an
approximately linear function of . Using -domain analysis, their algorithm can achieve
desired bitrates by adjusting quantization parameters to produce the desired number of
zeroes. These algorithms, however, were designed for videompression standards, such as
MPEG-2 and H.263, which allow quantization parameters to ctange throughout a single
image frame. This is called variable quantization, and altrough the JPEG standard de-
nes an extension for variable quantization, this extension does not fall under the baseline
de nition and cannot be used in this work. Despite this fact, -domain analysis and the
linear relationship identi ed by He and Mitra is incredibly useful for bitrate control via

guantization.

1.4 Other Compression Options

Downsampling appears to be the rst step where compression iy be improved. There are

two approaches to downsampling: the image may have its dimesions reduced, downsam-
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pling all color components uniformly; or only the chroma conponents may be downsampled,
maintaining the original image size. Uniform downsamplingmay produce signi cant sav-
ings but is an extremely coarse method of lesize control in erms of accuracy. Also, since
most JPEG decoders only handle downsampling ratios of HIV1H2V1, and H2V2, we are
limited to these options to be assured that our transcoded inages remain compliant. In
addition, heavy chroma downsampling may produce more than @ data units per MCU,
exceeding the limit de ned in the baseline standard.

Entropy encoding may or may not already be optimized in a given JPEG image. Often
the default Hu man tables are used and further compression nay be achieved if these tables
are replaced with optimized ones. However, Hu man optimizgion reaches a theoretical
limit, and if we desire smaller lesizes than this limit allows, another compression technique

must be used in conjunction with Hu man optimization.

1.5 Summary of Motivations and Goals

Wireless carriers have imposed a lesize limit on images trasmitted over their wireless
network. Given a JPEG baseline image that exceeds this lesie limit, we wish to produce
the best quality image that accurately meets the limit. Since the target application is cell
phone usage, the solution must be e cient in terms of executon time and memory usage.
The solution must also produce a JPEG baseline image that isampliant with the majority
of decoders. This paper presents a transcoding solution thiaaccurately and e ciently

controls the bitrate of JPEG images.
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Chapter 2

Implementation

The proposed transcoding framework implements two tiers ofate control on JPEG images.
The rst tier performs on a macroscale, where global operatbns a ect the entire image
equally and uniformly. The second tier performs on a microsale, where the e ect of each
operation is localized to speci ¢ regions of the image. Thigwo-tiered strategy allows the
transcoder to rst coarsely approache the target lesize ard then make ne adjustments as

necessary.

2.1 Macroscale Rate Control

The primary means of achieving macroscale rate control is mdi cation of the quantization
tables. The DC components of the quantization tables shouldnot change, since this may
result in severe loss of features, intensities, and colorsThus, we may only modify the AC
guantization step sizes. We would like to scale the quantizéion tables uniformly, such that
every entry of the table is scaled by a factors. However, the JPEG bitrate R does not
vary linearly with s. For this reason, we use the -domain analysis approach suggested by
He and Mitra [1] to rst nd a linear relationship between , the percentage of zero-valued
guantized DCT coe cients, and bitrate R. Then, all that remains is to nd the relationship
betweens and . We will show that this relationship is easily determined through the use
of a histogram of quantized coe cient values.

A secondary means of macroscale rate control is optimizatio of the Hu man codes
used for entropy encoding of the quantized coe cient values Since the DC components

will remain unchanged, the Hu man DC tables can easily be optmized if statistics on the
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whole image are gathered during a rst pass decoding. Howevesince we will be modifying
the AC components of the quantization tables, the AC statistics are no longer relevant for
optimizing the AC Hu man tables. AC Hu man optimization may occur only if a third
decoding pass collected relevant statistics, but for spee@ ciency reasons, we will limit
ourselves to two decoding passes. To make this point clearet us follow an example. The
default AC tables de ned in the JPEG standard provide Hu man codes for all 162 distinct
possible values to encode. An image may have de ned its own stom optimized table that
has codes for only 100 out of those 162 values. After modi cabn of the AC quantization
table entries, the image may only have 80 values that requireodes, which are not necessarily
a subset of the original 100 values. Because there is no way faredict which values will
arise out of the new quantization tables, we must always usehe default AC tables that

provide full coverage of all 162 possible values.

2.1.1  -Domain Analysis

Recall that the relationship between bitrate and , the percentage of zero-valued quantized
DCT coe cients, is nearly linear. When four images had their quantization tables scaled
by various factors, their AC bits R and zero coe cient percentages were plotted. The

graph in Figure 2-1 veri es this conclusion.

Thus, the bitrate R can be modeled roughly as (1 ), where is a constant slope
and is a property of the image. The model from He and Mitra requres several re nements
before becoming useful in the transcoding framework. Firstlet z equal the number of
zeroes; this just simpli es the arithmetic by using an integer rather than a ratio. Then
Zmax IS the maximum value of z, or the total number of AC coe cients in the image.
Second, the equation should only re ect the bits that are a ected by the scaling of AC
guantization entries and should not include end-of-block EOB) symbols. An adjustment
Rmin is de ned as the minimum number of AC bits. Stated di erently , Ryin is the value
of R if every block in the image contained all zeroes, or equivaly, just an EOB symbol.

The new relationship becomes

R Rmin = (Zmax 2): (2.1)
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Figure 2-1: The relationship between the number of AC bits R) and the number of zeroes
as a percentage () of quantized AC coe cients is plotted for several images. The number
next to each point indicates the scaling factor used on the gantization table of the image.

Every image exhibits a correlation of nearly unity.

Given a target bitrate Rt and the original image statistics R, and z,, the target zeroes

zt can be calculated using Equation 2.1:

Ro Rmin
- 9 ‘mn 2.2
° Zmax 2o (2.2)
Rt Rmin = oZmax 271) (2.3)
R Rmi
ZT = Zmax ST Rmin (24)

o

Note that Rt is the target number of AC bits. A user would provide a target lesize
Fr in bytes, which includes JPEG header information and DC bits To get Ry, these bits
are subtracted: Rt =8Fy H DC, whereH is the expected number of header bits in
the new image, andDC is the number of DC bits in the original image.

With a histogram keeping count of the values of quantized DCT coe cients, z for an
image can be easily recalculated for any modi cation of the gantization table. De ne the

histogram of quantized DCT coe cients as follows:
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H (q;i;Vv) = the number of occurrences of
absolute quantized coe cient value jvj
in zig-zag scan entryi (zero-indexed)

using quantization table g (zero-indexed) (2.5)
P1 Pes -

Note that z, = g=0 i-1 H (g;i;v = 0). As another example, suppose that the 17th
entry of the rst quantization table is scaled by 5. Then z increases by exactlyP 3=1 H(g=
0;i = 16;V), because all quantized coe cients with magnitude less than 5 in the 17th entry
of the luma zig-zag scan will be requantized to zero.

This example is depicted graphically in Figure 2-2. The rst plot shows the histogram
of absolute values of quantized coe cients in the 17th entry of the luma zig-zag scan. The
second plot shows the new histogram after rescaling the tabl entries by 5. The original
counts for values 0 through 4, inclusive, are accumulated ito the new count for value 0.
Note that the original histogram only counts values up to 49. This is a practical space-
saving consideration for the histogram data structure. We ae only interested in counting
zeroes produced by rescaling quantization parameters. Thaj a histogram with 50 bins can
count zeroes for a scaling factors 50. We assume this is adequate for our transcoding

purposes. A full histogram is shown in Figure 2-3.

Using this analysis, a scaling factors and position index k can be chosen, such that

X% X1 e ik

zr  Zot H(q;i;v) + H(= =
o 64
g=0 i=1 v=1 n=k (n664)

;i = nmod64v=2:5): (2.6)

Equation 2.6 scales the chroma table more than the luma table Conceptually, the
guantization entries of both tables are concatenated into me long sequence: the luma entries
are ordered in a zig-zag scan, then the chroma zig-zag scanappended (still omitting the
DC components). The complete scan progresses from low fregacy luma to high frequency
luma and continues from low frequency chroma to high frequeay chroma. The entries of
this complete scan beforek are scaled bys, the remaining by s+ 1. Figure 2-4 provides a

visual example of scaling factors applied to the quantizatbn tables using this technique.
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Figure 2-2: An example histogram of quantized DCT coe cients in the 17th entry of the
luma

Thus, we have the rst k entries of the concatenated scan scaled by, and the remaining
128 k entries scaled bys + 1 (omitting DC components). If we had scaled every entry of
both tables by s+1, the zeroes produced by the new tables would have overshair. Likewise,
if we had scaled both tables bys, the new tables would undershootzy. This scheme of two
scaling factorss and s+ 1 acting on partitions determined by index k provides ne control

over the number of zeroes produced by the new quantization tales.

2.2 Microscale Rate Control

While macroscale rate control modi es the quantization tables that uniformly a ect the

entire image, microscale rate control makes appropriate loalized adjustments to meet the
target bitrate. For fast transcoding, we would like microscale rate control to proceed in
an online fashion, in midstream, during the process of decddg and encoding an image.
Implementing this kind of microscale rate control requiresfour basic components. First, an
indicator determines when bit-reducing action is necessat Second, a quanti er calculates
how much action is necessary. Third, a selector chooses whigarts of the image should

receive this action. Fourth, an actuator removes bits from the JPEG bitstream.
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Figure 2-3: The full histogram from image 1.jpg. The luma higogram H(q = 0;i;Vv) is
shown above, and the chroma histogranH (g =1;i;Vv) is shown below it.
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Figure 2-4: Example gquantization scaling factors. Luma on ¢&ft, chroma on right, k = 10.
Note that the DC components are not scaled.
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2.2.1 Indicator and Quanti er

Suppose we wish to transcode an image with original bitrateR, down to a target bitrate
of Rt. Ideally, we might expect that at the n" 8x8 block of coe cients, the ratio of bits in
the decoded original imageR4(n) to the bits in the encoded new imageRe(n) is equal to

Ro : Rt. This leads to the following assumption:

Rda(n)  Ro _ Ry(N).
Re(n) Rt Rt ' @7

where Rg4(n) and Re(n) denote the number of bits already decoded and encoded, resp-
tively, at the n™ block; R, is the original image bitrate, which is equal to Rq(N) if the
image has a total of N blocks; and Rt is the target bitrate of the newly encoded image.
The proportions in Equation 2.7 can be made more accurate if @ remove the constant
o set of the minimum number of bits, just as we did in the case d -domain analysis in

Equation 2.4.

Rd(n) Rmin (n) _ Rd(N) Rmin (N)

Re(n) Rmin (n) - RT Rmin (N) (2.8)

Since we want the target bitrate at the n" block to re ect this proportion, substitute

R¢(n) for Re(n) in Equation 2.8 and solve for the error (n) = Re(n)  R¢(N).

— Rt Rmin (N) ) )
Re(n) = Ra(N)  Rumin (N) (Ra(n)  Rmin (N)) + Rmin (N) (2.9)
(nN) = Re(n)  Ri(n) (2.10)

Thus, we can use this error measure for both our indicator andjuanti er. When (n) >
0, the indicator signals that action must be taken. The magniude of (n) quanti es how

many bits should be removed from the bitstream.
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2.2.2 Bit Allocation with the Selector and Actuator

The bit allocation problem of JPEG transcoding is determining which parts of the bitstream
should receive bitrate reduction and how should bitrate rediction occur. These are the
aspects of bit allocation that the selector and actuator addess. Keep in mind that we
would like to achieve the greatest reduction in bitrate for the smallest distortion cost. The
solution implemented here exploits the JPEG speci cationsof entropy encoding to obtain
large savings in bits for small distortions.

The JPEG bitstream is comprised mostly of Hu man codes and residue strings for the
AC coe cients. The length of the residue string is dictated by the value returned by the
Hu man code. Thus, if we can reduce the length of the Hu man code, we can directly
save several bits. Since smaller coe cient values are usubl more frequent than larger
values, the small values are usually assigned shorter Hu ma codes. Consequently, we can
achieve savings in both the Hu man code and the residue if thecode is shortened. Codes
for AC coe cients are assigned based on the run-length of zeses and the binary size of
the coe cient. We cannot change the run-length of zeroes wihout radically altering the
block, but we can subtly change the binary size of a coe cient If the value to be encoded
is a power of 2, it can be decremented by 1, and its binary size W be reduced by 1. The
Hu man code shortens, the residue shortens, and several bétare saved as a consequence of
merely decrementing a single coe cient value. Bit savings ae maximized while coe cient
distortion is minimized.

The selector in this case selects all quantized DCT coe cies that are a power of 2.
However, since 1 is also a power of 2, all 1's will decrement t0, eliminating that particular
component of the DCT entirely. To avoid this, the selector omits values of 1 when selecting
powers of 2. The actuator in this case is the action of decrenming the value.

Another source of bit savings may be achieved if the number oftu bytes is reduced.
Recall that a stu byte is a 0x00 inserted after the occurenceof OxFF in the entropy coding
bitstream. In other words, if a Hu man codes and residues fom a byte-aligned sequence of
eight 1's, then eight O bits are inserted. Bits may be saved ifve could avoid the use of stu
bytes by avoiding the creation of a byte-aligned sequence dight 1's. However, we cannot
arbitrarily ip any of the eight 1's. If we alter a Hu man code , the decoder will reach an

error, thus we can only change residues. When altering a redue, we do not want to change
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its value by a large amount, so we should ip the least signi cant bit that still prevents the
writing of OxFF to the bitstream.

Suppose we have a bit bu er in which the leftmost 8 bits will determine the next byte
written to the JPEG bitstream. Hu man codes and residues are alternately appended on
the right, with their most signi cant bit being the leftmost bit. The leftmost 8 bits can

contain any of the following:

1. only bits from Hu man code (H)

2. only bits from residue (R)

3. end of Hu man code, start of residue (HR)

4. end of residue, start of Hu man code (RH)

5. end of Hu man code, entire residue, start of Hu man code (HRH)
6. end of residue, entire Hu man code, start of residue (RHR)

7. Any of items 3{6 with HR or RH pairs inserted in the middle of the sequence.

We will now go through this list of cases and determine those Wwich may produce OxFF.
If a case produces OxFF, we must determine which of the 8 bitsa ip, while perserving
Hu man codes and minimizing the change in residue. Immediaely, we see that case 1 is
unmodi able.

No Hu man code may be all 1 bits because the JPEG standard has eclared that \codes
shall be generated such that the all-1-bits code word of anydngth is reserved as a pre x for
longer code words" [4]. Using this information, cases 6 and Will include an entire Hu man
code and are guaranteed to never produce OxFF.

In all of cases 2{5, we can just ip the least signi cant bit of the residue that still
lies within the leftmost 8 bits of the bit bu er. The selector determines cases 2{5, and
the actuator ips the residue bit; together, this is the bit a llocation scheme for stu -byte
avoidance.

The nal transcoding solution implements both the decremerting of powers of 2 and
stu -byte avoidance. These two selector/actuator pairs are both activated when the indi-

cator/quanti er returns a value greater than zero. Otherwi se, encoding proceeds normally.
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Thus, the decrementing and stu -byte avoidance are either both active or both inactive.
Since stu bytes are typically rare occurrences, most of thebit reduction will arise from

decrementing.

2.3 Software Architecture

The complexity and e ciency constraints on the transcoding process necessitated the de-
velopment of an entirely new decoding and encoding framew&t The popular open-source
Independent JPEG Group libraries [3] are extremely versatie, handling many JPEG for-
mats (in addition to baseline), performing complex postpracessing, and o ering dynamic
memory management. Although the memory management optionsnay seem bene cial for
applications in embedded systems, the non-baseline and pipsocessing routines are su-
per uous features that in ate the code base and keep state ifiormation that this project
will never utilize. A custom-built framework allows ne con trol over every aspect of the
transcoding process, operating on only the necessary phasef decoding and encoding. This
chapter outlines the design choices made for the transcodgframework, including design
patterns, modules, and data ows.

E ciency, in terms of speed and memory usage, is a primary corern in the design of this
framework. Processing time is reduced by eliminating all DA calculations and operating
entirely within the frequency domain. While decoding, the inverse DCT is unnecessary
because the forward DCT will be immediately applied during encoding. In the framework,
decoding proceeds until just before the inverse DCT, the frquency domain coe cients are
manipulated, and encoding writes the coe cients to the JPEG bitstream. Rather than
store all the coe cients of the entire image in memory before encoding, memory can be
saved if the transcoding operates on smaller units, such asnaviCU or an 8x8 block of DCT

coe cients. Figure 2-5 shows the block-by-block processig in this transcoding framework.

JPEG

Bitstream ) ) To File
_ .| Human | .| Dequantize | .| Transcode | .| Quantize | .| Human -
8x8 block Decode Encode

Figure 2-5: The block-by-block transcoding in this framewak. Note that no DCT or
inverse DCT is performed, and all transcoding operations ae in the frequency domain of
DCT coe cients.
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The transcoding framework uses the observer design pattetnin the observer design
pattern, when an object changes its state, it raises an evenand noti es any observers who
are listening for that particular event. The object publishesthe event to its subscribers
Each subscriber then performs actions relevant to informaiton contained in the event. With
the observer pattern, the design becomes very modular. Sered subscribers may respond
to the same event, each with completely di erent functionality, and related functions can
be packaged into one module. Also, the observer pattern alles the transcoding to proceed
in an online fashion without keeping too much state in memory As soon as a data unit is
decoded, a subscribed encoder can immediately encode it.

There are four basic modules in the transcoding framework: he decoder, the encoder,
the statistics collector, and the transcoder. The decoder eads the original JPEG bitstream
and produces data for manipulation. The decoder is the main pblisher of information
to subscribers. The other three modules may subscribe to decler events. As mentioned
earlier, if an encoder subscribes to the decoder, it immedtaly encodes the recently decoded
data. If a statistics collector subscribes to the decoder, ti gathers information such as
histograms of DCT coe cients and counts of Hu man symbols. | f a transcoder subscribes
to the decoder, it manipulates the decoded data and re-pubshes the new data. Here, the
observer pattern becomes very handy. The encoder and collers can subscribe to the
transcoder to encode and count the new data just as easily a$ they were subscribed to
the decoder directly. Di erent collectors may also be custonized to perform speci cally for
the decoder, transcoder, or encoder.

Data ow throughout the framework is outlined in Figure 2-7. A rst pass decoding is
allowed to collect global image statistics. In this rst pass, statistics collectors subscribe
to the decoder. Transcoding occurs on the second pass. Theaimscoder subscribes to the
decoder, the encoder subscribes to the transcoder, and arfa#r collector subscribes to the
encoder to track encoder statistics. Thus, the decoder is m twice, and only the sub-
scriptions are changed. Since statistics are only useful tthe transcoder when manipulating
coe cients, collectors are encapsulated in the transcoder Pseudocode for the main program
appears in Figure 2-8.

The modules in this framework are data structures that occupy space in the memory
heap. The largest data structures in this program are shownn Figure 2-9 and include the

histogram of quantized coe cients, the read and write bu er s of the decoder and encoder,
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JPEG Input
Bitstream
— = Decoder

DC
AC
block

Histogram

Figure 2-6. Data ow in the JPEG transcoding framework durin g the decoding pass ( rst
pass). The JPEG bitstream is decoded block by block. The deater publishes block data
and DC and AC symbols to the histogram collector.

JPEG Input JPEG Output
Bitstream block block Bitstream
Decoder Transcoder Encoder
DC DC
AC AC
block block
Decoder Histogram Encoder
Statistics Statistics

Figure 2-7. Data ow in the JPEG transcoding framework durin g the transcoding pass
(second pass). The JPEG bitstream is decoded, transcoded,nd encoded block by block.
In addition, both the decoder and encoder publish block dataand DC and AC symbols
to their respective statistics collectors. The transcoderhas access to the statistics in both
collectors and the histogram when manipulating the JPEG bitstream.
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create decoder from original file
create transcoder

link transcoder to decoder

decode entire image (collect statistics)

reset decoder

reset transcoder

create encoder

link transcoder to decoder and encoder

decode entire image (transcode and write new image)

destroy decoder
destroy encoder
destroy transcoder

Figure 2-8. Pseudocode for the main program of the proposedREG transcoder. Because
of the observer design pattern, the main program can simplyihk publishers to subscribers,
then decode the input JPEG image in two passes. The output imge is produced automat-
ically by the subscribing transcoder and encoder.

Data Structure Bytes
Transcoder 256
Decoder Read bu er 4096
Hu man decoders 968
Quantization tables 256
Encoder Write bu er 4096
Hu man encoders 2304
Quantization tables 256
Histogram 25K
Heap (optional) 80K
Total with heap 117K
Total without heap 37K

Figure 2-9: Memory usage of data structures in the transcodig framework.
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the quantization tables, the Hu man decoders and encoders,and an optional heap data
structure used to keep track of blocks with high AC energy (se Section 3.2). The histogram
keeps 32-bit unsigned integer counts for 2 quantization takes, 64 zig-zag scan entries, and 50
values, requiring 25KB of memory. The read and write bu ers each store 4KB of data. The
guantization tables are di erent for the decoder and encode, so there are 2 luma tables and
2 chroma tables of 8-bit parameters, requiring 512 bytes of mmory. The Hu man decoder,
as implemented by the JPEG standard [4], uses 4 arrays totalhg 242 bytes of storage. The
Hu man encoder, implemented as 2 arrays of codes and code lgths, uses 576 bytes of
storage. Four Hu man decoders and four hu man encoders reqire 3.2KB of memory. The
optional heap can store approximately 10000 nodes, each c@ining a block number (32-bit
unsigned integer) and a corresponding AC energy value (32tbunsigned integer), totalling
about 80KB. The transcoder module itself takes up very little memory, holding pointers to
all of these other data structures.

Another design pattern is implemented in the transcoder caled the strategy pattern.
This pattern simply means that several algorithms (or strategies) may implement one func-
tion. The strategy pattern becomes useful when evaluating ad comparing di erent algo-
rithms for their e ectiveness in achieving accurate bitrate control. The framework imple-
ments every algorithm in question, and the main program simgy needs switches to plug in
the correct algorithm. The implementation and results of individual algorithms are each

discussed in detail in the next chapter.
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Chapter 3

Experimental Results

A data set of 29 JPEG photos was collected, containing divers scenery that included in-
door and outdoor environments, people, faces, objects, lge smooth regions, large detailed
regions, text, numerous vivid colors, and nearly monochrora images. The intent was to pro-
vide the gamut of photos taken by ordinary users, and at the sane time test the transcoder's
response to variations in frequency and color.

As a control, the quantization tables of each test image werauniformly scaled by eight
constants to produce eight les of di erent size for each te$ image. These eight constants
were chosen as powers of 2, linear in the exponent:99; 21; 215 :::: 24 The image f (i;] )
is the j™ scaling of imagei. We use the lesize off (i;j ) as the target lesize for our
experiments. The resulting images are then compared agaihsmage f (i;j ) for lesize
accuracy, subjective visual quality of the image, and objetive peak signal-to-noise ratio
(PSNR) against the original image.

The experiments approached the two tiers of rate control seprately. First, several quan-
tization models were tested for macroscale rate control. Atr completing the macroscale
experiments, one quantization model was chosen and subsegntly used in all microscale
experiments. Several combinations of indicator / quanti er / selector / actuator were tested
for microscale rate control. Taking into account lesize acuracy, visible compression arti-
facts, and PSNR, the most e ective models and algorithms forJPEG bitrate control were
determined. Throughout all experiments, we limit our transcoding algorithms to two passes
over the image: the rst for gathering statistics and the sewmnd for transcoding operations

on the output image.
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3.1 Macroscale Results

Macroscale rate control experiments were used to determinthe best method of modifying
the guantization tables to accurately achieve a target lesze. Chapter 1 introduced two
guantization models, the Qualcomm Model and the Sherlock Fomula Model. These two
models were implemented as described, however, this implemtation of the Qualcomm
Model only encoded the image once because of our two-pass triction on the transcoder.
The -domain analysis described in Section 2.1 was also used inighset of experiments.
Figure 3-1 shows the results of macroscale rate control expienents.

From Figure 3-1, the Sherlock Formula tends to overcompresghe image beyond the
target lesize, while the Qualcomm Model often does not compess enough. The -domain
analysis, however, provides encouraging results, as theselting output lesizes are within

10% error. Because the Qualcomm Model and Sherlock Formularpduce highly inconsis-
tent results, the subsequent microscale rate control expéments use -domain analysis to

scale the quantization tables.

Output Filesizes for Quantization Schemes Output Filesizes for Quantization Schemes (Inset)
1200 T T T T T 400 T T T
r-domain r-domain
+  Qualcomm 3801 +  Qualcomm + o
1000 + VvV  Formula VvV  Formula .
target = 10% 360 target + 10%
340
~ 800} ~
) )
< < 320t
() ()
N N
3 600} 3 300f
LL LL
E S 280}
3] Y, 3]
< 400t : <
260
240
200 1
220
o L L L L L 200 e L L —H_ L
0 200 400 600 800 1000 1200 200 250 300 350 400
Target Filesize (KB) Target Filesize (KB)

Figure 3-1: The test images had their quantization tables urformly scaled by several con-
stants. These lesizes were used as targets for the three ga#ization schemes: Qualcomm
Model, Sherlock Formula Model, and -domain analysis. Scatter plots of output lesize vs.
target lesize are shown. The output lesizes for the -domain analysis usually fall within

10% of the target, while the Qualcomm Model undercompresseasnd the Sherlock Formula
overcompresses.
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Macroscale rate control is achieved through modi cation of the quantization tables.
The methods that scale the original tables obtain better lesize accuracy. The relationship
between bitrate and the number of zero-valued quantized coeients was veri ed to be
linear. Through the use of a histogram, this linear correlaion is exploited to achieve lesize
control accurate to within  10%. Because the human visual system is more sensitive to
brightness and low frequencies, scaling the quantization réries favors these components

and discards more information in high frequencies and colocomponents.

3.2 Microscale Rate Control

Microscale rate control experiments were used to determinghe best method of modify-
ing the DCT coe cients intra-image to accurately achieve a target lesize. Because our
transcoding framework was built to encode one 8x8 block of amcients immediately after
decoding it, we can modify the coe cients between the decodeand encode steps. Given
the statistics of the rst pass and the statistics gathered during progress of decoding and
encoding the current (second) pass, the transcoder module ust determine how to change
the coe cients a block before it is encoded. Recall from Sedbn 2.2 that there are four
basic parts to microscale rate control: the indicator detemines when action is necessary,
the quanti er calculates how much action is necessary, the slector chooses which parts of
the image should receive action, and the actuator takes bitate-reducing action. These four
parts must operate intra-image, when a portion of the image las been transcoded and the
remainder is unknown.

This section rst approaches microscale rate control from a -domain perspective. When
this is discovered to produce unacceptable distortion artiacts in the image, we rede ne the
indicator. This new approach also proves unsatisfactory, ad the algorithm described in

Section 2.2 is nally tested and shown to produce the desiredesults.

3.2.1 The -Cumulative Thresholding Algorithm

Keeping with the -domain analysis that proved so successful for macroscalemtrol, one
could ask the question, \During the transcoding, given the amulative -domain slope in
the decoded original image so far, and the cumulative numbef zeroes encoded so far,

what should the current number of bits in the encoded image b&" From this question, the
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de nition of the indicator and quanti er is as follows:

Rd(n) Rmin (n)

- Zg(n)  Zmax (N) (3-1)
Rit(n)= (ze(n) z4(n)) Raq(n) (3.2)
(nN) = Re(n) Rt (n); (3.3)

where, at the n" block in the image, Rq(n) and Re(n) are the cumulative number of bits
decoded and encodedzg(n) is the cumulative number of zeroes,znax (n) is the maximum
number of zeroes, anR ; (n) is the target intra-image bitrate. The error term  (n) is both
the indicator and quanti er and is called the -domain cumulative indicator.

Because the target intra-image bitrate R (n) is dependent on the number of zeroes
Ze(n), the actuator should produce zeroes. This is called a thrdwlding actuator, which
nulli es coe cients in reverse zig-zag scan order as long aghe quantier  (n) is positive.
The highest frequencies in a block will be zeroed before thel frequencies. However, it is
possible that an entire DCT block may be thresholded to zero alues. To prevent this, the
selector employs the block mask in Figure 3-2 to preserve lofrequency DCT coe cients

because the human eye is more sensitive to these components.

0 0000 1 11
0 000 1 1 11
0 001 1 1 11
0 01 11111
01 11 11 11
11111111
11111111
11111111

Figure 3-2: The block mask that preserves low-frequency coponents in a block of DCT
coe cients. Coe cients eligible for thresholding are indi cated by 1's in the mask.

Within a block, the block mask determines which coe cients are eligible for threshold-
ing. The selector must also choose which blocks are eligibler thresholding. Blocks with
high AC energy* in their DCT coe cients require many bits to encode and have many bits
that we can discard. The selector picks the top one-eighth o&éll blocks with the highest AC

energy using a heap data structure to keep track of these blds. As one might imagine,

LAC energy is de ned as the sum of the squares of the dequantized AC coe cients.
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this heap may incur signi cant computation time and memory r equirements, since there
may be tens of thousands of blocks in a given JPEG image.

Together, the -cumulative indicator, the high-energy high-frequency séector, and the
thresholding actuator are called the -cumulative thresholding microscale rate control algo-

rithm.

3.2.2 The Bit-Cumulative Thresholding Algorithm

Note that the -cumulative indicator depends entirely on the intra-image statistics of the
image; in other words, the error (n) is only a function of the statistics up to the n block.
We have not exploited knowledge of the original image statiscs gained during the rst
decoding pass. For this reason, the -cumulative indicator is prone to gross overestimations
of the intra-image bitrate error term  (n), especially in the early stages whem is small.

While it is unreasonable to store the decoded bitsR4(n) for all n in the original image
because that would require signi cant storage space, it is ®tirely reasonable and very
bene cial to store the end-state of the imageRy(N), the number of AC bits decoded at
completion. From this logic, the bit-cumulative indicator is de ned with an expected intra-
image bitrate R;(n) that is proportional to %, where Rt is the target number of AC
bits of the newly encoded image at completion. The error termis (n) = Re(n)  R¢(n),
where Re(n) is the actual number of AC bits encoded at then™ block. See Section 2.2 for
a more detailed explanation of this indicator.

The next set of experiments uses this bit-cumulative indicdor, keeping the high-energy

high-frequency selector and the thresholding actuator.

3.2.3 The Hu man/Stu Byte Algorithm

Zeroing coe cients causes a large change in value for the tresholded frequency component.
We may need an actuator with a more subtle e ect on the coe cient values that still
produces savings in bits. We can exploit the entropy encodig of the JPEG bitstream to
reduce the bitrate by merely decrementing certain DCT coe cients. The idea is that we
reduce the size of the Hu man code and the corresponding redue string by decrementing
a single coe cient, saving several bits in the process. In adition, the extraneous stu
bytes in the JPEG bitstream can be avoided, saving eight bitsby ipping one bit. This

de nes a new selector and actuator, as described in Section.2 We continue to use the
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bit-cumulative indicator for these experiments.

3.2.4 Microscale Results

As with the macroscale experiments, we begin evaluating themicroscale algorithms by
examining their accuracy in reaching a target lesize. Figue 3-3 shows these results using
macroscale -domain analysis in combination with the three di erent mic roscale algorithms.
The lesizes of images without microscale rate control are o plotted. Note that all
microscale algorithms cause lesizes to fall below the coasponding lesize created without
microscale rate control.

The -cumulative algorithm tends to overcompress, producing erors greater than -10%.
This is due to the fact that the indicator is poorly projectin g the target intra-image bitrate
and inducing more thresholding than necessary.

The bit-cumulative and Hu man/stu byte algorithms perfor m remarkably better by
using the bit-cumulative indicator. By using more information from the decoded image, a
better estimate of the intra-image bitrate is projected, allowing the actuator to save bits
at more necessary times and in more accurate quantities. Imrestingly, the Hu man/stu
byte algorithm never exceeded the target lesize for all 29 mages, while the bit-cumulative
algorithm occasionally did not compress enough.

Looking at the lesize accuracy of the three options for microscale rate control, the bit-
cumulative and Hu man/stu byte algorithms produce the bes t results with most errors
roughly between +5% and -10%. These two algorithms share théit-cumulative indicator,
implying the bit-cumulative approach produces more accurade results than the -cumulative
approach.

Intra-image AC bitrates are examined in Figures 3-4 and 3-5.Test image 14.jpg had its
guantization tables scaled by 4, and the resulting lesize,252KB, was used as a target for
the encoded image. Intra-image bitrates as a function of théblock number n were obtained
during the transcoding of this image and are plotted in these gures.

The plot on the left of Figure 3-4 shows the intra-image bitrate of the original test
image as a solid line. The dashed line represents the intrariage bitrate of the transcoded
image without using an actuatorjonly macroscale rate contr ol was performed by scaling
the quantization tables with -domain analysis. Note that the dashed line is roughly a

scaled version of the solid line, demonstrating our assumjpbn that the encoded image has
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Output Filesizes for Microscale Algorithms Output Filesizes for Microscale Algorithms (Inset)
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Figure 3-3: Scatter plots of output lesize vs. target lesize are shown. The -cumulative
algorithm tends to overcompress. The bit-cumulative and Human/stu byte algorithms
produce lesize errors roughly between 0% and -10%.

X 106Intra-image bitrates for image 14.jpg X 105 Intra-image expected bitrates
T T T 18 " - .
original macro only
— — — macro only 16 rhocumul . .
. — + — - bitcumul /

AC bits
AC bits

0 2 4 6 8 0 2 4 6 8
Intra-image block number (n) x 104 Intra-image block number (n) N 104

Figure 3-4. The actual and expected intra-image bitrates fo image 14.jpg. The actual
bitrates on the left plot show that the compressed image has itrate roughly proportional
to the original image. The expected bitrates on the right pla converge to the same nal
value.

32



intra-image bitrates proportional to the original image.

Figure 3-4 shows the expected bitrates using the two indicairs we have de ned. On
the right, the same macroscale-only bitrate line is now show as a solid line. The dashed
line plots the expected bitrate R (n) as de ned in Equation 3.2. The dash-dotted line
plots the expected bitrate R;(n) as de ned in Equation 2.9. Both the expected bitrates
converge to the same value at the last block, namely the targebitrate. Convergence to
the target bitrate should be a necessary condition for evenyindicator, since we would like
the transcoded image to meet the target bitrate at completicn. Note that the -cumulative
indicator (dashed line) in this case is always less than the @ual number of bits encoded
(solid line), and that the bit-cumulative indicator (dash- dotted line) is sometimes greater
than the actual bits encoded. The errors between actual and xpected bitrates are plotted
in Figure 3-5.

The rst plot in Figure 3-5 shows the error (n) as de ned in Equation 3.3 when only
macroscale rate control has been applied. The dash-dottedre plots (n) with the selector
and actuator applied. Since the error is positive, the -cumulative microscale rate control
algorithm does its best to reduce the error but cannot elimirate it at any point in the image.

The second plot in Figure 3-5 shows the error(n) as de ned in Equation 2.10 when only
macroscale rate control has been applied. The dash-dottedrle plots (n) with the selector
and actuator applied. Thresholding is applied only when theerror is positive, returning the
error to zero, as is the case around the 20,080 block. Thereafter, the two plots with and
without thresholding are parallel until the error becomes positive again. The bit-cumulative
microscale algorithm cannot completely eliminate the erra by the end of the transcoding
process.

The third plot in Figure 3-5 shows the same dashed line as theexond plot, since the
Hu man/stu byte algorithm uses the same indicator as the bi t-cumulative algorithm. The
dash-dotted line plots (n) with the selector and actuator applied. This line is similar to
the dash-dotted line of the second plot, but the error at the nal block is much smaller.

By examining the intra-image expected bitrates and error tems, we can get a sense of
the behavior of each microscale rate control algorithm. The -cumulative algorithm tends
to overestimate the error. In addition, since the intra-image target bitrate R (n) depends
on zg(n) from Equation 3.2, any actuator that changes z.(n) will a ect future values of

R (n). The intra-image target bitrate should not change as a consquence of the actuator,

33



X 104 Intra-image error in expected bitrate for image 14.jpg with target size 252KB

15 T T T T T T e
— — — rhocumul (macro only) e
rhocumul -
—
= 10 P i
[ _ - -
g -
TS _ - ]
—
~
~
~
-
0 - 1 1 1 1 1 1
0 1 2 3 4 5 6 7
x 10°
xlO5
2 T T T T T T
isH 7 bitcumul (macro only) |
' bitcumul 4
~
-
= 1F P ]
T -
é 05 o P s 4
W o= == = = - _c i
-05 | ]
-1 1 1 1 1 ! ]
0 1 2 3 4 5 6 7
xlO4
x10°
2 T T T T T T
isH T T 7 bitcumul (macro only) |
: huffstuff 4
~
~
= Ir - 7
T -
E 05 o . s 4
I - = -~ ]
-05 | ]
-1 1 1 1 1 ! ]
0 1 2 3 4 5 6 7
Intra-image block number (n) X 104

Figure 3-5: The intra-image error calculated as the di erernce between actual bitrate and
expected bitrate. The bit-cumulative indicator produces eror values near zero in the second
and third plots. The Hu man/stu byte actuator has the small est nal error in bitrate.
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otherwise we are not guaranteed to converge to the nal targébitrate. The bit-cumulative
target bitrate R;(n) from Equation 2.9 is una ected by anything the actuator can modify,
guaranteeing convergence to the nal target bitrate. The Hustu /stu byte actuator
appears to obtain faster convergence than the thresholdingctuator.

Next, the image quality produced by each microscale option s analyzed using peak
signal-to-noise ratio (PSNR). The luma component receivespecial attention when calcu-
lating PSNR because the human visual system is more sensitvto brightness rather than
color. Given the luma components of the original imagel vy, a transcoded imageiy, and a

maximum pixel value of 255, the PSNR is de ned as:

MSE =(ly iy)?

255
PSNR =20lo P 3.4
Jd10 MSE (3.4)

Figure 3-6 samples four images out of the test set of 29 and @® PSNR against lesize
for each microscale rate control algorithm. The control image (uniform quantization) and
macroscale-only image have their PSNR plotted for referere.

In most cases, the Hu man/stu byte algorithm performs slig htly better than the bit-
cumulative algorithm. This result veri es the claim the decrementing DCT coe cients
usually produces less overall distortion than zeroing the e cients.

The -cumulative option regularly produces the lowest PSNR, as an be expected from
the greater compression seen in Figure 3-3. Likewise, the meoscale-only image has the
best PSNR because every microscale option shaves bits frorhé macroscale-only image. In
addition, the macroscale-only image has better luma PSNR tlan the control image because
the quantization tables have been scaled to favor the luma amponent.

The anomaly in image 14.jpg at lesize 430KB is probably exphined by a circumstantial
occurrence of many powers of 2. This creates many opportungs for the actuator to
decrement coe cients and, therefore, increase the mean saared error (MSE).

Quantitatively, the Hu man/stu byte algorithm appears to  produce images with good
PSNR. Qualitatively, this algorithm also shows fewer compeession artifacts than the other
two options. Figure 3-7 shows a cropped portion of image 14 using the three microscale

rate control algorithms. Note the discontinuities and compression artifacts on the strokes
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Figure 3-6: PSNR of the luma component vs. output lesize forfour images using various
miocroscale rate control algorithms. In most cases, the higest PSNR was produced with-
out microscale control. Images from the Hu man/stu byte al gorithm usually had higher
or comparable PSNR to images from the bit-cumulative algorthm. The -cumulative algo-
rithm consistently produced the lowest PSNR.
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of the "M'. These distortions appear less severe in the imageroduced by the Hu man/stu
byte algorithm. This compression artifacts shown in this cropped image is representative
of those seen in many other images in the test set.

The Hu man/stu byte algorithm appears to have many advanta ges over the other
microscale rate control options. First, because the actuatr performs on powers of 2, there is
no need for a large heap data structure to keep track of blocksvith high AC energy, as would
be required for both the -cumulative and bit-cumulative options. Second, the lesizes
produced are reliably accurate and reasonably precise. Thi, the PSNR of the transcoded
images are comparable to or better than the PSNR produced wh other algorithms. And

fourth, the subjective image quality has fewer perceived capression artifacts.

3.3 Summary

Using a test set of 29 images for a representative sample of H& images that exist, we
conducted experiments on various rate control algorithms. Control images were created
by uniformly scaling the quantization tables of an image by eght known constants. All
subsequent experiements used the lesizes of these controhages as their target lesize.
All subsequent comparisons between algorithm results are ith reference to these control
images as well.

First, experiments on scaling the quantization tables wereconducted to determine the
best macroscale rate control algorithm. The Qualcomm Model Sherlock Formula Model,
and -domain analysis were tested, and -domain analysis achieved, by far, the most accu-
rate output lesizes.

Second, experiments on intra-image bit reduction were condicted to determine the best
microscale rate control algorithm. The -cumulative, bit-cumulative, and Hu man/stu
byte algorithms were tested, and the last performed very wdlon several fronts. The Hu -
man/stu byte algorithm has low memory requirements, achieves accurate and precise out-
put lesizes, produces high PSNR, and exhibits minimal compession artifacts.

Together, -domain analysis for macroscale rate control and the Hu marstu byte
algorithm make up the best solution for the rate control and hit allocation problem of
JPEG transcoding, achieving a target lesize accurately ard e ciently, and minimizing

distortion and compression artifacts.
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Figure 3-7: This image was cropped from image 14.jpg after itvas transcoded with the
-cumulative (top), bit-cumulative (middle), and Hu man/s tu byte (bottom) algorithms.
Compare the discontinuities and compression artifacts on e strokes of the "M'.
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Chapter 4

Conclusion

Digital images have become a ubiquitous part of everyday lg, becoming as much a means
of communication as letters, phone calls, or emails. Wirelgss carriers and handset manufac-
turers are engineering solutions to allow picture messagin over wireless networks. In such
applications, resources such as bandwidth, airtime, procgsor speed, and device memory are
limited. At the same time, camera phones are becoming more gable of producing high
quality images. Thus, the need arises to store and share thesimages without consuming
scarce resources. The JPEG transcoder designed in this papaddresses this issue by pro-
viding a fast and memory-e cient utility for compressing a g iven JPEG image to a target
lesize while maintaining the best quality possible.

To develop this solution, an entirely new decoding and encoithg framework was built to
avoid the pitfalls of bloated third-party code. First and fo remost, the framework provides
only essential functionality, which means decoding and eneding JPEG baseline images
without DCT calculations and only operating on the frequency domain DCT coe cients.
To gather statistical information before transcoding, the framework allows a rst pass for
decoding before a second pass for transcoding and encoding.

Furthermore, the framework needed the exibility to experi ment with di erent algo-
rithms, so a modular design was used. The decoder publishes$deks to a statistics collector
and to the transcoder. The transcoder uses information fromall statistics collectors to
publish a transformed block to the encoder. The encoder naly writes the block to a le,
publishing the block to another statistics collector. This publishing technique uses the ob-

server design pattern. Also, the strategy design pattern dbwed the substitution of various
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algorithms to perform the same task. The transcoder conceptally operates on two tiers of
rate control: macroscale rate control by modifying the quarization tables; and microscale
rate control by modifying the DCT coe cients intra-image.

Numerous experiments were performed using this transcodm framework on a test set
of 29 images that gave a fair representation of a variety of tpical JPEG photos. Control
images were created by uniformly scaling the quantization &bles of each test image by eight
known constants, producing eight smaller les for each testimage. The two tiers of rate
control were approached separately. The evaluation metricconsisted of three parts: rst,
the accuracy and precision of the output lesize with respet to the target lesize; second,
the PSNR of the output image with respect to the original image; and third, the subjective
visual image quality.

Building upon the work of He and Mitra [1], the JPEG transcoder exploits a linear
relationship between the number of zero-valued quantized BT coe cients and the bitrate.
Using this relationship and a histogram of coe cients, it is possible to determine the best
way to scale the quantization tables of an image to approach darget lesize. As the
image is being transcoded, an intra-image process makes nan corrections, saving more
bits as needed throughout the transcoding of the image. Thisntra-image process cleverly
decrements speci ¢ coe cients, minimizing the change in vdue while maximizing the savings
in bitrate. The result is a JPEG transcoder that is fast, reliable, accurate and e cient at
achieving a target lesize and preserving as much image quéy as possible.

Although much progress has been made and great results werecldieved, there is still
much room for future work in every aspect of the transcoder. Br macroscale rate control,
one could imagine changing the strategy for picking scalindactors in the quantization tables
to achieve a target number of quantized zeroes.

For microscale rate control, the bit-cumulative algorithm showed much promise. Perhaps
a better selector could be designed. Instead of using a heaw tkeep track of the highest
energy blocks in the image, just determine a threshold as a peentage of the highest AC
energy; if a block has more AC energy, it is eligible for bitrde reduction. This eliminates the
memory requirement and computational complexity needed fo a heap. The selector may
also use a di erent block mask, perserving more or fewer coecients, or even preserving
the set of horizontal, vertical and diagonal frequency compnents. A new indicator could

be de ned, but it appears that the bit-cumulative indicator was robust enough to produce

40



accurate results for two di erent actuators.

The PSNR is a commonly used objective metric for image quali. But its does not
accurately re ect the human visual system. Measuring luma PSNR does not consider color
information, which still contributes signi cantly to imag e quality. Perhaps weighting the
components before computing PSNR would address this. Alsathe perception of low- or
high-frequency components was not considered in the PSNR nréic. Maybe an entirely new
metric should be designed, perhaps something like joint emopy.

Finally, this work has proven that a JPEG transcoder can produce a high-quality im-
age of a desired lesize quickly, reliably, predictably, acurately and e ciently. The parts
for designing such a transcoder have been identi ed and a frmework was established for
verifying the performance of these parts. A good solution wa found, and the stage is set

for a better solution to be discovered.
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Appendix A

JPEG Baseline Compression

A raw image to be encoded is rst converted to the YCbCr colorgpace. Because the human
visual system is more sensitive to brightness (luminance Y}han chrominance (color along
the blue Cb or red Cr axis), the YCbCr colorspace allows compession to retain more impor-
tant luma information and discard less important chroma information. For the remainder
of compression, the components each go through the follominsteps.

Each component may be optionally downsampled. Downsamplig is usually done by
a factor of two in either or both of the horizontal and vertical directions. Since chroma
information is less important, these components are usuayl downsampled. Common down-
sampling ratios are expressed as H1V1 (ho downsampling), N2 (chroma downsampled
in horizontal direction), and H2V2 (chroma downsampled in both vertical and horizontal
directions).

The component is then tiled into 8x8 pixel blocks so that a 2-dmensional 8x8 discrete
cosine transform (DCT) may be applied. Speci cally, the pixel values are level-shifted to
produce positive and negative values centered at 0, then th®CT type-Il is applied. This
is a common transform used in image and video compression bagse most of the energy of
the 8x8 block is compacted into a few coe cients.

After the DCT, the 64 coe cients are scaled by entries in an 8x8 quantization table.
This allows the encoding of a coe cient \level" as opposed to the actual value itself. Since
the human eye is more sensitive to low frequency componentsypical quantization tables
provide many levels for low frequencies and few levels for gh frequencies. This quantization

is the most signi cant lossy step in JPEG compression. Usudl there exists one quantization
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table for the luma component and one for both chroma componets, where the chroma table
often has larger step sizes to discard more chroma informain. The JPEG standard provides
recommended default tables; encoders may use their own cush tables.

The DCT produces one DC component and 63 AC components for elc8x8 block.
The DC component is di erentially encoded. Only the di eren ce between the current DC
value and the last DC value for a component is encoded. For cdimuous-tone images,
these di erences are usually small in magnitude. The AC compnents in the 8x8 block are
ordered according to a zig-zag scan so that the low frequencgoe cients are grouped at
the beginning of the scan and the high frequencies at the endThe AC coe cients are then
zero run-length encoded because most AC values quantize tem.

The entropy encoding of DC and AC coe cients are similar in that rst a \value" is
Hu man encoded and then a \residue" is appended. For DC, the \value" is the size, in
bits, of the magnitude of the DC di erence. The \residue" is a unique identi er for DC
di erences of that size. For example, the DC dierence -6 hassize 3 because it takes 3
bits to represent 6. Since a di erence of size 3 can by any of ; -6, -5, -4, 4, 5, 6, 7), the
number -6 is identi ed by the 3-bit residue \010", which is bi nary for 2 because -6 is the
second-lowest di erence of size 3. So to encode a DC di ereecof -6, the encoder emits the
Hu man code for size 3, and then emits three bits \010".

For AC run-lengths, the \value" is the concatenation of a \ru n" and a \size". The \run"
is the number of consecutive zeros in the zig-zag order of ACoe cients. The \size", as
before, is the size, in bits, of the subsequent nonzero coeient. The residue is the same
as the DC case. For example, suppose the zig-zag scan contsithe sequence \0003". This
produces a run of 3 and a size of 2 with residue \11". The encodemits the Hu man code
for a run/size of 3/2, and then emits two bits \11".

The encoding of AC run-lengths also has two special symbolsThe end-of-block (EOB)
symbol means the remainder of the block consists of only zees and is designated with a
run/size of 0/0. Since the size is 0, no residue is emitted. Th other special symbol is the
zero-run-length (ZRL) value, which means there are 16 consmitive zeroes in the zig-zag
scan. Since run and size are each represented by up to 4-bithe maximum value of run is
15. It makes sense, then, that the ZRL run/size symbol is 15/0(i.e., 15 zeroes followed by
a 0). Again, since size is 0, no residue is required.

Four standard Hu man tables are de ned in the JPEG standard, one each for DC
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luma, DC chroma, AC luma, and AC chroma components. These stadard tables de ne a
code for every possible symbol, and although they are subopbal, they provide complete
coverage.The entropy decoding and encoding of an image mayse the standard Hu man
tables, or other tables which may be optimized for the statigics of the image. The Hu man
tables used to encode a JPEG image are always included in theeladers of the JPEG le.

The entropy encoding of components is usually interleavednto what is called a minimum
coded unit (MCU). An MCU consists of up to 10 data units, the term for a block of 64
DCT coe cients. (The terms \block" and \data unit" will be us ed interchangeably.) For
example, if the downsampling is H1V1, one Y data unit is encodd, followed by one Cb
data unit and one Cr data unit; the three data units together form one MCU. Likewise for
H2V1, two Y data units, one Cb unit and one Cr unit comprise one MCU; and for H2V2,
four Y, one Cb and one Cr.

Metadata that stores information about the image, such as dinensions, downsampling
ratios, quantization tables, and Hu man tables, are also siored in a speci ¢ format in the
JPEG le. These regions of metadata are identi ed by two-byt e markers that begin with the
byte OXFF. In case the entropy encoding of coe cients happers to produce a byte-aligned
OxFF, a zero byte 0x00 is \stu ed" to disambiguate the entropy bitstream from a JPEG
marker (since no marker OxFFQO is de ned).

The standard de nes optional restart markers intended to hdp decoders recover from
errors. After encoding a speci ed interval of MCUs, the encaler llIs the last byte with 1's,
and emits a restart marker, informing the decoder to restartthe DC di erence calculations
at 0. Often the restart interval is the number of MCUs in one row of the image. This allows

DC di erences to start anew for each row.
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Appendix B

Test Set of Images

1.jpg (3008x2000) 2.jpg (3008x2000)

4.jpg (2877x2304)
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7.ipg (1600x1047) 8.jpg (1000x800)

11.jpg (2006x1532) 12.jpg (1024x664)
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13.jpg (1280x853) 14.jpg (1051x1378)

15.jpg (800x590) 16.jpg (800x600)

19.jpg (1024x768) 20.jpg (1389x1281)
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21.jpg (1024x641) 22.jpg (2160x1440)

23.jpg (3000x1024) 24.jpg (1280x960)
T, "’E"—-— |

25.jpg (1280x853)
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29.jpg (2592x1944)
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