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Abstract—One of the most important goals of current and future
sensor networks is energy-efficient communication of images. This
paper presents a quantitative comparison between the energy costs
associated with 1) direct transmission of uncompressed images and
2) sensor platform-based JPEG compression followed by trans-
mission of the compressed image data. JPEG compression compu-
tations are mapped onto various resource-constrained platforms
using a design environment that allows computation using the min-
imum integer and fractional bit-widths needed in view of other ap-
proximations inherent in the compression process and choice of
image quality parameters. Advanced applications of JPEG, such
as region of interest coding and successive/progressive transmis-
sion, are also examined. Detailed experimental results examining
the tradeoffs in processor resources, processing/transmission time,
bandwidth utilization, image quality, and overall energy consump-
tion are presented.

Index Terms—Fixed-point arithmetic, image coding, image com-
munication.

I. INTRODUCTION

D UE to the rapid increase in sensor platforms with imaging
capabilities, energy efficient transmission of images is

becoming increasingly important. Although it is intuitive that
image communication based on compression followed by
transmission is generally more energy efficient than direct
transmission of uncompressed images, there has been very little
quantitative study of the specific energy tradeoffs characterizing
these two approaches in the context of resource-constrained
platforms. This is due in part to the challenges involved in
implementing compression algorithms such as JPEG on such
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platforms. There is a wealth of literature and experience
regarding compression in other environments, but sensor
platforms have much more stringent limitations on memory,
processing speed, and energy consumption. In addition, unlike
devices such as camera-equipped mobile phones which are
also limited in some respects, acquisition and dissemination
of imagery is the primary function of an important class of
sensor platforms, giving the efficiency with which these tasks
are performed primary importance.

The JPEG algorithm is utilized for the work presented here.
While the newer JPEG2000 standard offers some significant
advantages over the “old” JPEG, it is much less widely de-
ployed and also requires full-frame processing which can be
challenging in light of memory limitations. As described in
[1] and elsewhere, JPEG involves partitioning of an image
into blocks of size 8 8, computation of the discrete cosine
transform (DCT) for each block, quantization, and then entropy
coding. Loss is introduced both in the quantization process and
in the DCT which, while in theory lossless, in practice intro-
duces loss due to finite precision. Quality control is effected
through adjustment of the quantization step sizes. Choosing
small quantization step sizes leads to more accurate coefficient
representation and higher image quality, but also results in
larger compressed image files.

Energy-aware data compression has previously been exam-
ined by Barr and Asanović in [2], and by Sadler and Martonosi
in [3]. Both papers investigate the effectiveness of various loss-
less data compression algorithms such as “LZO” and “bzip2”
on constrained embedded platforms. The results demonstrate
significant energy benefits when transmitting/receiving com-
pressed data over uncompressed data, primarily due to the
higher energy costs associated with communication versus
computation. In comparison to lossless data compression, lossy
image compression involves a wider range of tradeoffs because
the quality of the image is related to the energy consumed
during compression and transmission. Wu and Abouzeid [4]
have studied the problem of energy-efficient image transmis-
sion in a multihop wireless sensor network using JPEG2000
compression on a StrongARM SA-1000 processor. For a
given image quality requirement and transmission distance, an
algorithm for finding the best set of JPEG2000 compression
parameters is described. Results indicate that large fractions
of the total energy are spent on computation due to the high
complexity of JPEG2000. In [5] Taylor and Dey examine
effects on energy, quality, and speed using JPEG compression
when 1) different quantization tables are used and 2) computa-
tion on the high-frequency components is selectively omitted.
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Fig. 1. JPEG compression algorithm.

An adaptive system is described in which quantization and
high-frequency handling are varied in order to meet image
quality and energy consumption constraints.

In contrast with the previous work in this area, we direct at-
tention to the issue of mapping JPEG onto resource limited pro-
cessors using a design environment that makes specific use of
native word lengths of the target processor. In traditional JPEG
implementations, the precision used in computing the DCT is
often far greater than is necessary in light of the rounding oc-
curring in the quantization process. Furthermore, the precision
is often excessive in light of the approximations inherent in the
particular DCT algorithm being used. For example, the DCT is
often implemented using fast algorithms based on integer mul-
tiplies that only roughly approximate samples of a scaled cosine
function. Thus, the present paper provides the following contri-
butions.

• We adopt an energy-aware approach ensuring that the
JPEG computations utilize the minimum precision needed
to ensure that quantization, not insufficient precision,
remains the dominant source of error. To accomplish this
we develop a design framework that analytically deter-
mines the optimum integer and fractional bit-widths for
the signal paths in the compression process and is able to
guarantee a specified precision.

• We utilize this framework to automatically generate plat-
form-targeted JPEG C code and perform experiments using
the Atmel ATmega128, TI MSP430, TI TMS320C64x, and
Analog Devices Blackfin ADSP-BF533 processors to mea-
sure the energy savings resulting from the precision opti-
mization process.

• Having obtained optimized JPEG implementations, we
then measure the energy consumed by the compression
process and subsequent transmission of the compressed
data and compare this with the energy required to transmit
the images in their uncompressed state. While the general
result that compression/transmission is typically more
energy efficient than transmission without compression is
expected, we are not aware of any previous publications
examining the specific quantitative aspects of the associ-
ated tradeoffs in terms of processor resources and overall
energy consumption in the context of sensor platforms
running platform-targeted software.

Some earlier aspects of this work were presented in [6]. The
present paper presents substantial new results on this topic, in-

cluding detailed discussion on JPEG optimization, region of in-
terest coding, transmission of successive images, progressive
transmission, and a comprehensive set of results.

The rest of this paper is organized as follows. Section II
describes our approach for achieving platform-targeted JPEG
compression. Section III discusses advanced applications of
JPEG such as region of interest coding, successive images, and
progressive transmission. Section IV provides experimental
results and concluding remarks are given in Section V.

II. PLATFORM-TARGETED JPEG

A. JPEG Compression
JPEG is the most widely used lossy image compression stan-

dard. The main steps of JPEG compression are illustrated in
Fig. 1. If the original image is in format, it is converted
into format where is the luminance component and

and are chrominance components. Since the human eye is
less sensitive to spatial detail in the chrominance components,
those images are typically subsampled. The three images are
then tiled into sections of 8 8 blocks (in pixels) and processed
separately as described below.

Each tile is level shifted to zero mean: e.g., for a pixel depth
of 8 bits, 128 would be subtracted from each pixel to bring the
range to . The level shifted block is then converted
into frequency space by performing a 2-D DCT, which is com-
monly accomplished by performing 1-D DCTs on the rows fol-
lowed by 1-D DCTs on the columns. After the DCT, quantiza-
tion is performed on the block by dividing each sample by a
quantization step size defined in accordance with a quantization
table, and rounding the result of the division to the nearest in-
teger. Quantization tables are designed such that many of the
higher frequency components will be rounded to zero [1]. The
values in the table corresponding to low frequency components
are smaller than those corresponding to high frequency com-
ponents, with the result that low frequency information will be
retained more accurately (because it is quantized using a smaller
step size) than high frequency information. To adjust image
quality, all values in the table are rescaled in inverse proportion
to a quality setting that ranges from 1 (very poor image
quality) to 100 (very good image quality), with a constant of pro-
portionality typically introduced so that corresponds
to no rescaling of the table. The final step in JPEG compres-
sion is entropy coding, a lossless compression process involving
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run-length encoding and Huffman coding. In the present work
we focus primarily on the optimization of the DCT and quanti-
zation steps, as these are lossy steps in JPEG compression and,
thus, offer the largest opportunity for potential impact in terms
of overall energy utilization by addressing precision issues.

B. Design Flow Overview

The DCT and quantization steps consist of large numbers
of additions and multiplications involving real numbers. The
most straightforward way of implementing such computa-
tions is to use floating-point representations. However, most
embedded processors found in sensor networks are highly re-
source-constrained and lack dedicated floating-point hardware.
For instance, Atmel’s ATmega128 processor, a popular choice
for sensor platforms, has a single 8-bit arithmetic logic unit
with just 128 KB of programmable flash memory. It has no
dedicated multiplication hardware, floating-point hardware, or
barrel shifters, and has a maximum clock frequency of 16 MHz.

Emulating floating-point operations via integer operations re-
tains the high precision associated with floating point but is
extremely slow, especially on 8-bit processors such as the AT-
mega128. Moreover, floating-point accuracy is rarely required
in embedded environments, meaning valuable processor cycles
and memory are wasted for computing overly precise results.
To avoid this waste, we implement the JPEG computations in
fixed-point arithmetic with specific consideration of the preci-
sion needed and the native word-length of the processor.

In systems with a short-word-length fixed-point processor,
multiword arithmetic, which uses multiple words to execute op-
erations larger than the natural processor word-length can be ex-
ploited [7], though due attention must be given to avoid overuse
of and/or unnecessarily wide multiword methods. In order to
accomplish a -bit -bit (i.e., 2-word 2-word) multiplica-
tion on an -bit processor, assuming that the processor supports
an “add with carry” instruction (which most processors do), four
multiplications and six additions are required in total. More gen-
erally, an -word by -word addition requires ad-
ditions, while an -word by -word multiplication requires

multiplications and additions. In order to
minimize execution time, it is desirable to minimize the number
of words used for each multiword arithmetic operation, while si-
multaneously meeting the user-specified output error criterion.

Fig. 2 depicts the design flow for determining the number
of required bits (or words) involved for each fixed-point oper-
ation. The “Range Analysis” step analyzes the dynamic range
of each signal and computes the minimal integer bit-widths that
avoid overflow. We define a “signal” to be an operand of an ad-
dition/multiplication operation or a result of an operation. Next,
“Precision Analysis” is performed which computes the frac-
tional bits required to each signal. Simulated annealing is em-
ployed for this step, which finds the fractional bits in conjunc-
tion with constraints such as the output error requirement and
costs associated with arithmetic operations of the target plat-
form. Once the signal bit-widths are found, an appropriate C
code fragment of the algorithm is generated.

In [8], a similar design flow was examined for generating opti-
mized hardware designs on field-programmable gate arrays. The

Fig. 2. Bit-width optimization flow.

approach described here however, differs considerably from that
in [8]; 1) in the present work we target software programs on em-
bedded processors which impose numerous constraints (limited
processor word-length, fixed data types, instruction latencies,
etc.), and 2) while [8] aims to minimize circuit area, the aim in
the present paper is to minimize processor cycles and, therefore,
energy.

C. Range Analysis

The aim of range analysis is to analyze the dynamic range
of each signal and to compute the required number of integer
bits that avoid overflow. We assume two’s complement repre-
sentation throughout. The bit-width of a signal is denoted by

, while its integer bit-width ( ) and fractional bit-width
( ) are denoted by and , respectively, i.e.,

. In two’s complement fixed-point, the of a signal
is given by

(1)

where . Reference [9] provides more
details on the range analysis approach used in this work.

D. Precision Analysis

The goal of precision analysis is to determine the minimum
fractional bit-widths ( ) of all signals that still enable satis-
fying the user-specified accuracy constraint at the output. Quan-
tization of signals is generally performed using truncation or
round-to-nearest. Although round-to-nearest results in smaller
errors, it requires an extra addition for adding the rounding con-
stant.

1) Error Models: When performing truncation or round-to-
nearest to a signal , the error due to quantization is given by

(2)
if
otherwise (3)
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where is the full precision of before quantization. With
the addition and the multiplication ,
is defined as follows:

(4)
(5)

For the addition operation , the error at the output
is given by

(6)

where and are errors associated with signals and . Sim-
ilarly, for multiplication

(7)

It is clear that is at its maximum when and are at their
maximum absolute values. The expressions in (6) and (7) form
the basis for the performing precision analysis on complex com-
putations such as the DCT.

2) Precision Analysis Example: We describe the precision
analysis procedure with the following example:

(8)

which occurs in the computation of the DCT used in this work.
, , and are inputs, and are constants, and is the

output we would like to evaluate as shown in Fig. 3. Instead of
evaluating the expression in (8) directly, the output of each addi-
tion and multiplication operator is stored in a temporary signal
( ) to allow quantization to take place. For example, assume
the ranges of the inputs are , ,
and and that the two constants are
and . The range analysis approach described in
Section II-C then gives the ranges and integer bit-widths ( )
shown in Table I. A zero or negative integer bit-width means
that the magnitude of the signal will always be less than 1, and
the specific negative value relates to the number of positions to
the right of the binary point that will always be zero. For in-
stance, the constant is represented as “0.000101 ” in bi-
nary, where first three digits after the binary point are always
zeros. Since, two’s complement fixed point is assumed here, the
corresponding is .

In order to compute the required fractional bit-widths ( )
using the expressions in (6) and (7), it is first necessary to derive
the error expressions to each signal. We assume that round-to-
nearest is performed for the constants and truncation is per-
formed for all other signals. The following error expressions can
be derived for each signal in this example:

(9)
(10)
(11)
(12)

Fig. 3. Example for precision analysis: � � � � � � � � � � � .

TABLE I
SIGNAL RANGES AND REQUIRED INTEGER BIT-WIDTHS (���)

FOR THE EXAMPLE IN FIG. 3

For a desired worst-case error requirement , one must sat-
isfy . This is an optimization problem, where the goal
is to find the minimal for a given error requirement
and output fractional bit-width . Though such optimization
problems can be addressed in a number of different ways, we
address it using simulated annealing, which is known to pro-
vide near-optimal results at reasonable computational cost [8].
Inequalities such are supplied as the constraint func-
tion and the latency costs associated with multiword arithmetic
are supplied as the cost function for the annealing process. In
the case of the ATmega128 processor, an 8-bit addition requires
a single cycle and an 8-bit multiplication consumes two cycles.
In addition, the following extra constraints are added.

1) Bit-widths must conform to the C language integer data
types, which are limited to 8, 16, 32, and 64 bits.

2) Bit-widths of the two operands for an addition or multipli-
cation must be the same. This is because the C language
performs additions and multiplications using operands
with the same data types. If the types are different, com-
pilers will cast the smaller operand to the bigger operand
during compilation. Forcing the operand widths to be
the same simply anticipates a step the compiler will take
anyway, and allows the optimization algorithm to use pre-
cision opportunities that will be introduced in compilation.

3) The two operands of an addition must share the same
since binary points must be aligned for additions. Due to
constraint 2, this also means the addition operands share
the same .

Table II shows the set of bit-widths obtained after the op-
timization process for error requirements of and
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TABLE II
SIGNAL BIT-WIDTHS FOR THE EXAMPLE IN FIG. 3 AFTER OPTIMIZATION
FOR ERROR REQUIREMENTS OF � � � AND � � � WITH A

FIXED-OUTPUT BIT-WIDTH OF � � ��

with a fixed-output bit-width of . The
shifts shown in the last column are required to perform quan-
tization and binary point alignments which will be discussed
in Section II-E. Compared to Table I, the of and
have increased from and 2 to 2 and 4, respectively, which
is necessary to satisfy constraint 3. Requirements imposed by
constraint 1 and constraint 2 have also been met. While 16 bits
are required for all signals in the case of , some sig-
nals in the case of can be represented by 8 bits. The
optimization tool preferentially targeted reduction of the mul-
tiplications rather than of additions since multiplications cost
more processor cycles. This will lead to a reduction in overall
latency due to the reduced number of words involved in during
multiword arithmetic.

E. Fixed-Point to Integer Mapping

Internally, fixed-point processors perform integer operations.
Although fixed-point libraries for the C language are available,
they generally do not provide support for negative . This
is problematic given the potential resource savings that can be
achieved by exploiting in the leading zeros which, as Table I
demonstrates, can occur commonly. This can be addressed by
performing integer arithmetic with an implicit binary point.

Shifts are conducted after each operation to perform quantiza-
tion and binary point alignment. Fig. 4 illustrates how the shifts
are computed for each operation. For instance, for the expres-
sion , the of , and are known a priori from
the precision analysis phase. The intermediate result will con-
tain the multiplication full precision of fractional
bits. To adjust the number of fractional bits according to what is
needed for , is simply shifted to the right by
bits.

Fig. 4. Computing the number of shifts required for multiplication and addi-
tion.

Consider the case in Table II when
, , and

which have of 8, 5, and 12 bits, respectively. We
use the notation to represent a fixed-point quantity

in integers with an implicit binary point. The corre-
sponding integer representations of the three inputs are

, , and .
Likewise, and . The
steps below illustrate how is computed

(13)
(14)
(15)
(16)

To compute the fixed-point quantity we simply shift by
bits to the right and keep the fractions, i.e.,

.

F. Optimized DCT and Quantization

Among the many fast DCT algorithms that have been pro-
posed, we use the LLM algorithm described by Loeffler et al.
[10], which requires 12 multiplications and 32 additions for the
8-point 1-D DCT. The LLM algorithm has been chosen for this
work because it is one of the most computationally efficient im-
plementations [11] and in addition, it has been widely adopted
(e.g., Independent JPEG Group (IJG) [12]). For the complete
8 8 2-D DCT, the LLM 1-D DCT must be performed once for
each of the 16 rows and columns, leading to a total of 192 mul-
tiplications and 512 additions.

To obtain optimized DCT and quantization, the bit-width op-
timization methods described earlier were applied to the opera-
tions in the LLM algorithm to determine appropriate bit-widths
given the precision requirement and to automatically generate
the C code appropriate to the target platform. In addition to
the three constraints described in Section II-D, we added an
extra constraint where shifts involving 32-bit integers were con-
strained to multiples of bytes. This was introduced since arbi-
trary bit shifts on 32-bit integers using processors without hard-
ware shifters can be extremely slow. Constraining such shifts
to be multiples of bytes allows the processor to perform shifts
simply by moving memory locations. To avoid division in the
quantization process, the DCT outputs were multiplied by the
reciprocal of the quantization table values. Due to the nature of
the LLM algorithm, the resulting DCT outputs are scaled by a
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factor of 8. This factor is compensated in the quantization ta-
bles.

Since the bit-widths of the standard C data types such as “int”
or “long int” can differ depending on the target platform, we use
the “inttypes.h” standard C header, which enforces target-in-
dependent fixed-size integer type definitions, and use the data
types “int8_t,” “int16_t,” “int32_t,” and “int64_t,” which corre-
spond respectively to two’s complement 8, 16, 32, and 64-bit
integers.

In standard C, a 16-bit by 16-bit multiplication returns the
least significant 16 bits of the full 32-bit result. This property
is undesirable since access to the full 32 bits is required. An
inefficient way to get the required result would be to pad the two
operands with 16 leading zeros and perform a 32-bit by 32-bit
multiplication. However, an application note from TI proposes
a more efficient syntax convention to address this problem [13].
The following C expression is used for extracting the full 32-bit
result via a 16-bit by 16-bit multiplication

This coding methodology is more efficient than the zero padding
approach, and it works on the processors considered in this
work.

III. ADVANCED APPLICATIONS OF JPEG

A. Region of Interest

In certain scenarios, such as habitat monitoring, one may
want to compress certain parts of the image that are of interest
at a higher quality than the rest of the image. Though region
of interest (ROI) coding is supported by the JPEG 2000 stan-
dard, ROI is not officially supported by the original JPEG stan-
dard. Our strategy for ROI in JPEG is to compress the image
based on two different DCT types and quantization tables. After
image capture, 8 8 blocks that are of interest are flagged. The
flagged blocks are compressed with a high quantization table
quality value, while the rest are compressed with a low

value.
Since the JPEG standard does not support two quantization

tables for an image, one can get around it by (1) using two sepa-
rate JPEG images, or (2) scaling (padding zeroes) the quantized
values of the nonflagged blocks to match the of the flagged
case.

The first strategy transmits two JPEG images: one image with
all zeros inside the ROI and one with all zeros outside the ROI.
The 8 8 blocks with all zeros will have an EOB (end of block)
symbol only, hence, have negligible contributions to the image
size. Though this strategy results in the fewest bits to transmit,
it requires a specialized decoder at the receiver to merge the
two JPEG images. The second strategy maintains compatibility
with existing JPEG decoders, but results in more bits to transmit
due to the overhead of the zero-padded data during the entropy
coding step.

B. Successive Images

Transmitting a series of frames from the same scene every
time interval is common in sensor networking applications. A

common practice is to transmit each frame individually. In this
work, however, we exploit the temporal dependencies between
frames by using intracoded frames (I-frames) and difference-
coded frames (D-frames). The D-frame of a frame is gen-
erated as follows:

(17)

where is the previous I-frame. is the difference between
and , scaled and shifted to ensure its range is between 0 and
255.

The transmitter sends an I-frame every D-frames, and both
I- and D-frames are JPEG compressed. The effect of on
the image communication energy, time, and quality will be dis-
cussed later. At the receiver size, the frame corresponding to
the D-frame is reconstructed as follows:

(18)

JPEG compression of and and the use of the flooring op-
eration performed in (17) will contribute to some PSNR loss to
frame . Note that in (17) is small in most cases and one
could implement an approach where the division of two is only
performed if an overflow is detected, which would of course in-
crease the complexity of the algorithm.

C. Progressive

Progressive transmission is supported by the JPEG standard
[1]. It is a useful feature for sensing since it allows the receiver
to view the image as it is being transmitted, with gradual im-
provement in image quality. If sufficient image detail has been
received, the transmitter can be notified to terminate the transfer,
avoiding waste in communication energy.

There are different ways to achieve progressive JPEG trans-
mission: spectral selection and successive approximation. Low
frequency coefficients are transmitted first in spectral selection,
while the leading bits of the coefficients are transmitted first in
successive approximation. These two procedures are being ap-
plied separately or combined.

IV. EXPERIMENTAL RESULTS

A. Compression

Image compression experiments were performed using
grayscale images, as this is sufficient to allow exploring the
compression speed, image quality, and energy consumption
tradeoffs of interest in the present work. As is common in JPEG
implementations, the JPEG standard quantization table [1] was
mapped to , and quantization tables for other quality
settings were generated by linearly scaling the JPEG standard
table [12].

Table III provides the latency, code size, execution time, en-
ergy consumption, and peak signal to noise ratio (PSNR) for
three test images at for the DCT and quantization
steps in JPEG. The Bird, Camera, and Goldhill images from the
“GreySet1” image archive hosted at the Waterloo BragZone [14]
are used. The code size shown includes both instructions and
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TABLE III
COMPARISONS BETWEEN IJG’S 8� 8 DCT AND QUANTIZATION IMPLEMENTATION AND THE PROPOSED ON THE ATMEGA128. THE PSNR IS COMPUTED USING
128� 128 BIRD, CAMERA, AND GOLDHILL IMAGES AT � � ��. THE IJG “FLOAT,” “SLOW,” AND ALL THE PROPOSED IMPLEMENTATIONS USE THE LLM

ALGORITHM [10], WHILE THE IJG “FAST” IMPLEMENTATION USES THE METHOD OF ARAI et al. [16] ALGORITHM

data. The ATmega128 at 8 MHz with an active power consump-
tion of 22 mW [15] is used as the target platform. Compilation
is performed via WinAVR 20060421 with “-O3” optimization
setting. As a basis for comparison, the library released by the
Independent JPEG Group (IJG) [12] is used. The first row of
the table gives the requirements for a floating point implementa-
tion in which C single-precision computations are mapped to the
processor using standard compilation approaches. As noted ear-
lier, such an approach delivers far more precision than is needed
and uses over an order of magnitude more execution time than
all of the optimized versions. IJG has released two speed-opti-
mized integer versions of JPEG code – a “slow” version with a
DCT that favors accuracy over speed, and a “fast” version that
makes the opposite tradeoff. The “slow” IJG version uses the
LLM algorithm, while the “fast” IJG version is based on Arai
et al.’s scaled DCT algorithm [16]. Arai et al.’s algorithm per-
forms an approximate DCT in which the computational com-
plexity is reduced by a factor of approximately two with respect
to the DCT used in the LLM implementation.

The PSNR results in the table show that the “slow” version
incurs no PSNR penalty over a full floating point implementa-
tion, while the “fast” version causes a 5 to 6 dB loss, which is
very significant in dB terms and visually. When mapped into the
ATmega128, the IJG “fast” version requires about half as many
clock cycles as the “slow” version.

One of the most powerful advantages of the custom precision
approach is that it offers the implementer a range of operating
point choices and provides an energy optimized implementa-
tion for the chosen operating point. Rows 4-6 of Table III il-
lustrate three such operating points. The improvements in the
mappings in rows 4-6 of the table arise because the IJG imple-
mentations use fixed-integer data types, whereas we customize
the data types for each operation via the approach described in
Section III. The proposed “slow”, “medium”, and “fast” imple-
mentations were generated by using the design flow in Fig. 2
with varying precision constraints.

Row 4 gives the results for a “slow” algorithm in which the
constraint is that there must be no PSNR loss with respect to
the floating point implementation. This is achieved using 38,364
cycles (using mostly 16-bit operations), which is approximately
25% lower than the number of cycles used by the corresponding
IJG algorithm in row 2 of the table. Row 5 of the table illus-
trates an intermediate solution in which a PSNR loss of several
tenths of a dB is allowed, and the cycle count is then reduced

Fig. 5. PSNR variation with � for Goldhill at different resolutions.

to approximately 23,000 (using mixture of 8-bit and 16-bit op-
erations). Row 6 of the table gives the result of a “fast” opti-
mization (based mostly on 8-bit operations). Notably, this more
than twice as fast as the IJG “fast” algorithm in row 3, while still
producing PSNR values that are only about 1 dB reduced from
the full floating point PSNR, and 4 to 5 dB above the PSNR re-
sults of the “fast” IJG algorithm in row 3 of the table. Thus, in
this example, the custom precision approach has enabled algo-
rithm mapping that is faster and gives more accurate DCT and
quantization results (thus, the higher PSNR). It is important to
emphasize that these results are not intended to suggest that the
IJG algorithm is “bad” in any sense; in fact it is widely recog-
nized to be quite good. Rather, the key point conveyed in the
table is that when platform-specific architectural attributes are
considered in combination with precision requirements consis-
tent with the application and precision of the underlying data,
substantial savings can be realized.

Table III also shows that quantization can account for a sig-
nificant portion of the overall compression time. The quantiza-
tion step requires multiplication with the values in the quantiza-
tion table as well as shifting and rounding operations. The At-
mega128 processor, which lacks dedicated hardware units for
such operations, uses its 8-bit arithmetic logic unit over mul-
tiple clock cycles. Note that the quantization latency does not
change with the value, since the operations are data inde-
pendent.

Fig. 5 shows the PSNR variation with for the Gold-
hill image at different resolutions. A logarithmic increase is ob-
served below , while an exponential increase can
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TABLE V
COMPARISONS BETWEEN IJG’S SLOW JPEG AND PROPOSED FAST JPEG COMPRESSION FOR AN 8� 8 BLOCK ON THE ATMEGA128 AT � � ��. ENTROPY

CODING CYCLES HAVE BEEN AVERAGED OVER THE THREE IMAGES

Fig. 6. Comparisons between the original 128� 128 Camera and its JPEG compressed versions. The JPEG images correspond to (b) the IJG “slow” algorithm
(row 2 of Table III) and the proposed “slow” algorithm (row 4 of Table III) – both “slow” methods give exactly the same image, but the proposed method is faster
by about 10,000 cycles than the IJG algorithm, (c) the proposed “fast” mapping at� � ��, and (d) the proposed “fast” at� � ��. The PSNRs of the three
JPEG images are 28.3, 27.5, and 22.8 dB. The original image size is 131 kB, images (b) and (c) have compressed size 21 kB, and the last JPEG size is 9 kB.

TABLE IV
VARIATION IN ENTROPY CODING LATENCY WITH � ON THE ATMEGA128.

NUMBERS HAVE BEEN AVERAGED OVER THE THREE IMAGES

be seen above . The PNSR gap between the slow,
normal, and fast DCTs grows wider with . This is because
a high retains more bits of the least significant parts of the
DCT coefficients; thus, the inaccuracies of the DCT computa-
tion become more pronounced. Therefore, it makes sense to use
a less accurate DCT (e.g., DCT fast) when is small, and a
more accurate DCT (e.g., DCT slow) when is large. An-
other observation from Fig. 5 is the PSNR gap between different
image resolutions. An 8 8 block of a low resolution image is
more likely to contain more high frequency components than its
high resolution counterpart, which can lead to a PSNR loss. The
PSNR gap between resolutions reduces with , since high

values preserve the data of the high frequency regions.
Table IV shows the variation in entropy coding latency as a

function of different quality factors . The latencies have
been averaged over the three images. The general trend that
higher quality settings require entropy coding of more bits is of
course expected because the associated image files are larger.
These latencies apply to both the IJG JPEG implementation as
well as the implementation presented here, as it was the DCT
and quantization steps that were subject to optimization, not the
entropy coding. The value of this table is that it provides infor-
mation that, in combination with Table III, allows comparison of
the overall latency requirements for the entire end-to-end JPEG
algorithm for the IJG and DCT-optimized approaches. One ex-
ample of such a comparison is given in Table V, which provides
a comparison of the DCT computation using the IJG “slow” al-
gorithm and the proposed “fast” approach for the case where

. As was discussed in association with rows 2 and 6
of Table III, the proposed “fast” algorithm leads to PSNR values
that are less than 1 dB lower than the IJG “slow” algorithm,
which in most applications would not be visually significant. As
Table V shows, the proposed “fast” algorithm requires about 1/4
as many cycles for DCT and quantization and the same number
of cycles for entropy coding (because no entropy coding op-
timization was performed). The total number of cycles is ap-
proximately halved, with the energy consumption reduced ac-
cordingly. That data shown in Table V would account for the
vast majority of the overall JPEG implementation complexity of
Fig. 1 (see [17]), since other operations sometimes performed in
association with JPEG compression such as color space conver-
sion, down sampling, and block extraction are relatively inex-
pensive operations. Furthermore, in many systems color space
conversion is not necessary since data is often available
straight from camera modules (e.g., Cyclops platform [18]).

Fig. 6 provides a comparison of the image quality associ-
ated with different PSNR levels and algorithm mappings for
the Camera image. Images shown are (a) the original, (b) the
result of the IJG “slow” mapping (row 2 of Table III) and the
proposed “slow” mapping (row 4 of Table III) at
(both “slow” methods give exactly the same image with a PSNR
of 28.3 dB, but the proposed “slow” mapping requires approx-
imately 10,000 fewer cycles than the IJG approach), (c) the re-
sult of the proposed “fast” mapping also at , giving a
PSNR of 27.5 dB, and (d) an example of a poor image quality
setting of . In image (d) the proposed “fast” mapping
was used, giving a PSNR of 22.8 dB, though if the IJG “slow”
mapping were used with this setting the PSNR would be
22.9 dB, which is almost identical.

Table VI provides comparisons among various platforms
for performing DCT and quantization on a single 8 8 block
via the proposed “fast” method. The voltage, clock speed,
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