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Abstract
Digital signal Processing (DSP), and in particular data analysis and compression, has been
studied for many years. However, only the recent advances in computing technology have
made it possible to use DSP in day-to-day applications. Users expect the data to be transmitted in a minimum of time and to take up as little storage space as possible. These
requirements call for efficient data compression algorithms in term of results quality and
algorithmic complexity. The users want a good data quality with very fast compression
and decompression as not to have to wait for data to be usable. Therefore, an accurate
investigation on compression algorithms performances has to be performed. The performance of an algorithm can be analyzed using two criteria: the result quality i.e. high
Signal-to-Noise Ratio vs Compression ratio and the algorithmic complexity. This report
addresses both aspects of compression. In the first part of the report, noise influence on the
compression method is stressed. The notion of algorithmic complexity is formalized using
both approaches qualitative and quantitative in the second part of the report. In the third
part, an new concept ”Integrated data compression” is introduced. In this part, we provide an optimization of On-board compression algorithm in terms of algorithm complexity
and results quality, introducing a distributed exploitation of the data in both sides remote
and user side. Application results of the method for the case study “HERSCHEL/PACS
Infrared Camera and Spectrometer” are presented in an other paper.
1 This

Work was supported by the Austrian Federal Ministry of Transport, Innovation and
Technology.
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1

Introduction and Motivation

Digital imaging has been a subject of research for several decades, but only lately has
the technology revolutionized the consumer market. This explosion in the use of digital
imagery can be attributed mainly to the significant advances in the processing power of
computers. The recent development of the World-Wide-Web (WWW) has also played a
key role in making image-data accessible over the Internet. One component that has lagged
behind consumer-needs is the network-bandwidth. Satellite and video data imposes enormous storage and bandwidth requirements [5,42]. Therefore, although many applications
exist that generate or manipulate these data, transmitting image information is still a significant bottleneck.
This constraint has stimulated advances in compression techniques for satellite data, still
images and video data [3,4,5,42]. Although data compression is still a major topic of research, the industry has already come up with several compression standards, namely, ZIP,
Real Networks, JPEG, JPEG2000, MPEG-1, MPEG-2 and MPEG-4 [8]. All compression
techniques exploit the fact the data are highly redundant. This redundancy allows us to
reconstruct a signal (e.g. image or video) from compressed information that is only a
small fraction of the original data, in size. Of course, using compressed data implies that
the consuming application must first reconstruct the signal information. Thus, we are in
fact compensating for inadequate network bandwidth with on-board processor-power. As
usually happens when technologies evolve, constraints on data quality grow with the challenging consumer demands and the algorithms for compressing and decompressing visual
information is becoming increasing complex. In addition, the expectations of consumers
for transparent and real-time decompression is also growing day by day. Therefore, significant research effort has also been invested in analyzing the performance of the compression
algorithms in terms of results quality and complexity. Such an analysis forms the basis for
optimizing the algorithms, and also for determining whether a given algorithm is appropriate for the application at hand.
In this report, we focus on data compression for infrared astronomy. Astronomy data
collected on-board the space observatories impose enormous storage and bandwidth requirements for downlink [5,6]. Infrared detectors consist, as a rule, of less pixels but the
design of multi-sensor instruments leads to even higher data volumes. If multiple detectors
are operated in parallel to support multi-spectral or even hyper-spectral imaging, then,
the data volumes multiply [40]. In most cases, the actual data rates to be sustained are
dictated by the image repetition rate due to optimum footprint selection, maximum illumination levels, and avoidance of motion blur. Although many applications exist However,
no real study has been performed for infrared astronomy data compression apart the use
wavelet-based compression techniques [3,4]. The IR data per definition contains a high
entropy due to the influence of noise [1,41]. In addition to that, the detectors are continuously exposed to high energy cosmic particles inducing a disturbance (glitches) of the
readout voltage which decrease the signal to-noise ratio and hence the capability to achieve
the required compression ratio. Therefore, dedicated compression technique has to be used
1

in order to preserve the quality of the data.
In this report, some aspects of distortion/rate and complexity analysis for data compression algorithms are exposed. Although we will specifically consider only image and
data compression algorithms for infrared astronomy, the techniques developed here can be
used to analyze any signal processing algorithm. We will also present an optimized model
for data compression that adapt the environment characteristics and better exploit the
available resources.
This document can be subdivided into four main parts, the one dealing with the analysis
of the performance of compression method in a noisy environment, and the second part
introducing the notions ”data compression” and ”reconstruction error”. In the third part,
the compression algorithm challenges in term of complexity is depicted. An integrated data
compression model is presented in the last Section. We conclude with a short summary
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2

Preliminary Notions

This Section is subdivided into two parts. In the first part, we introduce the notion of data
compression. We also briefly give some assessment criteria for the compression methods in
the second part.

2.1

Definition of Data Compression

Data compression consists of finding and removing most, if not all, the redundancy from
the data for an efficient data transmission or storage (Figure 1). The degree of data reduction obtained as a result of the compression process is known as the compression ratio.
This ratio measures the quantity of compressed data in comparison with the quantity of
original data [1].

Data Compression

Original
Data

Compressed
Data
Data Decompression

Figure 1: Basic Data Compression Block Diagram

Compression Ratio(CR) =

length−of −original−data−string
length−of −compressed−data−string

Compression techniques can be classified into one of two general categories or methods
- Lossless or Lossy- [1].
• Lossless compression techniques are fully reproducible and are primarily restricted
to data operations. Data are compressed such their decompression should result in
the exact reconstruction of the original data. Other common terms used to reference
lossless compression include ’reversible’ and non-destructive compression.
• Lossy compression techniques may or may not be fully reproducible and are primarily
restricted to operations on images or on data sets. Although the result of decompression may not provide an exact duplication of the original data, the differences
between the original and the reconstructed data may be so minor as to be difficult to see. Since the compression ratio obtainable by the use of lossy compression
can significantly exceed the compression ratio obtainable from lossless compression,
the primary trade off concerns the need for reproducibility versus the storage and
transmission requirements.
3
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Compression

Transmission
Channel
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Data
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Figure 2: General Block Diagram for Data Compression/Decompression

The general block diagram for data compression/decompression is depicted in Figure 2 [1]. The lossy compression part consists of a decorrelation stage (usually DCT,
Wavelet..etc) [,36] and a quantization stage. Lossless data compression consists of lossless
entropy coding (e.g. Huffman, Lempel-Ziv, arithmetic coding...etc) [35]. The decompression part consists of reconstructing the original data by decoding and demultiplexing the
compressed data stream. Constraints related to data compression are described in the
following sections.

2.2

The Reconstruction Error

The reconstruction error is a parameter used to assess the performance of a compression
method. It is applied to quantify the data distortion by means of the difference between
the original and the reconstructed data. There are several quantitative measures for this
distortion. These measures includes signal-to-noise ratio (SNR), root mean square error
(RMSE), mean absolute error (MAE), peak signal-to-noise ratio (PSNR) and KullbackLeibler information gain (KL gain); that is, the distortion measure often used in R-D
(Rate-Distortion) optimization. In the following, we give the definitions of the measures
listed above.
• MAE: This is the simplest measure. If S is the original data and SR is the reconstructed data, then the mean absolute error is defined as follows:
M AE(S, SR ) =

N
1 X
| S(x) − SR (x) |
N x=1

(1)

• RMSE: In contrast to MAE, the RMSE averages the squares of the differences and
then the square root of the result is taken. The RMSE is an area weighted statistics.
It is calculated as the standard deviation of all reconstructed data set relative to the
original data. It defined as follows:

4

RM SE(S, SR ) =

v
u
u
t

N
1 X
(S(x) − SR (x))2
N x=1

(2)

• SNR: The SNR attempts to improve the RMSE equation by taking into account the
intensity of the reference. This is done by dividing the total reference power by the
total error power. Taking the logarithm is one way of reducing the range of values,
and the 10 in front is the convenience factor.
PN

S(x)2
2
x=1 (S(x) − SR (x))

SN R(S, SR ) = 10log10 PN

x=1

(3)

Notice that this measure is inversely proportional to the previous two.
• PSNR: The PSNR criterion is widely used for the evaluation of compression methods.
The reason is that PSNR is mathematically repeatable and is highly susceptible to
different intensities.
P SN R(S, SR ) = 10log10

(max(S(x)) − min(S(x)))2
1 PN
2
x=1 (S(x) − SR (x))
N

(4)

• KL gain: This measure, also known as a relative entropy, makes use of the probability
distribution of the data. For instance, the original data S has a ’true’ probability
distribution Q and an estimated distribution E. The KL information gain (DGKL )
could be calculated as follows [33]:
DGKL (Q, E) = a

X
x

p(x/S)log2

p(x/S)
p(x/SR )

(5)

where:
- a≥0 constant,
- p(x/S) is the probability of occurrence of the element x in the original data S and
- p(x/SR ) is the probability of occurrence of the element x in the reconstructed data
SR .
The KL information gain may be applied to to quantify the distortion by means of
the difference between the original data and the data reconstructed after compression
The above listed metrics aim to measure the quality loss resulted from the applied
data compression methods. However, It is not obvious to have a single metric that fit
to the human interpretation (Human visual inspection). Our goal is to trace the curve
(compression ratio vs. reconstruction error) resulting from the processing of selected data,
combining the listed metrics, for an objective measure of the compression performance.

5

3

Compression Challenges

The performance of a data compression method can be evaluated using the following relevant parameters:
• The compression ratio vs the reconstruction error
• The complexity of the method
• The execution time
The first criterion generally used to assess the performances of a compression method
is the compression ratio achieved. It points out to the capability of the method to find
and remove the redundancy in the data. The more redundancy is removed the better
compression rate is achieved.
The reconstruction error defines the quality of the data after reconstruction. The results
quality criterion which can be retained for estimating the merits and performances of a
compression method, in case of astronomy, falls under these heading:
+) Visual Aspect,
+) Signal to Noise Ratio,
+) Detection of real and faint objects,
+) Object morphology,
+) Astrometry,
+) Photometry and
+) Accuracy in localization.
Although the upper criteria are very important to design a compression method, the
complexity of the algorithm is of bigger importance because it defines the feasibility of the
method. This criterion (second criteria) has not to be performed at latest stage of the
design, but it has to be taken as a criterion to assess a compression method. Therefore,
the implementation of the method has to be part of the design of method.
The last criterion (Execution time) mainly depends on the algorithm implementation
and on the machine where it is running. The relationship between the algorithmic and the
execution time is very strong but it is not trivial if the way the method is implemented
and the hardware description are not known.
As described in Figure 2, data compression consists of two steps: lossy and lossless.
Generally, lossless compression leads to low data compression factor(up to 5 in case of
astronomy) especially, for noisy data where the degree of randomness is very high. Therefore, lossy compression is mandatory for several applications (radar, space applications,
telecommunications) [36] to achieve additional compression ratio. Although certain operational applications (e.g. CCD images of deployment of solar panels or position of landing
gear) allow a high amount of quality loss, noisy data has to be compressed with care that
real objects (e.g. faint objects) are not lost while compression.

6

One of the most common methods for lossy compression(Figure 2) is transform coding
e.g. DCT [18], wavelets [12], curvelets [39], ridgelets [39]... etc. The objective is to
minimize statistical dependence between the output values of the transform. Desirable
characteristics are decorrelation, energy concentration, and computational efficiency. All
these transform assume that the original data is free of noise or that noise is a part of
significant data elements. In addition to the quality loss due to artifacts (blockiness)
problem [1,8,36] which limits the capabilities of these transforms, significant data (e.g.
faint objects in images) may not be reconstructed which leads to information loss. This is
because some information with equivalent amplitude to the noise has been neglected.
Therefore, more noise models have to be considered before compression in order to preserve
as much as possible the quality in the data. In this report, we present a new model which
takes into consideration several models of noise before the data compression such that the
significant data element even with low amplitude are reconstructed. One problem is that
the more noise models we have, the more complex is the method. We discuss in the next
Sections about the distortion and complexity aspects for compression purpose.

7

4

Noise Study

Data and images generally contain noise. In most applications, it is necessary to know
if data element is due to signal (i.e. it is significant) or to noise. Generally, noise in
astronomical data follows a Gaussian or a Poisson distribution, or a combination of both,
if we only consider the detectors noise, the amplifier noise, the electric cross-talk noise or
the pick-up noise [8]. Furthermore, astronomical data suffer from the cosmic ray impacts
(glitch) and the transient behavior of the detectors, which may cause a potentially scientific
data loss in case of integrating over several samples for compression purpose. Therefore, a
deep investigation has to be made in order to prevent this noise before data compression
especially, if we know that infrared space observatories are frequently confronted with this
type of noise. In the following, we summarize the existing noise models and presents the
challenge of data compression algorithms for noisy data.

4.1

Thermal or Johnson Noise

Johnson and Nyquist in the 1920s studied the noise resulting from the thermal agitation.
This thermally generated noise produces a spectrum that has about the same energy for
each cycle of bandwidth. This equal-power per cycle noise is termed ”Gaussian” or ”white
noise”. In the other hand, we can have shot of Gaussian noise if the electric current (change
flow) does not flow in a uniform, well-behaved manner. Shot noise is often termed ”Rain
on the Roof” noise. This noise is usually quantified using the probability and statistics.
This noise follows the Gaussian distribution with zero-mean and standard deviation σ.
There are different ways to estimate the standard deviation of Gaussian noise in an image
[9]. Olson [9] made an evaluation of six methods and showed that the average method was
best, and this is also the simplest method. This method consists of filtering the image I
with the average filter and subtracting the filtered image from I. Then a measure of the
noise at each pixel is computed. Equation 6 from [44] gives the mathematical form of the
Johnson noise Vn in voltage.
√
Vn = 2 KT RB
(6)
-

where:
√
Vn is the noise voltage ( V/ Hz)
K is Boltzmann’s constant (1.38 X 1023 J/K)
T is the temperature in degrees Kelvin (K)
R is the resistance in ohms (W)
B is the bandwidth in hertz (Hz)

4.2

Flicker and 1/f Noise

In addition to the fundamental Johnson noise, many devices exhibit a second noise phenomenon caused by the flow of electric current. Electron or charge flow (current) is not
continuous, well-behaved process. There is a randomness that produces an alternating
current (random AC) on the top of the main direct current flow. This noise is difficult to
8

quantify and to measure. This noise, in general, has a 1/f spectrum and is termed ”pink
noise”. Pink noise has equal power per octave of frequency (log2 scale). An empirical
description of the 1/f noise after Hooge [45,46] is a spectrum with
C1/f =

α 1
.
Ntot f

(7)

where Ntot means the total number of moving charges in the device and f is the frequency. The Hooge-Parameter α is a material characteristic.

4.3

Poisson Noise

In addition to the mean and variance, we can also discuss noise in terms of the shape of
the distribution for each data element. One common distribution for the values of each
element is determined by the nature of light itself. Light isn’t a continuous quantity, but
occurs in discrete photons. These photons don’t arrive in a steady stream, but sometimes
vary over time. Think of it like a flow of cars on a road–sometimes they bunch together,
sometimes they spread out, but in general there’s an overall average flow. Discrete arrivals
over a period of time are modeled statistically by a Poisson distribution. If the noise in
the data I is Poisson, the Anscombe transform [8]
s

t(s(x)) = 2 s(x) +

3
8

(8)

acts as if the data arose from a Gaussian white noise model (Anscombe, 1948), with
σ=1, under the assumption that the mean value of s is large.
A Poisson distribution [47] is described by Equation 9
P (i) =

mi
exp(−m)
i!

(9)

where m is the mean and i!=1x2x3x...xi. In Poisson distribution the mean=variance. It is
similar to a Gaussian distribution with the following exceptions/properties [8]:
• A Poisson distribution is for discrete values, not continuous ones.
• A Poisson distribution applies only to non-negative quantities–one counts arrivals,
not departures.
• A Poisson distribution has the property that its variance is equal to its mean.

4.4

Gaussian and Poisson Noise

For small Poisson parameter values, the Anscombe transformation looses control over the
bias [8]. Small numbers of detector counts will most likely be associated with the image
9

background [8].i.e. errors related to small values carry the risk of removing real objects, but
not of amplifying noise, because at increasingly low values, the pixel value is increasingly
underestimated. Therefore, an extension of the Anscombe transformation has been performed by Bijaoui [34] to cope with the Poisson model limitation by taking the combined
noise into account.
The arrival of photons, and their expression by electron counts, on CCD detectors may
be modeled by a Poisson distribution. In addition, there is an additive Gaussian readout
noise. Consider the signal s(x), as a sum of a Gaussian Variable, γ, of mean g and standard
deviation σ; and a Poisson variable, n, of mean m0 . We set s(x)=γ + αn. where α is the
gain.
The generalization of the variance stabilizing Anscombe formula is:
s

2
3
αs(x) + α2 + σ 2 − αg
t=
α
8

(10)

With appropriate values of α, σ and g, this reduces to Anscombes transformation (Equation 8).

4.5

Other Types of Noise

The types of noise considered so far correspond to the general cases in astronomical imagery
[8]. We describe now briefly methods which can be used for non-uniform and multiplicative
noise.
• Additive non-uniform noise: If the noise is additive but non-uniform, we cannot
estimate the standard deviation for the whole data. However, we can often assume
that the noise is locally Gaussian and we can compute a local standard deviation of
the noise for every data element. In this way, we obtain a standard deviation map of
the noise, sσ (x)).
• Multiplicative noise: If the noise is multiplicative, the data can be transformed to a
logarithmic scale. In the resulting signal, the noise is additive, and a hypothesis of
Gaussian noise can be used in order to find the detection level at each scale.
• Multiplicative non-uniform noise: In this case, we take the logarithm of the data,
and the resulting signal is precessed as for additive non-uniform noise above.
• Unknown noise: If the noise does not follow any known distribution, sigma-kappa
clipping method [35] can be used for the reduction of the noise in the data.

10

4.6

Rate-Distortion Principle

Lossy compression is a typical engineering trade-off: lower data quality for higher transmission rate. If the rate decreases a large amount for a small decrease in data quality,
then lossy compression is usually considered desirable. For this reason, lossy compression
is often evaluated with reference to a rate-distortion curve.
The relationship between the rate and the distortion in a signal is depicted in Figure 3. Note that R (entropy) unit is bits/sample while the D (distortion) represents the
reconstruction error.
It is shown that a lower bit rate R allows some acceptable distortion D in the signal.
In Figure 3(b) and (c), the equivalent constrained optimization problems , often unwieldy,
are given. Minimization of one parameter (R or D) is only done for a given reference (D
or R).
There exist several formulation of the R-D problem for instance:
• Shannon Source Coding Theorem and Converse [37]: For a given maximum average
distortion D, the rate distortion function R(D) is the achievable lower bound for the
transmission bit-rate. R(D) is continuous, monotonically decreasing for R > 0 and
convex. Equivalently, we can use the distortion-rate function D(R).
• The Lagrangian formulation [38]: Instead of the cost function D, with constrained
R, or R, with constrained D, we use the unconstrained Lagrangian cost function for
a convex R-D function and non-increasing, for D > 0, subject to minimize
J = D+ λR
• The Blahut’s algorithm [38]: This algorithm intends to solve the Langrangian- formulation of the R-D problem. It is used to compute the R-D bound or the optimality
testing by applying it to the tentative testing solution.
For fixed probability mass function (PMF) q(y|x), optimal PMF q(y) is:
q(y) =

X

q(y|x)p(x) = q(y).f (y)

(11)

x∈X

where p(x) is the probability density function (PDF) of x.
For fixed q(y), optimal q(y|x) is:
q(y|x) = P

q(y)e−d(x,z)
−d(x,z)
z∈Y q(z)e

where p(y) is PDF of y and d(x,z) is the distortion parameter for (x,z).

11

(12)

Figure 3: (a) Compression Rate and Distortion Trade off. (b) and (c) Equivalent Constrained Optimization Problems giving a Maximum Rate or Distortion

12

• The Kuhn-Tucker optimality conditions [38] for optimum q(y):
f(y) = 1 if q(y) > 0
f(y) ≤ 1 if q(y) = 0
This method set several constraints on R and D in order to investigate on the problem
of optimality of the solution.

13

5
5.1

Complexity Definition and Measures
Definition

The complexity of a given algorithm can be analyzed in two ways: qualitatively and quantitatively [10]. Qualitative analysis usually means determining the complexity of the algorithm relative to other algorithms. Such analysis does not usually allow us to quantify the
difference in complexities between algorithms. Quantitative analysis methods assess the
complexity of a given algorithm in absolute terms, and often provide a numerical estimate
of the complexity. Therefore, using quantitative analysis, it is also possible to state, for
example, that algorithm A is three times less complex than algorithm B. Currently very
few methods exist to measure the complexity of entire signal processing algorithms. In the
case of simple algorithms, such as the Discrete Cosine Transform (DCT), the number of
arithmetic operations can give a good estimate of the algorithm complexity. However this
is not sufficient for more complex schemes such as image compression algorithms.
5.1.1

Qualitative Complexity

The first approach taken to understand and optimize the complexity of signal processing
algorithms is based on an intuitive understanding of the complexity. For instance let us
say that it is possible to find two algorithms realizing the same task. Suppose, the first one
is based on integer arithmetic, whereas the second one uses floating-point arithmetic. We
know that even with the most modern computer architectures, floating-point operations
are more complex than their integer equivalents. However, it is difficult to quantify this
difference without considering a specific hardware architecture. As another example, suppose we know that two algorithms differ in complexity because of the amounts of memory
they require. However the relationship between the size of the memory and the complexity
is not defined. Therefore, the difference in complexity is not quantifiable. Nowadays, the
wavelet transform, or more precisely, the Discrete Wavelet Transform (DWT), is one of the
most commonly used signal processing tools. It is very demanding in terms of arithmetic
and memory operations. There exist fast wavelet-transform algorithms based on filter
banks [11,12], and the lifting scheme [13,14]. The latter technique allows us to compute an
integer version of the DWT, called the Integer Wavelet Transform (IWT). Evidently, the
IWT has lower complexity than the original DWT. It can also be used in wavelet-transform
based algorithms for lossless image compression.
5.1.2

Quantitative Complexity

Qualitative analysis gives us only an intuitive understanding of the complexity of an algorithm. It is more interesting to be able to quantify the reduction in complexity as a result
of some optimization. A measure of the complexity is also needed to compare different
algorithms realizing the same task.
Image compression is a typical example. Several algorithms can compress a given image
with approximately the same efficiency. How can we compare these algorithms? The
14

nature of the algorithms and the reasons for their compression-efficiency may be based
on very different principles. Moreover the algorithms cannot be characterized purely in
terms of arithmetic operations. This makes it difficult to use common measures of the
complexity. This leads us to consider new methodologies to measure the complexity of
these algorithms. Such a measure should not only incorporate notions linked to the number of arithmetic operations, but also the number of memory operations. Another aspect
that should also be taken into consideration is the number of logical tests, or branches.
A realistic measure should incorporate all those aspects. In practice it is very difficult to
apply such a comprehensive complexity-measure to an entire algorithm as a unit. However,
most algorithms can be broken down into smaller components. For instance, compression
algorithms are often based on a transform block followed by a quantization step, and finally an entropy coding scheme. Many compression algorithms use the same transform
and the same quantization procedures. Therefore, the complexity of these blocks need be
computed only once.
Finally, as mentioned before, a quantitative measure of complexity can also be used to
compare algorithms. This is especially appropriate for comparing data compression algorithms which vary greatly in nature, and therefore cannot be easily compared in qualitative
terms. Furthermore, quantitative complexity-analysis can be effectively used to design ratecomplexity or distortion-complexity functions for compression algorithms. This is a logical
extension of the common rate-distortion approach used in these algorithms.

5.2

Software Complexity

One way to measure the complexity of signal processing algorithms is to look at their
resulting software implementations. The complexity of the software can be measured. This
gives information concerning the original algorithm. This solution is only an approximation
as the notion of complexity is often very different between the programming and the
signal processing worlds. In fact, the most commonly used complexity measure of signal
processing algorithms is the execution time on a given implementation. A review of many
software complexity measures can be found in [15]. The different methods are compared,
pointing out the aspects they can handle and the ones they fail to incorporate. However,
it is possible to select a subset of measures that are similar to the aspects we want to
measure.

5.3

Implementation Complexity

One of the major approaches to the construction of correct concurrent programs is successive refinement: start with a high-level specification, and construct a series of programs,
each of which ”refines” the previous one in some way. In the realm of shared-memory concurrent programs, this refinement usually takes the form of reducing the grain of atomicity
of the operations used for interprocess communication and synchronization. For example,
a high-level design might assume that the entire global state can be read and updated in a
single atomic transition, whilst a low-level implementation would be restricted to the oper15

ations typically available in hardware: atomic reads and writes of registers, test-and-set of
a single bit, load-linked/store-conditional, compare-and-swap, etc. Each of the successive
refinements is considered correct if and only if it conforms to the specification. The notions
of conformance to a specification leads to the implementability concept or, in other terms,
how challenging is the software implementation. In this work, we are concerned of assessing
the implementability of the compression concept, we develop, for IR astronomy on DSP.

5.4

Complexity Measurements and Optimizations

Some signal processing algorithms have already been studied in terms of complexity. Often,
only the pure arithmetic complexity (additions, multiplications) was studied. Moreover,
the studied algorithms correspond generally to the transform parts of the codec and are
thus mostly arithmetic based. One of the pioneers in the domain is Winograd, who studied
the multiplicative complexity of many basic signal processing tools. He started with Finite Impulse Response (FIR) filter analysis in [16]. He then analyzed the Discrete Fourier
Transform DFT [17] and the DCT [18]. Most of the time, the analysis is followed by an
optimization of the scheme according to the measured features. All the studied algorithms
are perfectly deterministic and the complexity is independent of the input data. Another
basic signal processing block that has been often studied is the Fast Fourier Transform
(FFT). In [19] different FFT algorithms are compared in terms of computational speed,
memory requirements, implementation complexity, ease of testing and accuracy. However,
the FFT is rarely used in data compression, because it introduces complex numbers. It’s
real version, i.e. the Discrete Cosine Transform “DCT” is generally used instead. Fast
algorithms have been designed where the number of multiplications is minimized [20]. The
Discrete Wavelet Transform “DWT” was also studied in terms of arithmetic operations in
[21]. However the analysis of the transform is very rudimentary. A better comparison of
many implementations of the transform can be found in [22].
In the framework of the JPEG algorithm, many data dependent complexity measurements
and optimizations have been performed. Each time, only the DCT part of the algorithm
has been studied. Variable complexity inverse DCT algorithms were proposed in [23] and
[24]. In both cases, the algorithm uses the fact that the DCT coefficients are mostly zero
because of the quantization. The same type of optimization was also proposed for the
forward DCT [25] and the inverse DWT [26]. The complexity is measured using arithmetic
operations, branches and memory accesses. The number of operations are summed after
having being multiplied by the following weights: 1 for additions and shift, 3 for multiplications, 5-6 for tests and 1 for each memory access. All those algorithms lead to the
same output as the conventional version of the transform. There is only vague information
about how those weights were determined.
Another approach to complexity optimization is to trade complexity for the accuracy of
the transform: the complexity can be reduced if the algorithm is allowed to give only an
approximation of the correct transform. This strategy has been used for the DCT transform in [27]. This simplified inverse DCT sets some coefficients to zero in order to reduce
the number of operations. The images are compressed using the JPEG codec at different
16

bitrates. The total distortion, due to the approximate DCT and to the compression, is
measured as a function of the number of multiplications. This allows plotting the complexity/distortion curve of the algorithm. Varying the size of the block can also be used to
modify the relationship between the complexity and the performance of the transform. Let
us recall that the DCT is conventionally performed on blocks of 8x8. In [28], the block size
of the transform is varied in order to find a R-D optimum. The number of multiplications
is used to measure the complexity. The rate and the distortion are predicted analytically
using a first order regressive model and a Laplacian distribution. Even if the primary
aim of the author is to find a R-D optimum, a 3-D plot of the complexity/distortion/rate
function is provided.
Much less research was done concerning memory utilization. However, JPEG is already
relatively memory efficient because of the block structure of the DCT. On the other hand,
DWT based algorithms do not naturally use a block structure. This has encouraged algorithms minimizing the overall memory demands. The memory bandwidth of an optimized
DWT codec was studied in [29]. This algorithm corresponds to one mode of JPEG2000.
Again, most of the previously cited works concentrated on the transform part of the algorithm. To my knowledge, only Nielsen [30] and Reichel [10] have tried to measure the
complexity of a full compression system. Nielson developed a model for the complexity and
applied it to voice coding algorithms. Sadly, the paper is incomplete and this approach
was not followed in other papers. The measure was based on arithmetic and memory complexity (reads and writes), ”smartness of the programmer”, parallelism and architecture
considerations. A simple example of FIR filtering is used to demonstrate the technique.
The following articles on the subject did not investigate the problem any further and use
only execution time as a measure of the complexity [31]. Reichel [10] studied the complexity related aspects for image compression algorithms. Unfortunately this study only
concentrates on the Wavelet-based compression methods and therefore could not be extended to a wide range of compression methods.
The aim of this work is to investigate new measure of the complexity of data processing algorithms. The proposed measure takes into account arithmetic operations, tests (or
branches) and memory operations. The measure works in two steps, one depending on
the algorithm, and the other, on the architecture on which the algorithm is implemented.
The complexity of the algorithm is then expressed by a weighted sum of the algorithmdependent counters, where the weights are determined by the architecture-dependent step.
However, even with this well-defined methodology, analysis of the complexity analysis is
still a long and difficult process. One way to simplify the problem is to use the fact that
most algorithms can be divided into a succession of small tasks (or blocks). This is especially true for image compression algorithms. Therefore, complexities of the most common
processing blocks for image compression are studied separately. A New algorithm complexity analysis becomes, then, a sum of the complexity of each one of its building blocks.
The global aim of this work is to develop, improve and optimize a selection of tools and
methods for data compression of infrared astronomical data. It is clear that infrared space
astronomy imposes specific requirements, which consist of fulfilling the bandwidth lim17

ited downlink requirement for a minimal data loss by means of limited on-board resources
(memory and CPU power) due to the limited budget of the spacecraft and the increasing cost of space-qualified devices. Nevertheless, the majority of well-established data
compression techniques are increasingly complex [48,49] and thus rapidly overload the onboard resources. Therefore, we developed and new concept to improve the reliability of
transmissions by considering on-board integration and data caching and by developing new
algorithms, which adapt the compression ratio to the available bandwidth, and by defining
optimal schemes for coding information for different telemetry rates. This topic is essential
since it would lead to effective use of bandwidth and multiplicity of astronomical products.
These developments are then applied to IR astronomy where data have high entropy due
to the influence of noise [7,40].
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6

Integrated Data Compression

A classical concept for compression, transmission and processing is reported in Figure 4a. Such a scheme is becoming inadequate for airborne or spaceborne missions, where the
information rate largely exceeds channel capacity and high compression rate is mandatory
to fulfill the transmission requirements. In addition to that, the detectors are continuously
exposed to high energy cosmic particles inducing a disturbance (glitches) of the detector
signal and transient behavior of the detector which may increase the degree of randomness
in the signal data and hence the capability to achieve the required compression rate even
with the most powerful compression algorithms.
Therefore, it is more convenient that some processing is performed on-board i.e. to move
a part of data processing from the user side to the remote side. In other words, the alternative to a robust data compression is to make the on-board sensor intelligent, and hence
capable for interpreting the collected data. In the scientific literature several data compression algorithms exist, which are nearly optimal for a wide class of data. They make
use of information extraction methods in order to reduce the original data, by keeping
the relevant information (parameters). On the other hand, it turns out that techniques
for information extraction strongly depend on the kind of information or pattern to be
sought and recognized. The most general techniques are based on template matching, but
they are also computationally expensive; more effective methods are based on detectionclassification in transformed domains, and require to focus on a single or on a very restricted
class of templates.State-of-the-art data compression algorithms usually employ transform
coding in order to achieve a decorrelated signal which is more suitable for efficient coding.
As already stated, pattern detection and classification can be carried on in a transformed
domain as well; clearly, in order to ensure the maximum efficiency, a compression and detection algorithm should be devised, where the two operations are performed in the same
transformed domain.
The global aim of this work is to develop, improve and optimize a selection of tools and
methods for data compression of infrared astronomical data. It is clear that infrared space
astronomy imposes specific requirements, which consist of fulfilling the bandwidth limited downlink requirement for a minimal data loss by means of limited on-board resources
(memory and CPU power) due to the limited budget of the spacecraft and the increasing cost of space-qualified devices. Nevertheless, the majority of well-established data
compression techniques are increasingly complex [48,49] and thus rapidly overload the onboard resources. Therefore, we developed and new concept to improve the reliability of
transmissions by considering on-board integration and data caching and by developing new
algorithms, which adapt the compression ratio to the available bandwidth, and by defining
optimal schemes for coding information for different telemetry rates. This topic is essential
since it would lead to effective use of bandwidth and multiplicity of astronomical products.
These developments are then applied to IR astronomy where data have high entropy due
to the influence of noise [7,40].
The new concept is presented (Figure 4-b) in the case where the patterns of interest
are linear features. It uses a distributed processing on the remote and the user sides,
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Figure 4: a.) Classical Data Compression b.)Data Compression Model using Distributed
Data Exploitation ”Integrated Processing”.

so imposing to resort to lossy data compression, with potentially negative effect to the
applicative tasks to be run at the ground station. A model-based approach is used at
the remote side in order to reduce the data according to the model available on-board.
This concept has been tested for infrared astronomy where different data models and noise
models are available in order to support the on-board data compression. These models have
been developed with care taking into consideration the infrared signal characteristics [40]
and the ISO experience with noise and heavy ion and electron impacts [7]. Besides allowing
for data reduction at the airborne segment by means of a simple detection algorithm, this
would yield a strongly reduced computational burden, and the capability of performing
a refined detection stage at the ground station on the decompressed data. Furthermore,
knowing the data model yields to a very high compression efficiency (CR).
The presented model is subdivided into two parts:
Remote Side: On-Board Processing
It consists of 3 steps:
1. Acquisition: Acquisition systems transform variations in object radiant energy into
an image or an electrical signal from which an image can be reconstructed. Images
formed by optical system that projects radiation into a photo-sensor in image plane.
The photo-sensor converts the radiation into a latent image into an electric signal
that is amplified, sampled and quantized for digital transmission.
2. Exploitation Phase1: Figure 5 shows roughly the steps performed within this phase.
The basic idea is that in order to achieve the high compression ratio we have to do
on-board processing. First, we have to ensure that the noise level in the data is very
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low such that the reduction does not affect the significant information in the data.
Therefore, we need different parametrized models of noise. Then, we compute a set
of parameters from the input data in order to match the current entropy model in
the data with one of the noise models. Hence, the noise (considered as non-relevant
information) is lowered from the data before the data reduction. In the case of
infrared astronomy, we are using resampling algorithm for data reduction i.e. data is
downsampled to a predefined rate to achieve an acceptable compression ratio. We can
notice that the reconstruction error of the data mainly depends from the robustness
of the modelization and the glitch removal.
3. Compression: This part consists of the entropy coding of the resulted data. It consists
of the reduction of the redundancy (temporal, spatial and/or frequential). Backend
entropy encoding algorithm (arithmetic coding) is also used to reduce the statistical
redundancy. Again, the efficiency of lossless compression depends on the performane
of the noise modellization i.e.the less entropy in the data, the more performant in
the compression method
User Side: On-Ground Processing
It consists of 2 steps:
1. Exploitation Phase2: This part is performed to restore the data and prepare it for
the application, predicting the negative effect of the tasks of exploitation phase 1.
Indeed, the accuracy of the on-board modeling of the noise. A multiscale filtering
method [8] based on the Wavelet transform is used for the restoration of the data.
2. Application: During this steps the reconstructed data/images could be used for the
purpose they were intended for e.g. stars follow-up, investigation on water on planets,
estimation of biomass in a region...etc
A detailed experimental evaluation of this model on astronomical data could be found in
another technical report, where this concept has been tested for the 6-PACK data from
HERSCHEL/PACS photconductor camera [32].
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7

Illustration of IR Data

The aboce-described concept will be evaluated on IR data from ISOCAM [50] and HERSCHEL/PACS [51]. Figure 6 depicts three image models from ISOCAM. One can clearly
see the black column that is a consequence of pixels defection in-orbit. Figure 7 depicts a
1D signal from 8 different PACS detectors for a time constant of 0.25 seconds.

Figure 6: Selected ISOCAM Images
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Figure 7: PACS Data from Selected Detectors for 0.25 sec Time Constant
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8

Conclusion

In this report, we studied the performance aspects of compression methods in term of result quality and algorithmic complexity. As noise is by definition non compressible, a big
challenge of the most recent compression method in a noisy environment is to achieve the
required compression rate with a minimal information loss. We present different models
of the noise and different approaches handling rate-distorsion problem. Additionally to
compression performance and quality, we stressed the importance of algorithm complexity for the evaluation of a compression method. Indeed, the complexity of an algorithm
defines the feasibility and the applicability of the method. Furthermore, existing methods
for computing the complexities of algorithms were briefly introduced. Following that, two
approaches for complexity-analysis were presented. The first one analyzes and optimizes
the complexity in an intuitive manner. The second approach proposes a methodology for
measuring and quantifying the complexity.
In this report, we present the challenges of compression method for space application. We
stress the influence of the noise for the performances of compression methods. Finally,
we present a model for data compression/Decompression “integrated processing” which is
adapted for infrared astronomy and for the infrared detectors signals. The evaluation of
this model on the case study “HERSCHEL/PACS” is presented in another technical report
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