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ABSTRACT

The work focuses on evaluating quality and estimating
information of CHRIS hyper-spectral images. Quality is
assessed through the characterisation of the noise while
information is estimated by means of an operative def-
inition according to which the information content of a
data set is given by the amount of information that can-
not be predicted from the data that have already been ac-
quired and, thus, by the entropy of the prediction errors.
The noise model is first verified and the parameters of the
model are then estimated. Afterwards lossless data com-
pression is exploited to measure the entropy of the predic-
tion errors through their bit-rate. The information content
of the data is estimated by taking into account that the
bit-rate achieved by the reversible compression process is
due to both the contribution of the noise, whose relevance
is null to a user, and of the hypothetically noise-free data.
Since our goal is to estimate the amount of information of
the ideal noise-free data, an entropy-variance model is as-
sumed for the ideal image. Once all the parameters of the
model have been estimated, the entropy of the noise-free
source is derived. Results are reported and discussed for
hyper-spectral data sets acquired by CHRIS spectrome-
ter. Information assessment is first assessed before and
after the radiometric correction process in order to eval-
uate any effect introduced in the processed data. Then
different areas of the same image are processed in order
to assess the noise model. Eventually, the procedure is
utilised to characterise data sets that have been acquired
in different times in order to verify and assess any poten-
tial operational change occurred in the instrument set-up
or in the processing chain.

Key words: CHRIS hyperspectral data; Correlation
analysis; Generalised Gaussian PDF; Information theo-
retic assessment; Lossless compression; Noise estima-
tion; Noise modelling; Parametric entropy modelling.

1. INTRODUCTION

Information-theoretic assessment is a branch of image
analysis aimed at defining and measuring the quality of

digital images (Ref. 1). In the field of optical remote
sensing, the fidelity of the data produced by the sen-
sor to the underlying radiance field is another concern
(Ref. 2), which can be related to the concept of quality
as well. Although this term may be intended as the ca-
pability to fulfil the user’s expectations and thus cannot
be defined in a universal context, being application de-
pendent, quality may be related to the information con-
tent of the data. Hence, it can be defined in an objective
manner jointly from the signal to noise ratio (SNR) and
from the entropy of the digitised images (Ref. 3). On the
other hand, the availability of an objective quality mea-
surement may be helpful also for application tasks, espe-
cially when hyperspectral images are concerned. Due to
the huge amount of data, an extraction of features reflect-
ing the main aspects of spectral behaviour may be prefer-
able to a straightforward classification (Ref. 4). A pre-
liminary information-theoretic assessment may suggest
which bands are more significant, i.e., potentially capa-
ble of conveying an amount of information larger than
that of other bands, so as to reduce the volume of the data
to be processed without noticeable penalty.

This work is based on a model suitable for quantifying the
information content of digitised multi-dimensional sig-
nals, more specifically hyperspectral images. Accurate
estimates of the entropy of an image source can only be
obtained provided that the data are uncorrelated. Hence,
data decorrelation must be considered in order to sup-
press or largely reduce the correlation existing in natural
images. Indeed, entropy is a measure of statistical in-
formation that is of uncertainty of symbols emitted by
a source. Hence, any observation noise introduced by
the imaging sensor will result in an increment in entropy,
that is accompanied by a decrement of the information
content useful in application contexts, according to Shan-
non’s Information Theory (Ref. 5). An estimation of the
noise must be preliminarily carried out in order to quan-
tify its contribution to the overall source entropy rate. By
assuming an additive noise independent of the signal and
spatially stationary, i.e., statistically homogeneous, the
noise parameters (variance and correlation coefficients
across track, along track and along wavelength) can be
estimated on the homogeneous areas of the signal. Once
the standard deviation and the correlation coefficients of
the noise (CCs) have been measured, the bit rate pro-
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duced by the reversible encoder can be utilised to yield
an estimate of the true information content of the multi-
spectral source, i.e., of the entropy that the source would
have if it were noise-free. To this purpose, a model is de-
vised from the rate distortion theory describing how the
relationships between entropy and variance of an uncor-
related non-Gaussian source changes when a stationary
white Gaussian random process is superimposed. Such a
model can be inverted to yield the entropy of the noise-
free source from that of the observed source and from the
estimated parameters of the noise.

The remainder of this paper is organised as follows.
Sect. 2 presents the information-theoretic procedure
step by step, starting from the assumed noise model,
source decorrelation by DPCM, parametric entropy mod-
elling of memory-less information sources via gener-
alised Gaussian densities. Sect. 3 reports experimental
results on several sets of CHRIS hyperspectral images.
Concluding remarks are drawn in Sect. 4.

2. INFORMATION ASSESSMENT PROCEDURE

2.1. Noisemodelling

This section focuses on modelling the noise affecting
digitised observed signal samples. Unlike coherent or
systematic disturbances, which may occur in some kind
of data, the noise is assumed to be due to a fully sto-
chastic process. Let us assume for the noise an additive
signal-independent non-Gaussian model:

g(@) = f(i) + n(i) @)

in which g(i) is the recorded noisy signal level at posi-
tion (¢) and f(i) the noise-free signal. Both g(i) and
f (@) are regarded as non-stationary non-Gaussian auto-
correlated stochastic processes. The term n(7) is a zero-
mean process, independent of f, stationary and autocor-
related. Let its variance o2 and the correlation coefficient
(CC) p be constant.

Let us assume for the stationary zero-mean noise a first-

order Markov model, uniquely defined by the p and the
2
a,

n(i)=p-n(i—1)+ €, (4) (2)

n
in which €,,(¢) is an uncorrelated random process having
variance

02, =02 (1- 7). ©
The variance of (1) can be easily calculated as
ay(i) = 07 (i) + oy, 4)

thanks to the independence between signal and noise
components and to the spatial stationarity of the latter.
From (2) it stems that the autocorrelation of n(z) is an
exponentially decaying function of the correlation coeffi-
cient:

Ron(m) 2 Eln(i)n(i +m)] = p™lo%. (5)

The zero-mean additive signal-independent correlated
noise model (2) is relatively simple and mathematically
tractable. Its accuracy has been validated for 2D and 3D
signals produced by incoherent systems (Ref. 6), by mea-
suring the exponential decay of the correlation function

).

The noise samples n (i) may be estimated on homoge-
neous signal segments, in which f(7) is constant, by tak-
ing the difference between ¢(7) and its average g(:) on a
sliding window of length 2m + 1.

Once the CC of the noise, p, and the most homogeneous
image pixels have been found by means of robust bivari-
ate regression procedures (Ref. 6), the noise samples may
be estimated in the following way. If (2) and (5) are
utilised to calculate the correlation of the noise affecting
g and g on a homogeneous window, the estimated noise
sample at the i-th position can be written as

A0 — (2m+1) (i) — a6,
©) J (2m+1) ( 1;7/);1) oot
(6)

Eq. 6 is a generalisation of the corresponding expression
reported in (Ref. 7). In fact, when p = 0, both equations
give the same result, if the equation in (Ref. 7) is written
to represent 1-D signals.

The resulting set {n(:)} is made available to find the
noise PDF, either empirical (histogram) or parametric, via
proper modelling.

2.2. Sourcede-correlation via DPCM

Differential Pulse Code Modulation (DPCM) is usually
employed for reversible data compression. DPCM basi-
cally consists of a prediction followed by entropy coding
of the resulting prediction errors. For sake of clarity, we
will develop the analysis for a 1D fixed DPCM and will
extend its results to the case of 2D and 3D adaptive pre-
diction (Ref. 8, 9, 10, 11).

Let () denote the prediction at pixel ¢ obtained as a lin-
ear regression of the values of P previous pixels:

Z¢ gli —j) (7)

inwhich {¢(j), j =1,---, P} are the coefficients of the
linear predictor and are constant throughout the image.

By replacing the additive noise model one obtains:

+§:¢ n(i - j) ®)
in which
R P
FG)y=>"60)- fli—3) ©)



represents the prediction for the noise-free signal as for-
mulated from its previous samples. Prediction errors of g
are

M“U

eq(i) £ g(i) — §(i) = es (i o

j=1

(10)

in which ey(i) £ f(i) — f(i) is the error the predic-

tor would produce starting from noise-free data. Both

eq(i) and e (i) are zero-mean processes, uncorrelated,

and non-stationary. The zero-mean property stems from

an assumption of local first-order stationarity, within the

(P + 1)-pixel window comprising the current pixel and
its prediction support.

Eq. (10) may be written as

eq(1) = ey (i) + en(i) (11)
in which
P
en(i) £ n(i) — )= > () -nli—j) (12)
j=1

is the error produced when the correlated noise is being
predicted. The term e,,(¢) is assumed to be zero-mean,
stationary and independent of e ¢(4), since f and n are
assumed to be independent of each other. Thus, the rela-
tionship among the variances of the three types of predic-
tion errors becomes

Ugg(z)—a (i) + o2 . (13)

From the noise model (2) is is easily noticed that the term
o? is lower bounded by o2 , which means that o2 >

€.

o2 - (1 — p?). The optimum MMSE predictor for a first-
order Markov model like (2) is ¢(1) = pand ¢(j) =
0, j=2,---, Pityields o7 = o3 -(1—p®) =0 ,as
it can be eaS|Iy verified. Thus, the re5|dual variance of the
noise after de-correlation may be approximated from the
estimated variance of the correlated noise, i.e. 52, and
from its estimated CC, p, as

o, = oh (1= 57 (14)
the approximation being as more accurate as the predictor
attains the optimal MMSE performance.

2.3.  Entropy modelling

Given a stationary memory-less source S uniquely de-
fined by its PDF, p(x), having zero-mean and variance
o2, linearly quantised with a step size A, the minimum
bit-rate needed to encode one of its symbols is (Ref. 12):

R = h(S) —log:A (15)
in which h(.S) is the differential entropy of S defined as

W(S) == [ pla)logy pla)ds = Llogs(e-o?) (15)

— 0o

with 0 < ¢ < 2me a positive constant accounting for
the shape of the PDF and attaining its maximum for a
Gaussian function. Such a constant will be referred in
the following as entropy factor. The approximation in
(15) holds for o > A, but is still acceptable for o > A
(Ref. 13).

Now, the minimum average bit-rate R, necessary to re-
versibly encode an integer-valued sample of g, may be
approximated as in Eg. (15) in which prediction errors
are regarded as an uncorrelated source G = {e4(¢)} and
are linearly quantised with a step size A = 1:

1
Ry = h(G) = ;logy(cy - ¢,) (17)

in which 02 is the average variance of e,(i). By aver-
aging (13) and replacing it into (17), R, may be written
as

1 _
Ry = 5 logsleg - (02, +07,)] (18)

where 7, is the average variance of o7, (). If 07, = 0,
then (18) reduces to

1
R;,=R, = 3 logy(cp - afﬂ) (19)
in which ¢,, = 2me is the entropy factor of the PDF of
en, If n is Gaussian. Analogously, if agn = 0, then (18)
becomes:

1 _
Ry = Ry = 5 logy(cs - 57,) (20)
in which ¢y < 2me is the entropy factor of prediction
errors of the noise-free image, that are generally non-
Gaussian.

The average entropy of the noise-free signal f in the case
of correlated noise will be given by replacing (14) in (20)
to yield

Ry = 10g2{0f o2, = (1 =p*)-onl}. (2

Since 6§g can be measured during compression by aver-
aging ogg, cy is the only unknown parameter and its de-
termination is crucial for the estimation accuracy of R ;.
cy is obtained by modelling ey as a Generalised Gaussian
density (GGD) function whose parameters are to be esti-
mated. After reporting the definition of GGD, next two
sections show how model parameters of GGDs can be
estimated and how correlated noise can be modelled by
GGDs.

2.4. Generalised Gaussian PDF

A model suitable for describing unimodal non-Gaussian
amplitude distributions may be achieved by varying the
parameters v (shape factor) and o (standard deviation) of



the Generalised Gaussian density (GGD) (Ref. 14, 15,
16), which is defined as

poc(e) = |y D expl-ln o) b} (@)

in which

112
o=t e

and I'(-) is the Gamma function, ie., I'(z) =
JoSt7 e~ dt, = > 0. Since I'(n) = (n—1)!, when v =
1 a Laplacian law is obtained; » = 2 yields a Gaussian
distribution. As limit cases, for v — 0, pgc(x) becomes
an impulse function, yet having extremely heavy tails and
thus nonzero o2 variance, whereas for v — oo, pgg(7)
approaches a uniform distribution having variance o 2 as
well. The shape parameter v rules the exponential rate of
decay: the larger the v the flatter the PDF; the smaller the
v, the more peaked the PDF. Fig. 1(a) shows the trend of
the GG function for different values of v.

The matching between a GGD and the empirical data dis-
tribution can be obtained following a maximum likeli-
hood (ML) approach (Ref. 17), having the disadvantage
of a cumbersome numerical solution. In this work, three
simple and effective methods, suitable for real-time ap-
plications and based on fitting a parametric function of
the modelled source to statistics calculated from the ob-
served data, will be reviewed hereafter.

2.4.1. Higher-order moment method

This method falls into the category of moment methods,
being based on matching the moments of the data set
with those of the assumed distribution, in order to esti-
mate variance and shape factor. For a GGD, the ratio of
second-order moment to square root of fourth-order mo-
ment is a steadily increasing function of the shape factor
v (Ref. 18):

e
Y Yoy E T M

Given N i.i.d. zero-mean random variables,
{z1,29,...,2n}, following a GGD p(z), let
fla = %Ef\i Lz be the estimated second-order
moment and fiy = + 3NV 2? the estimated fourth-

order moment. The parameter v is estimated by inverting
(24), that is by solving

b= Fgk, (\‘/%) . (25)

In practical implementations, the values of (24) are calcu-
lated at uniform steps sizes and stored in a look-up table
whose entries are the corresponding values of fio/+v/fi4.

2.4.2. Mallat’s method

Another moment-based method was briefly introduced by
Mallat (Ref. 19) and then developed in greater detail by
Sharifi and Leon-Garcia (Ref. 20). Again, the ratio of
mean absolute value to standard deviation of a GGD is a
steadily increasing function of the shape factor v:

e
s e

Given N i.i.d. zero-mean random variables, obeying to a
GGD p(z), let m; = & S°N | || be the estimate of the
mean absolute value and 6% = L > 22 the sample

variance. The parameter v is estimated by inverting (26),
that is by solving

D =F} (”fl). @7)

g

Again, the values of (26) are pre-calculated and stored in
a look-up table indexed by the values of m /6.
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Figure 1. (a) unity-variance GG density plotted for sev-
eral v's; (b) shape functions Fy s (24), Fir (26) and
Fru (29) of a GG PDF as a function of the shape factor
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2.4.3. Entropy matching method

The method developed by the authors (Ref. 21) relies on
fitting the entropy of the modelled source to that of the
empirical data. Since entropy is not a moment, whose
accuracy of estimation requires larger and larger sample
sizes, as the order increases, this method is particularly
suitable for small sample sizes.

Given a GGD (22), its differential entropy (16), h gg, is
a function of both o and v

v-n(v,o) 1
. 2
2-F(1/V)} vin?2 (28)
Let H = — )", p; log, p; be the entropy of the memory-
less source, in which the p;’s are the probabilities of the
integer-valued data obtained after quantising with A = 1.
Replacing (23) in (28) and equating (28) to H yield

v-T(3/v)'/? 1
” r(l/uw?}

hca(o,v) = —log, [

9 é fH(V).
(29)

H—logy 0 = —log, [ I

Since (29) is a steadily increasing function, for 0 < v <
2, once H and & have been calculated from the sample
data, the estimated shape factor © is found by inverting
(29):

v =F;" (H—log,5). (30)
The values of (29) are calculated at non-uniform step
sizes (increasing with v) and stored in a look-up table
whose entries are the values of H — log, &.

Fig. 1(b) shows the trends of higher-moment, Mallat’s
and entropy-matching functions against the GGD shape
factor v. In particular, the entropy-matching function
measures the entropy of a stationary memory-less source
that emits unity-variance GG-distributed symbols quan-
tised with a unity step size (Ref. 21). It attains the max-
imum for v = 2, Fyg(2) = log, v2me ~ 2.04, and
yields log, (v2e) ~ 1.94 when v = 1. Eventually,
lim, oo Fr(v) = log, (2v/3) ~ 1.79.

The entropy-matching method cannot be used for v close
to 2, because the function (29) cannot be univocally in-
verted around v = 2. Since the slope of the function
to be inverted is related to the accuracy of inversion, the
moments method is preferable to Mallat’s method around
the Gaussian case. The latter, however, is more accu-
rate for small v. The entropy method is more accurate
than the other two methods for v < 1, especially when
v < 0.5. The moments method fails for v < 0.15 be-
cause its function turns out to be practically flat in that
case. Conversely, the entropy method yields the most ac-
curate results for very small v, provided that the function
is non-uniformly sampled.

25. GG modéling of correlated noise

Once the estimated samples of correlated noise 7:(¢) have
been found by means of (6), their amplitude can be easily

matched by a GGD. However, n(i) are not realizations
of a memory-less source, if the noise is correlated. In
that case, the decorrelated noise residues, e,, (i), are better
suitable for describing the entropy of the noise through a
parametric model.

Eqg. (2) shows that if the noise residue ¢,,(4) is Gaussian,
the noise n (i) will be Gaussian as well, regardless of
correlation. Hence, if n(7) is estimated and found to be
Gaussian, €, (¢) will be white and Gaussian, thereby hav-
ing parametric entropy exactly known (19). Conversely,
if n() is not Gaussian, but is amplitude is described
by a GGD with standard deviation o,, and shape factor
v, # 2, then also €, (¢) is GG-distributed with variance
o2(1 — p?) and shape factor v, # vy, that depends on
both v,, and p (Ref. 18). A relationship found between
the fourth-order moments of n(i) and ¢,,(¢) yields:

6 2 1 2
o =5 (e £85) 15|
where —
‘FIM (V) é ( I{QV()S/(V)/V) . (32)

Therefore, once v,, and p are estimated, the shape factor
of the correlated noise residue, v, is found by calculat-
ing F,., (vn) (32), replacing its value in (31) and inverting
F,. by means of a look-up table.

2.6. Information-theor etic assessment

Let us assume that the real-valued e 4(¢) may be modelled
as a GGD. From (17) the entropy function is

1

3 logy(cg) = Ry —logy(Ge,) = Fu(ve,) (33)
in which v, is the shape factor of ¢, (i), the average rate
of which, R, has been set equal to the entropy H of the
discrete source. The v, is found by inverting either the
entropy function 7 (v., ), or any other shape function;
in that case the e4(¢) produced by DPCM, instead of its
variance, is directly used. Eventually, the parametric PDF
of the uncorrelated observed source e 4(7) is available.

The term ey () is obtained by adding a sample of white
non-Gaussian noise of variance ‘75,, , approximately equal
to (1— p?)-02, to asample of the noise-free uncorrelated
non-Gaussian signal e s (¢). Furthermore, e (¢) and e,, ()
are independent of each other.

Therefore, the GG PDF of e, previously found will be

given by the linear convolution of the unknown p. ()
with a GG PDF having variance agn and shape factor
ve, . By assuming that the PDF of the noise-free residue,
e, (), is GG as well, its shape factor v, can be obtained

starting from the forward relationship

pcGlOe,, Ve, |(¥) = pacly/02, — 02, ve, ()

®pGG[Uena Ven](x) (34)
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Figure 2. Flowchart of the information-theoretic assessment procedure for a digital signal.

by de-convolving the PDF of noise residue from that of
noisy-signal residue.

In a practical implementation, the estimated value of v,
is found such that the direct convolution at right side of
(34) yields a GGD, whose shape factor matches v, as
much as possible.

Eventually, the estimated shape factor o, is used to de-
termine the entropy function

S 1oga (¢7) = Fu(i,) (3)

which is replaced in (21) to yield the entropy of the noise-
free signal R;.

Fig. 2 summarises the overall procedure.

Extension of the procedure to two-dimensional (2D) and
three-dimensional (3D) signals, i.e. to digital images and
sequences of digital images is straightforward. In the for-
mer case, 2D prediction is used to find e, two correla-
tion coefficients, p,, and p,, are estimated for the noise,
whose variance after decorrelation is approximated as
o7 (1—p2)(1— p2), by assuming a separable 2D Markov
model. Analogously, Eg. (6), defining the estimated
value of a sample of correlated noise, is extended as

N2
(V2 = (14 20,5222 ) (14 20, 722 )

[9(27]) - §(z,])]

(i, j) =

and generalises the model reported in (Ref. 7), as previ-
ously discussed in sect. 2.1. N = 2m + 1 is the length
of the side of the square window on which the average
g(i, ) is calculated.

The 3D extension is more critical because a sequence of
images may have noise variances and spatial CCs differ-
ent for each image. Moreover, it is often desirable to es-
timate entropy of the individual images of the sequence.
Therefore, each image is de-correlated both spatially and
along the third dimension by using a 3D prediction.

3. EXPERIMENTAL RESULTS

3.1. CHRIShyperspectral data

Figure 3. Colour composite of CHRIS data acquired on
18 September 2003: red 661 nm, green 502 nm, blue 442
nm.

The proposed information-theoretic procedure was run
on several hyperspectral sequences collected by CHRIS
over the San Rossore test site, in Central Italy on different
dates. The sequences are constituted by 18 bands with a
mean width of 14.7 nm, in the range 442 —1015nmand a
ground resolution of about 17 m. The size of each image
is 744 pixels across track and 748 along track. The data
have a dynamic range of 19 bit. The RCI (Restored Cor-
rected Images) data have been provided by Sira Electro-
Optics Ltd. Company, whereas the L1B data have been
radiometrically corrected at IFAC-CNR; an efficient de-
striping algorithm has also been applied to mitigate the
striping effect due to the diversity in gain and offset of
the imaging sensor elements. Three main objectives were
considered. The first was aimed at evaluating the quality
of the radiometric corrections performed at IFAC-CNR.



The second was devoted at assessing the noise model on
different classes of data while the third consisted in veri-
fying the variations of the noise parameters for different
observations.

3.1.1. Radiometric correction assessment

The first step of the procedure concerns the estimation of
the noise parameters for each band. Fig. 4 reports the
plots of noise standard deviation o, before and after ra-
diometric corrections. The amount of noise is larger for
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Figure 4. Noise standard deviation of CHRIS test image

plotted vs. wavelength.
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shorter wavelengths. The de-striping process has the ef-
fect of reducing the contribution of noise. That is appar-
ent for shorter wavelength. As a consequence, the curve
tends to go down and becomes more flat in wavelength.

A similar trend in wavelength appears in Fig. 5, where the
spectral CC, p,, of the noise is plotted. Analogously to
the standard deviation, p, is larger in the VIS than in the
other parts of the spectrum. As expected, the de-striping
process tends to reduce the spectral correlation, because
it processes each band independently of each other.

In a similar way, we can justify the trend of the plots of
the CCs of the noise across and along track, reported in

Figg. 6 and 7, respectively. In fact, filtering across track
has the effect of reducing the correlation along track and,
conversely, to increase the correlation across track.

Eventually, the shape factor of the GG-modelled noise is
reported in Fig. 8 for L1B data. Fig. 8 shows that the
noise of CHRIS images, after radiometric correction and
de-striping, is Gaussian with a very good approximation.
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radiance data plotted vs. wavelength.
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Figure 11. Estimated information R,, dueto noisefor the
observed radiance data plotted vs. wavelength.

After the noise parameters have been determined, the
information-theoretic assessment procedure has been run.
Figg. 9, 10, and 11, report the scores relative to informa-
tion content varying with the wavelength. R, and R are
perfectly in trend, whereas R. has been slightly reduced
by the filtering step of the de-striping process.

Notwithstanding the useful information content is un-

changed after the calibration procedure, the user can ex-
tract information more easily from the calibrated images
because the de-striping process has diminished the noise
level that has the effect to make the information content
less intelligible.

It is noticeable that the results obtained both for the RCI
and calibrated data are very similar, confirming, as ex-
pected, that the calibration process does not change the
information content of the acquired data.

3.1.2. Variability with landscape

Notwithstanding the information assessment procedure is
able to find homogeneous areas occurring at any place of
the image, it resulted that all the regions selected by the
program were located mostly on the sea. That happened
in particular when a restricted number of regions was se-
lected in order to improve the reliability of the estimation.

To investigate on this aspect two subimages were initially
considered. The first, namely Sea, was constituted by sea
pixel only, while the latter, namely Land, by land pixel
only. On both subimages the information assessment pro-
cedure was run. As expected no difference was found be-
tween the whole image and the Sea subimage. Concern-
ing the Land subimage, we found that, depending on the
band, the standard deviation of noise, o,,, substantially
increased with respect to the Sea image. Initially we at-
tributed this behaviour to a possible biasin o, caused by
the presence of texture on areas that were believed ho-
mogeneous but that probably were not. In fact this con-
jecture was also supported by a general increase of the
values of the correlation coefficients as it appears in Fig.
12 where p, and p,, for the Land subimage are reported.

In order to verify the presence of such a bias we decided
to estimate o,, also with the bit plane algorithm reported
in (Ref. 7). This approach is less sharp than the procedure
that adopts homogeneous regions but has the advantage to
be independent of region homogeneity.

Surprisingly, the results obtained by the bit plane proce-
dure confirmed that o, is somewhat greater on the Land
than on the Sea image, thus justifying the behaviour of
oy, reported in Fig. 13 where o, is reported for the Land,
Sea, Riverl, and River2 subimages, the last two being
narrow rectangular areas around the Arno river that ap-
pears in the bottom part of Fig. 3.

Riverl, and River2 subimages have different geometric
size. The difference in size has been deliberately fixed in
order to force the estimation algorithm to work on homo-
geneous areas clustered in different conditions. In par-
ticular, the estimation that is more reliable (on River2) is
obtained on the smallest subimage. In fact, on River2 the
algorithm is able to clusterise the homogeneous areas of
the river in all bands and thus derive an estimation that is
extremely simi lar to that of the Sea image.

Concerning the explanation of the bias, it might be due to
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a non-linear processing of the image occurred when pass-
ing from the raw LO data to the instrument corrected RCI
data. A not perfectly additive noise component, which
could be modelled with the introduction of a multiplica-
tive signal-dependent noise component, might also con-
tribute to this effect. In fact, due to the relatively large
dynamic range, also a slight multiplicative noise compo-
nent could easily explain the increase of o, on land areas.

In order to clarify this point, further analysis should be
developed on the raw data since RCI images have been
corrected by a sensor-dependent gain whose effect is to
modify the statistics of the acquired data.

The presence of a slight multiplicative noise component
could be easily taken into account by the noise model but
would also cause implications in the estimation of the en-
tropy of the noise. Actually, since o, is mainly estimated
by means of the contribution of sea areas, and thus prob-
ably under estimated, Ry might consequently be over es-
timated and the reported scores might represent an upper
bound.

3.1.3.  Temporal variation

A preliminary analysis was also carried out to investigate
on temporal variation of the data. The analysis was per-
formed on the images acquired on July 2003, Septem-
ber 2003, and January 2004. The different meteorologi-
cal conditions that occurred during the observations obvi-
ously impose some caution in the interpretation of the re-
sults. In particular, as it appears in Fig. 14, the behaviour
of the estimated o, in the image acquired in January is
influenced by the conditions of the sea that is particularly
rough. Notwithstanding this premise some not negligible
differences appear in the plots of o,, at all wavelengths.
Further investigations should be considered with further
information to be provided on the acquisition process.
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Figure 14. o,, vs. wavelength for three different dates.
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Figure 15. SNRvs. wavelength for the three acquisitions.

Eventually, the Signal to Noise Ratio (SNR),

o2 — 62
is reported in Fig. 15 for the three different observations.
Apart from the shorter wavelength in January’s image,
the three plots present a similar trend and confirm the re-
liability of the procedure. It should be noticed that the
SNR is signal dependent and a direct comparison of its
value for the three plots is not significant.



4. CONCLUDING REMARKS

A procedure for information-theoretic assessment of digi-
tised multi-dimensional signal has been described. It re-
lies on robust noise estimation and on parametric entropy
modelling to calculate the information of the ideal noise-
free signal starting from the digitised observed signal.
From the code rate and the estimated noise variance and
CC’s a model was suggested to upper bound the amount
of information generated by an ideally noise-free process
of sampling and digitisation. The procedure has been
utilised on CHRIS hyperspectral image data to estimate
noise parameters and information content of each spec-
tral band. Results between RCI and L1B data have been
found consistent. Some discrepancy was found in the es-
timation of noise parameters on areas of different texture
and mean grey value. Possible explanations have been
preliminarily discussed. Concerning variations found in
noise parameters of multitemporal observations, further
and deeper investigations are needed to understand the
possible causes.
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