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ABSTRACT

In order to develop a metrological analysis of multi-
variate images (spectral, multimodal ...) and to re-
duce the dimensionality of the measures, we propose
working in a difference space. The feature space is
constructed from the differences between multivari-
ate references and the acquired multivariate measures.
This work is focused on automatic reference selec-
tion using an iterative extraction process that maxi-
mizes the entropy of the total differences. The en-
tropy converges toward a maximum relative to the
maximal number of references required to explain the
measure data set. Results are developed for a multi-
variate medical image dataset (MRI).

1. INTRODUCTION

According to our expected metrological properties,
we require multivariate image analysis solutions inde-
pendent from the imaging sensor. Rather than work-
ing in the acquisition space (sensor dependent), the
analysis is translated into difference spaces relative
to multivariate references (reference dependent) [1].
The translation is developed with the hypothesis that
the spectral or multivariate distance between a given
sample and a reference is preserved regardless of the
spectral resolution or the modality count (for compat-
ible spectral range) [2, 3]. The remaining question we
develop in this work is about the automatic selection
of the spectral or multivariate references.

In the following we will develop automatic ref-
erence selection maximizing the total entropy of the
obtained difference space. Then we will analyze the
obtained difference space and its use in a classifica-
tion context. The application context is developed for
MRI images, a particular case of multivariate images.
Even if the medical context is far from remote sens-
ing, the expectations are the same : improve accuracy,
reduce uncertainties, take care of the rich information
provided by the multivariate sensor.

2. REFERENCE EXTRACTION FOR
MULTIVARIATE IMAGES

The analysis of multivariate, multispectral and hyper-
spectral images raises the issue of the complexity aris-
ing from the dimensionality of these images. Most
approaches rely on a direct reduction of this dimen-
sionality using various techniques, such as PCA[4],
ICA[5], f-PCA[6] or NMF [7].

Only the f-PCA approach preserves some of the
physical properties of the measured spectra, as stan-
dard operations such as addition, multiplication by
a constant and subtraction cannot be applied to re-
flectance measurements. Another problem with ap-
proaches such as PCA, ICA and NMF-type is that
they implicitly treat multivariate measurements as
vectors, which is not suitable for spectra or multi-
modal measurements.

3. THE PROPOSED APPROACH

Translating the multivariate analysis of spectral or
multimodal images into difference spaces is equiv-
alent to dimension reduction. The expected goal in
this case is not to find a feature space minimizing a
cost function, but to find a representation improving
the cluster identification. The selected optimization
criterion is then the total entropy processed in the
difference space.

Be I, a multivariate image associating to each
p spatial location n measures defined positively
by nature : I(p) +~ R*". This measure space
is associated with a distance or similarity measure
d() : d(I(p),I(g)) € R'. Considering S;, the
multivariate measures in I(p) with 0 < ¢ < Ng
and Ref; 1 of the selected references (same dimen-
sions as I(p)). We can define the set of joint dif-
ferences D between the set of multivariate measures
S = {S50,51...,5ns-1} to the selected references
R = {Ro,R1...,Rn,.,—1}. In this study, the se-
lected references are owned by the initial dataset,
so the multivariate image or the set of multivariate
images, so R C S.

Considering the joint differences S as discrete
random variables, with values related to the prob-



ability p; = prob(i -6 < d; < i-6+ 1) and

corresponding to the bin size. The Shannon entropy

is classically defined by:

H(D) =Y pilog (%)

The more relevant reference, R, for the set of
multivariate measures S is then defined as maximiz-

ing the entropy in the difference set:

(a0s.5))

Ry = argmax H
S;CS

The other references are iteratively extracted, con-

structing a table of joint differences, including the
previously extracted references:

Rp41 = argmax H
S:CS

d(s,sj,)ﬂ< N d(S,Rj)>

7:0—k
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4. RESULTS AND DISCUSSIONS

For the experimental part, we chosen to develop it for
MRI images. These images are similar to multispec-
tral images: from 1 to 14 modalities can be considered
and the different modalities are not orthogonal. In ad-
dition, the pixel or voxel measure is a mixing between
several kinds of tissues. But mainly, the radiologist

community expressed the requirement for metrologi-

cal solutions [8]. So we are trying to adapt our metro-
logical solutions for remote sensing to the expecta-
tions of medical imaging.

Our experimentation is based on the public UCSF-
PDGM dataset, version 5 ([9]), which contains 501
cases of tumor-affected brains, each with 14 modal-
ities from different MRI examinations. This allows
us to process each case in a multivariate context,
comparable to a spectral approach.

In our experimentation, we used a subset of 20
cases, selected based on common criteria available in
the dataset metadata ("WHO CNS Grade”: 2 — ’Fi-
nal pathologic diagnosis”: Astrocytoma, IDH-mutant
— 7IDH”: IDHI p.R132H). Each case includes 8
modalities (ADC, ASL, DWI, FLAIR, SWI, Tlc,
T1w, T2w) and a brain segmentation into 4 classes
(cerebrospinal fluid, gray matter, white matter, tu-
mor).

All modalities were normalized using a histogram
matching to a reference model (one model per modal-
ity), combined with a double interpolation to preserve
fine details (texture). As aresult, all brain acquisitions
share the same dynamic range (as shown in Figure 1).

In Figure 2, the entropy evolution according to the
extracted reference count is presented. As expected,
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0  the entropy grows up with the first reference extrac-

tions before to saturate. For the first four references,
adding one reference allows to observe new clusters
in the difference space. After the fourth reference,
adding reference doesn’t allow observing new clus-
ters inducing the saturation of the entropy. So only
four references are sufficient to capture the whole
complexity of the multivariate dataset. The reference
locations in 3 of the 8 modalities are displayed in
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Fig. 1: Representation of the multivariate data in the
measure space.
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Fig. 2: Entropy evolution relative to the number of
selected references.



Figure 3, as expected from [2]. They are founded on
the convex hull framing the dataset. They are well
distributed in the measured space, allowing so to ex-
plore the multivariate diversity. Figure 4 shows some
multivariate responses of the different classes and the
4 extracted references. It illustrates the difficulty of
the classification, all the multivariate responses have
similar dynamics induced in part by the normaliza- 200
tion, and the variations are mainly in the multivariate
shape of the multimodal signals. As expected, the 4
extracted references are not similar to the multimodal
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Fig. 5: Representation of the multivariate MRI data in
the difference space relative to the 4 global references.



Acc. | Prec. | Rec. | F1.
Measure space 0.83 | 0.74 | 0.73 | 0.73
Difference space | 0.78 | 0.65 | 0.68 | 0.66

Table 1: Performance criteria of the SVM classifica-
tion in the different spaces

1 2 3 4

1| 08 0.17 0.01 0.02
2006 08 0.11 0.03
3|1 00 005 094 0.0
41012 04 007 04

(a) Classification in the measure space

1 2 3 4

1073 0.18 0.05 0.04
21008 072 0.12 0.08
31001 006 093 O

41029 031 0.08 0.33

(b) Classification in the difference space

Table 2: Confusion matrices of the SVM classifica-
tion in the different spaces

By nature the difference in space is a metric space, so
with measures defined positive, and in the case of L2
metrics following a quadratic law. The linear SVM
is not adapted to this feature space. To take care of
this construction, an adapted homeomorphism must
be defined to construct a feature space facilitating the
classification.

The second reason is explained by the Figure 4.
MRI domain is not usual with multivariate image
analysis, and in the selection of the adapted multi-
variate distance. Using L2 metrics and the derivative
as Mahalanobis distance is the norm, so at the core of
the scientific path constructed in this work. Consider-
ing the Figure 4, we can observe that the multivariate
class responses are more different in the shape struc-
ture than in the global intensity variations, so distance
or similarity metrics are based on shape differences,
like Spectral Angle Mapper, Spectral Information
Divergence or Kullback-Leibler pseudo divergence
would be more adapted for discrimination purposes.

5. CONCLUSION

In this work, we presented, for the first time, the auto-
matic selection of references for difference-based fea-
ture spaces. This approach is generic and initially de-
veloped for multi and hyperspectral image analysis.
It is based on a reference selection from the initial
dataset, using a criterion based on the entropy calcu-
lated in the difference space. In this work, we selected
to illustrate its use on a particular domain of multi-

variate images, which are the MRI images. Twenty
3D MRI images acquired on 8 modalities were used
in a classification approach (4 classes). The results
show that MRI images require dedicated difference
measures coming from the remote sensing domain as
spectral shape differences (SAM, SID, KLPD ...).
Finally, it is important to note that very few voxels are
‘pure’; in reality, almost all of them contain a mixture
of several types of tissue (white matter, gray matter,
...), which makes it necessary to use unmixing meth-
ods for voxel characterization.
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