
Vol. 75, No. 5, 1998  699

Textural Images Analysis of Pasta Protein Networks
to Determine Influence of Technological Processes
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The structure of pasta is largely governed by the presence of a struc-
tured protein network. This work analyzed the protein network textures
of various cooked pasta products through textural image analysis. Six
different pasta types were investigated: reference pasta made from durum
semolina; pasta enriched with gluten proteins from soft wheat flour at 10
and 20%; autoclaved pasta; soft wheat flour pasta; and pasta made from
reconstituted flour fractions. Pasta samples were sectioned, and each cross-
section consisted of three distinct zones (central, intermediate, and exter-
nal) based on the state of swelling of starch granules for each pasta product.

Digital images of the protein network in each zone were acquired using
confocal laser scanning microscopy. Textural image analysis was then per-
formed. Similarities and differences in protein network texture were assessed
by principal component, stepwise discriminant, and variance analyses. With
the exception of autoclaved pasta, protein network structure differed greatly
with the position in the pasta. Furthermore the effect of technological treat-
ments was greatly influenced by the position in pasta. The most signi-
ficant differences in protein network structure were obtained with the auto-
claved and 20% protein-enriched samples.

Food products cannot only be characterized by chemical composi-
tion but also by three-dimensional organization at three distinct
levels: molecular, microscopic, and macroscopic. The molecular
level governs the steric hindrance and interactions of the food
macromolecules. At the microscopic level, the structures and inter-
actions of larger components such as protein, starch, matrices, and
polymers play a critical role in food texture. At this level, micro-
scopic methods (e.g., optical, scanning electron, and confocal laser
microscopy) allow the description of the organization of the differ-
ent components. Such description is facilitated by appropriate stain-
ing and by three-dimensional reconstruction. The macroscopic
level is characterized by the shape of the isolated food particles and
by the overall texture of foodstuffs, both of which largely depend
on the three-dimensional arrangement of food components (e.g.,
three-dimensional polymeric networks). The recent development
of confocal laser scanning microscopy (CLSM), with its ability to
optically section samples, allows visualization of the three-dimen-
sional organization of macromolecular food networks inside hydrated
food matrices without impairing the physical structure. Such a tech-
nique is of particular interest for pasta in which partly swelled
starch granules are encapsulated by a protein network. This net-
work is responsible for the slow degradation of starch in pasta, due
to its limiting effect on the accessibility of starch to α-amylases.
Unlike other microscopic techniques, such as conventional optic
and scanning electron microscopy, CLSM allows characterization
of the geometry of the protein network both in single planes and in
a three-dimensional space. The images resulting from CLSM may
be digitized and stored. In this way, a great number of images can
be rapidly acquired and processed.

In cereal-based products, a good understanding of the three levels
of food organization is essential for the improvement of food pro-
duct formulation. For example, the addition of surfactants to flour
alters the textural appearance of the bread crumb (which is rep-
resentative of the macroscopic level) (Pomeranz et al 1992). Such
technological modifications can be characterized by certain rheo-
logical measurements (Keetels et al 1996), but may also be studied
by artificial vision associated with image analysis (Bertrand et al

1992). Microscopic images often do not contain well-defined isola-
ted objects, and it is easier to interpret them as a repetitive arrange-
ment of basic patterns, called an image texture (Smolarz et al 1989).
In the domain of artificial vision, many mathematical methods have
been developed for the extraction of textural features from images
(Haralick et al 1973, Galloway 1975). Such methods make it pos-
sible to emphasize the differences in the textural appearance of food
products as a function of the applied technological treatments or of
the origin of the raw materials (Fains et al 1997). In pasta par-
ticularly, it is possible to vary the choice of the ingredients and
technological parameters involved in the manufacture to obtain a
wide range of pasta products. However, currently it is difficult to
rapidly characterize the subsequent modifications of the protein net-
work texture. The present study aimed to apply image texture anal-
ysis for the characterization of the influence of various pasta pro-
cessing parameters. Collections of images were acquired using CLSM.
By analyzing the appearance of the protein network structure after
cooking, the nature of the raw material (flour vs. semolina), the
level of protein-enrichment, the fractionation-reconstruction pro-
cedure of flour, and the thermal treatments (normal cooking vs.
autoclaving) were investigated. Fibers play an important role in
the texture of cereal based products such as bread (Izydorczyk and
Biliaderis 1995). It was therefore also interesting to study the in-
fluence of the insoluble fiber fraction on the structure of the protein
network in pasta. In pasta, the degree of starch swelling increases
from the center to the outer part of samples (Pagani et al 1986,
Cunin et al 1995). Thus, the relationship between the texture of the
protein network and the physical location in the pasta was also
investigated.

MATERIALS AND METHODS

Sample Preparation
Wheat pastas were prepared from durum wheat semolina (3SE

quality, 84.8% dry matter, 74.7% starch, 11.8% protein) (Semoulerie
de Caen, France) and soft wheat flour (84.4% dry matter, 72.2%
starch, 11.0% protein) (Minoterie du Feuillou, Boussay, France).
Durum semolina and soft flour were extruded at 40°C as spaghetti
(1.5 and 1.2 mm diameters, respectively). The spaghetti was then
dried for 17 hr at 55°C. During drying, the relative humidity was
decreased from 92 to 72% rh to obtain a final moisture content of
13%. The processed products were referred as SPref (for spaghetti
made from durum wheat) and SPflr (for spaghetti made from native
soft wheat flour). SPref was considered the reference pasta for
comparison with other samples.

All flours naturally contain a certain amount of insoluble fibers.
A reconstructed flour was prepared to create a sample of insoluble
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fiber-free flour. Initially, gluten, starch, soluble matter, and insoluble
fiber fractions were prepared according to the procedure developed
by Popineau et al (1985). The insoluble fiber fraction was removed,
and flour was reconstituted by mixing the remaining fractions in the
initial proportions. Reconstructed flour (SPrec) was extruded at 40°C
as spaghetti (1.2 mm diameter), dried for 17 hr at 55°C.

Protein-enriched pasta was made from durum semolina enriched
with commercial gluten proteins from wheat flour (Gluten Supra
Vital L, Ref. 617177, Roquette, France). The gluten proteins were
added to achieve total protein contents 10 and 20% higher than the
original semolina protein content, and the enriched semolinas were
processed to make pasta as described for SPref. Protein-enriched
pasta (10 and 20%) was extruded at 40°C as spaghetti (1.7 and
1.9 mm diameter, respectively). These pasta products were referred
to as samples SP+10 and SP+20.

Each pasta product was then cooked for an optimum cooking time
determined according to the French national standard (AFNOR
1989) in which 10 g of spaghetti (5-cm strands) are boiled in 300 mL
of 0.7% salted spring water (Evian). The optimal cooking time cor-
responds to the occurrance of complete gelatinization of the starch
and the disappearance of the white central core of the spaghetti. After
cooking and just before sample preparation for image acquisition,
the spaghetti strands were soaked for 3–5 min in distilled water at
ambient temperature.

Pasta made from durum semolina were also cooked for 2 min in
0.7% salted boiling spring water, and then sterilized at 115°C in an
autoclave for 40 min. This sample was referred as SPA40.

The six samples created by different technological treatments were
SPref, SPflr, SP+10, SP+20, SPrec, and SPA40.

CLSM and Image Acquisition
CLSM (Zeiss LSM 410, Carl Zeiss, Germany) was used for exam-

ining the overall organization and three-dimensional structure of
the protein network of pasta inside the cooked samples. For each
pasta sample, two or three sections of different spaghetti strands
were prepared using a cryotome (20 µm section thickness). The
sections were then dried 16 hr in an oven at 50°C and then stained
for 10 min in a 0.01% (w/v) fuchsin acid solution diluted in acetic
acid 1% (v/v). Sections were rinsed for 1 hr in distilled water and
mounted in distilled water onto flat glass slides. A coverslip was
added, and the preparation was sealed with nail varnish to prevent
drying.

Samples were examined in the epifluorescence mode of the micro-
scope. Samples were excited by a green laser beam at 543 nm and
the emitted light was selected by a long-pass filter (>570 nm). The
laser beam focused on a plane ≈1 µm thick inside the sample. Images
were acquired with CLSM microscope parameters of pinhole (15),
objective (40), and zoom (2).

CLSM images were digitized in the form of pixel arrays of 512
rows by 512 columns. The gray levels were coded on 8 bits, giving
an intensity scale from 0 (black) to 255 (white). Each image
corresponded to a sample area of 162 × 162 µm.

To study the change of the protein network as a function of the
location in the sample, microscopic images were acquired at three
different zones in the spaghetti: external (E), intermediate (I), and
central (C). As the diameter of the cross sections of spaghetti dif-

fered according to the applied technological treatment, it was im-
possible to acquire the same number of different images for each
zone and each sample. Five to 30 images (from two or three pasta
strands) were randomly acquired in each zone for each of the six
technologically different pasta samples (Table I). Thus, 341 images
were collected and stored on a computer for subsequent mathemat-
ical treatment.

Image Processing
Image processing consisted of two basic steps. In the first step,

extraction of texture features, wherein numerical values, called texture
features were assessed from the digitized images. These values are
theoretically representative of the textural appearance of the images.
In the second step, the images were compared by means of multi-
dimensional analyses such as principal component analysis (PCA)
and stepwise discriminant analysis (SDA).

Extraction of texture features from images. The texture features
were assessed by using a technique called the gray level run length
method (Galloway 1975). A digitized image can be seen as a matrix
X(i,j) where i is the index of the row, and j is the index of the
column. A value of this matrix x(i,j) represents the gray level intensity
at location (i,j). A run length in a given direction represents the
number of consecutive pixels with the same gray-level values. For
a given gray level intensity and a given direction in the image, it is
possible to assess the distribution of the run lengths.

For a digitized image, the run length distribution associated to a
given direction can be gathered in a matrix R(g,l), where a is the
total possible number of gray level intensities (256 for pixels
coded with 8 bits), and b is the maximum possible run length of
the image (e.g., b= 512 for an image of 512 × 512 pixels). A value
r(g,l) of this matrix gives the number of run lengths equal to l, for
the gray level value g, that have been encountered in the whole
image, for a given direction. There are as many matrices R as the
number of studied directions. It is then possible to assess different
numerical values that summarize the features of R (texture fea-
tures). The precise way of calculating these features are described in
Galloway (1975) and are not detailed here. However the signi-
ficance of these features is described below.

Short run emphasis (sre): a high value relates to a greater number
of short runs (i.e., an image with fine structure) in the direction
studied; long run emphasis (lre): a high value of this function relates
to more long run lengths contained in the image and the image
may be interpreted as having a coarser structure, in the direction
studied; gray level distribution (gld): also known as gray level
nonuniformity, indicates the distribution of gray levels in the image
(when runs are equally distributed throughout the gray levels, this
function takes on its lowest values); run length distribution (rld):
also referred to as run length nonuniformity, where runs are equally
distributed throughout the lengths, the function takes a low value
(large runs contribute most significantly to this function); run
percentage (r%): This function is the ratio of the total number of
runs to the total number of possible runs if all runs had a run
length of 1 (its lowest value is for images that are less grainy in
the chosen direction).

These five parameters were defined for three directions at angles
0, 45, and 90°, which gave a total of 15 parameters for each image
studied. The vector of these 15 parameters assessed from each
image contained information about the textural appearance of the
sample, making it possible to use multidimensional analyses such
as PCA to emphasize the similarities between image textures. For
this goal, the textural features were gathered into a matrix F(i,j)

where i represents an image and j represents the texture feature of
this image. F had dimensions of 341 × 15 (Table I).

Multidimensional analysis. To give an equal importance to each
texture feature in PCA, the matrix F was normalized (i.e., each
column was divided by its standard deviation). PCA was applied
on the normalized matrix F (Jollife 1986, Sharaf et al 1986). PCA
made it possible to draw similarity maps of the texture features. In

TABLE I
Number of Images Acquired for Each Treatment

Zones

Central Intermediate Exterior

Reference 10 21 20
Protein enriched at 10% 20 31 26
Protein enriched at 20% 15 32 27
Autoclaved 10 20 20
Native flour 6 24 15
Reconstructed flour 5 26 13
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such maps, each image was represented by a point. When two images
had a similar textural appearance they were neighboring or super-
posed on the map.

PCA also allows the representation of the variables on correla-
tion circles (Foucart 1982). In such a representation, the variables
are plotted in a circle with a radius of 1, which represents perfect
correlation. Two variables that are close to the circumference and
neighboring are highly positively correlated. If they are directly
opposite on the circumference, they are highly negatively correlated.
Variables far from the circumference are not representative of the
two principle components under study.

Discriminant analysis. This was useful to identify the texture
analysis parameters that were the most relevant for discrimination of
images, depending on the location in the spaghetti (external, inter-
mediate, central) and the technological treatment applied. To achieve
this, stepwise discriminant analysis (SDA) (Romeder 1973) was
applied on the matrix F. The qualitative groups were defined either by
the position in the spaghetti or by the technological treatments.

Image processing and discriminant analyses were performed
with software written in C++ language by the authors.

Variance analysis of texture features. Zones in the pasta products
(Z) and technological treatments (T) were taken as factors for a
two-way analysis of variance. The interaction Z × T was taken into
account in the model. This data processing was performed on
Splus software (Becker et al 1988).

RESULTS AND DISCUSSION

This study aimed to describe the texture of protein network in
pasta products, depending on the location in the spaghetti cross
section, and on the technological treatments applied. Initially,
images of the reference pasta product (SPref) were acquired, and
the dependence of texture on the location was studied. The effect
of technological treatments was then investigated. The interaction
between technological treatments and spatial organization of
texture was evaluated by means of variance analyses.

Textural Analysis of the Protein Network
Typical CLSM images of sample SPref are shown Fig. 1. In these

images, the protein network appears as a white structure on a black
background that mainly corresponds to the starchy fraction. The
fuchsin acid staining technique then revealed essentially the protein
fraction. Significant variations in the texture were apparent from the
external to the central zones. This was related to the degree of
swelling of starch granules which depends on the location in the
pasta products (Cunin et al 1995), with the protein and the starch
competing with each other for absorbable water (Eliasson 1983).
During pasta cooking, the protein network limits water diffusion
to the starch granules, which limits swelling in the central zone of
pasta. On the basis of this knowledge, and our observations, we

divided pasta cross-sections into three parts: external (E), inter-
mediate (I) and central (C) zones. In the external region, the fine
fibrils of the protein network were separated by large black areas.
The intermediate and central zones, however, were more similar to
one another, although the protein fibrils formed a coarser structure
in the central zone than in the intermediate zone. The large and small
starch granules were clearly visible as large and small black areas
surrounded by the higher emission of the protein network. In the
central zone, the dark areas were smaller than in the external zone.

After defining the zones, 5–32 images were acquired from each
zone in each pasta product. Such a high number of similar images
could not be efficiently and objectively compared by simple visual
evaluation so it was necessary to apply rapid, nonsubjective char-
acterization of image texture. This was achieved by the applica-
tion of an image texture analysis technique, the gray level run length
method, and by multidimensional analyses applied on the extracted
texture features.

To appreciate the importance of the location on the texture of the
reference pasta protein network, PCA was initially applied on the
normalized data of the 15 assessed texture features. In this case,
51 CLSM images were included in the data matrix: 20 from the
external zone, 21 from the intermediate zone, and 10 from central
zone (Table I). In this PCA, the first and the second eigenvalues
represented 91.3 and 7.6% of the total sum of the square, respec-

Fig. 1. Typical images (acquired by confocal laser scanning microscopy) of the reference pasta in the external (E), intermediate (I) and central
(C) zones. Bar = 25 µm.

Fig. 2. Correlation circle for the texture features. Five parameters for three
directions at angles 0, 45, and 90°: sre, short run emphasis; rld, run length
distribution; r%, run percentage; lre, long run emphasis; gld, gray level dis-
tribution. A1 = component m°1, A2 = component m°2.
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tively. The first component was highly representative of the data,
and it seemed sufficient to analyze the significance of the two first
components. The correlation circle of the textural features related to
these components is shown in Fig. 2. The variable code is followed
by the value of the angle (0, 45, 90°) that was used when assessing
the textural features. With the exception of lre, the texture features
were highly representative of the first component. Moreover, sre,
rld and r% were highly positively correlated with each other and
negatively correlated with gld. The first component appeared to be
descriptive of the degree of organization and the coarseness of the
network. The texture features were independent of the angle
applied for the texture analysis. For example, variables lre0, lre45
and lre90 perfectly overlapped. This indicated that the image texture
presented no preferential direction and was isotropic. This conclu-
sion was not obvious from direct observation of the CLSM images.

The biplot of the observations is shown Fig. 3. For the sake of
clarity, the scales of the two axes have been adjusted and are not
identical. On this graph, each point summarizes the texture of a
given image. Each image is coded by the location (E, I, C). In
general, the textural appearance of the images appeared to be
clearly dependent on the location. Images from the external zone
(E) presented positive values of the first PCA scores. In contrast,
images from the central zone (C) were plotted in the negative part
of the first axis. Images from the intermediary zone (I) were
spread between images from zones C and E, with ≈25% of images
not distinct with images from zone C (Fig. 3). The range of scores
observed with images from zone I was large, which showed that the
texture of the intermediary zone was highly variable. Images from
zone E were also split according to the second component. No
obvious interpretation of this distribution could be found.

To identify the variables that were the most discriminating between
the zones, SDA was applied on the texture features. In this case,

the qualitative groups of SDA corresponded to the zones. A single
parameter, r%0, yielded a high percentage (82.35%) of correct
classification. When a second or a third variable was introduced into
the model, no significant improvement was observed. The model
with a single variable seemed to be the most appropriate. Table II
shows the classification of the images given by SDA when using a
single variable. In Table II, the rows represent the actual zone and
the columns represent the classification from the SDA. With one
exception, the external and central zones were correctly identified.
In contrast, images from the intermediary zone were often misclass-
ified as being from the central or external zones.

TABLE II
Classification of Reference Pasta Images at Step 1

of Stepwise Discriminant Analysis

Zone Center Intermediate Exterior

Center 9 1 0
Intermediate 5 13 3
Exterior 0 0 20

TABLE III
Variance Analysis of Treatments × Zone Interaction

Parameter Factors df Square Sum Mean F P

sre0 Treatments 5 126.9 25.38 95.17 0
Zone 2 113.03 56.52 211.93 0
Interaction 10 14.79 1.48 5.54 0
Residual error 323 86.14 0.27 . . . . . .

Fig. 3. Principal component analysis map of 51 images acquired for refer-
ence pasta in the external (E), intermediate (I) and central (C) zones. A1 =
component m°1, A2 = component m°2.

Fig. 4. Principal component analysis maps representing influence of cook-
ing procedure (A), protein enrichment (B), botanical origin and fraction-
ation-reconstruction procedure of flour (C). R = reference pasta; A =
autoclaved pasta; 1 and 2 = protein enriched pastas; W = pasta made from
native flour; and W = pasta made from reconstructed flour. A1 = compo-
nent m°1, A2 = component m°2.
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From this study, we concluded that the textural appearance of the
protein network was clearly dependent on the location in the spa-
ghetti, especially in the external and central zones. Texture analyses
and multidimensional data processing were thus able to objec-
tively confirm our initial subjective visual interpretations.

Influence of Technological Treatments
Images of different zones of spaghetti produced by six techno-

logical treatments (SPref, SPflr, SPrec, SP+10, SP+20, SPA40) were ac-
quired. Because significant variation in the image texture was
observed according to the zones in the pasta, it was useful to study
the respective effect of the zone (Z), the technological treatment
(T) and the interaction Z × T by variance analysis (ANOVA). As the
textures appeared to have no defined orientation, it was sufficient
to study only the set of texture features associated with one angle
(0°). ANOVA was independently applied on each texture feature
(sre0, lre0, gld0, rld0, r%0) for the 341 available images. In each
case, the effect of Z, T, and Z × T were very significant, with
associated probabilities close to 0. For example, the results of the
ANOVA for sre0 is shown in Table III. The treatment (T) played
an important role with an F value equal to 95.17, but the effect of
the zone was still higher (F value equal to 211.93). Therefore it
could be concluded that the effect of the treatment differed accord-
ing to the zone. The same conclusions were obtained from the other
texture features.

To emphasize the effect of the treatments on the organization of
the protein network, three SDA were independently applied on the
images of each zone with the treatments as the qualitative groups.
The effect of the treatment was evaluated by considering the num-
ber of images correctly classified. The percentage of correct classifi-
cations ranged from 64.29% for intermediary zone to 75.76% for
central zone (Table IV). Whatever the considered zone, auto-
claving treatment, SPA40, was the most clearly identified with only
0–2 confusions with other treatments. Images for other treatments
were often wrongly classified. For example, images from pasta
sample SPref were often wrongly classified as images from sample
SP+10. The same was observed between images from samples
SP+10 and SP+20. On the contrary, images from sample SPref were
never identified as images from sample SP+20. Thus, the protein
enrichment caused a progressive modification of the texture. The
reconstructed flour (SPrec) was not well classified and often
wrongly identified as SPflr. The removal of insoluble fibers did not

lead to a marked modification of the image texture. The image
texture obtained with soft wheat was generally well discriminated
from that obtained with durum semolina. The intermediary zone,
which was larger in the spaghetti, was chosen for further study. A
PCA was applied on the texture features of this zone. For the sake
of clarity, the biplot of the first and second components were split
into several graphs to emphasize the effect of cooking procedure,
protein enrichment, botanical origin, and fractionation.

Figure 4A illustrates the effect of cooking (either the normal
cooking procedure R or the autoclaving process A). The method of
cooking had a strong influence on the texture. All the images from
sample R had negative scores on the first axis, contrary to images
from sample A. This can be explained by excessive swelling of
starch granules obtained after autoclaving, whatever the position in
pasta. This is what occurs in the external zone of normally cooked
pasta R.

Figure 4B illustrates the influence of protein enrichment. Images
from samples R and 1 (SP+10) were often overlapped, whereas ≈50%
of images from sample 2 (SP+20) were clearly distinct. This is in
agreement with the results of the previous SDA. The influence of
the botanical origin (soft vs. durum wheat) and of the fractionation
are shown in Fig. 4C. Durum wheat gave slightly more hetero-
geneous image textures (as shown by the range of scores) than
soft wheat (W). As for images from autoclaved pasta (A), images
from fractionated flours (F) were more representative of an external
zone (Fig. 3) when compared with images from R or W (Fig. 4C).

CONCLUSION

Many technological processes are used to produce textured food
products (e.g., foams, cereal product crumb, fibrous materials). It
is often difficult to appreciate the modification of the appearance
of the product as a function of the parameters of the process. When
the number of samples is ≥20, it is necessary to have an objective
evaluation method. Image texture analysis has the advantage of
being both rapid and systematic, and can be applied in many
situations without large modifications of the data processing. The
drawback of this approach is that the extracted texture features are
not directly interpretable in terms of geometric organization.
However, by applying chemometric multidimensional analyses, it is
possible to obtain relevant information and interpret the data
collection.

TABLE IV
Classification of Imagesa According to Treatment and Zone

SPref SP+10 SP+20 SPA40 SPflr SPrec

Intermediate zone (step 3 of SDA) 64.29% correctly classifiedb

SPref 10 11 0 0 0 0
SP+10 11 15 3 2 0 0
SP+20 4 2 26 0 0 0
SPA40 0 0 0 18 0 2
SPflr 2 1 0 0 15 6
SPrec 0 1 0 1 9 15

Center zone (step 2 of SDA) 75.76% correctly classified
SPref 6 3 0 0 1 0
SP+10 1 18 1 0 0 0
SP+20 0 4 11 0 0 0
SPA40 0 0 0 10 0 0
SPflr 0 1 0 0 5 0
SPrec 2 0 0 0 3 0

Exterior zone (step 4 of SDA) 70.25% correctly classified
SPref 13 3 0 0 2 2
SP+10 4 19 1 1 0 1
SP+20 2 7 17 1 0 0
SPA40 0 0 0 18 1 1
SPflr 0 0 0 0 11 4
SPrec 1 2 0 1 2 7

a SPref = reference pasta; SP+10 = 10% protein enrichment; 20% protein enrichment; SPA40 = autoclaved pasta; SPflr = pasta made from native flour; SPrec = pasta made
from reconstructed flour.

b Step of the stepwise discriminant analysis (SDA) chosen for maximum significantly correctly classified images.
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In the present study, it was possible to identify the factors that
influence the texture of the protein network during the processing of
pasta. The location in the pasta product played the most important
role. Autoclaving produced a particular product texture, clearly dif-
ferent from that obtained by traditional cooking. The effect of protein
enrichment was mainly visible at the 20% level. Surprisingly, the
absence of insoluble fibers did not lead to a pronounced image textural
effect. Our results demonstrated that image texture analysis provides
an objective method to discriminate between different images. This
allowed not only objective confirmation of our subjective visual
textural interpretations, but also revealed information about the
image sets that were visually less obvious such as the lack of an
overall textural orientation.

From a nutritional point of view, it may be hypothesized that the
large heterogeneity of the protein network observed will influence
the enzymatic degradability of the starchy fraction. From the present
study, it will be possible to identify typical microscopic textures.
In further studies, it would be interesting to relate the observed
textures with the kinetics of enzymatic starch hydrolysis
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