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Image analysis approaches allow to quickly extract important information from images of diverse nature. Many
techniques produce as a result images that contain regular and irregular objects. The ability of automatically
extracting the objects and their related morphological features and properties is becoming fundamental, espe-
Algorithm cially when the number of images to analyse is consistent.

Rice kernels In this context, a new algorithm able to extract a series of morphological features from FESEM images was
DoE developed. Starting from a case study on 54 varieties of rice kernels, 220 images were acquired, and the algo-
rithm was coded with the aim of extracting information from the round-shaped starch particles naturally present
in rice kernels. The algorithm constitutes of different steps to segment the images and identify the object shapes
and boundaries. Once those objects are identified, the algorithm extracts their morphological features, the
number of identified objects and the amount of empty spaces among those objects.

The developed algorithm is suitable for a rapid and automated analysis of several images, with the aim of
extracting object-related morphological features and information about the general objects space disposition.
The use of adaptive thresholds and correction steps allow to analyse images of different natures containing also
defective and non-representative objects that will be automatically removed from the features calculation. In
addition, to evaluate the algorithm performances, a Design of Experiment approach was developed to determine
the effect of the input parameters choice on the algorithm output results, highlighting which parameters show a
stronger effect on the output.

1. Introduction

In the past years, the interest towards approaches based on auto-
matic image analysis has been considerably growing. The possibility of
rapid automated extraction of qualitative and quantitative information
from greyscale and/or coloured images changed the way researchers
have been performing their studies and their understanding of image-
related scientific issues. Image analysis is generally non-invasive and
non-destructive [1], and it provides accurate information by employing
methods that can be used in a wide variety of fields such as materials
science [2-4], chemistry [5-8], engineering [9-11] and even biomedi-
cine [12-14].

Several analytical techniques generate images with regular shaped
objects with a wide variety of dimensions and dispositions [15,16].
Researchers often face the problem of measuring particles and objects
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present in the images and many approaches, both automatic and
manual, have been developed and fruitfully applied [17,18]. Among
image analysis and characterization methodologies, Field Emission
Scanning Electron Microscopy (FESEM) is gaining more and more mo-
mentum. Its application in engineering ranges from empty spaces
quantification [19] to particle size distribution measurement [20,21]
and morphology exploration [22]. It is also used to characterize grains of
different materials (e.g. sand [23]) to evaluate structural morphology
[24] and damages [25], and in general also to characterize materials
with different aims like carbon materials for energy storage [26] or
nanotubes for biomedical approaches [27]. More specifically, in food
science, microscopies can play a key role in food components identifi-
cation, contaminant detection, quality control and texture or structure
analysis [28-34].

In the context of image analysis, segmentation [35] is a key step that
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helps dividing an image into distinct regions to isolate areas of interest.
This step, essential for tasks like object recognition and measurement,
plays a crucial role and, nowadays, it is largely applied in combination
with deep learning techniques to segment and classify macroscopic
images [36]. While the principles of segmentation and object recogni-
tion are inherently applicable to FESEM images of food samples, the
specific challenges lie in adapting algorithms to the unique micro-
structural features, such as complex textures and the presence of areas
differing in brightness and light contrast. Al-driven analysis of macro-
scopic food images can be found in recent literature, for example for
dietary assessment and quality control [37,38]. However, there is a
noticeable gap in the direct application of Al-based segmentation and
object recognition in FESEM images, especially for food-related topics.
Differently from industrial materials, food samples usually show larger
heterogeneity with complex structures and object dispositions, leading
to different light contrast across the image, which can cause deep
learning algorithms to fail. In addition, in the agrifood sector, especially
for safety and quality applications, it is crucial to explain how algo-
rithms work and the decisions they make, while deep learning models
are often seen as “black boxes,” which can limit their adoption in
regulated environments.

Differently from deep learning methods, more “classical” image
analysis approaches, based on thresholding and contour-based algo-
rithms, offer greater interpretability, as well as lower computational
requirements and, most important, larger control over the extracted
features, making them suitable and adjustable to specific applications.

In this context, we developed an algorithm able to perform high-
throughput analyses of large sets of FESEM images to automatically
extract important morphological features (e.g., area, perimeter, circu-
larity, etc.) of similarly shaped objects. To show the applicability and the
effectiveness of this approach, we also present a case study about rice
kernels characterization, in which this new algorithm is applied. The
aim of the study was to extract a series of morphological features related
to the starch particles of rice kernels of different varieties and
geographical origin from a set of FESEM images [39]. The use of FESEM
in this context allows to easily visualize the starch particle shapes and
disposition inside the rice kernel. Each different rice variety is charac-
terized by a different kernel inner composition, resulting also in a
different disposition of the starch particles, which are turned to be
related with rice biochemical properties.

Furthermore, since the algorithm requires some parameters to be
manually set as the model inputs, an experimental design approach was
applied to evaluate the effect of these parameters on the morphological
features calculation and on the overall algorithm processing runtime.

2. Materials and methods
2.1. Case study on rice samples: sample preparation and FESEM images
acquisition

Our case study involved the analysis of 54 rice varieties to evaluate,
by means of FESEM imaging, the morphological internal structure of the
starch particles of the rice kernels [39]. Three half kernels per variety
were analysed and three images for each kernel were acquired at 5000X
magnification in the most representative area of the kernel section.

Table 1
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Considering only the images obtained for those kernels presenting a
non-crystalline starch disposition, a total of 220 images were selected.

In this study, image analysis was employed to investigate the starch
particles morphology. In particular, the algorithm was developed to
extract features related both to the particle shape (e.g. area, perimeter,
etc.) and to the particle disposition (e.g. number of starch particles and
empty spaces among them, also defined as “porosity”). Five manual
inputs were defined to enhance the adaptability of the algorithm to other
applications. These inputs (or parameters) are involved in different steps
of the algorithm and were named P1, P2, P3, P4 and P5. Their purpose is
explained in detail in the following paragraphs, and an overview is
provided in Table 1 [39].

2.2. Algorithm

2.2.1. Algorithm description

The image analysis algorithm was developed under MATLAB envi-
ronment (version R2021b, Mathworks, Natick, MA, USA). To better
explain how the algorithm works, a supporting flowchart containing all
the image analysis steps developed for processing the images can be seen
in Fig. 1. The code performs fast analysis of large number of images, but,
because of the complexity of the task, it is only able to process one image
at a time.

2.2.1.1. Scaling factor. To work with the images using the pixels as
measure units instead of meter-based units, a scaling factor needs to be
defined. To extract such factor directly from the image, a piece of code
based on an OCR function able to read the instrumental information
printed in the image itself was developed. Pairing this scaling factor with
each image becomes fundamental to refer the automatically measured
morphological features back to a meter-based reference. The scaling
factor is calculated as the ratio between the extracted meter-based unit
number (e.g., 10 pm) and the length of the scale reference bar, expressed
as the corresponding number of pixels (Fig. S1 — Supplementary
Materials).

2.2.1.2. Size and resolution check. After storing the image’s instru-
mental information, the image sizes and resolutions must be checked: to
compare different images, sizes and resolutions need to be made
consistent. First, a “resize” function was used to ensure that all analysed
images would have the same pixel dimensions, thus being directly
comparable among each other. This step was coded to work with inputs
either fixed, manually selected or automatically derived from an image
chosen as a reference.

2.2.1.3. Brightness adjustment. Once all images have been made
consistent, the first image editing step entails brightness correction.
FESEM images are acquired in grayscale and, depending on the instru-
mental set-up, they could globally be darker or brighter, also within the
same sample scanned area. MATLAB offers a series of functions able to
adjust the brightness to facilitate the comparison among images. Simple
functions like imlocalbrighten just brighten low-light areas, while more
complex ones allow to use the greyscale distribution and the brightness
of a selected image as a reference or allow manual tuning the light
contrast and the brightness [41].

List of the factors (parameters) evaluated by DoE. The tested values, the section of the algorithm where they are employed, and a concise description of the parameters

function are reported for each factor.

Factor Levels Algorithm section (Fig. 1) Explanation

P1 9,18, 27 Greyscale threshold Threshold percentage for adaptive binarization

P2 1,13 Image segmentation Threshold to suppress local minima lower than P2

P3 60, 140 Empty spaces definition Limit to suppress lighter greys

P4 4,8 Empty spaces definition Number of thresholds calculated to estimate empty spaces

P5 5,14 Objects correction Definition of the step (%) to distinguish fragments from objects
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Import of one image
from the stored files

Scaling factor identification using
an OCR function from MATLAB

Search for the first adaptive threshold
(related to P1 % of greys distribution)

Binarization of the greyscale image

Greyscale threshold

First object edges sketching according
to pre-defined structure elements
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(using a fixed P2 threshold)

Image segmentation of continuous
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Fig. 1. Flowchart summarizing the algorithm functioning. The red box highlights the definition of the grey distribution threshold. The orange box highlights the
image segmentation steps. The green box highlights the definition of the empty spaces. The blue box highlights the object features extraction and contains also the
purple box which highlights the optional objects correction step. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web

version of this article.)

2.2.1.4. Image segmentation: the binarization step. Image binarization is
a crucial step for both the definition of the empty spaces and the iden-
tification of the particles from the image. This step is aimed at dividing
the pixels of the image roughly into two sets: one corresponding to the
empty spaces and the other corresponding to the particles.

To make the algorithm versatile for a wide variety of applications, an
adaptive threshold instead of a fixed one was coded (Fig. 1 — Red box).
This threshold is applied to the image grey distribution: all pixels whose
value is below the threshold constitute the initial empty space areas of
the image (i.e., darker areas not reflecting electrons), while all pixels
whose value is above the threshold are identified as the raw areas
containing the particles (“raw” because in the next step the measured

areas will be better refined through different correction steps). The value
of P1 regulates the shade of grey to which the threshold is going to be
set. The threshold is adaptive since it is defined as a “percentage of dark
grey” and it is applied individually to the grey distributions of each
image. In this way, the same percentage threshold value would corre-
spond to a different shade of dark grey from image to image, and
therefore potential differences in brightness can be mitigated across the
set of images. The threshold computation is based on a cumulative sum
over the pixels from the darker end of the distribution, up to the desired
threshold value. For our real case of rice images, the threshold value P1
was set to 17 %, but of course for other applications the threshold can be
set according to needs.
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Because of the different shapes and the tridimensionality of the
sample structure, the set of pixels corresponding to the particles needs to
be further refined to clearly distinguish and correctly defining the shapes
of the particles (Fig. 1 — Yellow box). First, a smoothing function
(activecontour) allows to sketch the object boundaries using the active
contour algorithm, that superimposes the binarized image over the
original one. After that, the first objects identification (Fig. S2 — Sup-
plementary Materials) is performed: using the strel function, the script
creates a structure element with a user-selected shape and applies it with
the imclose function. The result of this procedure is a new binarized
image where a first correction of the areas recognized as empty spaces
and as particles is performed. This correction step prepares the image for
the following segmentation step. Depending on the type and nature of
the objects described by the images, the user can manually choose the
approximate object shape to be used by the strel function. For example,
in the case of round-shaped objects the best results can be obtained by
using the ‘disk’ option; instead, in the case of more squared ones, the
‘rectangle’ or the ‘square’ options prove better suited, whereas for linear
and elongated ones the ‘line’ option can be chosen.

2.2.1.5. Image segmentation: finding the distinct objects. The binarized
image contains an initial rough description of the particles of the image,
and it needs to be further refined to identify the distinct objects. To do
so, a distance transform matrix (based on Euclidean distance) is
computed using the bwdist function. This function computes, for each
pixel, its distance from the nearest “non-assigned” pixel (i.e., the parts in
white of Fig. S2, not recognized as objects). As a result, a numerical
matrix (“distance matrix”) with the same dimensions of the original
image is obtained and can be interpreted as follows: the values that are
far from zero correspond to the centre of the objects, while the values
become closer to zero moving towards the boundaries of the object, and
become equal to zero when pixels represent the empty spaces among the
objects (Fig. S3a — Supplementary Materials). To clearly identify the
edges of the particles, the complement of the previously obtained “dis-
tance matrix” is computed by subtracting the distance value of each
pixel from the absolute maximum value of the distance transform matrix
to enhance contrast and facilitate the next steps of the algorithm
(Fig. S3b — Supplementary Materials). The resulting matrix is then
interpreted like a three-dimensional surface where bright pixels repre-
sent “surface minima” corresponding to objects, while dark pixels
represent background regions (zero values). To refine boundaries, the
imhmin function is applied to the image. This function suppresses all
local minima whose depth is lower than a fixed threshold (P2 input) and
allow to enhance object separation. After that, the final image seg-
mentation is obtained using the watershed transform, which is used to
segment continuous regions of interest into distinct objects, again by
treating them like a three-dimensional surface (Fig. S4 — Supplementary
Materials).

This approach allows to obtain an image where the identified objects
are completely distinguished from the empty spaces among them. In
addition, with the labeloverlay function, it is also possible to visualize the
identified objects by highlighting them with different colours in contrast
to the black-coloured empty spaces.

2.2.2. Morphological features calculation

The image-segmentation step produces a list of objects in which each
object is described by the pixels belonging to the original image. All
objects are from now on treated independently by the algorithm to
calculate their morphological features. The script allows the user to
choose which features the algorithm will extract from the images and,
more importantly, also to select either if the interest is focused only on
the objects’ features or if also the empty spaces among the objects must
be computed.

2.2.2.1. Empty spaces identification. The first morphological feature that

Chemometrics and Intelligent Laboratory Systems 263 (2025) 105415

the algorithm can compute is the area of the space non-assigned as ob-
ject (i.e., non-object space), that in our rice case study corresponds to the
amount of empty spaces among the starch particles. Since the analysed
samples are three-dimensional, the images represent a non-planar sur-
face characterized by holes, cavities and superpositions that, all com-
bined, generate shadows. In greyscale images, the darkest shadows can
be easily confused with the dark areas corresponding to the “non-object
space”. To better estimate the real amount of empty space, an algo-
rithmic step involving a set of adaptive thresholds was developed to
process the marginal shadows, with a “soft approach” (Fig. 1 — Green
box).

By working on the “non-object” pixels greyscale values, an initial
selection is performed by removing all pixels lighter than a chosen
adaptive threshold (P3 input): those pixels correspond to “lighter
shadows”. The remaining darker pixels are then processed by a piece of
code which calculates the mean value (M) and the standard deviation (S)
of their distribution. Then, six different increasing adaptive thresholds
are applied to the distribution (the number of thresholds is the value of
P4), by addition to the mean value M. The spacing of these increasing
thresholds is regulated by a coefficient K ranging from 1 to its the
maximum value (which corresponds to P4 input). The thresholds are
calculated with Equation (1):

thrgy =M + ((K—1)*0.1*S) )]

For each threshold value a different estimation of the empty space
area is obtained. These areas correspond to the number of pixels with
greyscale value lower than the corresponding threshold. The final
number of pixels identified as the image “non-object area” is the mean of
the areas obtained with the different thresholds. The amount of empty
spaces is finally expressed both in terms of area (in pixel) and in terms of
percentage with respect to the total image area (Fig. S5 — Supplementary
Materials).

2.2.2.2. Object features calculation. Before proceeding with the features
calculation (Fig. 1 — Blue box), a step of object quality assessment is
performed. The aim is to recognize and remove most of the defective or
incomplete objects (e.g., objects cut by image edges or partially hidden
because of shadows and overlaps), so that the morphological features
can be computed considering only the most representative objects,
concerning the real situation captured by the images (Fig. 1 — Purple
box). Two consecutive steps are applied to remove the non-
representative objects: in the first one the percentage contribution of
each object’s area to the total area is computed and used to separate
larger objects from smaller ones; the second step is operated only on the
set of small objects defined in the first step, and it is based on the
computation of subsequent differences of the particles’ dimensions
aimed at finding a significant leap, ideally separating the fragments and
the smallest objects. More in detail, the first step starts by calculating the
area of all objects found by segmentation; then, all computed areas are
sorted from the smallest to the largest and the percentage contribution
to the total area is computed. The separation between small and large
objects is then performed by selecting, from the smallest value up, all
objects until the cumulative percentage contributions sum reaches 8 %
(P5 input) of the total area. The second step is then performed by
calculating the difference between the areas of two consecutive sorted
objects, considering only the previously defined set of smallest objects.
This set is finally divided into “small objects” and “fragments” (or
“defective” objects) and the threshold between them is fixed at the
highest computed difference (i.e. the significant leap). All objects whose
area is below this threshold are then excluded from the morphological
features calculation (Fig. S6 — Supplementary Materials).

Once this correction is performed, each object can be processed to
extract the desired morphological features, the most common being the
area (number of pixels composing the object), and the perimeter
(number of pixels of the object’s boundary). Starting from these two
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features the values of radius and diameter can then be derived by
assuming a perfect circular shape object.

An additional feature that can be requested by the user is eccen-
tricity, a property commonly used for describing elliptical objects: it
describes how different the object’s shape is from a perfect circle (0 in
the case of a perfect circle, and 1 in the case of a segment). Its mathe-
matical definition is described in Equation (2) and corresponds to the
ratio between the distance of the focus from the centre and the length of
the semimajor axis a.

E:\/aszz/a 2

Also circularity can be obtained, again related to the object similarity
to a perfect circle, but it is based on the area A and perimeter p values as
described by Equation (3):

C=41A/p? ®3)

All requested morphological values are calculated and stored for
each object in the image, along with the image mean value of each
feature and the corresponding standard deviation, as more general in-
formation related to the whole image. The last step of the features
extraction process consists in the application of the previously identified
scaling factor, to convert the features values from pixels unit to a meter-
based unit of measurement.

2.2.3. Algorithm’s performance evaluation

The proposed algorithm requires the user to input five parameters.
To evaluate the influence of these parameters on the whole image pro-
cessing and features extraction process, a Design of Experiment (DoE,
[40]) approach was developed to systematically explore and model their
individual and combined effects. In a DoE approach, the five parameters
can be treated as “factors” (from P1 to P5). Due to the computational
nature of the problem at hand, and to the processing time required by
the algorithm, only a few levels can be tested for each factor. Two values
were tested for factors P2, P3, P4 and P5; while for P1, which is the
parameter involved in the initial image binarization, three values were
tested to better evaluate the effect of the adaptive threshold, which can
be considered one of the most critical steps in the algorithm.

The selection of the values to test was based on our experience with
respect to the algorithm functioning and the real-case image dataset at
hand, and at the same time by taking care of setting reasonable values
for all the parameters: such considerations are the basis for deploying
the tools of Experimental Design. Following the principles of the “full
factorial” design, all the possible combinations of the levels tested for
the parameters were considered and calculated. This means that all
features related to the 220 images of the case study were computed for
each experimental point (i.e., the specific combination of five parame-
ters) of the experimental plan (i.e., the whole list of combinations to
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test).

For each combination different responses were calculated and sub-
sequently modelled. In particular, the algorithm processing time and the
identified number of particles were calculated for each of the 48 “ex-
periments” (i.e., the different combinations of factors and levels, rep-
resented as “DoE Matrix” in Fig. 2) and for each image. Instead, for the
morphological features (empty spaces, area, circularity, eccentricity and
perimeter, “Responses” in Fig. 2), the mean values and the corre-
sponding standard deviations were calculated as response variables for
each experiment and for each of the 220 images. In addition, to estimate
the influence of the “object quality assessment” step described in Section
2.2.2, all the morphological features were calculated before and after
this step regulated by parameter P5.

In Table 1 is reported a description of the 5 parameters, with the
tested levels and the section of the algorithm where they are applied.
The three equally spaced levels tested for the P1 factor were 9 %, 18 %
and 27 %. Factor P2 is involved in the image segmentation and two
different levels were set: 1 and 13. For factor P3 the two considered
levels were 60 and 140. For factor P4 the two levels selected were 4 and
8. Finally, for factor P5 the two considered levels were 5 % and 14 %.

2.3. Data analysis

2.3.1. Principal component analysis (PCA)

An exploratory analysis of the results obtained running the algorithm
according to the experimental design (48 combinations of the five fac-
tors) was performed by principal component analysis (PCA, [41,42]),
using the PLS_Toolbox (version 8.9.2, Eigenvector Research Inc., Man-
son, WA, USA) software package.

The calculated morphological features (obtained before and after the
correction step), the empty spaces values (expressed as a percentage
with respect to the total space) and the number of identified objects
obtained from the 220 images analysed with all the 48 combinations of
factors were inspected using PCA. The data were pre-processed with
autoscaling.

2.3.2. ANOVA Simultaneous Component Analysis (ASCA)

ANOVA Simultaneous Component Analysis (ASCA, [43]) was also
explored using the PLS_Toolbox (version 8.9.2, Eigenvector Research
Inc., Manson, WA, USA) software package. ASCA is a statistical method
that can be applied to complex datasets with multiple factors (the pa-
rameters, in our case) possibly influencing the variables. It can be used
to understand how the different factors contribute to the variance
observed in the data and to identify patterns or interactions among these
factors.

To better understand and quantify the effect of the parameters on the
algorithm performances, ASCA was carried out using a coded DoE ma-
trix (built associating —1 to the lowest value and +1 to the highest

Experiment 1

| Factor P1 I——o| 3 Levels

Experiment 2

Factor P2

Experiment 3

2 Levels

Factor P4

Experiment 48

Processing time

x 220 images

N° of particles

x 220 images

Empty spaces
Area.
Circularity

Eccentricity
Perimeter

Responses

x 220 images

Fig. 2. Experimental design developed to evaluate the 5 manual parameters (from P1 to P5) of the image analysis algorithm. The figure contains a schematic
representation of the combinations of factors and levels that generates 48 “experiments” (i.e., the different combination of factors and levels). The different response
variables calculated for each experiment are reported on the right side of the figure. For the morphological features, mean values and corresponding standard

deviations were calculated for each image.
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value) to represent all the possible parameters combinations and using
as a response the matrix containing the 11 extracted features (Section
3.2.2). The ASCA results are reported as a table containing the number
of principal components used to describe each factor (or the interaction
between two factors), the overall effect of each term, and a p-value
associated with the significance level of the corresponding result. The
number of permutations was set to 100 to calculate the p-value.

2.3.3. Multi linear regression (MLR)

Following the typical approach of Design of Experiments, the com-
binations of tested parameters were also analysed with multilinear
regression (MLR, [44]) to understand the contribution of each factor on
the overall processing time of the algorithm. This approach allows to
model an experimental domain (i.e., the set of tested combinations of
factors) by defining a mathematical function to describe the experi-
mental data. The strong point of MLR is the possibility of describing both
the possible effects of the factors and their interactions: this is done by
including different terms in the model’s mathematical equation. Each
term describes a contribution to the modelled response, as related to a
factor or an interaction between factors. By inspecting how the response
behaves across the experimental domain it is possible to identify inter-
esting sets of experimental conditions, especially in the perspective of
response optimization (i.e., maximize or minimize the response). One of
the most important outputs to be inspected in an MLR model are the
regression coefficients, which are generally displayed as a bar plot in
which each bar clearly describes the magnitude and the sign of the
different modelled terms (corresponding to individual factors or to
pairwise factors’ interactions). The coefficients are strictly linked to
modelled response, and their global and additive relationship with the
response is to be inspected with the response surface plots, which allow
to visualize the response relative to the experimental domain.

We decided to model the processing time of the algorithm as a
response, to better understanding the bottlenecks of the algorithm
workflow.

3. Results and discussion
3.1. Case study: rice starch particles

According to an initial exploration and visualization of the acquired
images, the objects to be investigated (starch particles in this case study)
were round-shaped, hence the strel function (used in the Red Section of
the algorithm) was set to ‘disk’. The starch particles were generally
clearly visible and distinguishable, so the algorithm was set to calculate
all the computable features.

To visually monitor the effectiveness of the different steps of the
algorithm, the options were set to show the processed images for visu-
alizing the detected empty spaces (coloured in yellow in Fig. 3a). In
addition, to inspect the ability of the algorithm in recognizing the starch
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particles, the identified objects were marked with different colours
(Fig. 3b).

3.2. Evaluation of the algorithm’s performance via design of experiment
approach

3.2.1. Exploratory analysis with PCA

To explore the performances of the developed algorithms a PCA
model was computed on a dataset consisting of the calculated features
(for the empty spaces, corresponding in this case study to the measured
porosity [39], only the value expressed in percentage was considered)
and the number of identified objects. It was decided to exclude the
runtime measurements from this exploratory analysis to better focus on
the time effect in a second moment. A three components PCA model
(cumulative explained variance of 85.35 %) was built on the autoscaled
data. The levels of the inspected factors were used to colour the scores
plots, thus allowing for direct interpretation of possible trends in the
samples’ space.

In the scores plot of PC1 (64.22 %, Fig. 4a), coloured according to the
two levels of factor P2, a clear separation can be observed. As seen in the
loadings plot of Fig. 4b, when P2 is set to its high value (=13, in green)
the values of area, eccentricity and perimeter tend to be higher, while
circularity and the number of detected particles tend to be lower. The
empty space area does not contribute to this separation, confirming that
PC1 mostly refers to the “particle shape-related” features.

By colouring the scores of PC2 (12.40 %, Fig. 4c) according to the
three levels of factor P1, two combined tendencies become visible. First,
the samples seem to be organized into three blocks corresponding to the
levels of P1 from low (=9) to high (=27), and each block, on average,
shows increasing PC2 values. By exploring the corresponding loadings
plot in Fig. 4d, the samples with high P1 value show higher values for
eccentricity and empty spaces, and lower values for area and circularity.
The second trend is “nested” within each “P1” block, and it becomes
more pronounced with the second and third block (Fig. 4c, green and
blue samples): within each block four sub-blocks can be spotted.

This peculiar behaviour is potentially connected to another trend
that emerges in the scores of PC3 (8.73 %) when coloured according to
the two levels of P3 (Fig. 4e). An increasing separation tendency be-
tween these two levels can be spotted horizontally, i.e., following the
three increasing levels of P1. By looking at the loadings plot (Fig. 4f), the
empty space value is the main responsible for this slight separation,
while samples with a higher value of eccentricity (corrected) and
number of objects (corrected) seem to be responsible for some samples
showing particularly low PC3 scores.

The most relevant outcome of this PCA is that the choice of P1 seems
to have an influence on the choice of the other parameters. This
behaviour can be associated to the fact that P1 is related with one of the
first step of the image analysis algorithm (the binarization step). Inter-
estingly, with low P1 value, the level choices regarding the following

Fig. 3. Images produced by the algorithm during the feature extraction process: (a) a representation of the empty spaces (in yellow) identified within the image,
which are interpreted as “sample porosity”; (b) a representation of the starch particles identified by the algorithm and coloured differently. (For interpretation of the
references to colour in this figure legend, the reader is referred to the Web version of this article.)
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Fig. 4. PCA results. Left column, the scores plots: (a) PC1 coloured according to the two levels of P2 factor, (c) PC2 coloured according to the three levels of P1 factor,

and (e) PC3 coloured according to the two levels of P3 factor. Right column, the loadings plots of (b) PC1, (d) PC2, and (f) PC3.

parameters seem to have lower effects on the scores of PC2 and PC3. On
the other hand, a higher P1 value results in a larger dispersion of the
scores value of PC2 and PC3. To better study the origin of the separations
spotted in PCA the ASCA method was applied, as reported in Section
3.2.2.

3.2.2. Extracted features: evaluation of the parameters’ effect with ASCA

According to the ASCA results reported in Table 2 (and ASCA scores
plots reported in Fig. S7 — Supplementary Materials), the largest effect
on the features calculation is related to P2 (suppression threshold of
local minima in the image segmentation step).

Starting from the large effect of P2 (55.69) the scores plot its ASCA
model show a clear separation related to the two levels of the factor
(Fig. S7c). This is very coherent with the PCA outcomes reported in
Section 3.2.1 (Fig. 4e), where a similar separation was found. Also in this
case the separation is related to the particle shape features, while
porosity (empty spaces) seems less related to P2, as it can be seen from
the loadings plot (Fig. S7d).

The second factor that mostly affects the features calculation is P1
(8.20). Its ASCA scores and loadings plots (Fig. S7a and S7b) make clear
that lower P1 values correspond to higher values of area, circularity and

Table 2

Summary of the results obtained using ASCA respect to the extracted features.
Five factors and their interaction terms were evaluated. Per each term are re-
ported the number of principal components used, the overall effect (%) and the
p-value obtained after a permutation test.

Term PCs Effect P-value
P1 2 8.20 0.01
P2 2 55.69 0.01
P3 1 2.56 0.01
P4 1 0.12 0.01
P5 1 0.44 0.01
P1 x P2 2 1.66 0.01
P1 x P3 1 0.79 0.01
P1 x P4 1 0.02 0.01
P1 x P5 2 0.01 0.01
P2 x P3 1 0.01 0.04
P2 x P4 1 0.00 1.00
P2 x P5 1 0.03 0.01
P3 x P4 1 0.01 0.01
P3 x P5 2 0.00 1.00
P4 x P5 1 0.00 1.00
Residuals / 30.46 /
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perimeter, while, on the other hand, higher P1 values correspond to
higher porosity.

ASCA revealed negligible contributions by factors P4 and P5, while a
slightly higher effect was found for P3 (2.56). From the loadings plot
(Fig. S7f), the only relevant feature related with the separation of the
two levels of factor P3 (Fig. S7e) is porosity. Interestingly, the separation
between the two levels of P3 is much more pronounced for the samples
with the lowest value of P1, while the samples with middle and high P1
values have more overlapped distributions (Fig. S7e).

3.2.3. Processing time: evaluation of the parameters’ effect with MLR

While performing the tests based on the DoE approach, it was noticed
that the total processing time also changed. Therefore, it was decided to
explore the effect of the parameters also in relation to the total pro-
cessing time of the algorithm. In particular, to try to gather more
detailed information about the effect’s directions of the different pa-
rameters, an MLR model was computed using the same DoE coded
matrix employed for ASCA, and the overall algorithm processing run-
time as a response.

The MLR coefficient plots (Fig. 5a) revealed that the largest contri-
bution on processing time comes from the choice of P1. Interestingly,
also P3 and P4 showed significant contributions, as well as the inter-
action terms P1 x P3 and P1 x P4. In addition, by looking at the bars’
orientations in Fig. 5a, it can be noticed that longer processing times
generally correspond to higher values of P1, P3 and P4, while P2 has an
opposite behaviour but also much reduced relevance. P5 seems to have
no effect on the processing time, strengthening our previous findings.

From these general considerations about the regression coefficients,
it is also important to consider that different factors interactions and the
quadratic term of P1 appear to be relevant, so the response surfaces of
the MLR model were explored to globally visualize the contribution of
all these coefficients together (Fig. 5). Given that only two factors at a
time can be selected for visualizing the response surfaces based on the
regression coefficients plot (Fig. 5a) it was decided to evaluate only P1,
P3 and P4 while fixing the value of P2 at its high level (=13.0) and the
value of P5 at its central level (= average of the two tested values). By
exploring the response surfaces of P1 and P3 (Fig. 5b), it becomes
apparent that when P1 (i.e., the factor with the strongest effect) is set to
a low value, if the value of P3 is set to higher values, shorter processing
time can be expected, due to the strong P1 x P3 interaction term. On the
contrary, from the response surface of P1 and P4 (Fig. 5¢), it is clear that
the value set for P4 has a low impact on the processing time, but that
setting a low value can be generally preferred. These two pieces of ev-
idence are also confirmed by the response surface of P3 and P4 while
setting P1 to its lowest level (Fig. 5d). In this plot, even if the parameters’
contribution is small compared to the P1 effect, the lowest processing
time corresponds to a high value for P3 and a low value for P4. Inter-
estingly, the second lowest region of the surface corresponds to setting a
low value of P3 and a high value of P4, while keeping both P3 and P4
higher or lower results in longer processing times.

To resume, according to the results obtained from ASCA (Section
3.2.2) and MLR (current Section), P1 is the only parameter for which a
strong effect both on the features calculation and on the algorithm
running time was found. Since P1 is the parameter involved in the
binarization step, this first step strongly affects all the following ones.
The values chosen for P3 (lighter grey suppression) and P4 (number of
thresholds employed for empty spaces definition) seem to slightly affect
the values of the calculated features, but they have a remarkable effect
on the overall processing time. On the contrary, the choice of P2 has a
strong effect on the computed features, but no effect on the total pro-
cessing time, meaning that the value set for the threshold used to sup-
press the local minima only affects the features calculation steps without
influencing the algorithm running time. Finally, the effect of P5 appears
to be negligible both on time and features extraction. This is not unex-
pected, as P5 regulates the percentage of fragments to be left out while
selecting the objects based on their size distribution, which is a simple
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Fig. 5. Results from the MLR model with total processing time as the response.
(a) Plot of the regression coefficients with the linear terms in red, the interac-
tion terms in green and the P1 quadratic term in cyan. (b) On the left the
response surface of the processing time as related to P1 and P2 and on the right
the corresponding confidence interval. (c) On the left the response surface of
the processing time as related to P1 and P4 and on the right the corresponding
confidence interval. (d) On the left the response surface of the processing time
as related to P3 and P4 and on the right the corresponding confidence interval.
(For interpretation of the references to colour in this figure legend, the reader is
referred to the Web version of this article.)

computation to be performed.
4. Conclusions

A new versatile method to perform image analysis was developed
with the aim of extracting a series of morphological features related to
similar-shaped objects from greyscale images. To evaluate the perfor-
mances of this new method, the developed algorithm was also tested on
a real case study consisting of more than 200 greyscale FESEM images
acquired on different rice kernels. As a result, the different morpho-
logical features (i.e., area, perimeter, eccentricity, circularity, radius,
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diameter), related to the starch particles that define the internal kernel
structure, were obtained. In addition, also the total area of the empty
spaces among the particles was computed. Eventually, to evaluate the
effect of the choice of the input parameters on the algorithm result, an
experimental design approach was applied, and the resulting outcomes
were thoroughly analysed using PCA, ASCA and MLR, all of which
yielded consistent results relative to the effects of the five assessed
parameters.

The obtained results highlighted the ability of the algorithm to
recognize similar-shaped objects (particles) and to automatically
calculate their related morphological features. The opportunity of
realizing high-throughput image analysis and the possibility of varying
the input options depending on the different targets, combined with the
adaptability of many crucial steps of the developed algorithm, make this
new image analysis method extremely versatile for diverse types of
images (potentially not only FESEM acquisitions) and suitable for
different research fields.
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