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Laser scattering imaging combined with CNNs to model the textural variability in
a vegetable food tissue

Samuel Verdu*, José M. Barat, Raul Grau

Departamento de Tecnologia de Alimentos, Universitat Politécnica de Valéncia, Spain

ABSTRACT

In this work, the capacity of the laser scattering imaging, combined with predesigned convolutional neural networks was
studied to model the textural variability of pre-processed banana as vegetable tissue. Three different imaging embedders
(Inception V3, Painters and VGG19) and four types of images (based on colour channels RGB) were tested for that purpose.
Two batches of bananas were stored for 0, 3, 7 and 10 days. Fruits were sliced and analysed in imaging and firmness terms.
Texture differences were observed for different storage times and fruit zone. Firmness mean and dispersion decreased with
storage time. Images from samples revealed light-transmission decreased with storage time. After multivariate statistical
procedures, imaging data showed similar behaviour to firmness concerning dispersion. Regression studies evidenced dependency
between imaging and firmness data, albeit different errors were obtained depending on the convolutional network and image
types. Moreover, after dividing samples into four different models of multilevel categories, successful predictions were obtained
from all networks in function of the used image type. Overall, information from the R channel improved results for statistical
analytics. However, Inception V3 and Painters also present good results from isolated information of G and B. Results
evidenced the capacity of the used imaging procedure to capture and model the variance generated in texture due to tissue

differences produced by both storage process and fruit zone.

Laser scattering imaging Convolutional neural networks, Banana, RGB, Texture

1. Introduction

The food industry continuously improves control procedures to
ensure the capacity of processes managements and therefore ensure
quality and safety standards in the offered products. The main de-
velopments focus on substituting outdated devices and techniques for
improving control and inspection tasks. These developments reduce
energy costs, product heterogeneity, and operation time requirements.
That is possible by making applications able to increase the capacity to
collect information from the process and food matrix in a given opera-
tion. Major analysis velocity means a major number of analysed samples
and therefore, higher representativity of quality control data. Adapting
new techniques to analyse control procedures and products in different
process operations can lead to major short-term improvements without
incurring high economic and time costs (Abdul Halim Lim, 2015; Lim,
2016). After data analytics, management could be carried out by data-
bases to improve decision-making about any actuation required in real-
time or a posteriori. These approaches are performed mainly by

techniques that operate non-destructively (Chen, 2013; Ropodi, 2016).
Such techniques need to be based on known physico-chemical phe-
nomena of interest, from which data are collected, but without coming
into contact with the product matrix in any measurement.

In this sense, imaging applications represent a vast development area
for food processing control improvements. Diverse imaging strategies,
such as RGB colour features, texture and shape features, multispectral
and hyperspectral imaging, etc., have characterised multiple processes
(Caballero et al., 2017; Darnay et al., 2017; Shi et al., 2018). In line with
this, the laser scattering imaging technique has been applied to both
continuous model processes and characterise end products. It is based on
capturing in images the diffraction patterns generated onto the sample
surface after transmitting a coherent light (laser) across the food matrix
from an opposite surface. Our research group has applied this imaging
technique to model features in food processing and products related to
textural changes, such as predicting textural properties of vegetable
creams (Verdu et al., 2021), modelling the effect of fibre enrichment on
biscuit texture (Verdu et al., 2020), modelling texture of milk during the



curdling process (Verdu et al., 2021b), among others. In contraposition
of another type of imaging techniques, this configuration of laser scat-
tering imaging allows capture information, not only from surface of food
but also from internal structures. That property facilitates capturing
variability from internal food matrix modifications and therefore en-
ables modelling texture properties non-destructively. In contraposition,
diffraction patterns captured in images represent abstract shapes that
combine colour patterns apparently random. These abstract shapes
require potent feature extraction strategies to analyse the collected
variance correctly. That fact is accentuated when a non-continuous
matrix is analysed. Different tissues or heterogeneous structures in-
crease the complexity of patterns, requiring deep features extraction to
avoid the possible noise provided by natural variability of the studied
matrix.

Deep learning technology represents a group of methods that could
play a significant role in that requirements. One of the main procedures
within computer vision is convolutional neural networks (CNNs). The
CNN represents a class of deep feedforward neural networks constructed
by imitating the connective pattern of neuronal tissue in the human
visual cortex (Hussain et al., 2019). The basic hierarchical structure of
CNNs has three main layers: convolution layer, pooling layer, and fully
connected layers (among others, Fig. 1). Each transformation layer has a
specific role in transforming the input data into a 1D feature vector,
which is the input data for applying multivariate statistical approaches.
Thus, CNN’s can be used as descriptor generators that produce lower
dimensionality representations of input instances (automatic feature
extractors).

In the last ten years, researchers have done extensive and meaningful
research on CNNs focused on detecting and classifying agricultural
products. Some examples are used CNN as deep feature extractors to
capture the features of diverse food image datasets (McAllister et al.,
2018), which were subsequently fed into the multivariate analytics al-
gorithms to perform food tissue classification, classification of damaged
lemons based on apparent defects (Jahanbakhshi et al., 2020), inspec-
tion and detection of defective maize kernels (Ni et al., 2019), classifi-
cation of meat origin (Al-Sarayreh et al., 2020), recognition of the
browning stages of bread crust (Cotrim et al., 2020), etc. Concerning
defects in apple surfaces, achieving a higher recognition rate of 92.5%.
Concretely for bananas, some authors reported a successful relationship
between texture/ripeness status of bananas using CNNs combined with
imaging techniques; however, those studies were principally focused on
analysing external colorimetric properties of the whole fruit (Saragih
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and Emanuel, 2021; Xie et al., 2017; Zhuang et al., 2019).

In this experiment, the banana slices was used as food matrix, where
the variability of that tissue in textural terms was modelled using laser
scattering and CNNs as rapid and non-destructive analytical method. In
this sense, the texture of banana tissue is commonly evaluated by
measuring instrumentally parameters such as shear force, firmness,
force relaxation, texture profile analysis (TPA), where elasticity, cohe-
siveness, chewiness and resilience could be calculated (Chauhan et al.,
2006). Textural data represent crucial information about the physico-
chemical status of the tissues and help to make decisions about neces-
sities of storage times, processing conditions and suitability of that raw
matter to be derived for transformation procedures in other products.

Therefore, increasing velocity and efficiency in collecting texture
data, by techniques such imaging analysis and machine learning pro-
cedures, could represent an improvement in quality control for this type
of raw matter. In this case, that sliced tissue was selected because the
textural properties of bananas are strongly related to the identity
properties of processed products from sliced banana such as chips,
affecting mainly oil absorption, texture, and sensory score after the
frying/drying process (Ammawath et al., 2001). The procedure allowed
to know the evolution of the texture homogeneity within the fruit tissues
across the storage process. This approach focused towards facilitate a
possible optimisation of the selection process of the most suitable slices
(in tissue properties terms) in a chips production chain.

Thus, this work was focused on testing the capacity of the laser
scattering imaging, combining with CNNs, to model the textural vari-
ability in a vegetable food tissue such banana.

2. Material and methods
2.1. Experiment procedure

The experiment was carried out following the scheme included in
Fig. 2. The first step was to process the bananas from different batches
and storage times to obtain the samples, which were slices of 1 cm
thickness. The second step was to capture images of diffraction patterns
generated onto samples due to laser-matrix interaction after light
transmission. Images were processed selecting the region of interest
(ROI) and removing the captured area’s rest. After ROI selection, the
obtained images were processed to obtain different types of images
based on colour channels. All generated images were processed with
convolutional neural networks (CNNs) to transform images into features
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Fig. 1. Scheme of convolutional neural network.
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Fig. 2. Scheme of the experimental procedure and imaging device (A).

vectors and thus to create the image data matrix. After imaging pro-
cedures, the firmness of all samples was analysed with a texture analy-
ser. Firmness data were organised in a matrix and explored to determine
the effect of storage time and the fruit zone (Fig. 2-A, Sample processing,
selected zones between the fruit extremes: 1, 2, 3, 4, 5 and 6). In the
same way, the impact of those factors on information captured in images
and extracted with each CNN was explored. After those singly studies,
the relationship between both data sets was tested. It was done in two
ways: regression and classification procedures. The regression studies
provided information about the dependence of both data sets. In
contrast, classification ones offered the capacity of each combination of
the type of image and CNN to predict the tissue status classifying sam-
ples within different firmness ranges (categories).

2.2. Sample processing

The used vegetable food tissue was banana (Musa acuminata Colla)
acquired at a local supermarket. In order to obtain a wide range of
textures, different storage times from two fruit batches (A and B) of 20
units were studied two weeks apart. The pre-processed fruit dimensions
were: 5.3+.5 cm length, 20+2 g weight and 4.3 = 0.5 cm maximum
diameter. The initial ripening stage of samples were between 5 and 6
levels of Von Loesecke and Willard (949) scale concerning peel prop-
erties (5 = yellow with green edges; 6 = yellow).

The batch was divided into four groups of five bananas each to study
the texture evolution at four different points of storage times (0, 3, 7 and
10 days of storage at 20 °C). At each storage time, samples were ob-
tained from bananas by cutting six transversal slices of 1 cm thickness

following the patterns shown in Fig. 2, Sample processing section.
Finally, 240 slices were tested (30 samples per storage time and batch).

2.3. Image acquisition

A low-cost imaging device was designed based on Verdu et al. (2020)
to collect information from each sample generated by light-slice in-
teractions. The objective was to study images of diffraction patterns,
where variance generated in the tissue of product due to storage process
and fruit-zone was collected. After laser-matrix interaction, the
diffraction patterns were generated onto the sample surface by light
transmission. Fig. 2-B shows a scheme of the device setup. The elements
were a digital camera, a laser light, and a computer. The setup was
installed away from the light inside a dark chamber. A digital Logitech
C920 camera (maximum resolution of 1080p/30 fps - 720p/30 fps) was
the capture system. Images were saved as. JPEG (1920 X 1080) and
were captured in the RGB (red, green and blue) format. The camera was
vertically placed 15 cm over the banana slice, which lies in the middle of
the visual field. The laser pointer (650 nm, 50 mW) was perpendicularly
placed 20 cm under the zone where the slices were placed onto a
transparent platform. This type of light was selected because of its
coherent properties in wavelength, direction and phase terms. The laser
interacted firstly with the endocarp zone, from which the light propa-
gated to the rest of the material. This phenomenon provided represen-
tative information from the entire tissue.

A computer controlled both the camera and the laser line. Images
were manually captured by placing the slices individually into the im-
aging device.



2.4. Image processing

Information collected in images was extracted after processing raw
images. ROIs (region of interest) from each image was isolated by cut-
ting raw images in the central zone of the diffraction pattern (Fig. 2)
using a circular area of 260 pixels diameter. That dimension was
selected as the area that collected the maximum diffraction pattern in-
formation for all slices, independently of sample size. Thus, the ROIs
were processed to obtain R, G and B versions of the images by splitting
the colour channels. Moreover, considering the high capacity of CNNs to
extract information from highly complex images, we decided to include
a mode of image where the information from diffraction patterns
captured by each channel was included in the same 2D grayscale image
with spatial independence. These images were generated by concate-
nating R, G and B images into one, called RGB-M (Fig. 2, Processed
image). Therefore, five types of images were studied in this experiment:
RGB, R, G, B and RGB-M. The information collected from G and B
channels was studied because common sensors tend to isolate the R, G
and B bands of the visible light spectrum as they are seen by human eyes, but
some zones overlapped because laser excites sensors G and B, albeit less
efficiently (Batistell et al., 2014). These zones could offer extra data, which
can be useful for this type of imaging procedures and analysis.

Information from the processed images was extracted using three
different CNN as feature generators. The objective was to capture deep
information from diffraction patterns throughout the extracted features,
which was the input of posterior multivariate statistical analyses. CNN’s
were applied by using the imaging analytics module of Orange software
(Godec et al., 2019). CNN’s are based on computational processing
blocks/layers from which images are embedded and transformed to an
analysable data vector. This analytic module facilitated the embedding
of images by several CNN, pre-designed to process images under
different protocols following the main objective of each, although suit-
able to extract helpful information from different types of objects. The
output was a feature vector of each image, whose number of features
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deep neural network, trained on the ImageNet data set for general ob-
jects recognition in digital images. It is a commonly used image recog-

nition model with an accuracy rate greater than 78.1% on the ImageNet
dataset (Szegedy et al., 2016). It was selected because of its power and
unspecific objective. Inception-v3 is composed of a 42-layer neural
network and consists of symmetric and asymmetric building blocks
(Demir et al., 2019). Otherwise, Painters is a CNN created by Nejc Ilenic, who
won Kaggle's Painter by Numbers; a competition challenged to examine
paintings from different artists. The CNN was created to inspect pairs of
paintings and determine whether they were created by the same artist. It
is a CNN embedder based on a 24-layer neural network, trained on
79,433 images of paintings by 1584 different painters in the training set
(https://github.com/inejc/painters). It was selected based on the abstract
features of images from diffraction patterns and its similarity to several
painting styles. The third CNN used was VGGI9. It is a deep

neural network for image analysis and recognition created by the Visual
Geometry Group from the University of Oxford, consisting of 19-layers.
It is trained on the ImageNet data set and performs 7.3% top-5 errors at

the ImageNet dataset (Godec et al., 2019). All of the mentioned models
are based on the same function blocks, differently ordered depending on
the architecture pre-designed by creators, including convolutions layers,

max-pooling layers, average pooling layers, activation function layers,
flatten layer, etc. (Gu et al., 2018). Therefore, embedders were used as
powerful features generators that produced lower dimensioned repre-
sentations from each image. The last layer was not used to avoid the
pre-established conditions of each CNN for the modelling process. Based

samples were generated based on the three above mentioned embed-
ders. The number of features generated per image from each CNN was
2048 for InceptionV3 and Painters and 4096 for VGG19.

2.5. Textural analysis

After imaging capture, variability associated with tissues changes
were studied by texture analysis. The used parameter was firmness,
which was taken using the texture analyser (TA-XT2i, Stable Micro-
systems Texture Technologies Inc., UK). Comprehension assays were
carried out on banana slices using a 30 mm diameter flat probe, which
covered totally the endocarp and the most of mesocarp, in order to obtain
representative textural information from entire tissue. The test speed was
1 mm/s, and the penetration depth was 50% thickness (5 mm) (Wang et
al., 2013). The firmness unit was expressed as N.

2.6. Statistical analysis

The texture results were analysed by ANOVA to evaluate differences
in fruit batches across storage time. In those cases in which the effect
was significant (P-value < 0.05), means were compared by Fisher’s least
significant difference (LSD) procedure. The image information was
explored by applying multivariable statistical procedures to reduce
dataset dimensionality and evaluate its dependency on texture data. To
this end, the multivariate unsupervised statistical method Principal
Component Analysis (PCA) was used to explore the structure of data
variance extracted by CNNs from the different types of images. More-
over, the multivariate supervised method Partial Least Square Regres-
sion (PLS-R) was used to evaluate the dependency between the image
information and the texture data as a continuous variable. This method
was used to carry out the linear regression models between both data-
sets, which were evaluated based on the R’ of calibration and cross-
validation (venetian blinds) and root mean square error (RMSE), which
was calculated following equation (1):

RMSE = _— ()

were n being the number of samples, y”; is the mean value and y; a value
from a given sample.

After regression studies, the capacity of the technique to classify the
samples in discrete texture ranges was explored. In this study, samples
were divided into 2, 3, 4 or 5 ranges of texture to generate classification
models with increasing complexity. A support vector machines-
discriminant analysis (SVM-DA) was used to study the capability of the
imaging technique to predict the range of texture of samples within these
four different models of categorial subdivision. Prediction studies were
done by establishing randomised samples as training batches (66%) to
generate the models and the remaining samples as the test lots (33%) to
be predicted. The results were expressed in precision and ac- curacy
terms based on the following equations:

IN + TP
accuracy _ @
TP+ 1IN + FP + FN

1P
precision = (3)

TP + FP

on this utility, the used information was the output from the activation
layers of the penultimate layer of the models, which generated feature
data from the images previously to the training/prediction process of
CNN itself. Thus, data matrix from diffraction patterns of banana-slices


https://github.com/inejc/painters

were TN = true negative results, 7P = true positive, F'P = false positives
and FN false negatives. These procedures were run with the PLS
Toolbox, 6.3 (Eigenvector Research Inc., Wenatchee, Washington, USA),
a toolbox extension in the Matlab 7.6 computational environment (The
Mathworks, Natick, Massachusetts, USA).



3. Results and discussion
3.1. Textural data exploration

Texture data from the storage process are included in Fig. 3. A
reduction of firmness was observed during storage time for both ana-
lysed batches. Both batches had a similar firmness reduction rate,
although differences within sampling points were observed. Results
from variance analysis showed significant differences among all ana-
lysed sample distributions. Tissues from both batches started from
different average firmness (to) and evolved, showing different firmness
levels at each sampling point. Moreover, the evolution pattern of
dispersion was observed across storage time. Reduction of dispersion
was observed within each data distribution following days of storage.
That meant homogenisation of firmness among different fruits and in-
ternal zones via natural modifications in the tissues. Texture behaviour
observed in results fitted with the extensive literature reporting about
the characterisation of banana texture during the ripening process.
Compositional changes are associated with biochemical and physio-
logical modifications resulting in softening (Sanaeifar et al., 2016).
Concretely, changes in the cell wall structure by enzymes and starch
degradation are the two main reasons for fruit softening (Osorio and
Fernie, 2013). Cell wall enzyme activities increase the solubility of
pectins and hemicelluloses, possibly through a debranching process that
decreases polymer interactions (Do Prado et al., 2016). Homogenisation
of firmness was a typical fact reported previously in other studies such as
Xie et al. (2018), where ten-times-reduction in standard deviation was
observed between unripe and ripe bananas. Therefore, regardless of
initial firmness level, two differenced effects were evidenced on texture
data, storage time and fruit zone, principally for sampling points near #.
Those effects generated wide variability in samples (slices), representing the
variability managed in a real processing chain with this type of
transformation in banana fruits. It allowed us to study the response of
imaging technique in an important texture range for this type of fruit
matrix.

3.2. Imaging data exploration

To preview the effect of texture on the diffraction patterns captured
in each type of processed image, samples from different textural levels
were explored. Fig. 4 shows images of diffraction patterns generated in
samples of the extremes of the obtained texture range, in order to
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Fig. 3. Texture results. Box and whisker plot of firmness data. Blue series: batch
A; green series: batch B. #, indicates sampling point during storage time in days.
Letters denote significant differences at the 95% confidence between data dis-
tributions from different sampling points.

A
-
L ‘ ‘
100.8
3{c]:]

® »

108.4

103.2 104.7

113.9 119.7

Fig. 4. Real images of diffraction patterns. A: samples from the maximum
firmness extreme (distribution h, Fig. 3); B: samples from the minimum firm-
ness extreme (distribution a, Fig. 3). RGB, R, G and B indicate the type of image
based on colour channels. Numbers indicate the firmness of the sample
expressed in V.

visualize possible differences between them. Images type RGB, and each
splinted channel were included. The main differences were observed in
colour intensity distribution within the patterns. Samples from the
highest extreme (distribution “h” from texture data analysis in Figs. 3,
Fig. 4-A) trended to present an important fraction of pixels capturing
high intensity (central white zones). In contrast, samples from the lowest
extreme (distribution “a” from texture data analysis in Figs. 3, Fig. 4-B)
presented lower intensity. That difference was better observable in split
channels. Pixels with high intensity formed patterns even in G and B
channels. That effect was produced because sensors from those channels
could also be stimulated at high light expositions from different wave-
lengths (in this case, within the red zone of the spectrum). This phe-
nomenon could be used to capture valuable information lost from the R
channel due to the saturation of those zones for the red channel sensor
(Grau et al., 2021). Thus, the observed differences in the rate of pixels
capturing high intensity indicated modification of light transmittance
across the matrix between observed samples. This phenomenon sug-
gested a relationship between the transmittance of banana tissue and
texture changes. Moreover, differences in patterns from the softest
samples (Fig. 4-B) seemed less than the observed for the samples with
high firmness (Fig. 4-A), principally for G and B channels. Thus, changes
produced in banana tissues during ripeness could be fitted with the
observed modifications in light transmittance and patterns heteroge-
neity. The occurred compositional modifications based on the degra-
dation of starch, pectins, and hemicelluloses impacted cell wall
structures, altering light transmission by modifying the chemical and
physical properties of tissue, respectively (Kulkarni et al., 2011). Thus,
the increase of soluble solutes and the collapse of tissue structures could



explain decreased light transmittance and heterogenicity reduction of
diffraction pattern properties.

After exploring the raw images, the data matrix extracted from each
image type, after CNN’s embedding, were explored through PCAs. This
procedure was carried out to study if imaging technique, combined with
CNNss, captured the trend observed in the structure of variance in sam-
ples. This non-supervised procedure projected the variance captured in
the imaging features to a reduced number of dimensions, in this case, in
one called PC1. The information collected in the PCls represents the
most of the variance generated by the features obtained from CNN
processing. The aim was to explore easily, without supervision, how the
variability of the features evolved with the tissue status. Fig. 5 shows the
results of the dimensionality reduction for all CNNs features extracted
from the RGB images. Samples were ordered following the observed
differences in the firmness study. The studied scores were collected in
PC1 since significant parallelism in variance structure to that observed
in the textural analysis was observed. When samples were ordered
following decreasing firmness values, a common pattern was observed
for all CNNs but not for all image types. A decreasing trend of PC1 scores was
observed for RGB images of Painters and V'GG19 and not for Inception
V3, fitting with the firmness decreasing (Fig. 5). Dispersion starts from
distribution %, from which decreasing trend was produced. On the other
hand, the observed evolution of dispersion in texture seemed to be
captured in score data.

This behaviour was also observed for other image types as well as
among CNNs. Fig. 6 shows, as an example, the evolution of scores for R
and G images for all CNNs. Inception V3 improved in those cases,
reporting the abovementioned reduction of variance following firmness
decrease. The observed differences for Inception V3 revealed the
importance of the type of image for that CNN, although the results could
be different under a supervised analysis method. Painters maintained the
tendency for R and G while V'GG19 lost that observable trend, showing
no patterns for variance across the distributions of samples. These
studies revealed the capacity of CNNs to extract useful information from
the changes produced in diffraction patterns due to the modifications in
tissue-light interaction during storage. However, differences in the
extracted information were observed depending on the used image type
and CNNs. Note that PCA tried to explain the maximum variance be-
tween samples without considering another variable such as single
textures or other categories within samples. It meant that supervised
analytics were necessary to carry out to better explore data structure and
then measure its dependence on texture data.

3.3. Regression studies

After observing the capacity of CNNs to extract information from
diffraction patterns and their parallelism with texture data structure, the
dependence of texture and imaging dataset from each CNN and image
type were explored by regression studies. The PLS method was used to

study the relationship between both data sets, independently of sam-
pling point or fruit zone. The dependency of both data sets was evalu-
ated by R? and RMSE of calibration and cross-validation. Table 1 shows
the results. Inception-V3 and Painters provided the highest R’ for both
calibration and cross-validation, up to 0.90 and 0.80 respectively for all
image types excepting G for Inception-V3. Otherwise, VGG19 data had
the least capacity to correlate with firmness data. In this case, consid-
erable differences among image types were observed. Concretely,
regression from R data improved the coefficient for both calibration and
cross-validation. In addition, regression for RGB-M data had values up to 0.80.

Results revealed the capacity of the used CNNs for extracting vari-
ance captured in diffraction patterns due to the modification of laser-
banana matrix interaction across the storage process. Thus, depen- dence
between imaging data and texture modification was evidenced, although
there were important differences concerning to type of embedder and
image. Generally, although VGGI9 extracts a higher de- scriptors
number than the other used embedders, probably the smaller number of
layers ended in less capacity to capture details from variance generated
in these images due to texture modifications. Moreover, G and B data
seemed to produce noise effects for VGG19. That effect was evi- denced
with the improved regression coefficients reported when iso- lated R
data from images were used. This phenomenon was attributable to the
fact that the used laser is formed by 650 nm light, which should excite
R-channel mostly. Generally, digital cameras do not capture colour in a
specific channel as a particular wavelength of the visible spectrum.
Typical sensors capture the R, G and B bands of the visible light
simulating human eyes, but some adjoining zones are captured in more
than one channel, evidencing that the laser also excites sensors G and B,
albeit less efficiently. Thus, information from G and B channels
performed like noise for the VGG19 case, improving results when it was
removed. Note that G and B information could be useful as supple-
mentary information to R-channel in other cases. In the case of Inception-
V3 and Painters, extracted information from G and B modelling texture
by themselves. That hypothesis fitted with the also improved result for
RGB-M for VGG19. In that case, data from each channel were included
but isolated in the same layer. Then, the improvement of the results for
this type of image was probably produced by the presence of the isolated
R data, although lower than the case of R images because of the presence
of G and B data simultaneously. It indicated that the structure of RGB
information used as input for CNN could report different results
depending on the image format.

To visualize the relationship between imaging data extracted with
embedders and firmness observed in the results mentioned above, scores
from the first latent variable from PLS (LV1, containing the most pro-
portion of explained variance), used as dimensionally reduced imaging
data, was represented vs firmness data. Fig. 7-A and 7-B shows regres-
sion plots for RGB and R types of images from VGG19, respectively. As
observed in Table 1, VGGI19 presented disrupted linearity for RGB;
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Fig. 6. Examples of PCA studies from R and G images data extracted with CNNs. Scores of PC1 from A: R x Inception-V3; B: R x Painters; C: R x VGG19; D: G x
Inception-V3; E: G x Painters; F: G x VGGI19. Blue series ®: batch A; green series m: batch B. Letters indicate differences from ANOVA study on texture data (Fig. 3).

Red letters indicate groups that belong to samples shown in Fig. 4.

Table 1
Results of regression studies.

RGB R G B RGB-M
Inception-V3 Rcal 0.99 0.97 0.99 0.99 0.97
Reev 0.85 0.83 0.77 0.85 0.81
RMSEcal 1.42 5.15 2.02 0.96 5.13
RMSEcv 9.17 9.73 12.15 9.25 11.20
Painters Rlcal 0.99 0.99 1.00 0.99 1.00
Rev 0.86 0.84 0.86 0.82 0.86
RMSEcal 1.31 0.98 0.40 0.55 0.62
RMSEcv 9.17 9.27 8.98 9.76 9.01
VGG19 Rcal 0.73 1.00 0.79 0.69 0.89
Rev 0.46 0.82 0.27 0.35 0.83
RMSEcal 12.03 0.52 11.47 13.82 7.48
RMSEcv 18.60 10.20 23.98 22.30 10.19

cal: calibration; cv: cross-validation; RMSE: root mean square error.

however, high linearity was obtained when R data was isolated.

Other imaging colour features (L*, a*, b* , H, S, V, Y, U, and V) and
hyperspectral imaging have been used to model banana firmness with
different ripening levels, obtaining high correlations between imaging
and firmness data. Cho and Koseki (2021) obtained coefficients R’ =
0.97 between colour features from banana images and firmness using
neural networks. Moreover, Xie et al. (2017) predicted firmness in ba-
nanas (R’ = 0.74) after exploring and isolating the relevant wavelengths
from hyperspectral information.

The main differences with those approaches fall on that, in those
cases, imaging information was based on colour features from whole
banana skins and average of firmness, while here, the characterisation
was focused on each banana slice. That type of strategy based on
external colour features could also be useful to measure some properties
of banana slices. However, the contact with oxygen after the slicing
process would produce browning quickly, which should not be related to
previous ripening and then generate variability not associated with
structural tissue changes. In this sense, diffraction patterns collected

information from inside the sample after light transmission across the
banana matrix, which seemed to capture variance provided by fruit
zones and the storage effect.

3.4. Classification studies

After evidence of the dependence between imaging data and texture
from banana samples, the total number of samples (slices), from day 0—
10, were divided into a different number of categories (2, 3, 4 and 5).
Variance analysis showed eight samples distributions with significant
differences in their average texture (Fig. 3), however there were over-
lapped zones where slices from different groups had similar values (Fig.
1-Supplementary material). Then, instead of using those textural groups,
new specific limits on the raw texture dataset were established to obtain
more accurate thresholds (Fig. 2-Supplementary material). Therefore,
the texture categories were established independently of the storage
time, batch and fruit zone, in order to focus the division exclu- sively on
the variability observed for texture status. It was carried out by
segmenting the range of texture from the obtained results in equative
segments depending on the number of categories. That is to say; all
samples are in 2 categories, all in 3, all in 4 or 5. The aim was to evaluate
and quantify the ability of the imaging technique and CNNs to predict
and classify in different textural levels. Results are included in Fig. 8 in
accuracy and precision terms. Overall, values of classification parame-
ters were reduced, following the number of categories increasing. That
tendency was due to the rising complexity of the model. Moreover,
differences among CNNs and image types were observed. Painters pre-
sented the best results with all combinations (image types x number of
categories) up to 0.8 for both precision and accuracy, except B-4 and B-5
(Fig. 8-B). Concretely, all combinations for R provide coefficients near to
1, therefore improving the results of data from all channels such as RGB
and RGB-M, principally for models with five categories. Inception-V3 also had
high coefficients for most combinations; however, many of them did not
rise 0.9 in precision or 0.8 in accuracy (Fig. 8-A). In this case, R data also
improved the prediction of texture categories, principally until four
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levels. Inception-V3 showed displacement trending to high precision
values but reduced accuracy simultaneously. VGGI9 had the highest
number of combinations under 0.8 (Fig. 8-B). G, B and RGB-M presented
the worst results. In this case, R raised nearly 1 for models with 2 and 3
categories. It was according to the above-observed improvement of
regression coefficients for R data. VGG19 also showed displacement
trending to high precision values but reduced accuracy. Thus, Painters
was the unique embedder supporting high classification parameters (up
to 0.80) for five different categories.

Note that the fact that regression studies showed better adjust than
the classification ones could be explained because the categorisation of
textures was established based on non-natural thresholded between
samples. The imaging information depended on the textural tissue state,
a continuous phenomenon. That means the existence of samples placed
at the extreme of a category near other samples placed in the extreme of
the contiguous category could increase the probability of classification
erTors.

Thus, results showed a similar capacity of CNNs to differentiate ba-
nanas from a different ripening process using imaging techniques
focused on analysing external colorimetric properties of the whole fruit.
Several examples are Saragih and Emanuel (2021), who evaluated pre-
trained CNN models to classify four different ripeness levels of the
banana fruit, whose accuracy was up to 0.90. Xie et al. (2017), suc-
cessfully classified bananas in a binary model riped-unripped, however

in this case, hyperspectral imaging data was used. Moreover, Zhuang et
al. (2019) used colour, local texture and shape features from external
properties of fruit classifying bananas in four ripening levels. These
types of features were also used by Mazen and Nashat (2019) for clas-
sifying bananas in a model with four ripeness levels, but in this case, an
artificial neural network to process imaging data was used.

Results evidenced the capacity of the technique for extracting
enough information from light-matrix interaction to predict the texture
range of samples in models with varying complexity. It meant texture
variance in this type of food matrix was successfully modelled as the
unique dependent variable, despite the cause of variation being fruit
zone or storage time. Thus, considering the increasing homogeneity in
texture with storage process, fruits from early storage times should
provide slices to different categories concerning the above-established
ones.

To evidence that hypothesis, regression data of batch A from R im-
ages data extracted with VGGI9 (Fig. 7-B) were isolated and plotted
alone in Fig. 7-C, labelling the sliced samples in series following the six
different positions of banana slices (Fig. 2). The firmness axis (X) has
been divided (as an example) into the four categories defined for the
classification studies. Results showed how samples from bananas at 7,
had slices belonging to two contiguous categories (Cs and C,), while the
rest of the groups were placed within a single category. Those differ-
ences should be done due to the fruit-zone effect, according to the



decreasing dispersion tendency following storage time degree observed
in both textural analysis (Fig. 3) and imaging data exploration with PCA
(Figs. 5 and 6). Thus, fruits from a group with a low storage time (high
firmness) should present a higher distance between samples. That is to
say, samples from different fruit zones were placed in different cate-
gories simultaneously (categories established in classification studies),
while high storage time bananas kept all slices within a single group.

Thus, results revealed the capacity of the imaging technique and
CNNs to extract enough information from the interaction of laser-matrix
to predict the range of firmness of banana slices within multilevel
classification models. This property was highly influenced by both the
type of CNNs and the type of image used as input.

4. Conclusions

Results evidenced the capacity of the imaging technique and CNNs to
capture and model the variance generated in the texture of the banana
tissue produced by both the storage time and fruit zone. Alterations
produced in banana tissues generated variability in firmness, also
modifying light-matrix interactions. Those modifications generated
variance within diffraction patterns, which could be captured by the used
imaging system. At the same time, the information contained in that
captured variance was successfully extracted by processing images with
different CNNs. Moreover, information collected in captures depended
on the type of analysed image. Features extracted by Inception V3 and
Painters modelled texture variability successfully from any type of image
under supervised analysis such as the regression studies, while VGG19
seemed to need isolated information from the R channel. Therefore, data
extraction could be optimised exclusively to the R im- ages for the three
used CNN. The proved dependence between extracted imaging data and
texture variance made it possible to predict the range of textures,
although in this case, an increasing number of categories produced a
reduction of accuracy and precision for all CNNs. The results revealed that,
although the CNNs were optimised to model specific types of objects, they
could also be used to model abstract structures such as the ones studied
in this experiment. This application could be integrated for fast
characterisation of banana samples in the production chain to improve
the subsequent transformation processes and then to ensure higher
homogeneity of texture features of the end product such as “ba- nana
chips”. The model could be enriched by including images from
longitudinal slices of banana tissue or from a portion not considering the
endocarp in future experiments. The next step will be to design specific
CNNs for this type of application, which focus to maximise the extrac-
tion of texture-dependent information from diffraction patterns of this
type of vegetable tissues.
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