Food Control 158 (2024) 110198

FI. SEVIER

& ~-- CONTROL
____ CONTROL
m  CONTROL

CONTROL

Contents lists available at ScienceDirect

Food Control

CONTROL
CONTROL

CONTROL

journal homepage: www.elsevier.com/locate/foodcont CONTROL

Check for

Neural networks allow the automatic verification of the type of flour, e
analysing the starch granule morphology, to ensure the protected
geographical indication ‘Galician Bread’

Xosé R. Fdez-Vidal >, Nerea Fernandez-Canto ", Marfa Angeles Romero-Rodriguez “°,
Ana Marfa Ramos-Cabrer “°, Santiago Pereira-Lorenzo *¢, Matilde Lombardero-Fernandez "¢

& Centro de Investigacion en Tecnoloxias da Informacién (CITIUS), University of Santiago de Compostela, Campus Vida s/n, Santiago de Compostela, 15782, Galicia,

Spain

Y Unit of Veterinary Anatomy and Histology, Department of Anatomy, Animal Production and Clinical Veterinary Sciences, Faculty of Veterinary Sciences, University of
Santiago de Compostela, Campus Terra, Lugo, 27002, Galicia, Spain

¢ Department of Analytical Chemistry, Nutrition and Bromatology, Faculty of Science, University of Santiago de Compostela, Campus Terra, Lugo, 27002, Galicia, Spain
4 Department of Crop Production and Projects of Engineering, Higher Polytechnic School of Engineering, University of Santiago de Compostela, Campus Terra, Lugo,

27002, Galicia, Spain

€ IBADER, University of Santiago de Compostela, Campus Terra, Lugo, 27002, Galicia, Spain

ARTICLE INFO

Keywords:

Flour starch granules

Polarized microscopy

Manual starch identification and counting
Automatic starch identification and counting
Neural networks

Elliptical fit

Instance segmentation

Mask R-CNN

ABSTRACT

Quality control of flour is essential to control the quality of bread produced from it. We propose a control method
based on the morphological characteristics of the granules of starch. The automation of the identification, seg-
mentation and determination of the average size of the granules of starch of each of the cereals that make up a
flour, from microscopy images, is an essential procedure for producers who want to produce bread under the
protected geographical indication (PGI) ‘Galician Bread’. This identification and counting procedure, if per-
formed manually, is a tedious activity for a trained expert, and is very time consuming. Thus, automating this
task would streamline the process, in addition to saving a great deal of time. This paper addresses this problem by
using deep learning approaches (Mask R—-CNN) to predict the type of the granule of starch and its size for the first
time. The trained models are then evaluated with the same raw microscopy images of these granules observed
under polarized light, as has been previouly used for manual identification and counting. A dataset comprising
1308 2564 x 1924-pixel images is analysed. The images contain 17000 labelled granules of starch for two types
of wheat: commercial wheat flour from ‘Castilla’ (type 0) and the Galician autochthonous flour ‘Caaveiro’ (type
1). The number of samples is approximately the same for each class. Instance segmentation with Mask R-CNN
(Model II) achieved valid results for unseen images, with a categorical global accuracy of about 88.6% and with a
discrepancy with respect to the areas of the granules as estimated by a human expert of less than 4%. The
performance achieved by Mask R-CNN produces a strong correlation between the results of an expert and the
results of the network, confirming the practical validity of our proposal.

1. Introduction

differs from other cultivars because it has a higher percentage of protein,
but with a medium-low strength as well as a darker colour, resulting in a

The European protected geographical indication (PGI) ‘Galician
Bread’” (European Commission, 2019) has been recently obtained by a
traditional bread from Galicia (NW Spain). This indication certifies that
this traditional bread is made in part of commercial wheat flour (Triti-
cum aestivum L.) but a minimum of 25% of the flour must come from the
Galician autochthonous cultivar of wheat (‘Caaveiro’). This wheat
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bread with more intense aromas and flavour.

Producing bread under the PGI ‘Galician Bread’ has several benefits
for producers and consumers. On the one hand, it guarantees that the
bread is made with quality ingredients and following strict rules of
preparation and packaging. On the other hand, it allows consumers to
differentiate the product from other types of bread and offers added
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value to the consumer looking for a traditional, artisanal product with
an authentic flavour. In order to guarantee its quality and authenticity, a
regulatory board must verify that the rules established for the produc-
tion and use of permitted flours with the stipulated percentages (a
minimum of 25% of the flour must come from the Galician autochtho-
nous cultivar) are followed. To avoid fraud, an automatic, quick, reliable
and low cost method would be desirable to check the types of flour in a
sample (common wheat flour and autochthonous cultivar), their per-
centages and the size and type of the starch using microscopy images.

Expert-supervised techniques can identify which cereal a flour comes
from and its composition by using different techniques, such as chro-
matography, spectrometry, and spectroscopy —including Near-Infrared
Spectroscopy (NIRS)- to identify its ingredients and additives and
detect food fraud, either alone or in combination with other methods
that allow the chemical separation of similar compounds in food
(Knodler et al., 2010; Verdu et al., 2016; Ziegler et al., 2016). Another
reliable method that is used to trace the geographical origin of wheat is
isotope ratio analysis (Rashmi et al., 2017). Techniques based on mo-
lecular analysis, such as DNA-based methods, are also used to identify
original wheat products (Morcia et al., 2020; Ramos-Cabrer et al., 2022).

These techniques involve complex, manual and time-consuming
methods that must be carried out by specialised professionals to iden-
tify the varieties of flour that make up a mixture and to determine their
percentages (Liu et al., 2023; Morcia et al., 2020). However, the method
we propose to carry out a quick and reliable routine control of the flours
is quite simple. It consists of taking photographs of the flours under
polarized light in an optical microscope and then identifying the two
types of starch by their morphology and counting them to ensure that
the mixture has the minimum percentage of autochthonous flour
required by the PGI. A previous publication (Fernandez-Canto et al.,
2023) described the manual method of starch identification and
counting, but now we turn to artificial intelligence, using neural net-
works, to automate the process.

Our approach is supported by the recent work of Fernandez-Canto
et al. (2023), who developed a sample preparation method (minimising
lumps) that takes advantage of the fact that when it is subjected to
polarized light microscopy, the starch of ‘Caaveiro’ flour (Type 1) is
morphologically different (Fig. 1b) from that of commercial wheat flour
‘Castilla’ (Type 0) (Fig. 1a). This can be used to determine the propor-
tion of ‘Caaveiro’ in a flour blend by counting the proportion of granules
of each type of starch. Due to this difference, a simple mathematical
model has been developed that enables the quantification of the pro-
portion of ‘Caaveiro’ in a mixture up to a detection level of 5.17% in a
simple and very low-cost way. Through this work, the authors developed
a microscopic technique to verify the presence of ‘Caaveiro’ flour in a
mixture and to quantify its proportion, guaranteeing 25% of ‘Caaveiro’,
the minimum quantity required in ‘Galician Bread’. In order to expedite
the process of discerning each type of starch (this counting was done
manually), and to reduce the amount of tedious counting, we tried to
automate the identification and counting of each type of starch through

(a) Commercial wheat flour ‘Castilla’

(Type 0)
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the use of computer vision techniques.

Intrinsically, once the microscopy digital photographs were taken,
this process involves the detection, classification and segmentation of
the granules of starch in the photographs of the flour samples. Our
problem is similar to that encountered for granular materials composed
of a large collection of tightly packed solid particles surrounded by a gas
or liquid. Automatic processes must deal with different types of these
materials, which require advanced techniques for measuring the pa-
rameters of their morphologies, including the number of particles, their
sizes and shapes; additionally, an evaluation of the individual particle
based on its texture, colour or other parameters must be performed to
guarantee the quality and efficiency of the products and systems.

Techniques based on image processing for quality control are very
popular in the agricultural and food industries. This type of approach
has several advantages, including rapidity, low cost, and an adequate
accuracy; it can be applied to grains/seeds (Aslan et al., 2017), rice
(Mohanty et al., 2022), flours (Kurtulmus et al., 2014) and other agri-
cultural by-products. Although our problem is somewhat different, it is
similar to the segmentation of granular materials and minerals (Kar-
impouli & Tahmasebi, 2019), nanoparticles (Okunev et al., 2020) and
microscopic algae (Ruiz-Santaquiteria et al., 2020).

However, the traditional image processing methods cannot autono-
mously segment particles in images containing particles with a high
level of contact and/or overlap. Typical methods for the detection of
circular shapes under perspective transformations include filtering with
radially symmetric templates and voting-based shape-matching
methods. Nevertheless, this kind of blob detector has a low degree of
specificity when it comes to detecting shapes, and the responses are not
well localised.

Regarding the voting-based approach, it starts with contour extrac-
tion. Contour points vote on the possible locations of the centre of the
shape, which are computed from a geometrical model of the curve
sought. Strong local maxima of the response of these points are highly
likely to correspond to the centre of the curve. Examples of this are the
fast radial symmetry detector of Loy and Zelinsky (2003) and the rota-
tion- and scaling-invariant Hough ellipse detector of Nixon and Aguado
(2008). However, voting-based algorithms are not actually invariant to
scale, given that the intensity of the response increases with the number
of votes, i.e. the size of the contour. Moreover, each contour point,
whether it is a target boundary or a noise artifact, votes for one or many
possible uncertain locations of the centre, yielding a cluttered and
imprecise response (see Fig. 2). Therefore, traditional standalone image
processing methods are not able to obtain good results with images that
have overlapping particles.

Currently, there are numerous variants of neural networks capable of
performing instance segmentation (a combination of object detection
and semantic segmentation methods), such as Mask R-CNN (He et al.,
2017), Yolact (Bolya et al., 2019) and BlendMask (Chen et al., 2020),
among others. These CNNs are making it possible to tackle very complex
problems (occlusions, motion, etc.) and obtain performances far

(b) Autochthonous wheat flour ‘Caaveiro’

from Galicia (Type 1)

Fig. 1. Images under polarized light of the two types of flour we want to classify and count the granules of: (a) granules of starch of the commercial wheat flour
‘Castilla’ (type 0) whose main visual characteristic is the Maltese cross in a central position and (b) granules of starch of the ‘Caaveiro’ flour (type 1) which lacks the

previous visual pattern and has a bright halo on its periphery.



X.R. Fdez-Vidal et al.

(a) Case I
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(b) Case I

Fig. 2. Granule segmentation results obtained with classical computer vision techniques: (a) Hough’s transform and (b) radial symmetry + watershed. As shown in
the pictures, the traditional standalone image processing methods are not able to obtain good results with images that have overlapping particles, which is

responsible for a cluttered and imprecise response.

superior to those of classical techniques.

The most significant advantage of CNNs that makes them superior to
conventional methods is their ability to learn a large set of visual fea-
tures, which allows the network to solve a problem without the need to
preprocess the input image to detect the regions of interest (Rols) and
classify them (manual descriptor—classifier pair design). Deep CNNs
have a large number of tunable parameters that allow them to learn
hierarchically more and more complex features from the labelled data
(ground truth) provided. Therefore, together with the possibility of
knowledge transfer (learned in other tasks), they have gained great
popularity in a wide variety of disciplines, such as civil engineering
(Zhang, Yin, & Yan, 2022), face recognition (Li et al., 2020), action
recognition (Hu et al., 2023) and medical image analysis (Soffer et al.,
2019).

It is an efficient method for the detection and segmentation of objects
in images that generates a high-quality mask for each instance of each
type of flour. Therefore, it allows us not only to quantify the types of
flour but also to determine the size and eccentricity of each granule.

In this paper, due to the good results it has achieved, outperforming
the COCO 2015; COCO 2016 segmentation challenge winners, we pro-
pose to use a fine-tuned version of the Mask R-CNN method for our flour
granule segmentation problem. Mask R-CNN is a deep learning model
that combines object detection and instance segmentation within a
single network. One of the advantages of Mask R-CNN is that it can
handle particle overlap, i.e. when two or more objects partially or
completely overlap. This is because Mask R—-CNN uses a feature pyramid
network (FPN) and a residual network (ResNet) to extract features at
different levels of resolution and combine them into a single output. In
contrast, classical methods rely on edge and geometric shape detection,
which can fail when there is overlap or noise. Therefore, Mask R-CNN
offers a higher accuracy and robustness for segmenting overlapping
particles.

In a previous study, Fernandez-Canto et al. (2023) demonstrated the
validity of a new way of guaranteeing the identity of the type of wheat
flour, using polarized light microscopy and validated by genetic analysis
(Ramos-Cabrer et al., 2022). The main goal of this paper is to apply
neural image processing techniques to automate the manual process of
classification, segmentation and size determination to determine the
proportion of ‘Caaveiro’ in a flour blend by counting the proportion of
granules of each type of starch. The main contributions of this work are
the following.

1. It demonstrates that the work of Fernandez-Canto et al. (2023) is
suitable for generating microscopy images that, under polarized
light, allow the application of machine vision techniques for the
automatic verification of compliance with the conditions of the PGI
‘Galician Bread’.

2. A Mask R-CNN model is trained using fine-tuning to achieve an
efficient method for the detection and identification of flour granules
and the segmentation of these granules, which allows us to measure
the granule morphology.

3. A new image dataset was built and labelled by an expert (one of the
authors, N. F.-C.), with the following parameters: 1) the type of
starch (type 0 — commercial wheat flour or type 1 — ‘Caaveiro’ flour)
was labelled, and 2) a mask was assigned to each labelled granule to
be segmented according to human specifications/criteria.

2. Materials and methods
2.1. Flour samples

The samples of flour were prepared as previously described in detail
in Fernandez-Canto et al. (2023). To recapitulate briefly, mixed flour
samples were prepared from pure flours (‘Caaveiro’ and commercial
‘Castilla’) with decreasing percentages of ‘Caaveiro’ according to these
ratios: 100:0, 90:10, 80:20, 70:30, 60:40, 50:50, 40:60, 30:70, 20:80,
10:90, 0:100. An additional mixture of 25:75 was included, as 25% of
‘Caaveiro’ is the minimum required to produce the PGI ‘Galician Bread’.
Subsequently, 10 mg of flour from each mixture were weighed, intro-
duced into an eppendorf and 1 mL of gelatin solution was added and
mixed homogeneously on a vortex mixer at 15 Hz for 5 min. Then, 200
pL of the suspension was distributed onto a microscope slide and
allowed to dry at room temperature. Ten slides of each sample were
prepared and the appearance, shape and size of the granules of starch
were observed under light microscopy and under polarized light (as a
result of adding polarising filters). From each slide, 15-20 digital pho-
tographs were taken with a Zeiss Axiophot microscope equipped with a
digital camera (Zeiss AXIOCAM 208 color). Each photograph had a size
of 2564 x 1924 pixels, in order to obtain a minimum of 400-450
granules per sample. Using the digital photographs and based on the
birefringence observed in the granules of starch, a manual classification
was performed in terms of two classes, type 0 and type 1, based on their
different morphologies (see Fig. 1). Note that if the granules of starch of
the different types of flour were to have the same morphology, this
quantification method could not be carried out. All the photographs
used for the manual quantification of each type of starch in the flour
mixtures with different proportions were also used to train the neural
network.

2.2. Mask R-CNN

The Mask R—-CNN model (He et al., 2017) is an extension of the faster
region-based convolutional neural network (Faster R-CNN) object de-
tector (Ren et al., 2017). Mask R-CNN is based on two main
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components: a feature pyramid network (FPN) and a residual network
(ResNet). The FPN combines features at different scales to improve the
detection and segmentation of objects at different scales. The ResNet
provides a deep and robust architecture for extracting significant fea-
tures from images. Mask R—-CNN also uses a region proposal network
(RPN) to generate candidate objects and classifier and regressor heads to
predict their classes and locations (Fig. 3).

We used Mask R-CNN models with two different backbones: Model I
has a ResNet-50-FPN backbone from He et al. (2017) and Model II has a
ResNet-50-FPN backbone with visual transformers from Li et al. (2021).
Both models are pre-trained on the COCO dataset (Lin et al., 2014),
allowing them to learn generalisable features from a large dataset.
Fine-tuning this pre-trained model to suit a specific task can significantly
reduce the amount of time and resources required compared to training
a new model from scratch. Specifically, there are three benefits of
fine-tuning learning compared to a full ad hoc learning process: it is
much faster (full learning can take weeks), it has a higher accuracy (once
the model is tuned it can perform 20% better) and it needs less data to
keep improving the model (pre-training allows it to detect specific fea-
tures). In this case, we only need to modify the box predictor layer,
classification layer and mask predictor layer to fit the custom dataset.
For this, the Torchvision library (TorchVision maintainers and contrib-
utors, 2016) has been used to load the network architectures as well as
the training reference scripts to perform the fine-tuning.

2.3. Data augmentation

That abundant data should be available for training a neural network
is a crucial issue (Zhao, 2017). Thus, depending on the complexity of the
task and the difficulty of obtaining and labelling the data, a large in-
vestment in terms of time and human resources may be necessary to
obtain the amount of data required for successful training. Data
augmentation is a technique that can be used to artificially create new
training data from existing training data by applying domain-specific
techniques to examples from the training data to create new and
different training examples. This technique is often used in deep neural
networks to improve their performance and invariance by increasing the
amount of data available and its variability. The set of transformations
was carried out with the Albumentations library (Buslaev et al., 2020).
The selected transformations were brightness and contrast alteration,
RGB band shifting, scaling, horizontal and vertical flipping, rotation and
affine transformations with identical probability (p = 0.4).

2.4. Dataset and training

A key step in the training of a neural network is the construction and

( Region proposal | P
network
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labelling of a good database. The properties we want are variability in
the conditions under which the images were captured, balanced classes,
and a sufficient quantity of images.

Our training and validation dataset consists of 1008 images (80% for
training and 20% for validation) and the corresponding JSON file in
COCO format (Lin et al., 2014) that contains the annotations of 14890
samples of flours labelled by the human expert. The samples of the flours
were labelled as polygons using the MakeSense online Web tool (Fig. 4).
The test dataset was prepared in the same way. It contains 300 images
with 2111 labelled granules of starch and the corresponding COCO
format files.

The training was carried out on a computer with a 16-core, 32-thread
AMD® Ryzen threadripper 2950X processor and an NVIDIA® GeForce
RTX 2080 Ti graphic accelerator. The networks were fine-tuned (clas-
sifier and FPN mask predictor heads) for 40 epochs (after 20 epochs, the
network learning stabilises, as shown in Fig. 5), and a stochastic gradient
descent (SGD) optimiser with an initial learning rate = 0.005, mo-
mentum = 0.9, weight decay = 0.0005 and batch size = 5 was used. We
used a learning schedule to make the learning rate adapt to the gradient
descent optimisation procedure (SGD), increase the performance, and
reduce the training time. The learning rate of each parameter group
decays by gamma = 0.1 every 3 epochs (step size).

2.5. Performance evaluation

To estimate the performance of our model, we adopt the following
standard metrics.

1. Performance metrics used to evaluate the classification perfor-
mance: To estimate the performance of our model, we adopt the

Make Sense

& Actions ® Community

Project Name: my-projectname

Fig. 4. Manual labelling by an expert of the granules of starch in each image of
the dataset done using the MakeSense tool. These labelled images are called the
ground truth and are used to estimate the performance of our networks.
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Fig. 3. Architecture of the Mask R-CNN model. The TorchVision library (TorchVision maintainers and contributors, 2016) provides the implementation of the
architectures used in this work as well as the training reference scripts to perform fine-tuning.
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Fig. 5. Evolution of the loss measures for training and validation versus the
number of epochs. The learning of the network is stable after 20 epochs, and
does not improve significantly in the later iterations of training.

standard metrics: the accuracy, precision, recall and F; score. For
more details, see Appendix A.

2. Performance of the detection and instance segmentation:
Detection/instance segmentation models produce a collection of
local bounding boxes/segmentation masks that describe each object
that is detected/segmented in the image. As such, the methods of
evaluating object detection and instance segmentation are quite
similar, with the exception that we now calculate the metrics for
masks instead of bounding boxes. To evaluate our collection of
bounding boxes and predicted masks, we used the mean average
precision (mAP) (Everingham et al., 2010) to measure the quality of
the learned model in all categories. In our case, we used the mAP
with a set of threshold values {0.55, 0.6, ...0.95} and denote it by
mAP[p50095. In object detection or instance segmentation, the
objective is not only to correctly classify the flour in the image but
also to find where in the image it is located; we cannot simply use the
image classification metrics. In brief, the metrics estimate the extent
of the intersection over union between the predictions and ground
truth averaged over all classes, and the set of threshold values.
Values of the mAP of 0% correspond to poor predictions, while an
mAP close to 100% signals the pixel-to-pixel coincidence of the
predictions and the ground truth. On the COCO database, the values
achieved by the Cascade Mask R—-CNN model are around 40% (Cai &
Vasconcelos, 2018). The mAP metrics were evaluated using a COCO
API tool (Dollar & Lin, 2020), along with annotations (annType) of
the ‘bbox’ (detection) and ‘segm’ (mask segmentation) type and a
maximum particle number (maxDets) of 100.

2.6. Postprocessing

While neural networks can produce predictions of the contours of the
granules of the flour, it is important to have a well-defined algorithm to
refine the contours of the mask predicted by the network. In this work,
we implement the following postprocessing strategy, which consists of
refining the contours of the masks predicted by the network by means of
an elliptical fit (Halit & Flusser, 1998). This approach has been proven
to provide a good tradeoff between precision and computational cost
compared to more sophisticated models. The effective size of a granule
of flour was calculated as the area of the resulting elliptic fit, as shown in
Fig. 7e.

Food Control 158 (2024) 110198

3. Results and discussion
3.1. Samples of flour

We have developed a method for the identification and quantifica-
tion of each type of wheat flour (commercial wheat ‘Castilla’ versus
‘Caaveiro’) based on a microscopic analysis of their granules of starch to
estimate the percentage of each flour in a mixture. Previoulsy, this was
done manually, and now we are trying to automate it by using neural
networks.

Other methods used in the daily inspection of wheat flours include
near-infrared spectroscopy (NIRS), which is a reliable tool that allows
detecting any adulteration of common wheat flour (Zhang, Liu, et al.,
2022): for safety —such as excessive talc powder illegally added into the
flour, or even ashes (Deng et al., 2019; Dong & Sun, 2013)- or just for
quality control when blended with other flours of lower quality.

NIRS combined with chemometric methods allows detecting adul-
teration of wheat flour, which includes adding flours made from
different tubers (casava, potato ...), grains of different species of cereals
(sorghum, rice, corn ...), or even different species of wheat, due to their
different commercial value (e.g. Triticum durum -more expensive—
versus Triticum aestivum (Unuvar et al., 2021)). However, to the best of
the authors’ knowledge, there is nothing in the literature about detect-
ing percentages of different varieties or cultivars from the same species
of wheat, as in our case, where both pure flour samples are Triticum
aestivum.

3.2. Performance in classification, localisation and segmentation of the
granules of starch

Tables 1 and 2 show the confusion matrices obtained by the Mask
R-CNN models with different backbones (Models I and II) on the test
database. To calculate the classification performance measures, human
labelling was only performed for the most significant particles in the
image, not for all the particles that the network is able to detect. To deal
with this problem, the classification performance measures only take
into account those particles detected by the system with a bijective
relationship to those labelled by the human expert. This decision entails
discarding the system’s hits/misses for detected particles with no cor-
respondence to the ground truth and vice versa. Due to this decision, the
ground-truth support used for the calculation of the performance mea-
sures may vary slightly. The results achieved by Model II (Table 3),
which has visual transformers, are slightly better than those of Model I
(Table 3), but they are statistically equivalent, with an accuracy higher
than 88%. Looking at the performance measures for each class sepa-
rately, we see that the model is more accurate for the class type 0 than
for the class type 1 (it minimises the false positives (FPs)). However, the
recall values are higher for the class type 1 (it is able to recover 90.5% of
the true positives (TPs) of this class while minimising the false negatives
(FNs)). The overall F; score is 88.4%. The measures mAPl[’g"S{ 0.95) = 0.539

and mAPfg?gi 0.95]

segmentation, are significant and reveal a very good correspondence of
the predicted boxes and masks (network) with their ground truth
(human expert) counterparts.

In Fig. 6, we present a sample of the results obtained for a sample of
images from the test database. Column a of Fig. 6 shows the original

= 0.547, which are used to evaluate detection and

Table 1
Confusion matrix for Model L.
Hypothesis
-QO [©) Erows
Reference Qo 1063 91 1154
& 152 792 944

> cols 1215 883
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Table 2
Confusion matrix for Model II.
Hypothesis
Q [oR} > rows
Reference Qo 1071 82 1153
Q 156 785 941
> cols 1227 867

image, column b shows the labels and the region of each granule (type
0 or type 1) entered manually by the expert (ground truth) and finally,
column c shows the output of the neural network, which includes the
predictions made by the network for each detected granule and the
corresponding segmentation mask (displayed with random colours).
This diagram permits a visual confirmation that the model’s high
quantitative evaluation values result in a strong agreement, in terms of
classification, segmentation, and sizing, between the expert’s labelling
(column b) and the network’s predictions (column c). We can see that
the predicted segmentation fits the real contour of the different granules
well. In Fig. 7b, an enlargement of a patch of an image from the database
(Fig. 7a) is presented to appreciate the details in the results; in Fig. 7c,
d and e, the segmentation mask produced manually by the human expert
(ground truth), the network predictions, and the elliptical fitting over
the points of each granule’s contours segmented by the network output,
respectively, are presented.

The overall statistical behaviour of the network is described by the
performance measures shown above. However, it is difficult to deter-
mine from these values whether the network is a reliable replacement of
a classification made by a human expert. To address this, 10 flour blends
were created using pure flours with decreasing percentages of ‘Caaveiro’
according to the specified ratios: 75:25, 70:30, 65:35, 60:40, 55:45,
45:55, 40:60, 35:65, 30:70, 25:75. Ten images were taken for each
mixture, and both the human expert and the neural network counted the
granules. This gives us the average proportions of each type of granule
for each mixture. Fig. 8 shows the real percentage of Type O flour on the
x-axis for each experiment. On the y-axis, we plot the true percentage of
Type 1 flour (blue line) and the predicted percentages for each experi-
ment by both the human (yellow polygonal line) and Type 1 network
(green polygonal line). The graph shows that there is a significant degree
of agreement between the human and network predictions and very
close to the true percentages. The average error for the human estimate
compared to the true value is 1.6%, while for the network, it is 3.2%. The
network’s ability to learn and replicate human behaviour in the count-
ing task, automating it with acceptable margins of error, can be
confirmed as an initial proposal.

3.3. Influence of input image resolution on detection
The resolution of the input image has a significant influence on the

detection process. To determine this influence, we took subsamples of
the images of the test set with the factors {1, 0.5, 0.25, 0.125}, which

Table 3
Results for both models.
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reduces the size of the original image by up to one-eighth. For type
0 granules, the percentages of detected (ground truth) granules with
respect to the rescaling factor are {94.6%, 93.8%, 93%, 91.2%}. From
the morphology of the type 0 granule, we see that this transformation
has hardly any influence on the detection. For type 1 granule, the per-
centages of detected ground-truth granules with respect to the re-scaling
factor are {89.6%, 88.6%, 85.2%, 69.7%}. In this case, when the sub-
sampling is high, the detection drops sharply because the removal of the
high frequencies destroys the visual characteristics of the type 1 gran-
ules (see Fig. 1b).

3.4. Estimation of the elliptical area of granules

To quantify the results of the postprocessing method that determines
the elliptical area of each granule using a contour fit extracted from the
mask segmented by the network, we cannot use the polygonal approx-
imations that the human expert marked to train the network. As can be
seen in Fig. 7c, in most cases, the ground truth overestimates the real
area. Therefore, we turned again to the human expert, instructing them
to manually determine the ellipse that best fits each granule. To do this,
we used the ImageJ (Schneider et al., 2012) tool, which allows us to
obtain the value of the adjusted elliptical area (menu: Analyze — Mea-
sure). We randomly selected 10% of the test images and, in each one of
them, we determined the ellipses that best fitted the granules of the two
classes that the expert considered relevant; we tried to find a wide range
of sizes (the number of samples of each type of flour was N = 50). To
measure the discrepancy between the areas obtained by the model and
those fitted by the human expert (there is no normality in the sample),
we define the following measure of this discrepancy:

1SN Ainer — Al giun]
g = N Z —_Y (@)

A[.Hum

where Ape is the elliptical area estimate obtained from the post-
processing of each granule and Apy, is the estimate made by the expert
with the ImageJ tool. The final value of &, for each type of flour, is
normalised to the value of the area estimated by the human expert and
averaged over the number of samples (N) of each flour. Table 4 shows
the values of & and its standard deviation ¢(~ (%)) for the two types of
flour.

The average discrepancy for type O granules is ¢ = 3.96%, and for
type 1 granules, it is &; = 3.54%. The range of areas (pixels squared)
sampled for type 0 granules is in the range [8763, 61557], and for type 1

Table 4
Mean particle sizes calculated from histograms of different types of contours.
Particle type Discrepancies
7(%) o(7(%))
0 3.96 1.96
1 3.54 2.28

Model I (ResNet-50-FPN backbone)

Classification Detection and segmentation
Class For each class Global Global
Pr, Rey F UAPr UARe Fy ACC mAPIE o mAPEE o)
Qo 92.1% 87.5% 89.7% 88% 88.6% 88.2% 88.4% 53.8% 53.5%
Q 83.9% 89.7% 86.7%
Model II (ResNet-50-FPN backbone with visual transformers)
Qo 92.9% 87.3% 90% 88.2% 88.9% 88.4% 88.6% 53.9% 53.6%
(o)) 83.4% 90.5% 86.8%
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granules, it is in the range [8372, 10999]. The fits provided by the
postprocessing method are valid, with average discrepancies less than
4%. By analysing the intra-class behaviour, we found that the system
tends to underestimate the area of type 0 granules and, on the contrary,
it tends to overestimate the area of type 1 granules.

Finally, Fig. 9 shows the histograms of the areas (squared pixels)
obtained from the elliptical fit of each granule detected in the full test
dataset. For the type O granules, the average area is (2.1 + (1.0)) x
10%pix?, and for the type 1 granules, it is (2.2 & 1.1) x 10*pix?. Using
neural networks, our data are in line with those of Fernandez-Canto
et al. (2023) who stated that the granules of starch of commercial wheat
‘Castilla’ follow a bimodal distribution. According to Fernandez-Canto
et al. (2023) their diameter is small (<11.25 pm) or larger. In contrast,
the diameter of granules of starch of ‘Caaveiro’ follows a trimodal dis-
tribution: less than 12.5 pm, medium size (12.5-22.5 pm) and larger size
(>22.5 pm).
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4, Conclusion

In this study, we have demonstrated that applying deep learning
techniques to microscopy images of wheat flour samples, prepared using
the method of Fernandez-Canto et al. (2023), allowed us to automate the
verification of the flours used to manufacture the PGI ‘Galician Bread’.
Instance segmentation with Mask R-CNN (Model II) achieved valid re-
sults for unseen images, with a categorical global accuracy of about
88.6%. The elliptic fits used to estimate the area are accurate, with a
discrepancy with respect to the areas estimated by a human expert of
less than 4%. However, there is still room for improvement in the per-
formance of the network as the databases continue to grow and we
embed the network in a continuous learning scheme. The performance
measures mentioned above show a strong correlation between the re-
sults of an expert and the results of the network (see Fig. 6), confirming
the practical validity of our proposal.

This method has some advantages, as it allows an automatic

a)

c)

Fig. 6. A series of micrographs (test dataset) to show the qualitative results of the network predictions compared to the labelling performed by the human expert:
column (a) input images, column (b) label and mask segmentation produced manually by human (ground truth), and column (c) label and mask segmentation
predictions by the network. Each row corresponds to the same starch microscopy image. This diagram permits a visual confirmation that the model’s high quan-
titative evaluation values result in a strong agreement, in terms of classification, segmentation, and sizing, between the expert’s labelling (column b) and the

network’s output (column c).
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e)

Fig. 7. Qualitative results of the segmentation quality and elliptic fitting: (a) input image, (b) original patch, (c) segmentation mask produced manually by human
expert (ground truth), d) segmentation mask produced by the network and (e) ellipses obtained by an elliptical fit over the points of each granule’s contours

segmented by the network output (Fig. 7d).

Human and neural network counting were compared on images with controlled blending per-
centages

% Type 1 (Caaveiro)

0 0,25 0.3 0,35 0.4 0,45

% Type O (Castilla)

—e— Real percentages

Human percentages —@—Neural Network percentages

Fig. 8. Human and neural network counting compared on images with controlled blending percentages. Ten flour blends were created using pure flours (‘Caaveiro’
and ‘Castilla’) with decreasing percentages of ‘Caaveiro’ according to the specified ratios: 75:25, 70:30, 65:35, 60:40, 55:45, 45:55, 40:60, 35:65, 30:70, 25:75.

determination of the proportions of different kinds of flours within a
blend. It could be applied as a quick and reliable method for quality
control in the production of bread or in other flour mixtures (e.g. wheat
starch versus tuber starch). However, it also has disadvantages, as this
method can only be used for flour samples with starch granules
morphologically different under polarised light, which is not the case for
most of the wheat flour analysed.

For future work, the promising results of the Mask R—-CNN model

encourage us to continue working on two approaches: 1) controlling the
perfectly balanced mixtures and increasing the number of granules of
starch identified by the human expert to train the system; and 2) eval-
uating recent models that could allow us to achieve an instance seg-
mentation of the granules of starch, such as YOLOv8 (Jocher et al.,
2023) or a segment anything model (Kirillov et al., 2023) with YOLOv8
as its object detector.
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Type 1: (mean = 22507; std = 11048)

200

&
S

number of starch granules
S
g

50

—
10000 20000 30000 40000 50000 60000 70000 80000 90000
Area (square pixels)

b)

Fig. 9. Histograms of the areas estimated from the elliptical fit of the contours of the granules detected and segmented by the network (a) of type 0 and (b) type 1 for

all test images.
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Appendix A. Performance metrics used to evaluate the classification performance

For a K-class problem with the confusion matrix given in Table A5, we will use the performance measures defined below.

Table A.5
Confusion matrix with absolute frequencies for a K-class problem.
Hypothesis
o Q, Qk b
Reference Q nip nia . nig N;
Q) na1 n22 Nok N
Qg ng1 N2 nkx Nk
> N

@ Accuracy: The accuracy is the fraction of predictions that the model gets right. Formally, the accuracy has the following definition:



X.R. Fdez-Vidal et al. Food Control 158 (2024) 110198
LS
ACC=— ;n,m~100 %. (A

@ Precision: The precision is calculated from the perspective of the prediction result for the class «, and it is the proportion of true positive (TP)
samples out of all the positive samples predicted by the model:

Ny

Pro=—" A2
Zlenik (A.2)
@ (Unweighted) Average Precision: The (unweighted) average precision is the average of Pr, for all K classes:
1 K
UAPr = ;PrK'IOO%. (A.3)

@ Recall: The recall is calculated from the real sample set, and is the number of positive samples recovered for the class x by the model divided by the
total number of positive samples:

n,
Re, = ——. A4
Zzl’il”m' A9
@ (Unweighted) Average Recall: The (unweighted) average recall is the average of Re, for all K classes:
1 K
UARe = - ; Re,-100 %. (A.5)

@ F; Score: The F; score provides a single score that balances (harmonic mean) both the precision and recall in a single number. A good F; score means
that the model has a low number of false positives (FPs) and a low number of false negatives (FNs). An F; score of 1 is considered perfect, while the
model is a total failure if the F; score is 0:

Re-Pr
Fi=2——. (A.6)
Re + Pr
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