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Halyomorpha halys, the Brown Marmorated Stink Bug (BMSB), has become a major threat for pear orchards,
causing severe economic losses throughout Southern Europe. Italy, one of the leading European pear producers,
has experienced a dramatic reduction in yields of economically relevant cultivars over the past decade due to
extreme climate events and outbreaks of pests and pathogens.

To address this issue, Near Infrared Hyperspectral Imaging (NIR-HSI) is proposed as a non-destructive tech-
nique to automatically discard damaged fruits. The study was performed on organic pears (cv. Abate Fétel and cv.
Williams) harvested over two consecutive years.

Following an automated annotation procedure that identified punctured and sound areas of the fruits,
representative spectra of both Punctured and Sound classes were extracted to build pixel-level classification
models. Classification models were developed using Soft Partial Least Squares Discriminant Analysis (Soft PLS-
DA), a hybrid approach that combines the advantages of both discriminant and class modelling techniques, and
its sparse variant (s-Soft PLS-DA), which incorporates variable selection to achieve a parsimonious solution more
suitable for online post-harvest sorting systems.

The prediction images were elaborated considering an additional decision criterion based on the minimum
detectable defect area, enabling image-level classification. Besides being advantageous for automated sorting
systems, image-level classification allowed a comprehensive assessment of models’ classification performances
towards modelled and unmodelled (i.e., damage not ascribable to BMSB) classes.

1. Introduction

In recent decades, increasing anthropogenic activities eased the
spread of invasive insect pests capable of altering agroecosystems and
compromising agri-food production, leading to substantial economic
losses [1,2]. Among these, Halyomorpha halys, commonly known as the
Brown Marmorated Stink Bug (BMSB), is particularly noteworthy.
Native to East Asia, it rapidly spread to Europe and North America,
becoming a significant agricultural threat. This highly polyphagous pest
damages a wide range of crops, including fruits, vegetables, and orna-
mental plants. Severe outbreaks have been associated with yield losses
from 60% up to 100%, causing millions of dollars in economic damage
to fruit and horticultural production in Europe and North America

[3-5].

BMSB feeds using its piercing-sucking mouthparts, causing de-
formities, discoloration, surface lesions, and internal tissue damage in
fruits [6-8]. In Southern Europe, favourable climatic conditions and
high crop density have supported large pest populations [9]. Northern
Italy has been particularly affected by BMSB infestations, especially its
pear orchards, where this pest represents a relevant agricultural issue. In
2019 alone, economic losses attributed to BMSB were estimated at €590
million for fruit orchards in Northern Italy, including about €356 million
losses in the pear sector, with yield reductions exceeding 80% in the
most heavily infested orchards [10].

Italy has historically been the leading European country for pear
production, with an average annual yield of approximately 707,000
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tons, ranking third worldwide. However, an increased activity of path-
ogens and pests such as BMSB together with frequent frosts at fruit set
and drought during summer have reduced the production to approxi-
mately 343,000 tons over the past three years, with only 22,000 ha of
cultivated land remaining, and constantly decreasing [11,12]. In
Northern Italy, the production is predominantly concentrated in Lom-
bardy, Emilia-Romagna, and Veneto, where several cultivars of eco-
nomic relevance are grown, some regulated by the European Protected
Geographical Indication (PGI) designation [13]. In particular, Abate
Fétel and Williams are among the most widely cultivated cultivars in the
Emilia-Romagna region, accounting for approximately 37% and 27% of
national production in 2019, respectively [14]. The importance of these
cultivars is also characterized by their strong link with the territory,
guaranteed by the “Pere dell’Emilia-Romagna” PGI designation [15].

Damage caused by BMSB during the early stages of fruit development
is easily visible, since it often determines fruit deformation. Conversely,
BMSB punctures occurring in the late stages typically result in internal
suberification and necrosis of the pulp, producing brown, corky tissue
beneath an externally undamaged skin, and are therefore not detectable
through visual inspection [6]. Moreover, the feeding activity of BMSB
has been associated with increased susceptibility to pathogens including
yeast, Monilinia spp. and other fungi, which may lead to fruit rot [5,7,16,
17]. As a result, internal defects caused by BMSB late damage severely
reduce fruit quality and commercial value, while remaining difficult to
detect through visual inspection before fruit consumption or deteriora-
tion during post-harvest [5].

Currently, post-harvest sorting practices mainly rely on visual in-
spection or computer vision systems, which are unable to detect the
internal injuries caused by BMSB late feeding as they are not visible at
the naked eye. At the same time, Near Infrared (NIR) spectroscopy is
widely used to assess fruit quality and safety thanks to the possibility of
characterising fruits chemical properties [18,19]. However, traditional
spectroscopic techniques do not provide information related to the
spatial distribution of chemical compounds, therefore they are not
useful in the detection of localized defects such as punctures [20].

In this context, NIR spectral imaging represents a viable alternative
to conventional computer vision systems operating in the visible range,
enabling rapid, non-destructive, and efficient characterization of the
chemical and physical properties of food products. Hyperspectral im-
aging (HSI) combines the strengths of spectroscopy and imaging,
allowing the visualization of spatial distribution of the chemical features
across a sample's surface [21,22]. This makes NIR-HSI especially suit-
able for detecting defects in heterogeneous food matrices, as it allows
both the assessment of chemical composition and its spatial variation on
the sample surface [20,23-31]. However, HSI data-richness is a
double-edged sword: on the one hand, it allows a detailed sample
characterization while on the other hand, it poses challenges in data
handling, storage, and analysis [32,33]. In this context, Multivariate
Image Analysis plays a crucial role in addressing the curse of dimen-
sionality and extracting relevant information for the development of
robust classification or calibration models able to predict qualitative and
quantitative properties of food products.

Several studies have demonstrated the potential of NIR-HSI for
detecting bruises, fungal infections and quality defects in fruits [25,
34-36]. However, the detection of internal injuries caused by
piercing-sucking insects such as BMSB has received limited attention,
despite their increasing economic impact. Within this frame, we evalu-
ated NIR-HSI as a possible post-harvest sorting system method for the
early detection of BMSB under-peel damage on pears, which is not
detectable using cameras working in the visible range. To our knowl-
edge, no previous studies have investigated NIR-HSI to identify internal
damage caused by insect punctures on pears.

For the practical application of NIR-HSI systems, it is necessary to
develop supervised classification models able to process the hyper-
spectral images and provide a class assignment for each pixel (i.e., pixel-
level classification). To this aim, the identification in the hyperspectral
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images of Regions of Interests (ROIs) of both sound and damaged areas is
a crucial aspect affecting the effectiveness and robustness of the classi-
fication models [37,38]. This procedure is often referred to as image
annotation.

In a previous study [39], we developed an innovative approach for
the automated and objective annotation of BMSB punctured areas. The
proposed method involved image dimensionality reduction and
image-level classification coupled with spatial features selection.

In the present study, starting from annotated ROIs of punctured and
sound areas of the fruits, representative spectra belonging to both classes
were extracted to build pixel-level classification models. To achieve a
parsimonious solution suitable for the implementation of online post-
harvest sorting systems, variable selection was applied to retrieve only
the most relevant spectral regions able to distinguish sound areas of the
fruits from those affected by BMSB punctures. Indeed, in future de-
velopments, the selected spectral regions can be implemented in mul-
tispectral cameras, which are more suitable to be used in practical
implementations of post-harvest sorting systems as they are faster,
cheaper and their optical components are highly robust [40,41].

Based on these considerations, the main objectives of our study were:
i) to model the spectral differences between sound and punctured areas;
ii) to obtain an interpretable model leading to the selection of the most
important spectral variables; and iii) to have the possibility of handling
damage types different from those ascribable to BMSB. These re-
quirements led us to the selection of Soft Partial Least Squares
Discriminant Analysis (Soft-PLS-DA) algorithm and its sparse variant,
sparse Soft PLS-DA (s-Soft PLS-DA), for the development of the classi-
fication models [42]. Soft PLS-DA is a soft discriminant algorithm that
enables the rejection of spectra that do not belong to any of the modelled
classes, thus offering a more robust and flexible solution in sorting
systems. Moreover, s-Soft PLS-DA incorporates sparse-based variable
selection to model development, allowing to select relevant spectral
regions able to discriminate between punctured and sound areas.

Finally, Soft PLS-DA and s-Soft PLS-DA [42] classification models
were applied to all the acquired images and a decision criterion was
defined to provide classification at the image-level. The criterion was
applied to all the prediction images, enabling a global evaluation of
models’ classification performances.

2. Materials and methods
2.1. Field experimental protocol

Pear samples belonging to Abate Fétel and Williams cultivars were
harvested in an organic orchard located in Carpi (Modena, Italy) during
summer 2022 and summer 2023.

In both years, 40 tree branches belonging to different plants located
in diverse areas of the orchard were considered. At fruit set, the branches
were covered with cylindric inclusion cages made to protect the fruits
from uncontrolled biotic and abiotic adversities [6,43].

The same day of commercial harvest, 20 inclusion cages were
selected and 3 BMSB specimens were manually placed inside each one of
the selected cages. In this manner, about half of the fruits were exposed
to BMSB feeding for about 3 — 5 days, while the remainder fruits were
considered as control samples. Following this procedure, a total of 156
and 160 fruits were collected for cv. Abate Fétel and cv. Williams,
respectively.

The reader is refereed to Ref. [39] for further insights about the
experimental protocol followed in the field.

2.2. Image acquisition and elaboration

Image acquisition was performed at 8 subsequent times to monitor
the evolution of fruit damage over time, from harvest day (T1) to five
weeks later (T2-T8), following the schedule reported in Table S1. Be-
tween the different acquisition sessions, the fruits were stored at
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refrigerated temperatures of 0 — 2°C to simulate post-harvest storage
conditions [44,45].

The hyperspectral camera used for the acquisitions was a line-
scanning system (SnapScan SWIR, IMEC One Planet, The Netherlands)
working in the 1156 — 1674 nm spectral range with 5 nm spectral res-
olution (100 channels) [46], as described in detail in Ref. [39]. The
images were acquired considering a lens aperture equal to /2.8 and an
integration time equal to 2 ms. Four small halogen lamps with diffusors
were utilized for the homogeneous illumination of the samples. The
hyperspectral camera used in this study integrates an internal sensor
motion mechanism, allowing static image acquisition without external
motion of either the camera or the sample. This set up enabled the
capture of a full hyperspectral image in approximately 1 s [46]. The
acquired hyperspectral images have spatial dimensions of 492 x 820
pixels, with a spatial resolution of 0.2 mm.

To cover the whole pear surface during acquisition, the investigated
fruits were divided into four sections (A — D) and each section was
imaged, obtaining four hyperspectral images for each fruit.

As previously mentioned, damage due to BMSB punctures is not
visible to the naked eye on the intact fruits’ surface as it affects the fruit
pulp. Therefore, to verify the actual presence of damage it was necessary
to peel the fruits after image acquisition.

For this reason and considering the high number of collected fruits,
the pears were randomly divided into two groups: the first group (Group
1) composed of fruits to be imaged at each acquisition time and peeled at
T8, and a second group of fruits (Group 2) to be imaged at specific
acquisition times and peeled at intermediate time points.

In 2022, for each cultivar, 10 control and 10 exposed fruits were
assigned to Group 1, while all remaining fruits were assigned to Group 2.
In 2023 the same subdivision was carried out for cv. Williams fruits,
while for cv. Abate Fétel Group 1 included only 6 control and 6 exposed
fruits due to the lower number of available samples (Table S2 of Sup-
plementary Material).

At each acquisition time, hyperspectral images were acquired of all
fruits belonging to Group 1 and of a randomly selected subset of 5
control and 5 exposed fruits belonging to Group 2. After image acqui-
sition, approximately half of the selected fruits from Group 2 were
peeled to inspect the presence of damage, while the remaining fruits
were stored and subsequently imaged at later acquisition times. Not all
fruits in Group 1 could be monitored up to T8 since they reached an
over-ripening stage; consequently, some fruits in Group 1 were only
acquired until T6 or T7 based on fruit conditions.

Over the two harvest years, 3644 hyperspectral images were ac-
quired, corresponding to 1680 images of Abate Fétel fruits and 1964
images of Williams fruits. The storage space of the whole dataset was
equal to 3.1 TB.

Due to adverse climate conditions and the activity of other biotic
agents, neither all the control fruits were sound, nor the fruits exposed to
BMSB actually showed damage. Therefore, an expert visual inspection
was necessary to divide the acquired images into the following
categories:

e images of sound sections of control fruits (5-C), corresponding to the
images of fruit sections of control samples without any sign of
damage;

images of damaged sections of control fruits (D-C), corresponding to
the images of fruit sections of control samples showing damage;
images of damaged sections of exposed fruits (D-E), corresponding to
the images of fruit sections of samples exposed to BMSB with
damage;

images of sound sections of exposed fruits (S-E), corresponding to the
images of fruit sections of samples exposed to BMSB but not showing
any kind of damage.

Table S2 of Supplementary Material summarises the number of im-
ages belonging to the different categories for both Abate Fétel and
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Williams cultivars. It has to be highlighted that each control fruit did not
necessarily generate 4 S-C sections since one or more sections of the
same fruit could exhibit damage from other agents and thus labelled as
D-C. Similarly, each exposed fruit did not contribute 4 D-E sections
since, usually, damaged areas were not located in all four sections. Only
the sections of exposed fruits showing damage were labelled as D-E,
while the remaining sections were labelled as S-E.

Based on visual inspection, the fruits showing damage were addi-
tionally classified into three categories based on damage type:

- Type 1: mild damage of unknown origin (e.g., superficial signs of the
fruit pulp);

- Type 2: damage ascribable to BMSB punctures (e.g., suberifications);

- Type 3: severe damage not caused by BMSB punctures (e.g., moulds
or other diseases).

Fruit sections showing multiple damage types were assigned to the
most severe damage category observed. For example, sections showing
both Type 1 and Type 2 damage were labelled as Type 2, while sections
exhibiting Type 3 damage together with either Type 1 or Type 2 damage
were labelled as Type 3.

Table S3 of Supplementary Material reports the number of images
belonging to D-E class with Type 2 damage, which will be referred to as
P-E images (i.e., images of punctured sections of fruits exposed to
BMSB).

Preliminary image elaboration steps were necessary to remove the
background and mask the fruit area. These steps involved thresholding
procedures based on Principal Component Analysis (PCA) and
morphological erosion, as further detailed in the previous paper [39].

2.3. Development of pixel level classification models

2.3.1. Annotation of ROIs belonging to punctured areas

The development of pixel-level classification models able to
discriminate between pixel spectra of sound and punctured areas started
with the construction of a library of reference spectra representative of
both classes. This task requires the availability of the ground truth, i.e.,
the exact location of the punctured regions on P-E fruits, quite chal-
lenging to achieve in this scenario.

Indeed, to mimic a real situation, the pears were exposed to BMSB
directly in the field, therefore it was possible to verify the presence of the
punctures and locate them only after peeling the fruits. In addition,
standard thresholding approaches for ROIs selection, like e.g., PCA score
values of the hyperspectral images, were not easily applicable due to the
slight differences between sound and damaged areas, the irregular shape
of the punctures, and the high number of acquired images.

To solve this issue, in a previous study we proposed an innovative
approach for image annotation that allows the direct comparison of a
high number of images altogether and the automated identification of
ROIs related to target spatial features [39]. The detailed description of
the image annotation methodology is reported in Ref. [39], while this
section is intended to provide a concise summary of the key steps.

The image annotation procedure was carried out by analysing
separately the images belonging to the two pear cultivars due to their
considerably different physical characteristics (i.e., shape, dimensions,
peel russeting). For each cultivar, the annotation models were developed
between 2022 and 2023 harvest campaigns. In particular the S-C and P-
E images of 2022 samples were divided into training (TR) set and test
(TS) set images, as reported in Table 1. The subdivision of the images
into TR and TS was done by keeping into the same set the images related
to the same fruit sample, also across different acquisition times. The TR
set images were used to develop the models for ROIs annotation and the
TS set images were used for validation.

The proposed annotation algorithm followed several subsequent
steps. Firstly, data dimensionality reduction (DDR) was performed using
the Common Space Hyperspectrograms (CSH) approach, which converts
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Table 1

S-C and P-E images collected in 2022 and 2023 for cv. Abate Fétel and cv.
Williams. For P-E images, “P-E Total” refers to the overall number of P-E images
acquired, while “P-E Annotated” refers to the number of P-E images for which
the punctured regions were successfully identified by the image annotation al-
gorithm proposed in Ref. [39]. The TR and TS partition of 2022 images reflects
the use of TR images for the development of the image annotation algorithm and
of TS images for its validation, while 2023 images were used as a further vali-
dation of the annotation procedure.

# images  Abate Fétel Williams
S-C P-E P-E S-C P-E P-E
Annotated Total Annotated Total
2022 TR 246 82 136 112 22 39
TS 153 58 85 130 10 15
Total 399 140 221 242 32 54
2023 Total 250 70 101 340 240 298

each image into a signal, named hyperspectrogram, built by merging in
sequence the frequency distribution curves of quantities (i.e., score,
Hotelling T2 and Q residuals vectors) obtained from a global PCA model
common to the considered images [47]. In particular, each hyper-
spectral image was initially unfolded into a two-dimensional data ma-
trix, where the rows correspond to the pixels retained after background
removal and the columns to the spectral variables. The unfolded hy-
percubes were preprocessed row-wise using Multiplicative Scatter
Correction, MSC (median spectrum as reference) for cv. Abate Fétel and
linear-detrend for cv. Williams, and then centred according to the global
average spectrum of the corresponding cultivar. For each cultivar, a
common PC space was obtained by applying Singular Value Decompo-
sition (SVD) to the kernel variance-covariance matrix, calculated as the
sum of the single variance covariance matrices of all the corresponding
TR images, and 7 PCs were retained for both cultivars. Subsequently, the
unfolded and preprocessed hypercubes were projected onto the common
PC space of the corresponding cultivar, and the score vectors, Q re-
siduals and Hotelling's T2 values were calculated for each image. Finally,
the CSH signal of each image was obtained by merging in sequence the
frequency distribution curves of the seven score vectors, of Q residuals
and of T? values. This procedure resulted in two distinct CSH data
matrices, one for Abate Fétel and one for Williams samples.

Then, interval PLS-DA (iPLS-DA) models were calculated using the
CSH datasets by considering different interval sizes, with the aim of
discriminating images of sound and punctured fruits, and selecting the
intervals of hyperspectrograms variables that are mostly related to the
presence of punctures. Finally, for both cultivars the variables selected
most frequently by the different iPLS-DA models were reconstructed
back into the original image domain. Indeed, the selected hyper-
spectrograms variables correspond to groups of pixels characterised by
score values falling within a specific interval and more likely related to
P-E class. These pixels were visualised back into the original 2-D refol-
ded image domain and considered as annotations of ROIs of punctured
areas. A more detailed description of the image annotation algorithm
can be found in Ref. [39].

Concerning 2022 harvest campaign, 140 out of 221 P-E images of cv.
Abate Fétel samples and 32 out of 54 P-E images of cv. Williams samples
were correctly annotated considering the image annotation procedure
described above.

Then, the same annotation procedure was applied to the P-E images
acquired in 2023, leading to 70 out of 101 P-E images of cv. Abate Fétel
samples and 240 out of 298 P-E images of cv. Williams samples being
successfully annotated. Further details about the outcomes of image
annotation are reported in Table 1. It should be noted that in Ref. [39]
the annotation procedure was reported for samples belonging to cv.
Williams, while the present syudy includes both cultivars. For
completeness, Table 1 presents the annotation outcomes obtained for
both cultivars.
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2.3.2. Spectra selection and dataset structure

After annotating the ROIs of punctured regions as described in Sec-
tion 2.3.1, representative spectra of both punctured and sound areas
were randomly selected from S-C and annotated P-E hyperspectral im-
ages of both cultivars. The spectra selection phase is crucial in deter-
mining the representativeness of spectral signatures for punctured and
sound areas, which holds deeply the robustness and reliability of the
classification models.

The images belonging to other categories (i.e., D-C, S-E, D-E, not
annotated P-E) were not considered in the development of pixel-level
classification models, but they were used in a second moment to eval-
uate their robustness (see Section 2.4).

The images were initially divided into TR and TS images. For the
2022 samples of both cultivars, the same TR/TS partition considered for
the annotation procedure was applied. To increase the number and
representativeness of the samples, also the 2023 images were divided
into TR and TS images, as reported in Table 2. Also in this case, images
belonging to the same fruit sample, even when acquired at different
acquisition times, were kept in the same set.

The spectra signatures for the Sound class were selected exclusively
from hyperspectral images of S—C fruit sections, while the representative
spectra of the Punctured class were extracted only from ROIs of punc-
tured areas in the annotated P-E images, generated using the annotation
procedure described in Section 2.3.1. Prior to the extraction of repre-
sentative spectra, each S-C and P-E annotated hyperspectral image was
unfolded into a two-dimensional data matrix, with rows corresponding
to individual pixels and 100 columns corresponding to the spectral
channels. To enable the random selection of spectra, for S-C images only
the spectra belonging to the fruit and retained after background removal
were kept, while for P-E images only the spectra belonging to the an-
notated ROIs of punctured areas were considered.

As mentioned in Section 2.2, fruits in Group 1 were imaged at all the
eight acquisitions times, while fruits in Group 2 were acquired only at
specific time points. As a result, Group 1 fruits had a much higher
number of images compared to Group 2 fruits. Therefore, extracting a
fixed number of randomly selected spectra from each S-C and P-E image
would have led to an over representation of Group 1 fruits and an under
representation of Group 2 fruits. To address this issue, we fixed the total
number of spectra to be extracted from each S-C or P-E fruit, and then
we calculated accordingly the number of spectra to be randomly
selected from each corresponding hyperspectral image.

Furthermore, the number of P-E images was much smaller than the
number of S-C images and this difference was considered when con-
structing the dataset of representative spectra, with the aim of obtaining
a balanced representation of the Sound and Punctured classes in terms of
number of extracted spectra.

Based on these considerations, a higher number of spectra were
extracted from each P-E fruit compared to S-C fruits. More in detail, for
each S—C fruit about 260 spectra were randomly selected from the cor-
responding hyperspectral images, while for each P-E fruit about 460
spectra were randomly selected from the corresponding ROIs in the
images.

When only one image was available per fruit, 260 and 460 spectra
were selected for S-C and P-E images, respectively. Conversely, for fruits
with multiple images (e.g., those belonging to Group 1), the number of
spectra to extract from each image was determined by dividing the total
number of spectra per fruit by the number of images of that fruit.

It has to be considered that, in some cases, the size of the ROIs an-
notated on P-E fruits was smaller than 460 spectra; in such cases, all the
spectra belonging to the annotated ROI were selected.

More detailed information about the subdivision of fruits, images
and spectra in TR and TS for each cultivar can be found in Table 2.

Fig. 1 reports the average spectrum of the selected pixel spectra
related to the Punctured and Sound classes belonging to the TR for both
cultivars.
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Table 2
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S-C and P-E images, along with the corresponding number fruits and the number of selected spectra considered for the creation of the TR and TS set, subdivided by
harvest year and cultivar. TR and TS image subdivision was performed at the fruit-level, and the fruit count was based on control fruits with at least one S-C image and
exposed fruits with at least one annotated P-E image. It should be noted that a single control fruit did not necessarily generate four S-C sections and a single exposed

fruit did not necessarily generate four P-E sections, as specified in Section 2.2.

S-C P-E annotated
# images # fruits # spectra # images # fruits # spectra
Abate Fetel TR 2022 246 28 6218 82 20 6274
2023 166 9 1954 47 5 1576
Total 412 37 8172 129 25 7850
TS 2022 153 17 5314 58 14 6000
2023 84 7 2200 23 3 1158
Total 237 24 7514 81 17 7158
Williams TR 2022 112 10 2990 22 5 2542
2023 228 17 5117 159 9 5571
Total 340 27 8107 181 14 8113
TS 2022 130 25 5348 10 4 2263
2023 112 12 2600 81 9 5114
Total 240 37 7948 91 13 7377

0.7 T T T T T T T T T

Abate - Control
= Abate - Punctured

Williams - Control
== === Williams - Punctured

Reflectance

. . . | .
1200 1250 1300 1350 1400 1450 1500 1550 1600 1650
Wavelength (nm)

L L

0.1

Fig. 1. Average raw spectra representative for the Punctured and Sound classes
belonging to the TR sets related to cv Abate Fétel and cv. Williams.

2.3.3. Model calculation and validation

The datasets of representative spectra of Sound and Punctured classes
were used to develop pixel-level classification models using Soft PLS-DA
algorithm. Coherently with the annotation procedure described in Sec-
tion 2.3.1, separate classification models were developed for cv. Abate
Fetel and cv. Williams, as they show considerably different physical
characteristics.

The choice of Soft PLS-DA algorithm for classification was motivated
by the intrinsic nature of the problem. The previous study related to
ROIs annotation of punctured areas evidenced the existence of only
subtle spectral differences between sound and damaged tissues. Conse-
quently, the within-class variability of Sound and Punctured categories is
much higher than the variability between the classes themselves, lead-
ing to a strong overlap in the feature space. In such scenarios, class
modelling techniques often provide limited performances as they focus
on modelling class variability rather than maximizing class separation
[48]. Nevertheless, class modelling methods offer the important
advantage of being able to identify outliers or foreign objects belonging
to classes not included in the calibration. Conversely, traditional
discriminant approaches such as PLS-DA are specifically designed to
maximise the separation between classes, resulting more successful in
the presence of overlapping classes. However, these methods are not
effective in identifying anomalous objects not belonging to any of the
modelled classes.

Soft PLS-DA is a soft discriminant algorithm that combines the ad-
vantages of discriminant analysis and class modelling approaches. Its

configuration allows for increased flexibility and robustness in practical
applications: indeed, by applying additional constraints for class
assignment, it effectively identifies possible outliers. In this manner, Soft
PLS-DA overcomes the limitations of PLS-DA in handling new objects
not belonging to the considered classes, maximizing at the same time the
discrimination between the classes of interest [42,49,50]. For these
reasons, the soft discriminant approach represents a better fit compared
to conventional discriminant analysis or class modelling strategies to
face the problem at hand.

In Soft PLS-DA, model computation is analogous to conventional
PLS-DA. First, a PLS2 model is built using the spectral matrix as pre-
dictor matrix (X) and a dummy response matrix (Y) encoding for class
membership. More in detail, the Y matrix contains as many rows as the
number of objects and as many columns as the number of classes. Class
membership of each object is represented with binary coding, where a
value of 1 indicates class membership while 0 indicates non-
membership. Then, class assignment is performed considering a
threshold value for each class based on the predicted y values and
determined according to Bayes theorem.

In Soft PLS-DA, a new sample is assigned to a defined class according
to the following criteria:

- Q residuals values falling within the 99.9% confidence limit of the
model. This limit was set wide enough to consider as much as
possible within classes variability, but allowing at the same time to
exclude samples with a very poor fit to the model;

- y predicted values falling within an acceptability range for the

considered class. The lower limit of this range is defined by the PLS-

DA threshold value for the considered class, while the upper limit

allows the rejection of objects located at the extremes of the Gaussian

probability density function;

the samples must be unambiguously assigned to one class only: this

aspect is rather useful for multiclass classification issues since it

solves ambiguities in class attribution.

The samples that do not match all the criteria defined by the Soft
PLS-DA decision rules are not assigned to any class and automatically
labelled as Not Assigned (NA). The reader is referred to Ref. [42] for a
detailed description of Soft PLS-DA algorithm.

The classification models were built considering the whole spectral
range and, secondly, taking into account the most relevant wavelengths
for classification selected by sparse-based variable selection with sparse
Soft PLS-DA (s-Soft PLS-DA).

s-Soft PLS-DA couples Soft PLS-DA algorithm described above with
Least Absolute Shrinkage and Selection Operator (LASSO) penalisation,
which constrains the sum of the absolute values of the regression vector
to be lower than a tuning parameter. In this manner, s-Soft PLS-DA
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algorithm simultaneously performs model calculation and variable se-
lection by shrinking to zero the coefficients of irrelevant variables
[51-55]. Therefore, the resulting sparse model relies exclusively on the
variables with non-zero coefficients, while variables whose coefficients
are equal to zero are effectively excluded from the classification model.
This property improves model interpretability and allows the identifi-
cation of the most informative spectral variables.

To obtain a good sparse solution, i.e., many regression coefficients
shrunk to zero, it is necessary to choose the proper number of latent
variables (LVs) and the level of sparsity, i.e., the number of spectral
variables to be selected. To this aim, grid search was performed testing
all the possible combinations between a number of LVs ranging from 1 to
10 and a number of spectral variables selected for each LV ranging from
5 to 100, with a step equal to 5.

Both Soft PLS-DA and s-Soft PLS-DA classification models were
calculated considering the same preprocessing methods leading to the
best results in the annotation procedure (Section 2.3.1), i.e., Multipli-
cative Scatter Correction, MSC (median spectrum as reference) and
mean center for cv. Abate Fétel, and linear-detrend and mean center for
cv. Williams.

The classification models were optimized using a custom cross-
validation scheme, obtained by splitting the TR spectra based on pear
sample into six deletion groups. For both cultivars, the optimal Soft PLS-
DA and s-Soft PLS-DA models were selected as those leading to the
highest Non-Error Rate (NER) values. Afterwards, the classification
performances were assessed though external validation using the TS set
of spectra.

The classification performances of the models were evaluated in
calibration (CAL), cross-validation (CV) and prediction (PRED) of the
external TS set by calculating the statistical parameters sensitivity
(SENS), specificity (SPEC), efficiency (EFF), and Non-Error Rate (NER)
[56].

2.4. From pixel-level classification models to image-level predictions

For each cultivar, the best performing Soft PLS-DA and s-Soft PLS-DA
models were applied to the unfolded hyperspectral images, obtaining for
each image a vector with as many elements as the pixels retained after
background removal, and whose values correspond to the predicted
class labels of each spectrum. These vectors of predicted class labels
were then refolded to the original spatial dimensions of the corre-
sponding hyperspectral images to generate the prediction images, i.e.,
grey-scale images where each pixel is assigned to Sound or Punctured
class, or not assigned to any class (NA), according to the classification
outcome of its corresponding spectrum. This allows to visualize the
spatial distribution of the predicted classes over the fruit surface and
have a qualitative assessment of model performances.

To simulate the application of the proposed approach to a fruit
sorting line, it is necessary to move from the pixel-level prediction im-
ages to an image-level classification by classifying each image fruit as
Sound or Punctured.

For the sake of clarity, from here onwards we will use the term object
to refer to any cluster of connected pixels in a prediction image whose
spectra are classified as belonging to the Punctured class by the selected
Soft PLS-DA or s-Soft PLS-DA model.

For image-level classification, the prediction images were further
elaborated by implementing an additional classification rule based on
the size of the objects predicted as punctured areas. More in detail, each
prediction image was converted into a binary mask with values equal to
1 for the pixels assigned to the Punctured class and values equal to O for
all the other pixels (i.e., background pixels, pixels assigned to Sound
class or not assigned pixels). To refine the irregular and jagged edges of
punctured areas, morphological erosion was applied to each binary
mask using a disk-shaped structuring element with radius equal to 2
pixels. Then, the bwconncomp function from the MATLAB Image Pro-
cessing Toolbox was used to identify connected components in the
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binary masks, using an 8-pixels connectivity criterion. Based on this
criterion, pixels were considered as belonging to the same connected
component if they were connected along the horizontal, vertical or di-
agonal direction. The same function was also used to determine the
number of objects in each image and the number of pixels included in
each object.

The threshold value of 105 contiguous pixels was set as the minimum
object size for punctures, as it corresponded to the minimum number of
pixels of annotated ROIs of punctured areas in the TR images for both
cultivars. To further verify this setting, several threshold values ranging
from 90 to 200 contiguous pixels were tested by comparing the size of
objects wrongly predicted as punctures with those correctly assigned to
punctured regions. Table S4 in the Supplementary Material reports the
image-level classification results for five tested threshold values applied
to TR prediction images, expressed in terms of SENS, SPEC and EFF for
the Punctured class for both cultivars. The threshold value of 105
contiguous pixels generally provided the best compromise in classifi-
cation performance regardless of model type or pear cultivar, thus
supporting the choice of this threshold value as the minimum object size
for punctures.

Consequently, objects predicted as Punctured smaller than the
established threshold were removed from the prediction images.

Based on this rule, images containing at least one object with more
than 105 pixels predicted as Punctured were automatically categorized
as “Punctured images”, while images with no punctured objects or
punctured objects smaller than 105 pixels were assigned to the “Sound
images” category.

The image-level classification performances were quantitatively
assessed considering the percentages of S-C images predicted as Sound
and P-E annotated images predicted as Punctured.

Moreover, the same classification rule was applied to the prediction
images of all the other fruit images to evaluate the behaviour of the
models towards unknown damage, i.e., damage not caused by BMSB.
The resulting prediction images were used to visualize the prediction
performances directly on the original image domain in order to perform
a global evaluation of the classification performances.

2.5. Software

Background removal and spectra extraction were performed on each
image in an automated manner using routines written in MATLAB
environment (R2020a, The MathWorks, USA), based on the Image
Processing Toolbox (v. 11.1) and the PLS_Toolbox (v. 8.8.1, Eigenvector
Research Inc., USA).

Soft PLS-DA models were calculated using the MATLAB function
freely downloadable from https://www.chimslab.unimore.it/download
s/. s-Soft PLS-DA models and the final image-level classification step
were implemented using ad hoc routines written in MATLAB
environment.

3. Results and discussion
3.1. Classification at pixel-level

Table 3 reports the results obtained in CAL, CV and PRED of the
external TS of representative spectra for the Soft PLS-DA and s-Soft PLS-
DA models. For each model, the classification performances were eval-
uated considering SENS, SPEC, EFF, NA and NER expressed as per-
centage values for both Punctured and Sound classes.

Overall promising classification results were obtained in CV and
PRED of the external TS set considering both cultivars. Starting from cv.
Abate Fétel, the best performances in terms of NER were obtained
retaining 6 LVs, both considering the entire spectrum or only the
wavebands most relevant for discrimination purposes selected by sparse
based methods. In the case of cv. Williams, the best performances were
obtained by choosing 3 LVs for the calculation of Soft PLS-DA and 5 LVs
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Table 3

Pixel-level classification results obtained by applying Soft PLS-DA and s-Soft PLS-DA in calibration (CAL),

cross-validation (CV) and prediction (PRED) of the TS set. The results, expressed in terms of percentages of

SENS, SPEC, EFF, and NA, are reported for both Punctured and Sound classes while NER provides a global

evaluation of the classification performances.

Abate Fétel Williams
MSC (median)+ mc Linear-detrend + mc
CAL | Ccv | PRED CAL CvV | PRED
LVs 6 3
Spectral variables 100 100
Punctured 91.9 90.4 93.3 93.8 92.1 91.8
SENS (%)
Sound 94.2 93.8 88.0 95.2 95.6 97.2
SPEC Punctured 96.8 96.5 90.8 95.7 96.1 97.4
Soft (%)
PLSDA Sound 94.5 93.7 95.6 94.1 92.9 91.8
Punctured 94.3 93.4 92.0 94.7 94.1 94.5
EFF (%)
Sound 94.4 93.7 91.7 94.6 94.2 94.5
Punctured 2.7 32 2.1 0.3 0.8 0.1
NA (%)
Sound 2.6 2.7 2.6 0.5 0.5 0.2
NER 93.0 92.1 90.7 94.5 93.8 94.5
LVs 6 5
Spectral variables 51 54
Punctured 90.5 89.1 91.8 93.0 92.8 93.0
SENS (%)
Sound 95.8 95.4 91.2 94.6 95.7 89.3
SPEC Punctured 96.3 96.1 91.9 95.4 97.1 91.6
s-Soft (%)
PLSDA Sound 924 91.6 93.4 94.3 95.2 94.2
Punctured 93.4 92.6 91.9 94.2 94.9 92.3
EFF (%)
Sound 94.1 93.5 92.3 94.5 95.5 91.7
Punctured 1.9 2.5 1.3 1.3 24 1.1
NA (%)
Sound 0.5 0.7 0.8 0.8 1.4 2.3
NER (%) 93.1 92.3 91.5 93.8 94.3 91.2

for the calculation of the sparse model.

Despite the objective of the work is to correctly detect Punctured
areas, the least possible amount of Sound areas must be misclassified to
avoid waste and economical losses. In this context, NER could be a
suitable indicator to assess the overall ability of the model to correctly
assign both Punctured and Sound spectra to the class they belong to. In
prediction of the external TS set (PRED), the models achieving the best
results for both cultivars led to NER values greater than 90.7% at the
pixel-level, which is promising due to the complexity of the problem at
hand.

The number of spectra rejected as NA is mostly higher for cv. Abate
Fétel, in particular for the Soft PLS-DA model. Indeed, for cv. Abate
Fétel, the percentage of spectra predicted as NA decreases for the s-Soft
PLS-DA model for both classes investigated. Generally, s-Soft PLS-DA
leads to slightly better results in PRED, reaching a NER of 91.5% at
pixel-level. Conversely, considering cv. Williams, an increase of the
percentage of spectra predicted as NA is shown for the s-Soft PLS-DA
model. Although s-Soft PLS-DA exhibited a minor reduction in PRED
performance, especially for the Sound class, it still represents a valid

solution, achieving a NER of 91.2% while considering only half of the
original spectral variables.

Generally, it has to be highlighted that s-Soft PLS-DA models led to
classification results comparable to those of Soft PLS-DA, but proposing
a more parsimonious solution in terms of considered spectral variables.
Indeed, as reported in Table 3, s-Soft PLS-DA allowed to reduce the
original 100 spectral variables by selecting only 51 and 54 variables for
cv. Abate Fétel and cv. Williams, respectively.

Fig. 2 reports the regression vectors for the Punctured class of the
models calculated considering the whole spectrum (dotted line) or the
sparse solution (solid line), enabling a possible interpretation of the
spectral regions that differentiate Punctured from Sound areas of the
fruits. Notably, the spectral variables selected by the two s-Soft PLS-DA
models, derived from the spectra of the two pear cultivars, are largely
consistent. The spectral regions selected by both sparse models are
highlighted in green colour in Fig. 2, and only these spectral regions
contributed to the calculation of the s-Soft PLS-DA models.

The main spectral regions with high absolute values for both vari-
eties fall into the 1150—1180 nm (C—=0, C-H second overtone), in the
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Fig. 2. Regression vectors for cv. Abate Fétel and cv. Williams: the dotted lines
refer to the Soft PLS-DA regression vectors while the solid lines refer to the
regression vectors obtained with sparse based variable selection. The areas
highlighted in green refer to common spectral regions selected for both culti-
vars. (For interpretation of the references to colour in this figure legend, the
reader is referred to the Web version of this article.)

1260—-1310 nm (C-H second overtone), in the 1330—1370 nm (C-Hs
combination band), in the 1390-1420 nm (C-H; combination band,
aromatic C-H combination band and O-H stretch first overtone), and in
the 1430—1490 nm (O-H first overtone, C=O stretch third overtone and
N-H stretch first overtone) spectral regions. Moreover, the region
selected only for cv. Abate Fétel falling in the interval at 1510-1570 nm
may be related to starch content, which is gradually broken down into
soluble sugars during fruit ripening. Conversely, for cv. Williams there
are not actual additional spectral regions considered, just isolated
wavebands that slightly expand the intervals already selected [57-59].

The spectral regions falling in the intervals at 1330-1370 nm and at
1430-1490 nm could be associated with a higher absorption of bonded
water, carbohydrates and fibres which characterize the Sound areas of
the fruits. Conversely, the spectral bands falling in the intervals at
1150—-1180 nm, 1260—1310 nm and 1390-1420 nm may refer to a
higher absorption of free water, sugars and phenolic compounds in
Punctured areas. Interestingly, the spectral regions selected seem
coherent with the most informative spectral regions identified in the
previous study related to the annotation of BMSB punctures (see
Ref. [39] Supplementary Material).

The suggested chemical interpretation of the selected spectral re-
gions provided above is supported by several studies that reported
changes in the sugars and polyphenols in fruits punctured by BMSB as a
metabolic response [60-63]. Interestingly, Zamljen and colleagues [63]
reported that the metabolic response of apples fruits (Malus spp.) to-
wards BMSB punctures involves an increase in sugars and polyphenols
(i.e., hydroxycinnamic acids, flavanols) content only in the damaged
areas. To our knowledge, similar studies have not been performed on
pears. However, both apple (Malus spp.) and pear (Pyrus spp.) fruits may
exhibit a similar metabolic behaviour since they belong to the Maloideae
sub-family [64,65].

3.2. Classification at image-level

As mentioned in Section 2.4, the prediction images obtained by
applying the classification models to the hyperspectral images were
further elaborated to obtain an image-level prediction. In particular,
only those prediction images containing at least one Punctured object
larger than 105 pixels were classified as Punctured images, while the
other images were considered as Sound images. This object-based clas-
sification rule was necessary to translate the prediction images into an
image-level decision. Indeed, the prediction maps showed that, in
addition to the actual punctured regions, also some isolated pixels of
sound tissue in P-E images and of sound fruits in S-C images were oc-
casionally assigned to the Punctured class. This outcome is very common
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when applying classification models to whole hyperspectral images, due
to increased variability sources that cannot be fully represented during
model calculation, such as shape irregularities, lighting effects or peel
russeting, among others. These isolated misclassified pixels can be
regarded as an intrinsic error of the classification models, while actual
punctures appeared as spatially connected clusters of pixels predicted as
Punctured. The threshold of 105 pixels to identify objects predicted as
punctures was thus necessary to limit as much as possible the false
positives, i.e., images of sound fruits wrongly classified as Punctured
fruits. Of course, the selected threshold represents a compromise be-
tween minimising false positive detections caused by isolated mis-
classified pixels and maintaining a good ability of detecting small
punctured regions.

The threshold of 105 connected pixels was established based on the
smallest annotated ROI corresponding to punctured tissue in TR images
(see Section 2.4). Since this value was identified across images acquired
at all time points, the selected threshold inherently accounts for po-
tential variations in injury size associated with the progression of
damage over time. However, it should be noted that the increase in
puncture size during storage was relatively limited when compared with
the overall variability in damage size observed among fruits.

To provide a practical interpretation of the prosed threshold value, it
is possible to relate the minimum cluster size of 105 connected pixels to
its corresponding physical area, as this value represents the smallest
punctured region that can be reliably identified using the proposed
approach. Given the spatial resolution of the hyperspectral system of
0.2 mm, a region of 105 connected pixels corresponds to an area of
approximately 4.2 mm? (=105 x 0.2 mm x 0.2 mm), which is equiva-
lent to a circular lesion with a diameter of about 2.3 mm.

The visual observation of damage size performed after peeling the
fruits was consistent with the findings in Ref. [66], where an average
internal injury area of 15 + 6 mm? was reported for apples exposed to
BMSB for 48 h in July and evaluated in August. Therefore, the smallest
punctured region that can be reliably identified using the proposed
approach is sufficient to detect the injured spots caused by BMSB
punctures, including lesions smaller than the average damage size re-
ported in the literature, still visible to the naked eye.

The threshold value was defined by jointly considering both cultivars
and both classification approaches; however, in specific applications it
could be further optimized according to cultivar, classification model
and characteristics of the spectral acquisition system. However, these
aspects are out of the aim of current study.

Table 4 reports the results obtained by applying Soft PLS-DA and s-
Soft PLS-DA models to the TR (CAL) and TS (PRED) hyperspectral im-
ages, which belong to S-C and annotated P-E categories. The results are
expressed as percentages of images predicted as Punctured or predicted
as Sound, concerning both P-E annotated and S-C images individually.

Comparing the results obtained from the two cultivars, better global
performances were obtained for the cv. Williams compared to cv. Abate
Fétel.

In general, the ability of the models in correctly identifying the P-E
images as Punctured are generally higher than the ability in recognizing
the S—C images as Sound. This is aspect is particularly critical for the cv.
Abate Fétel classification model considering the whole spectrum, that
allowed to recognize as Sound 89.8% and 63.3% of the S-C images
belonging to the TR set and external TS set, respectively. An improve-
ment was achieved considering only the spectral regions selected by
sparse based methods (s-Soft PLS-DA), enabling the correct assignment
of 90.8% and 74.3% of the S-C images belonging to the TR set and
external TS set, respectively. This behaviour may be attributed to the
higher degree of peel russeting and the more irregular fruit shape of cv.
Abate Fétel compared with cv. Williams, which likely increased the
spectral variability of sound tissues and, consequently, the probability of
misclassification. In contrast, the models’ ability in recognizing
correctly the P-E annotated images as Punctured images is definitely
satisfactory, achieving 81.5% and 82.7% in prediction of the external TS
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Table 4
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Image-level classification results of Soft PLS-DA and s-Soft PLS-DA models. For each cultivar, the pre-
diction results for the P-E annotated and the S-C images, subdivided in TR and TS images, are reported.
SENS values, i.e., P-E annotated images correctly predicted as Punctured images, are coloured in red
while SPEC values, i.e., S-C images correctly rejected by the Punctured class, are coloured in green.

Abate Fétel Williams
# Predicted as Predicted as # Predicted as Predicted as
images| Punctured (%) | Sound (%) _|images| Punctured (%) | Sound (%)
P-E TR | 129 87.6 12.4 182 97.3 2.7
Annotated
Soft TS 81 81.5 18.5 91 94.5 55
PLSDA TR | 412 102 89.8 340 103 89.7
S-C
TS | 237 36.7 63.3 240 5.4 94.6
P-E TR | 129 86.8 13.2 182 97.3 2.7
Annotated
s-Soft TS 81 82.7 17.3 91 96.7 3.3
PLSDA TR | 412 9.2 90.8 340 15.6 84.4
S-C
TS | 237 254 74.3 240 13.3 86.7

set images considering the whole spectrum and sparse variable selec-
tion, respectively.

On the other hand, the classification results for cv. Williams were far
more promising. Considering the whole spectrum, the ability of cv.
Williams Soft PLS-DA model outperformed the cv. Abate Fétel one,
leading to the correct assignment of 94.5% of the P-E annotated images
and 94.6% of the S-C images belonging to the external TS set.
Throughout sparse based variable selection, the classification results
were slightly worse, leading to the correct assignment of 96.7% of the P-
E annotated images and of 86.7% of the S-C images belonging to the
external TS set.
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In Figs. 3 and 4 some representative prediction images for both
cultivars are reported along with the corresponding RGB images of
peeled and unpeeled fruits used as reference. For cv. Abate Fétel, the
prediction images of S-C and P-E images belonging to the TS are shown
in Fig. 3A-C.

As a result of the image level decision rule, the S-C image in Fig. 3 B
is wrongly assigned to the Punctured class by Soft PLS-DA, by predicting
a rusty superficial spot on the fruit peel as puncture. Conversely, s-Soft
PLS-DA is able to correctly predict the S-C image as Sound, and also
reduce the number of NA pixels. Both S-C and P-E images shown in
Fig. 3 A and 3C are correctly predicted by the models. Nonetheless, the

Fig. 3. cv. Abate Fétel prediction images obtained by applying Soft PLS-DA and s-Soft PLS-DA models together with the corresponding RGB images of the samples.
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Fig. 4. cv. Williams prediction images obtained by applying Soft PLS-DA and s-Soft PLS-DA models together with the corresponding RGB images of the samples.

prediction image obtained applying Soft PLS-DA on the P-E image shows
some additional areas wrongly predicted as Punctured, whose extension
is reduced when considering s-Soft PLS-DA results.

Fig. 3 D shows the prediction images of a P-E image whose punctured
areas were not previously annotated by the methodology followed in
Ref. [39]. In this case, despite being quite small, the area ascribable to
the puncture was correctly seen by both Soft PLS-DA and s-Soft PLS-DA.
In Fig. 3 E an image of a Damaged-Control (D-C) fruit section is shown as
an example of how the models may behave towards other types of
damage. In this case, the pear is affected by pear scab (i.e., other type of
damage, not ascribable to the BMSB): Soft PLS-DA effectively predicts
several areas of the fruit as NA, while the sparse solution assigns them as
Punctured areas. Despite handling this situation in a different manner,
both models seem to partially identify areas of the fruit that are not
compliant to the Sound class.

The same evaluation can be done for cv. Williams prediction images
shown in Fig. 4. In this case, S-C and P-E images in Fig. 4A and B belong
to the TS set: both images were correctly predicted as Sound and Punc-
tured images by Soft PLS-DA and s-Soft PLS-DA, with no significant dif-
ferences. As for cv. Abate Fétel, the prediction images of a P-E image
whose punctured areas were not previously annotated is shown in
Fig. 4C. Throughout the comparison with RGB reference images, both
Soft PLS-DA and s-Soft PLS-DA models enabled the identification of
punctured area.

Nonetheless, suberification and necrosis of the fruit pulp are a
common response of plants and corresponding fruits to stress, that may
be due to different causes. For cv. Williams, an additional evaluation of
models' robustness was done towards D-C images showing suberification
damage (Fig. 4 D). Regardless of the agents that caused them to emerge,
suberified tissues have the same chemical composition therefore
compromising fruits’ quality. As for the annotation methodology in
Ref. [39], the calculated classification models are capable to detect
damage sharing the same chemical composition as Punctured areas,
although not directly being caused by BMSB.

Another interesting scenario is shown in Fig. 4 E, in which a fruit
exposed to BMSB exhibits both BMSB-induced suberification and a
moulded area. The corresponding prediction images calculated applying
Soft PLS-DA and s-Soft PLS-DA partially detect the suberified areas,

10

correctly predicting the image as Punctured. Coherently with Fig. 3 E,
part of the moulded area is predicted as NA by both models, suggesting
that different damage not previously considered for model training may
be present.

The ability of the classification models towards the identification of
punctures during post-harvest storage is consistent, despite the major
impact of the different fruits’ rotation during the subsequent image
acquisition times [39].

Figs. 5 and 6 display the predictions for each P-E and S-C section
over time for cv. Abate Fétel and cv. Williams, respectively. The pre-
dictions are presented in a heatmap-style layout, where each column
represents a specific fruit section and the rows correspond to the
different acquisition times. Accordingly, each cell represents the image-
level classification of a single hyperspectral image: red cells indicate
images classified as Punctured, green cells correspond to images classi-
fied as Sound, and grey cells indicate that no image was acquired for that
section at the corresponding acquisition time.

Overall, punctures seem detectable from the harvest day (T1),
becoming slightly more defined around the edges over time. Concerning
both cultivars, the P-E sections predicted as Punctured at least once by
Soft PLS-DA and s-Soft PLS-DA are basically the same. On the other
hand, the number of times that P-E sections are predicted as Punctured is
slightly different depending on the model, since s-Soft PLS-DA improves
the predictions for the Punctured class.

The same conclusion cannot be drawn for the S-C images. Con-
cerning cv. Abate Fétel, s-Soft PLS-DA model seem to misclassify more
often S-C sections acquired at T1 (day of harvest): interestingly, the
same behaviour is shown for the prediction of S-E sections (Fig. S1 of
Supplementary Material). Conversely, this trend is not shown for Soft
PLS-DA, where the wrong assignations are repeated for the same S-C
sections over time, probably due to superficial spots on the fruit peel (e.
g., section C of sample NO2 harvested in 2022, also reported in Fig. 3 B).
This behaviour may be partially explained by the relevance of the
spectral region at 1510-1570 nm for cv. Abate Fétel s-Soft PLS-DA
model. Interestingly, this spectral region seems related to starch con-
tent [57], compound that gradually decrease during fruit ripening since
being converted in soluble sugars (see Fig. 2).

For cv. Williams, while the predictions for S-C sections obtained with



V. Ferrari et al.

P-E sections

Chemometrics and Intelligent Laboratory Systems 277 (2026) 105817

cv. Abate Fetel

Predicted as |:| Sound . Punctured

Soft PLS-DA

Time

Section

Sample Name PO4

Year

s-Soft PLS-DA

T8 !
7

T6

T5 |
T4
T3
T2
T

Time

Section AlB ‘ D

>

AlB|C|D

AECA‘E‘CD

Sample Name | PO1

P17

P20 P03

Year 2022

S-C sections

PLS-DA

T8 ]

Soft

e

1

T

Time

—
sl

’ Jﬂ:Tm%

B|D/A

ABCDiABCDA AlB A B|C|D|C

D

1
A‘C‘D A‘B‘CDABCD B‘ClA‘B‘C‘D

>

DJ/A/B|C|D/A

Sample Name| Not N02_ | NO3 NO4, NO5 NOG NO7 NO8 | NO9

[ n10

N37 No1_ | No2 [ No3 | No4 NO5 | No6 N11 | N16

Year 022

2023

s-Soft PLS-DA

Time

11 | lé'”bIEt

Section|A|c|D!A|B|Cc|D]A[B|C|D]A|B|C ECDABCDABCDABDA‘BCDC

D

A‘C‘D DABCDA|BA B‘CDAECDA‘DA‘B e‘c A‘B‘C‘D A[BCD

>

B|C

Sample Name| No1 | no2 [ N0z [ No4 NO5 N6 | No7_ | No8 | Nog

[ N10

N37 NO1 N02_ | N03 [ No4 No5s | No6_ | No9 [ N10 | N11 N16 N17

Year 2022

2023

Fig. 5. cv. Abate Fétel: image-level predictions for P-E and S-C sections over time, considering Soft PLS-DA and s-Soft PLS-DA models.

Soft PLS-DA do not show significant differences between vintages, s-Soft
PLS-DA tends to misclassify more often S-C sections of fruits harvested
in 2022. A similar behaviour is shown in predictions for the S-E sections
(Fig. S2 of Supplementary Material), where the sections predicted as
Punctured at least one time are more or less the same for fruits harvested
in 2023 while the frequency of misclassifications is higher for fruits
harvested in 2022.

Table 5 reports the global classification performances at image level
towards modelled classes (i.e., P-E and S-C images) and unknown
classes (i.e., D-C, D-E, S-E images), in terms of percentages of images
seen as Punctured or seen as Sound by the models.

The D-C and D-E images showing mild damage (Type 1) of both
cultivars are generally seen as Sound by the models, and this can be
explained considering the low severity of the damage. On the other
hand, for the D-C images showing severe damage not due to BMSB (Type
3) the percentages of images seen as Punctured by the models tend to
increase. In this case, this category comprehends all the severe damage
determined by abiotic or biotic agents such as moulds, scab but also
suberifications or pulp necrosis not due to BMSB. As a matter of fact, the
percentages of D-C (Type 3) images seen as Punctured exceed the 60% for
cv. Williams, for which the occurrence of suberified areas on fruits is a
common plant response to adversities (Fig. 4 D).

11

The D-E images showing severe damage not ascribable to BMSB
(Type 3) are generally affected by moulds, scab or chilling injuries.
These injuries are mainly seen as Sound by the models, which may be
due to the different chemical composition from suberified areas. A
particular case is depicted in Fig. 4 E, in which a D-E image is showing a
punctured and a moulded area: the two images falling into this scenario
are seen as Punctured. Analogous considerations can be made comparing
the predictions for P-E sections and other damaged sections (i.e., D-C, D-
E) reported in Figs S3 and S4 of Supplementary Material.

Concerning the ability of the models to correctly identify Sound
pears, the percentages of images labelled as S-C and S-E predicted as
Sound can be compared. The worst results were obtained for cv. Williams
when using s-Soft PLS-DA, where the percentage of S-E images predicted
as Sound was up 21% less than S-C images. The lower classification
performances seem emphasized for S-E images of fruits harvested in
2022 (see Table S6 of Supplementary Material). Interestingly, the worst
outcomes coincide with cv. Williams fruits harvested in 2022, which
were deeply affected by extreme high temperatures registered at the
beginning of August 2022. The adverse climatic conditions may had a
negative impact, not only for BMSB specimens’ vitality in the field and
the amount of P-E images collected [39], but on the overall quality of the
harvested fruits.
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Fig. 6. cv. Williams: image-level predictions for P-E and S-C sections over time, considering Soft PLS-DA and s-Soft PLS-DA models.

Conversely, the results for cv. Abate Fétel are more promising:
indeed, the percentage of images predicted as Sound of S-C and S-E are
comparable for both Soft PLS-DA and s-Soft PLS-DA.

4. Conclusions

The present study builds upon our previous work [39] to present a
complete workflow for detecting BMSB-induced punctures in pears
using NIR-HSI, from the annotation of punctured regions to the devel-
opment of classification models, providing relevant insights for the
future development of post-harvest sorting systems.

Importantly, the fruit samples were exposed to BMSB under real field
conditions over two harvest years, capturing the natural variability of
damage and leading to the acquisition and elaboration of a large number
of hyperspectral images.

More in detail, this study aimed at developing robust and flexible
classification models able to identify damage due to BMSB punctures on
pears. As previously discussed [39], the identification of regions as-
cribable to BMSB punctures is a challenging task due to the complexity
of the dataset and the slight chemical differences between sound and
damaged areas. However, a preliminary step allowed the annotation of a
consistent number of regions ascribable to punctures, thus supporting
the feasibility of a more detailed pixel-level classification.

To enable classification, representative spectra of sound and punc-
tured areas were randomly sampled from sound sections of control fruits
(S—C) and images of punctured sections of fruits exposed to BMSB (P-E),
respectively. The classification models were calculated considering Soft

PLS-DA algorithm, which provides a flexible and robust solution in
sorting systems since it is able to handle unmodelled classes. In addition,
Soft PLS-DA was combined with sparse based variable selection (s-Soft
PLS-DA) to identify the most important spectral variables for classifi-
cation. Both Soft PLS-DA and s-Soft PLS-DA showed promising results at
pixel-level, achieving prediction efficiencies of at least 91.9% for cv.
Abate Fétel and 92.3% for cv. Williams for the Punctured class.

Furthermore, an additional threshold on the size of objects predicted
as Punctures was set enabling image-level classification. Image-level
classification is more suitable for online sorting systems, since it al-
lows the automated assignment of the samples as a whole to a certain
class. For cv. Williams, comparable classification performances were
achieved at both pixel and image levels, with classification efficiencies
in prediction of at least 92.3% and 91.6%, respectively. Conversely,
image-level performance for cv. Abate Fétel was lower — but still satis-
factory — leading to 71.8% and 78.4% classification efficiencies in pre-
diction for Soft PLS-DA and s-Soft PLS-DA, respectively.

These results likely reflect the heterogeneity of defects, subtle
chemical differences between punctures and sound areas, and inherent
variability within the images and between the fruits.

Beyond the objectives of the HALY.ID EU project for which the
investigation was followed, training the models to detect other defects
found on the studied fruits could improve the classification efficiency in
post-harvest sorting systems.

Nevertheless, encouraging outcomes were obtained when consid-
ering only the relevant wavebands for classification selected by s-Soft
PLS-DA. Importantly, most spectral regions relevant for discrimination
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Table 5

Chemometrics and Intelligent Laboratory Systems 277 (2026) 105817

Global evaluation of image-level predictions of Soft PLS-DA and s-Soft PLS-DA models for both cv.

Abate Fétel and cv. Williams.

Soft PLSDA s-Soft PLSDA
# Predicted as | Predicted as | Predicted as | Predicted as
images | Punctured (%)| Sound (%) _|Punctured (%)| Sound (%)
D-C (Type 1)| 122 14.8% 85.2% 20.5% 79.5%
D-C (Type 3)| 12 41.7% 58.3% 50.0% 50.0%
D-E (Type 1)| 247 37.7% 62.3% 34.4% 65.6%
AFZ?: D-E (Type 3)| 63 41.3% 58.7% 39.7% 60.3%
P-E 322 67.4% 32.6% 68.6% 31.4%
S-C 653 19.9% 80.1% 15.6% 84.4%
S-E 260 13.5% 86.5% 10.4% 89.6%
D-C (Type 1)| 207 18.8% 81.2% 28.5% 71.5%
D-C (Type 3)| 152 61.8% 38.2% 68.4% 31.6%
D-E (Type 1)| 263 27.8% 72.2% 39.5% 60.5%
Williams|D-E (Type 3)| 74 43.2% 56.8% 23.0% 77.0%
P-E 352 78.7% 21.3% 84.1% 15.9%
S-C 582 8.2% 91.8% 14.6% 85.4%
S-E 331 25.1% 74.9% 35.6% 64.4%

were consistent across both cultivars and appear to be associated with
slight compositional differences involving sugars and polyphenols con-
tents, in agreement with literature [59-62].

The selection by s-Soft PLS-DA of a limited number of spectral re-
gions is particularly relevant since it provides a basis for the possible
implementation of multispectral imaging (MSI) systems, which are more
suitable for industrial sorting applications due to lower costs, increased
acquisition speed, higher robustness of the optical components, and
reduced data complexity.

A preliminary assessment of the feasibility of a MSI system could be
carried out using the collected hyperspectral data to simulate a multi-
spectral imaging system embedding only band-pass filters falling in the
selected spectral regions [40].

However, the actual implementation of MSI systems for industrial
sorting applications requires further investigation and validation under
realistic operating conditions. In particular, future studies should eval-
uate the effects of conveyor-belt speed, image acquisition settings,
illumination variability, and computational demand for data elabora-
tion, in order to find the optimal operational conditions compatible with
fruit sorting systems.

A critical aspect in the proposed application consists in the fact that
damaged spots are spatially located in a specific fruit area, with the need
of acquiring multiple portions of the same fruit to cover its whole sur-
face. This problem can be solved using rotating roller conveyors and
multi-view imaging solutions, that are commonly incorporated in
modern fruit sorting systems.

Finally, although the models developed in this work used data
collected over two harvest years, further studies should specifically
investigate their robustness across seasons and environmental condi-
tions. The inclusion of additional harvest years, orchards, and climatic
conditions, together with model updating and recalibration, may
contribute to improving long-term model generalisation and operational
reliability.
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