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Abstract

A method based on Vis-NIR spectroscopy and machine learning-based modeling for non-
destructive detection of the internal disorders of black flesh, spongy tissue, jelly seed, and soft
nose in mango fruit was developed using the vis-NIR spectra of intact mango fruit of three
cultivars sourced from three orchards in each of the two seasons, with spectra collected both
at harvest and after storage. After spectra were acquired of the stored fruit, the fruit cheeks
were cut longitudinally to allow visual assessment of the incidence of the internal disorders.
Five models were evaluated: two tree-based algorithms (J48 and random forest), one neural
network (multilayer perceptron, MLP), and two SVM training algorithms (sequential minimal
optimization, SMO, and LibSVM). The models were evaluated using a tenfold cross-validation
approach. Non-destructive discrimination of health from all disordered and healthy fruit
from fruit with specific disorders was achieved with an accuracy ranging from 72.3 to 97.0%
when using spectra collected at harvest and 63.7 to 96.2% when using spectra collected after
ripening. No one machine learning algorithm out-performed other methods—for spectra
collected at harvest, the highest discrimination accuracy was achieved with RF and MLP
for black flesh, J48 for spongy tissue, and LibSVM for soft nose and jelly seed. For spectra
collected of stored fruit, the highest discrimination accuracy was achieved with SMO for jelly
seed and RF for soft nose. A recommendation is made for the consideration of ensemble
models in future. The ability to predict the development of the disorder using spectra of
at-harvest fruit offers the potential to guide postharvest practices and reduce incidence of
internal disorders in mangoes.

Keywords: classification models; WEKA; machine learning; spectroscopy

1. Introduction

Mango (Mangifera indica L.) is a highly popular tropical fruit produced worldwide,
with about 55 million tons produced per year across 25 countries [1]. The six largest
producers are India, Indonesia, China, Pakistan, Mexico, and Brazil [2]. Several internal
physiological disorders occur in mango fruit, including spongy tissue, black flesh, jelly
seed, and soft nose [3,4], as recently reviewed by [5]. Spongy tissue is characterized by
spongy flesh with white to black spots, slightly desiccated, which may or may not present
air pockets. The ‘black flesh’ disorder is characterized by the dark-brown to black color of
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the inner flesh around the seed. Jelly seed is characterized by water-soaked and jelly-like
tissue around the seed that eventually becomes brownish. Soft nose is characterized by
internal rupture of the mesocarp on the ventral side and towards the apex of the fruit.

These disorders are generally first manifest in the inner mesocarp, with external (skin)
symptoms developing only in extremis, following development of the disorder through the
mesocarp. The symptoms may be mild or absent in fruit at harvest, developing in severity
during ripening. Thus, fruit may be packed and shipped before the disorder is evident. USDA
specifications require that there are no more than 2% of fruit with a disorder in a consignment,
with the inspection involving the destructive sampling of, typically, 25 fruit [6]. Thus, the
presence of one defect fruit in the sample lot (4%) could result in rejection of a consignment.
Furthermore, consumers can only identify the presence of a disorder after purchase upon
cutting the fruit for consumption, resulting in loss of repeat purchase.

Visible and near-infrared spectroscopy (Vis-NIR) is now routinely used in quantitative
non-invasive assessment of mango dry matter content (DMC) and is also commercially
used with discriminant techniques for the detection of some internal disorders of fruit
based on Vis-NIR spectra, e.g., apple internal browning (as reviewed in [7]). Vis-NIR has
also been recommended for the identification of fruit susceptible to the future development
of an internal disorder. For example, [8] reported prediction of kiwifruit developing internal
rots in storage using spectra collected of fruit at harvest. The rots were associated with chill
injury incurred in storage, and susceptibility to chill injury was related to the maturity of
fruit, and thus to the DMC of the fruit.

Similar associations between fruit maturity, internal quality, and susceptibility to
postharvest disorders have also been reported for other fruit species such as melon and
citrus. In melon, Vis/NIR/SWIR spectroscopy combined with chemometric modeling has
proven effective for assessing fruit nutritional composition, providing a non-destructive
means to monitor internal attributes related to ripening and quality [9]. For citrus, NIR
spectroscopy integrated with ensemble learning strategies enabled the simultaneous, non-
destructive prediction of multiple internal quality traits, reinforcing the technique’s poten-
tial in postharvest sorting and grading operations [10].

Instrumentation considerations include wavelength range and optical geometry [7]. In
summary, the Herschel region (750-1100 nm) is preferred for its higher effective penetration
through fruit tissue (due to lower water absorption coefficients in this wavelength range).
A reflection geometry, in which the illuminated area of the sample is viewed by the detector,
has proportionally more light received by the detector originating from shallow layers of
the sample than partial transmission (also referred to as ‘interaction’) or full transmission
geometries. Full transmission systems, however, are not practical for large, seeded fruit,
due to the low amount of light passing the whole fruit. An interaction geometry using the
Herschel spectral region is therefore recommended for use in the assessment of the internal
attributes of mango fruit.

The chemometric techniques used with near infrared spectra also evolved in recent
years, as reviewed by [11]. Discriminant analysis techniques evolved from partial least
square discriminant analysis (PLS-DA) [12] and canonical discriminant analysis [8] to
techniques such as artificial neural networks [13]. A common failing in the application of
these techniques has been the use of a single harvest population subset to calibrate and
test sets [7]. As a biological product, fruit will vary with growing conditions, e.g., in cell
size and in chemical composition. It is therefore imperative that such studies include an
attempt to demonstrate model robustness across populations from different harvest events,
be that varying in time or location.

Several studies reported on the use of Vis-NIR to monitor susceptibility and incidence
of internal physiological disorders in mango fruit. Hyperspectral imaging (650-1080 nm)
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using reflection optical geometry was used to detect surface bruising of mango fruit caused
by mechanical impact [14]. This approach, involving reflection geometry, is not expected
to be relevant to the assessment of disorders located further into the fruit flesh. However,
SIMCA based discrimination of healthy mango fruit from fruit with a spongy tissue disorder
was achieved using spectra (3502500 nm) collected using a reflection geometry, with best
results achieved using a 670-750 nm or a 900-970 nm range [15]. These wavelength ranges
are consistent with discrimination based on either chlorophyll content or water content, with
assessment of these attributes in the skin and near mesocarp, given the use of reflection geom-
etry. The study was based on one cultivar of mango, with at least four harvest populations.
Fruit from the combined populations were randomly assigned to training and test sets.

One study [16] reported on the use of 720-975 nm spectra collected of intact mango
fruit using an interaction geometry for assessment of dry matter content (DMC), with use
for indirect discrimination on the presence of the internal disorder of ‘flesh cavity with
white patches’. The incidence and severity of disorder was higher in earlier harvested fruit,
and fruit with <15% DM (i.e., less mature fruit and thus fruit with higher chlorophyll levels)
(assessed with a F750, interaction geometry, 300-1100 nm). However, the NIR assessment
was made of only one harvest population, limiting the generalizability of this conclusion.
For example, DMC at harvest maturity can vary according to growing conditions [7].

Two studies report on the use of NIR spectra of intact mango fruit collected using an
interaction geometry for direct detection of internal disorders. Both studies were based on
two harvest populations of fruit, with random assignment of fruit to training and test sets. An
artificial neural network (ANN) model based on 4000 to 12,500 cm™! (800-2500 nm) spectra
(collected using a bench-top FI-NIR spectrometer) was reported to achieve over 90% prediction
accuracy in discrimination of ‘internal breakdown disorder” and ‘black-streaked vascular tis-
sue’ [17]. Linear discriminative analysis (LDA) or logistic analysis using 400-1100 nm spectra
collected after ripening and immediately before destructive assessment of the presence of the
disorder achieved an accuracy of up to 76% in the discrimination of either jelly seed or black
flesh from healthy fruit [18]. Moreover, an accuracy of up to 65% was achieved using spectra
collected at the time of harvest, before fruit ripening. An ability to predict the future appearance
of disorders has interesting potential uses in the management of these disorders.

The current study aims to contribute to the development of a non-destructive method
to detect internal disorders in mango fruit using Vis-NIR spectroscopy, extending previous
work with a focus to (a) predict multiple internal disorders as opposed to a single class of
disorder, (b) predict the future occurrence of disorders manifesting in ripened fruit using
spectra collected on the fruit at commercial harvest, and (c) use fruit from multiple harvest
populations, varying in cultivar, orchard, and season.

2. Materials and Methods
2.1. Fruit and Disorder Assessment

Mango (Mangifera indica L.) cultivars Palmer, Keitt, and Tommy Atkins were produced
in two growing seasons on the Agropecudria Roriz Dantas, Argofruta, and IBACEM com-
mercial orchards in Sao Francisco Valley, Brazil. Fruits were harvested at physiological
maturity, as characterized by full shoulders and a yellowing of the flesh (following speci-
fications of National Mango Board, 2024) [19]. At the time of each harvest event, i.e., per
cultivar, location, and season, five fruit were cut longitudinally and visually assessed for
flesh color to confirm maturity status. No symptoms of internal physiological disorders
were present in these destructive assessments. After harvest, the fruit were transported
to the Postharvest Laboratory at the tropical semi-arid Embrapa, Petrolina, PE, Brazil,
where the fruit were sanitized and stored at 12 °C (£1 °C). After 20 days, 10 fruit of each
consignment were destructively assessed for firmness using a digital penetrometer analyzer
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equipped with a 6 mm diameter probe (TA.XT Plus—Stable Micro Systems, Godalming,
UK). If average flesh firmness was <15 N, fruit were warmed to 24 °C (£1 °C) before
collection of spectra. Each fruit side was treated as an independent sample.

2.2. Vis-NIR Spectra Acquisition

Spectra were acquired in the equatorial region of each intact fruit at the time of harvest
and again after ripening during storage. A handheld spectrometer (F-750 Produce Quality
Meter, Felix Instruments, Camas, WA, USA) was utilized. This device employs the MMS1
spectrometer (Zeiss, Oberkochen, Germany), which has an optical resolution (full width
half maximum, FWHM) of approximately 10 nm and a pixel resolution of approximately
3.3 nm across the wavelength range 330 to 1100 nm. The spectrophotometer utilizes an
interaction geometry, with illumination of an area of approximately 5 cm?.

Ripened fruit with externally visible decay symptoms were excluded from the study.
Spectra data were collected from 1454 fruit sides (727 fruit) at harvest and 1397 fruit sides
after ripening, following removal of fruit sides with external visible disorder symptoms
(Table 1).

Table 1. Number of spectra collected at harvest and after ripening of fruit with no symptoms (healthy)
or symptoms of black flesh, spongy tissue, jelly seed, or soft nose after ripening.

Number of Spectra

Class At Harvest After Storage

Palmer Keitt Tommy Atkins Total Palmer Keitt Tommy Atkins Total

Healthy 106 5 239 350 106 5 239 349
Black flesh 25 483 228 736 25 450 227 702

Spongy tissue 43 85 17 145 43 64 17 124

Jelly seed 25 62 115 202 25 62 115 202

Soft nose 4 15 2 21 4 14 2 20
Total 203 650 601 1454 203 595 600 1397

2.3. Incidence of Disorders

Following the collection of spectra, each side of the ripened fruit was cut longitudinally
and close to the seed (Figure 1). The exposed cheek was visually assessed for the incidence
of the internal physiological disorders of spongy tissue, black flesh, jelly seed, and soft nose
(Figure 1). Fruit exhibiting more than one physiological disorder were excluded from the study.

Figure 1. Visual appearance of mangoes with (a) healthy flesh; (b) black flesh, (c) soft nose, (d) spongy
tissue, and (e) jelly seed.
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2.4. Model Development

Absorbance data were subject to second derivative pre-processing using Model Builder
software (version v1 3.0.117) (Felix Instruments, Camas, WA, USA). Principal component
analysis (PCA) was then applied to assess the potential for grouping samples based on
their classification as healthy, jelly seed, soft nose, black flesh, and spongy tissue, using The
Unscrambler X version 10.4 (CAMO Software, Oslo, Norway). The data were exported
in comma-separated values (CSV) and attribute relation file format (ARFF) for further
analysis using WEKA 3.9 (Machine Learning Group, University of Waikato) [20].

Discriminant models were developed for (i) two classes: healthy (n = 349) and all internal
disorders (n = 1048), and (ii) healthy versus each specific internal disorder (Figure 2). Models
were developed both using spectra collected at harvest and using spectra collected after
ripening, with the reference assessment of disorder made after ripening in both cases. Models
were evaluated using a cross-validation process that involved 10 folds, i.e., 10 combinations of
training and test groups using a 90:10 split and random assignments using sampling without
replacement, such that the entire data set was represented in testing [21-23].

- Model development

Harvest After storage Model 1

Data set: all classes
Flesh j2c
<
firmness <15 1 Model 2
Data set 1: Black flesh and healthy

Data set 2: Soft nose and healthy

Prediction

Data set 3: Spongy tissue and healthy
Data set 4: Jelly seed and healthy

- l 24°C
Acquisition of 1 Choosing the best
spectral data model

24°C . =
Algorithms Metrics
. . . + Rand « Ac
l Fruit classification St Sed
‘ ~ . J48 + Recall

° + Mulilayer - F-measure
Perceptron - ROC area
Healthy - Black flesh o . SMo oo
) + Soft nose = - LibSVM

€ —p - Spongytissue
Disordered fruit « Jelly seed

Figure 2. Workflow used in developing discriminative models to predict presence of internal physio-
logical disorders based on spectra collected of fruit at harvest and of ripened fruit of three cultivars.

Two discriminative algorithm trees (J48 and random forest) and three function group
algorithms (SMO, LibSVM, and multilayer perceptron) were trialed. Tree algorithms are
machine learning models used for both classification and regression, with the model based
on dividing the data into different nodes, forming a hierarchical structure similar to a tree.
J48 creates a single tree, while random forest uses a more robust ensemble learning technique
involving multiple tree predictors to improve accuracy and reduce overfitting [24,25]. Function
group algorithms are also widely used in classification and regression. SMO and LibSVM train
support vector machines (SVMs) that aim to find a hyperplane that maximizes the margin
between classes in a high-dimensional space [26,27]. Multilayer perceptron (MLP) is a type
of artificial neural network composed of multiple layers of interconnected neurons which is
capable of learning complex representations of data [28].

Model performance was documented in terms of average accuracy, precision, recall, F-
measure, receiver operating characteristics curve (ROC), and Kappa statistics (Equations (1)—(6)).
The three best-performing algorithms were compared with Venn diagrams generated in Venny
2.1[29].

- (TP +TN)
Accuracy = w5 TN+ FN + EP )
Precision = TP 2)

TP+ FP
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where TP = true positive; TN = true negative; FP = false positive; and FN = false negative.
The accuracy indicates the proportion of correctly predicted samples to the total number
of samples. Precision indicates the number of correct positive predictions divided by the
total number of positive predictions. Recall indicates the measure of positive predictions
that are correctly classified. F-measure indicates the harmonic mean between recall and
precision values [30-32]. ROC indicates a curve that considers the true positive rate on
the y-axis and the false positive rate on the x-axis [30]. Kappa statistics was used in
addition to classification accuracy because it takes into account the assignment of classes by
random chance. A Kappa value of 0 means no agreement between the model and the actual
classification, 0.01 to 0.20 is none to slight, 0.21 to 0.40 is fair, 0.41 to 0.60 is reasonable,
0.61 to 0.80 is substantial, 0.81 to 0.99 is almost perfect, and 1.00 is perfect agreement [31,33].

3. Results and Discussion
3.1. Interpretation of Spectra

The 680 nm (chlorophyll) peak in spectra of fruit at harvest was higher in fruit that later
developed internal disorders than in fruit that remained healthy, although disorder-affected
fruit were not visibly greener than fruit that remained healthy (Figure 3). This result is
consistent with predisposition for less mature fruit (with higher chlorophyll content) to
develop disorders, as noted by [16]. A marked decrease in the 680 nm (chlorophyll) peak
following storage was evident in healthy fruit (Figure 3), as expected for ripening fruit. The
smaller decrease in this peak in fruit manifesting disorders is again consistent with these
fruit being less mature than healthy fruit.

Black flesh
Jelly seed
Soft nose
Spongy tissue
Healthy

At harverst After storage

400 500

600 700 800 900 1000 400 500 600 700 800 900 1000

Wavelength (nm) Wavelength (nm)

Figure 3. Mean Vis-NIR absorbance spectra of ‘Palmer’, ‘Keitt’, and “Tommy Atkins” mango fruit
at harvest (left panel) and after storage at 12 °C (right panel). The spectra were obtained at 24 °C.
After storage, the fruit were destroyed for assessment as healthy or with symptoms of black flesh,
soft nose, spongy tissue, or jelly seed.
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Additionally, the spectral region around 970 nm, associated with water absorption,
showed only slight variations among the different tissue types. This region is sensitive to
O-H bond vibrations, particularly those of free and bound water within the tissues [34].
These results suggest that the water content was about the same between healthy fruit and
those affected by physiological disorders, either at harvest or after storage. A similar result
was observed in a study that compared spectra of healthy ‘Keitt" mangoes and those with
jelly seed and black flesh disorders [18].

In addition to the spectral region around 970 nm associated with water absorption,
other spectral regions also revealed relevant features. For instance, the region near 500 nm
is related to carotenoids and chlorophyll b, which are important pigments related with
fruit ripening process [35,36]. Variations in this region may indicate changes in pigment
composition and color, particularly between healthy tissues and those affected by physio-
logical disorders. This separation becomes more evident after storage, when physiological
disorder symptoms are developed in the fruit flesh.

These spectral features complement the information on water and chlorophyll content,
providing a more comprehensive understanding of tissue differences between healthy and
physiologically affected fruit. Since physiological disorders may lead to tissue oxidation
due to cell death, pigment degradation and/or accumulation in the damaged tissues are
expected [37].

Principal component analysis (PCA) was initially applied to explore spectral variability
and identify potential groupings associated with physiological disorders. At harvest, the
first three PCs accounted for only 46% of the total variance, with PC1 and PC2 explaining
37% and 9%, respectively. After storage, the explanatory power of the first three PCs
was lower than at harvest, accounting for only 27% of the total variance, with PC1 and
PC2 explaining 15% and 12%, respectively. Therefore, it was not possible to observe
clearly separated groups between healthy samples and those that would develop black
flesh, spongy tissue, jelly seed, and soft nose. This result indicates that the variation
associated with physiological disorders in different mango cultivars cannot be explained by
traditional linear methods, possibly due to the high complexity of the data set, which has
been also observed in other studies [12,17]. This lack of class separation using traditional
linear methods justifies the use of machine learning algorithms, which have shown better
performance in modeling more complex and nonlinear relationships present in spectral
data [12].

3.2. Discrimination Using At-Harvest Spectra

Accuracy values between 50.3 and 62.5% were achieved across the five algorithms
when using a single ‘all-disorders” model to distinguish healthy fruit from fruit with
any of the disorders, with the best result achieved using the LibSVM algorithm when
considering all statistics (Table 2). These results are consistent with previous studies that
employed a single model to distinguish, at an early stage, healthy fruit from those affected
by physiological disorders such as black flesh and jelly seed, achieving 65% accuracy during
the validation phase [18].

Much higher performance statistics were achieved with disorder-specific models, e.g.,
with accuracy values between 72.5 and 97.0% achieved across the five algorithms and
four types of disorders (Table 2). In the “all-disorders” model prediction, the highest rates
of misclassification were associated with black flesh and healthy fruit (confusion matrix,
Table 3). The best classification result was achieved for soft nose and the worst for jelly
seed, with accuracy over 90% and under 75% for all algorithms, respectively (Tables 2—4).
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Table 2. Spectra obtained at harvest: means of statistics from ten-fold cross validation for classifica-
tion models developed using in prediction of internal disorders (n = 1454). Classification models:
multilayer perceptron (M.P.), random forest (R. Forest), LibSVM, SMO, and J48. The best results
for the six performance measures used with each fruit disorder are shown in bold, and the overall
best-performing algorithm for a given class is also shown in bold. Results are shown for generic
‘all-disorders” models developed using the entire data set, and specific disorder models developed
using healthy and fruit with the given disorder. * indicates that means could not be calculated due to

a missing class (the general model failed to classify any fruit as ‘soft nose’).

Data Set Algorithms  Accuracy (%) Precision Recall F-Measure A::egf‘:’/o) Slf;l;z?c
M. P. 51.2 0.49 0.51 0.50 0.68 0.24
All class R: Forest 62.5 * 0.62 * 0.76 0.55
(n = 1454) LibSVM 62.2 0.51 0.62 0.55 0.66 0.36
SMO 62.0 0.50 0.62 0.54 0.71 0.35
J48 50.3 0.50 0.50 0.50 0.64 0.24
M.P. 83.6 0.84 0.84 0.84 0.88 0.63
Black flesh R. Forest 83.6 0.83 0.84 0.84 0.91 0.62
and healthy LibSVM 82.0 0.82 0.82 0.82 0.80 0.59
(n=1086) SMO 82.0 0.82 0.82 0.82 0.80 0.59
J48 82.0 0.82 0.82 0.82 0.87 0.59
Spongy M. P. 81.6 0.81 0.82 0.81 0.78 0.53
tissue and R.. Forest 85.3 0.85 0.85 0.85 0.88 0.62
healthy LibSVM 86.9 0.88 0.87 0.86 0.79 0.64
(n = 495) SMO 86.3 0.87 0.86 0.85 0.78 0.63
J48 87.3 0.87 0.87 0.87 0.85 0.69
M.P. 72.5 0.72 0.73 0.72 0.74 0.40
Jelly seed R. Forest 73.2 0.73 0.73 0.72 0.75 0.38
and healthy LibSVM 73.7 0.79 0.74 0.69 0.65 0.34
(n =552) SMO 72.3 0.72 0.72 0.72 0.69 0.39
J48 725 0.72 0.73 0.72 0.72 0.40
M. P. 94.6 0.95 0.95 0.95 0.85 0.54
Soft nose and R. Forest 96.0 0.95 0.96 0.95 0.89 0.45
healthy LibSVM 97.0 0.97 0.97 0.97 0.85 0.72
(n=371) SMO 96.0 0.96 0.96 0.96 0.80 0.61
J48 96.0 0.95 0.96 0.95 0.66 0.53
Table 3. Confusion matrix for ‘all-disorders’ models developed using spectra collected at harvest
(Lib-SVM model). The models discriminated fruit as healthy or with a disorder (i.e., any one of four
disorders). Actual classes are shown in rows, with disorder predictions categorized by their actual
disorders in columns. The subscript p refers to prediction.
At harvest (LibSVM)
Classified as Class
a b C d e
a 636 1 0 15 84 a = black flesh
b 91 0 0 1 53 b = spongy tissue
C 16 0 0 0 5 ¢ = soft nose
d 132 1 1 9 59 d =jelly seed
e 81 0 1 8 260 e = healthy
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Table 4. Confusion matrix for disorder-specific models developed using spectra collected at harvest
for discrimination of fruit as healthy or with a specific disorder. The random forest model was used
for black flesh, J48 for spongy tissue, and LibSVM for jelly seed and for soft nose. The subscript p
refers to prediction.

At Harvest
Data Set Classified as b Class
a
a 656 80 a = black flesh
Black flesh b 98 252 b = healthy
. a 109 36 a = spongy tissue
Spongy tissue b 27 323 b = healthy
a 62 140 a =jelly seed
Jelly seed b 5 345 b = healthy
Sof a 7 14 a = soft nose
oftnose b 2 348 b = healthy

While a generic model able to predict all disorders would have practical advantages in
simplicity of use in field application, the superior performance of disorder-specific models is
not surprising given the varied symptoms of the disorders. The predictive performances of
the single all-disorders model obtained in the present study are consistent with that of [18],
who also proposed a single model to determine the presence or absence of physiological
disorders in ‘Keitt" mango.

To illustrate the performance of the three highest accuracy algorithms in prediction of
each disorder, Venn diagrams are presented to illustrate the overlap of correct predictions
by each of the algorithms. For example, in prediction of the black flesh disorder using
spectra collected at harvest, 74% of correct predictions were shared by all three algorithms
(J48, MLP, and RF), while 9% of disorder affected fruit were not correctly classified by any
of the three algorithms (Figure 4). The best convergence between algorithms is seen in
prediction of soft nose, with 94% of correct predictions shared by the three algorithms. The
greatest potential for use of an ensemble of models exists for prediction of jelly seed, with
60% of samples with disorder correctly predicted by each of the three algorithms and an
additional 23% of samples with disorder correctly predicted by only one or two algorithms.

The two physiological disorders that showed the best (soft nose) and worst (jelly seed)
classification performances exhibited false negative rates exceeding 30%, meaning that
approximately one-third of the samples that would later develop these disorders were
incorrectly classified as healthy. This level of performance poses a considerable risk in
export operations, especially given that USDA regulations permit a maximum of only
2% defective fruit per shipment, with inspections typically conducted through destructive
sampling [6]. Considering that the current export value of fresh mango from Brazil ranges
between USD 6.61 and USD 8.38 per kilogram [38], even a small number of undetected
defective fruit can lead to the rejection of entire shipments, resulting in substantial financial
losses for growers and exporters. A standard export container typically holds around
4000-5000 kg of fruit; thus, a rejected shipment due to undetected defects could represent a
direct loss of at least USD 26,440 per container. Therefore, future research should prioritize
strategies to reduce false negative rates in to improve model performance.
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LibSVM SMO

ST (Reference) \ :

LibSVM SMO D LibSVM SMo

SN (Reference) N

Figure 4. Venn diagrams of predictions using at-harvest spectra of the three highest accuracy algorithms
for each physiological disorder, i.e., for (A) black flesh, BE, (B) spongy tissue, ST; (C) jelly seed, JS, and
(D) soft nose, SN; using J48, MLP, RE, LibSVM, and SMO models. Number and percentage of correctly
predicted samples for each model type are shown in overlaps to the reference data.

The most accurate models to predict physiological disorders in mangoes at harvest
and detect them in stored fruit were as follows: random forest for black flesh; J48 for spongy
tissue; and LibSVM for soft nose and jelly seed at harvest. Most studies using Vis-NIR
spectroscopy to distinguish between healthy and physiologically disordered mango focus
on a single cultivar and are conducted after the fruit ripened, when symptoms are already
visible [15,17,39,40]. This study is pioneering in providing specific models capable of
predicting spongy tissue, black flesh, jelly seed, and soft nose in different mango cultivars
at harvest and after ripening during storage.

3.3. Discrimination Using After-Storage Spectra

Trends for the performance of models developed using spectra of stored fruit were
similar to that for models based on at-harvest spectra, i.e., higher performance statis-
tics were achieved with disorder-specific models, e.g., with accuracy values between
73.2 and 96.2% achieved across the five algorithms and four types of disorder, compared
to accuracies between 44.6 and 57.8% for the all-disorders model (Table 5), with many
samples misclassified as black flesh or healthy fruit using the all-disorders model (Table 6).
Additionally, as for at-harvest spectra, the best classification result was achieved for soft
nose and the worst for jelly seed. The performance of the five algorithms did not vary
greatly, but SMO produced slightly higher performance statistics in more categories than
the other four algorithms.
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Table 5. Spectra obtained for stored fruit: means of statistics from ten-fold cross-validation for
classification models developed using in prediction of internal disorders (n = 1397). Classification
models: multilayer perceptron (M. P.), random forest (R. Forest), LibSVM, SMO, and J48. The best
results for the six performance measures used with each fruit disorder are shown in bold, and the
overall best-performing algorithm for a given class is also shown in bold. * Indicates means could not
be calculated due to a missing class (the general model failed to classify any fruit as ‘soft nose’).

Data set Algorithms  Accuracy (%) Precision Recall F-measure A::eao(c%) sIt(aatli)slgc
M. P. 44.6 0.49 0.45 0.46 0.66 0.19
All class R.. Forest 57.8 * 0.58 * 0.76 0.28
(n = 1397) LibSVM 54.1 0.42 0.54 0.47 0.62 0.23
SMO 54.2 0.42 0.54 0.47 0.66 0.23
J48 55.9 0.44 0.44 0.44 0.60 0.14
M. P. 74.6 0.81 0.75 0.75 0.82 0.49
Black flesh R. Forest 77.0 0.77 0.77 0.77 0.86 0.47
and healthy LibSVM 75.0 0.76 0.75 0.70 0.63 0.32
(n=1051) SMO 73.2 0.74 0.73 0.73 0.71 0.41
J48 76.0 0.76 0.76 0.76 0.77 0.46
Spongy M. P. 82.9 0.82 0.83 0.82 0.78 0.52
tissue and R.. Forest 84.8 0.85 0.85 0.83 0.83 0.55
healthy LibSVM 77.2 0.75 0.77 0.75 0.63 0.31
(n = 473) SMO 85.0 0.86 0.85 0.84 0.74 0.55
J48 81.0 0.80 0.81 0.80 0.79 0.48
M. P. 65.9 0.65 0.66 0.65 0.65 0.23
Jelly seed R. Forest 70.1 0.70 0.70 0.66 0.65 0.27
and healthy LibSVM 66.6 0.66 0.65 0.66 0.61 0.24
(n =551) SMO 70.6 0.70 0.71 0.70 0.68 0.30
J48 63.7 0.62 0.64 0.63 0.61 0.18
M. P. 95.4 0.96 0.95 0.95 0.87 0.56
Soft nose and R. Forest 96.2 0.96 0.96 0.95 0.85 0.45
healthy LibSVM 94.0 0.92 0.94 0.93 0.57 0.18
(n =369) SMO 94.6 0.94 0.95 0.94 0.69 0.42
J48 95.2 0.94 0.95 0.96 0.70 0.41

Table 6. Confusion matrix for ‘all-disorders’ models developed using spectra collected after storage
(SMO model). The models discriminated fruit as healthy or with a disorder (i.e., any one of four
disorders). Actual classes are shown in rows, with disorder predictions categorized by their actual
disorders in columns. The subscript p refers to prediction.

After storage (SMO)
Classified as Class
a b c d e

a 545 1 6 1 149 a = black flesh
b 67 0 0 1 56 b = spongy tissue
c 112 0 0 0 90 ¢ = soft nose

d 16 0 0 0 4 d =jelly seed

e 136 0 1 0 212 e = healthy

The superior performance of the disorder-specific models over the generic ‘all-
disorders” model is again seen in the confusion matrix results for both at-harvest and
after-storage spectra (Tables 3-6). The classification result was superior for the at-harvest
spectra, with a greater misclassification of fruit as false positives for after storage spectra
(Table 5). The soft nose and jelly seed models developed using after-storage spectra deliv-
ered the highest and the lowest classification accuracies, respectively (Tables 5 and 7). The
soft nose model developed using at-harvest spectra correctly predicted 99.4% of the healthy
and 33.0% of the soft nose-affected fruit during storage (Table 5). The soft nose model
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developed using after-storage spectra correctly identified 99.7% of the healthy and 35.0% of
the soft nose-affected fruit (Table 5). The jelly seed model developed using at-harvest
spectra correctly predicted 98.6% of the healthy and 31.0% of the jelly seed-affected fruit
(Table 5). The jelly seed model developed using after-storage spectra correctly identified
90.5% of the healthy and 36.1% of the jelly seed-affected fruit (Table 5).

Table 7. Confusion matrix for disorder-specific models developed using spectra collected after-
storage for discrimination of fruit as healthy or with a specific disorder. The random forest model
was used for black flesh, SMO for spongy tissue, SMO for jelly seed, and random forest for soft nose.
The subscript p refers to prediction.

i After Storage
Data Set Classified as Class
a b
a 588 114 a = black flesh
Black flesh b 135 214 b = healthy
. a 62 62 a = spongy tissue
Spongy tissue b 9 340 b = healthy
a 73 129 a =jelly seed
Jelly seed b 33 316 b = healthy
Sof a 13 a = soft nose
oft nose b 1 348 b = healthy

A Venn diagram presentation was also undertaken for predictions from models devel-
oped using spectra collected of fruit after storage. For example, in prediction of the black flesh
disorder, 58% of correct predictions were shared by all three algorithms (J48, MLP, and RF),
while 8% of disorder-affected fruit were not correctly classified by any of the three algorithms
(Figure 5). The best convergence between algorithms was again seen in prediction of soft nose,
with 94% of correct predictions shared by the three algorithms. The greatest potential for use
of an ensemble of models was again seen for prediction of jelly seed, with 56% of samples
with disorder correctly predicted by each of the three algorithms and an additional 25% of
samples with disorder correctly predicted by only one or two algorithms.

The most accurate models to detect physiological disorders in after-storage were as
follows: random forest for black flesh; SMO for spongy tissue; and SMO and random forest
for jelly seed and soft nose. A previous study used SIMCA models to classify ‘Afonso’
mangoes as either healthy or affected by spongy tissue, achieving an accuracy of 96.7% [15].
This performance surpasses the accuracy observed in the present study for the same disorder
(85%). However, it is important to highlight that the study was limited to a single cultivar,
which tends to favor model performance due to lower variability among fruit.

In a similar approach, a previous study aimed to optimize wavelength selection
for the classification of healthy and internally defective ‘Afonso” mangoes, reaching an
accuracy of 84.5% [39]. Other studies with the same cultivar also reported promising
results, reaching 93.78% accuracy in distinguishing healthy fruit from those with internal
disorders. Furthermore, a study conducted with ‘Namdokmai Sithong’” mangoes developed
classification models for healthy fruit versus those with internal disorders, achieving an
accuracy of 91.37% [17].
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Figure 5. Venn diagrams of predictions using after-storage spectra of the three highest accuracy
algorithms for each physiological disorder, i.e., for (A) black flesh, BE, (B) spongy tissue, ST; (C) jelly
seed, ]S, and (D) soft nose, SN; using J48, MLP, RF, LibSVM, and SMO models. Number and percentage
of correctly predicted samples for each model type are shown in overlaps to the reference data.

These findings reinforce the notion that models developed for more specific contexts,
such as models focused on a single cultivar and a single physiological disorder, tend to
show superior performance in terms of both accuracy and discriminative capacity. The
reduced variability inherent to such data sets makes the learning process more efficient and
allows models to capture clearer patterns between classes.

On the other hand, when the goal is to develop more generalizable models that
consider different cultivars and ripening stages, as in the present study, the classification
task becomes significantly more complex. Although this modeling approach may lead
to lower accuracy, it increases the potential for practical application in the fruit industry,
where different cultivars and types of disorders may be present simultaneously. Therefore,
building robust and versatile models capable of handling multiple cultivars and fruit at
different ripening stages represents a significant step forward for the practical use of tools
such as Vis-NIR spectroscopy in the mango industry.

4. Conclusions

The use of both disorder-specific models and time of spectra collection (at harvest
and after storage)-specific models is recommended. The strength of the models developed
using spectra at harvest, relative to after storage spectra, is a remarkable result, allowing
for prediction of disorder development. Further research is required to better understand
the biochemical and physiological mechanisms affecting spectral profile and classification
models. The higher A680 (chlorophyll peak) values of fruit that later developed disorders
suggests that less mature fruit are prone to development of different physiological disorders,
a hypothesis that could be tested.
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The random forest algorithm yielded the most accurate models for predicting physio-
logical disorders, such as black flesh at harvest (83%), and detecting them in the fruit after
storage (77%). The LibSVM algorithm showed the greatest performance in predicting soft
nose (97%) and jelly seed (73.7%) at harvest, while random forest (96.2%) and SMO (70.6%)
showed the highest performance in detecting these disorders in fruit after storage. Finally,
for spongy tissue, 48 (87.3%) resulted in the most accurate model for predicting at harvest,
and SMO (85%) for detection in the fruit after storage.

The Vis-NIR spectroscopy and machine learning-based modeling together have a great
potential application in the mango industry to predict at harvest and detect after ship-
ping/storing the incidence of different physiological disorders in different cultivars, which
can be used to ensure that only high-quality fruit reach the final market and consumption.
In addition, it can also be used to predict fruit susceptibility to each disorder at harvest,
allowing the application of postharvest strategies to reduce or inhibit disorder incidence in
the fruit before it reaches the consumers.
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