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ARTICLE INFO ABSTRACT

Keywords: With up to 19% of mango fruit being lost during ripening, the need for non-destructive technologies to predict
Mangfera indica internal physiochemical traits is paramount. This study compared two non-destructive technologies, visible and
Firmness near-infrared spectroscopy (visNIRS) and laser Doppler vibrometry (LDV), for predicting the ripeness of mango
EZZ;L‘;:ZUKS fruit in two cultivars, ‘Kent’ and ‘Keitt’. An internal quality index (IQI) in ‘Kent’ was predicted using visNIRS (R3
Resonant frequency = 0.729, RMSEP = 0.532) using partial least squares regression, which gave a single measure for ripeness
Postharvest incorporating firmness, sweetness, and pulp colour. This model was improved by using the sum of the individual

sugar contents (glucose, sucrose, and fructose) over the conventional total soluble solids (TSS) measure. LDV
provided poor predictions of firmness (R < 0.5) in both ‘Kent’ and ‘Keitt’ using least squares regression line. The
resonant frequency, as measured by LDV, decreased linearly with time, while firmness quantified destructively
(quasi-static) showed an exponential decrease, suggesting the vibrational and destructive firmness measure
distinct characteristics, which would contribute to poor model performance. These results showed that LDV is not
suitable for assessing mango ripening. While visNIRS models have been successful at predicting quality traits, our
results suggested that using individual sugar content in place of TSS can improve the prediction of ripening. This
understanding of the strengths and limitations of both visNIRS and LDV, and how they relate to destructive
quality measurements, can be used to improve postharvest management practices whilst reducing commercial
losses in the mango industry.

1. Introduction

During the postharvest ripening process in mango, losses can reach
up to 19% (FAO, 2018). Physical losses can occur due to over-ripening
(past consumer acceptability), while processing too early (e.g. peeling
and cutting for the fresh-cut market) causes quality and nutritional
losses (FAO, 2018; Liu et al., 2020; Silué et al., 2022). Reducing these
losses is paramount for sustainable food systems. Ripening is a complex
trait that involves many physicochemical changes including colour,
firmness, sugars, and volatiles (Silva et al., 2008; Zaharah et al., 2012;
Lebrun et al., 2008). Preharvest factors (including differences in flow-
ering time, canopy position, and irrigation) can lead to high heteroge-
neity in mango fruit development and postharvest behaviour. This
inherent heterogeneity within batches means that a large number of
fruit needs to be assessed to obtain representative data. Knowing the
ripening stage of a batch allows for better postharvest management
practices, including optimising the storage duration and conditions.

Across the industry, destructive methods are used to estimate mango
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ripeness. For example, penetrometers, can measure mango firmness
(Hernandez Gomez et al., 2005; Padda et al., 2011), but each fruit
measured is then not marketable due to the puncture. Another
destructive measurement is TSS, frequently used to estimate soluble
sugar content in fresh produce (Munawar et al., 2013), and has been
shown to correlate well with sweetness in ‘Keitt” mangoes (Silva et al.,
2008). However, TSS is an optical density measurement that does not
always correlate well with sugar content (Harker et al., 2002; Hale et al.,
2005; Beckles, 2012) as it also includes soluble proteins and organic
acids (Kusumiyati et al., 2020). However, it is generally accepted that a
dominant factor in sweetness is the concentration of sugars (Moskowitz,
1970; Helstad, 2019; Mouillot et al., 2019), which in mango are sucrose,
fructose, and glucose (Silva et al., 2008).

Replacing destructive measurements commonly used in industry to
assess internal quality with non-destructive methods is necessary for
reducing commercial losses. Non-destructive assessments are also
needed to allow the analysis of increased numbers of fruit per batch to
better account for heterogeneity, and thus improve quality
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management. This alternative will also decrease the nutritional and
quality losses associated with processing or eating the fruit at non-
optimal ripening stages.

Visible and near-infrared spectroscopy (visNIRS) has been widely
used to predict physico-chemical properties of fresh produce (e.g. TSS,
dry matter content, acidity; Supplementary Table 1), and has been
shown to be effective in a wide range of fruit species, including mango.
VisNIRS has also allowed for the prediction of quality indices such as
maturity index, ripening index, and internal quality index (IQI; Equa-
tion 1). These indices incorporate several traits, such as firmness, shape,
dry matter content, TSS, acidity, and colour, into a single measure
(Cortés et al., 2016; Cortés, et al., 2017; Munera et al., 2017, 2019;
Gupta et al., 2021). Using a single, comprehensive measure, such as IQI,
simplifies the ripeness assessment.

There are, however, several drawbacks to visNIRS for the prediction
of quality attributes. VisNIRS models generally do not perform well on
fruit from different origins and seasons, when only trained on a single
harvest, due to high biological variability (Bobelyn et al., 2010; Run-
gpichayapichet et al., 2016). VisNIRS is also sensitive to changes in
temperature, predominantly due to the changes in OH and CH bonds in
biological materials (Golic et al., 2003).

Additionally, visNIRS gives information related to only a single
‘point” on the fruit (ranging ca. 2-20 mm diameter), as opposed to
hyperspectral imaging, which can give distinct measurements for each
pixel of the 2D image, typically covering most of the surface area of the
fruit (Walsh et al., 2020). This means that the physical and chemical
gradients that exist within the product are not well represented, or
require additional time and resources for repeated measures in each fruit
to be acquired in order to be more representative. Ripening in mango is
known to lead to heterogeneity within the pulp in attributes including
colour and biochemical composition (Thanaraj et al., 2009, Nordey
et al., 2014).

Laser Doppler vibrometry (LDV) measures the vibrations of an object
and can relate the resonant frequency (f) with the fruit texture. These
vibrations are recorded using an optical laser, giving a dynamic mea-
surement of texture as opposed to the quasi-static measurement given by
penetrometers (Landahl and Terry, 2020). LDV is intrinsically more
limited in what it can predict when compared to visNIRS, as it cannot
directly evaluate the biochemical properties of an object. However, as
texture is a highly important feature commercially, and is linked with
many biochemical changes during fruit ripening (Zaharah et al., 2012),
measuring firmness non-destructively remains incredibly valuable for
the fresh produce industry. LDV gives a global measurement, in contrast
with ‘point’ spectroscopy, which also is challenged by physiological
heterogeneity in the fruit, leading to non-homogenous results. Although
not previously used in mango, LDV has shown some promise in texture
prediction in other crop species including avocado, onion, kiwi, apple,
and persimmon (Muramatsu et al., 1999; Landahl and Terry, 2020,
2022). Since f is also impacted by shape and mass, the in-line imple-
mentation of this technique would require fruit to be graded before
being measured, which may limit the stages of the supply chain LDV can
be applied to. Similarly to visNIRS, temperature can affect the f mea-
surements, which may decrease sensitivity of in-field applications
(Funebo and Ohlsson, 1999). Additionally, using different cultivars may
reduce accuracy, if the shape of the whole fruit and/or the internal
structure (such as stone morphology) varies, similarly to the decrease in
accuracy observed in visNIRS models from biochemical variation. Other
impulse-response techniques (vibrometry) have been applied to mango
fruit (Padda et al., 2011; Wanitchang et al., 2011). Padda et al. (2011)
developed classification models that showed that acoustic measure-
ments of f performed worse than hand-squeezing followed by subjective
scoring for measuring firmness changes in mango.

This study aims to compare the efficacy of LDV and visNIRS as non-
destructive technologies for assessing mango ripening, in order to
contribute towards food loss reduction.
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2. Materials and methods
2.1. Fruit material details

Mango fruit (Mangifera indica), cultivars ‘Kent’ and ‘Keitt’, were
harvested following commercial practices, and transported to Cranfield
University, UK. Mangoes were sourced and transported from Peru, Brazil
and Dominican Republic, according to Table 1. After arrival at Cranfield
University, fruit from each origin were evenly distributed across three
sets of 260 L boxes (in triplicate; Chiltern Industrial Machining Services,
UK). Peruvian fruit was cold stored during transport (21 days, 9 + 1.5°
C), while the fruit from Brazil and the Dominican Republic were air-
freighted to the UK without temperature control and then cold stored
(21 days, 9 + 2° C) to mimic industry ripening conditions. After cold
storage, all fruit were kept at commercial ripening conditions (20 + 2° C
and > 85% relative humidity). Fruit were acclimatised to the ripening
conditions for 24 hours, before sampling every second day until past
consumer acceptability (firmness values of < 1.5 N in the inner pulp).
Storage times and conditions are outlined in Supplementary Figure 1. At
each sampling point, ten (Peru and Dominican Republic) or eight fruit
(Brazil) were removed from each 260 L ventilated box. Measurements
were taken in the following order; visNIRS, LDV, colour, firmness, and
TSS, followed by snap freezing in liquid nitrogen for subsequent
biochemical analysis.

2.2. Reference measurements

Flesh firmness, colour, TSS and individual sugar content, were
measured on mangoes at each timepoint from the equatorial region of
each fruit (Fig. 1). Firmness was measured for both the ‘inner’ (closer to
the stone) and ‘outer’ (closer to the skin) sections, to reflect physiolog-
ical gradients in ripening. Pulp individual and total sugar content, and
colour, were analysed in the ‘outer’ pulp, and TSS was analysed using
juice from both the ‘inner’ and ‘outer’ pulp combined. Fruit were kept at
20 + 2° C for a minimum of 24 h before measurement acquisition.
Descriptive statistics of the reference measurements are outlined in
Supplementary Table 2.

2.2.1. Firmness

Firmness was analysed according to Landahl and Terry (2020) with
slight modifications. A 4 mm flat head cylindrical probe was mounted
onto a Universal Testing Machine (68SC-05, Instron, UK) fitted with a
500 N load cell. The machine was programmed (Bluehill 2, v. 4.23,
Instron, UK) such that the probe indented the sample to a depth of 5 mm
with the crosshead speed at 120 mm min~!. Results were reported as
maximum load (Newtons, N).

2.2.2. Colour

Colour was analysed using ImageJ (v. 1.53 for Windows; National
Institutes of Health, USA) on images captured by a Lumenera Infinity 3
high-definition digital camera with charge-coupled device colour sensor
(Lumenera Corporation, Canada). Samples were photographed inside a
Photo-e-Box plus 1419 set at D65 (6500 K) under fluorescent light tubes
(back and sides) to provide consistent lighting. RGB values were
measured for areas of 3-6 mm? and converted to L*C*h colour space
(International Commission on Illumination, CIE) using standard RGB
conversion equations (Easy RGB, 2018), with lightness (L*), chroma
(C*), and hue angle (h°) reported.

2.2.3. Individual sugars and total soluble solids

Individual sugar extraction was based on Davis et al. (2007) with
modifications. Freeze dried and powdered fruit material (50 + 0.5 mg
dry matter [DM]) was extracted using methanol/water (62.5:37.5 v/v)
solution (1 mL). The mixture was heated to 55° C while shaking at
2000 rpm for 15 min (Eppendorf, Germany), before being passed
through a nylon syringe filter with pore size 0.2 pm (Agilent, UK).



C. O’Brien et al.

Table 1
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Fruit sourcing details. Two mango cultivars, ‘Kent’ and ‘Keitt’ were harvested between January and September 2021. Non-destructive analyses visible and near-
infrared spectroscopy (visNIRS) and laser Doppler vibrometry (LDV) were used to assess ripening.

Details of Origin Cultivar Number of fruit (total) Number of sampling points Harvest Date Arrival to the UK Non-destructive analyses
Parales, Peru ‘Kent’ 180 6 18 January 2021 16 February 2021 visNIRS and LDV

Bani, Dominican Republic ‘Keitt’ 150 5 12 June 2021 16 June 2021 LDV

Vale do Sao Francisco, Brazil ‘Kent’ 120 5 27 September 2021 08 October 2021 visNIRS

visNIRS measurements

4

1t

Fig. 1. Positions of destructive and non-destructive measurements taken in
mango. The ‘outer’ (1) pulp, closer to the skin (green), and ‘inner’ (2) pulp ,
closer to the stone (brown), had separate firmness measurements to reflect
gradients within the fruit. Pulp individual and total sugar content, and colour,
were analysed in the ‘outer’ pulp (1), and TSS was analysed using juice from
both the ‘inner’ and ‘outer’ pulp combined (1 and 2). The visNIR spectra were
acquired at the red arrows, and the impact for the LDV was delivered to the
same area.

Extracts were diluted 1:12 for pulp samples and 1:5 for skin samples,
with acetonitrile/water (50:50 v/v) before analysis. Individual sugars
were quantified using a High-Performance Liquid Chromatography
(HPLC) system (Agilent, UK) equipped with an evaporative light scat-
tering detector (1260 Infinity II, Agilent, UK). Extracts (20 pL) were
injected into a Shodex Asahipak polymer-based column 4.6 x250 mm,
10 nm particle size (Showa Denko America, Inc. part number NH2P-50
4E). HPLC grade water (A) and acetonitrile (B) were used as mobile
phases with a flow rate of 1 mL min~! programmed to the following
ratios: 0 min, 20% A and 80% B; 20 min, 50% A and 50% B; 23.5 min,
20% A and 80% B, and hold until 25 min (total run time). The identity
and abundance of glucose, sucrose, and fructose (individual sugars)
were determined by comparing to a calibration curve constructed from
Sigma-Aldrich authentic standards (UK), containing five points ranging
from 0.05 to 1.25 g L. Sugar concentrations were expressed as g kg™
DM. Sum of individual sugars (SIS) was taken to be the sum of the
concentrations of glucose, sucrose, and fructose (g kg*1 DM). The limit
of detection for fructose and sucrose was 0.01 g L™, and 0.02 g L™! for
glucose. The limits of quantification were 0.03, 0.05, and 0.02 g L™! for
fructose, glucose, and sucrose respectively.

Total soluble solids (TSS) were quantified using a digital refrac-
tometer (model PR-32a, ATAGO Ltd., Japan). Juice was extracted dur-
ing the firmness measurement from the same equatorial position.

2.2.4. Internal Quality Index

An internal quality index (IQI) was used to quantify ripeness in
mango, as developed by Cortés et al. (2016). To investigate differences
in results obtained using TSS and SIS, two versions of the IQI variable
were created one using TSS, and one using SIS (mg g~! DM; Eqs. 1 and
2).

IQlyss = In (100 @ Firmness e L* e h* ¢ TSS™' 0 C* ) M

IQI;s = In (100 @ Firmness e L* ¢ h* o SIS~ ¢ C* ) 2)

2.3. VisNIR spectral acquisition

VisNIRS reflectance measurements were taken according to Mag-
waza et al. (2012) with some adjustments. A LabSpec2500®
Near-Infrared Analyzer (350-2500 nm; LabSpec 2500®, Analytical
Spectral Devices Inc., USA) was coupled with two Peltier cooled InGaAs
detectors (1000 — 1800 nm and 1800 — 2500 nm) and one Si array (350 —
1000 nm), with a sampling interval of 1 nm. Fruit skin was placed in
direct contact with the fiberoptic cable, with in-built quartz-halogen
light source (Ocean Optics, USA) and using reflectance mode. The sys-
tem was calibrated using a Spectralon® Diffuse Reflectance Standard
before starting measurements, and after every 10 fruit measured. Two
points on the centre of each cheek, along the equator of the fruit (Fig. 1)
were analysed. These values were averaged to obtain a single mea-
surement per fruit.

2.4. LDV data acquisition

Laser Doppler vibrometry was used to record f, according to Landahl
and Terry (2020) with slight modifications. Each mango was rested on a
stiff sponge to stabilise the fruit, and an impact was delivered from a
nylon ball on a cable tie flail (self-fabricated). A single point laser
Doppler vibrometer (LV 700, Polytec UK Ltd., UK) recorded the mea-
surements. Impacts and measurements were done on the equator of each
cheek (Fig. 1). The laser light was directed at an approximately 90°
angle to the impact on the fruit. Four measurements were taken for each
fruit: two from the centre of each cheek. Resonant frequencies were
calculated using MATLABO (v2022b; MathWorks Inc., USA). A Fast
Fourier Transform (FFT) was performed, after a high pass filter was
applied (250 Hz). A moving window smoothing was applied, and the
frequencies at which the first peak occurred were recorded. The four
resonant frequencies per fruit were averaged to obtain a single value per
fruit.

2.5. Statistics

The f (as measured by LDV) was compared with the destructive
firmness values using Least Squares Regression Line (LSRL). The per-
formance of each model was evaluated using the coefficient of deter-
mination (R%) and the p-value. Both LSRL and Pearson’s correlation
coefficient were calculated using RO (version 4.2.0, R Foundation for
Statistical Computing, Austria). While no specific cut-offs for R? values
exist in terms of what could be implemented in-line or in-field, previous
work defined R? values of between 0.66 and 0.81 as capable of making
approximate qualitative predictions, and values above 0.82 and 0.91
capable of making good and excellent predictions, respectively. Values
between 0.50 and 0.65 should be capable of distinguishing high and low
values, while below 0.50 are not considered useable (Williams and So-
bering, 1993; Saeys et al., 2005).

All spectral analysis was carried out using Unscrambler© (v12.2,
AspenTech, Massachusetts, USA). Spectra were pre-processed, with the
highest R%s obtained by Savitzky-Golay (SG) smoothing, followed by
two iterations of multiplicative scatter correction (MSC), and then 1st
derivative (Savitzky and Golay, 1951; Windig et al., 2008; Supplemen-
tary Table 3). The dataset containing spectra from both origins was
divided randomly into two groups; 75% for the calibration set, and 25%
for the prediction set using the ‘Random’ function in Unscrambler
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(CAMO Analytics, 2006). Partial least squares regression (PLSR) with
leave one out calibration (LOOC) was used to predict each reference
variable. The performance of each PLSR model is reported using the
coefficient of determination for calibration (R2) values, and root mean
square error of calibration (RMSEC), while the predictive performances
are reported using the coefficient of determination of prediction (RJ),
the root mean square error of prediction (RMSEP), and the ratio of
prediction to deviation (RPD). The RPD was calculated according to
Equation 3, where SD is the standard deviation of the reference variable
in the prediction set (Williams and Sobering, 1993). Saeys et al. (2005)
classified RPD values as follows: < 1.5 is not useable, 1.5-2.0 can
distinguish between high and low values, 2.0-2.5 can give approximate
quantitative predictions, 2.5 — 3.0 is good, and > 3.0 is excellent.
Wavelengths were selected using Martens’ Uncertainty Test (CAMO
Analytics, 2006) of PLSR models in Unscrambler, based on the
jack-knifing principal. Additional validation of the wavelength selection
was carried out through Principal Component Regression (PCR) for
1QIgs, using the same wavelength selection methods.

RPD = SD/RMSEP 3)
3. Results
3.1. Predicting internal quality attributes using visNIRS

In skin tissue, the highest R? value was found for predicting glucose

content (R;Z: = 0.810), with poor predictions for other individual and
total sugars (R3 = 0.476, 0.508, and 0.521 for fructose, sucrose, and SIS,

Table 2
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respectively; Table 2, Supplementary Figure 2) using ‘Kent’ fruit from
Peru and the Dominican Republic. For the pulp, glucose again had the
highest R? value among the individual sugars (R% = 0.656) compared to
the others (Rlz) = 0.363-0.582). While the model for TSS had a similar R?
value to that obtained for pulp glucose (R = 0.639), TSS and SIS
correlated poorly in mangoes from both harvests (Pearson’s r = 0.456;
Fig. 2, Supplementary Table 4).

The firmness predictions were poor for both the inner and outer pulp
(R12: < 0.5; Table 2). Each of the predictions for colour (L*, C*, and h°)
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Fig. 2. Sum of the individual sugar content vs. total soluble solids of
mango pulp. Fruit from Peru (grey) and Brazil (black) do not show strong
correlation between total sum of the individual sugars (SIS) and TSS (%). SIS is
the sum of the glucose, sucrose, and fructose concentrations (g kg’1 DM).

Prediction models for mango quality attributes using visNIRS. The quality of the visNIRS models for variables including individual sugars, the sum of the in-
dividual sugars (SIS), total soluble solids (TSS), firmness, colour values (i.e. lightness [L*], chroma [C*], and hue angle [h°]), and the internal quality indices (IQIs) are
summarised using the coefficient of determination of calibration and prediction (R% and RZ, respectively), the root mean square errors of calibration and prediction

(RMSEC and RMSEP, respectively), and the ratio of prediction to deviation (RPD).

Variables Calibration Prediction

Variable Tissue Rc? RMSEC | Ry’ RMSEP RPD

Fructose Skin 0.691 14.460 0.476 19.002 | 1.392
Glucose Skin 0.889 7.968 0.810 9.990 | 2.312
Sucrose Skin 0.683 22.544 0.508 26.468 | 1.437
SIS Skin 0.687 40.069 0.521 47364 | 1.456
Fructose Outer Pulp 0.857 7.595 0.582 10.734 1.560
Glucose Outer Pulp 0.788 7911 0.656 10.304 1.718
Sucrose Outer Pulp 0.788 19.284 0.570 27.893 1.537
SIS Outer Pulp 0.685 20.554 0.363 29.635 | 1.263
TSS Pulp 0.751 1.027 0.639 1.126 | 1.676
Firmness Outer Pulp 0.723 4.768 0.479 5759 | 1.3%6
Firmness Inner Pulp 0.596 5.188 0.454 6.274 1.364
IL Outer Pulp 0.725 9.933 0.555 12.234 | 1.511
= Outer Pulp 0.728 12.431 0.603 16.404 | 1.599
h® Outer Pulp 0.737 5.600 0.408 7.790 | 1.309
1QIrss Outer Pulp 0.863 0.431 0.670 0.586 | 1.757
1QIsis Outer Pulp 0.902 0.375 0.729 0.532 | 1.937
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variables had low R? values (R% = 0.555, 0.603, and 0.408, respectively)
and low RPD values (RPD = 1.511, 1.599, 1.309).

The internal quality indices (IQItss and IQIgs) gave some of the
highest R3s (0.670 and 0.729 respectively; Table 2), each with accept-
able RPD values (1.757 and 1.937 respectively. Including SIS rather than
TSS in the calculation of IQI increased the R? and RPD values, and
decreased the RMSEP (Fig. 2).

The lowest RMSEP values were produced as a function of the vari-
ables IQIgs (0.532) IQItss (0.586), and TSS (1.126). These values were
similar to those found calculating the RMSEC for these variables (IQIgs
[0.375], IQItss [0.431], and TSS [1.0271), showing the reliability of the
PLSR calibration and prediction models developed.

3.2. Predicting firmness using LDV

The f of fruit from two cultivars, ‘Kent’ (Peru) and ‘Keitt’ (Dominican
Republic) was used to predict the firmness measured destructively in
both the inner and outer pulp (Table 3). All predictions using both
cultivars (‘Kent’ [Peru] and ‘Keitt’ [Dominican Republic]) had low R?
values, even without being divided into calibration and prediction sets
(R? < 0.35), as seen in Table 3. Marginal increases were seen when using
‘Keitt’ fruit only (R? = 0.477). The decrease in f through time was linear
(Pearson’s r = —0.65; Fig. 3A) while the destructive firmness mea-
surement showed an exponential decrease (Fig. 3B).

Table 3

The predictive ability of resonant frequency (f), as measured by LDV, for
the outer and inner pulp firmness (OP and IP, respectively) of mango fruit.
Predictive ability was quantified using least squares regression line (LSRL) with
the average of the four f measurements taken per fruit. To account for non-linear
relationships, the natural log (In) of the firmness value (for exponential func-
tions) or both the outer (OP) and inner pulp (IP) firmness and f (for power
functions) were compared.

Origin Cultivar Comparison R? p-
value
Both origins ‘Kent’ and OP firmness f 0.2698 <
‘Keitt’ 0.001
IP firmness f 0.2756 <
0.001
In(OP f 0.3358 <
firmness) 0.001
In(IP f 0.3025 <
firmness) 0.001
In(OP In 0.3436 <
firmness) 0.001
In(IP In 0.3043 <
firmness) (6)) 0.001
Peru ‘Kent’ OP firmness f 0.3088 <
0.001
IP firmness f 0.3713 <
0.001
In(OP f 0.2816 <
firmness) 0.001
In(IP f 0.3048 <
firmness) 0.001
In(OP In 0.2963 <
firmness) (6)) 0.001
In(IP In 0.3218 <
firmness) (6] 0.001
Dominican ‘Keitt’ OP firmness f 0.2446 <
Republic 0.001
IP firmness f 0.2099 <
0.001
In(OP f 0.4682 <
firmness) 0.001
In(IP f 0.4768 <
firmness) 0.001
In(OP In 0.4625 <
firmness) (63) 0.001
In(IP In 0.4764 <
firmness) (63) 0.001
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4. Discussion
4.1. Prediction performance of VisNIRS is better for TSS than SIS

Historically, most of the visNIRS ripening prediction models in
mango have used TSS as ‘Y’ variable because it was assumed to be a good
indicator of sugar content (Hahn and Hernandez, 2005; Blasco et al.,
2016; Corteés et al., 2016; Maraphum et al., 2022). However, our results
showed that TSS and SIS are not correlated in mango fruit from either
origin (Pearson’s r = 0.456; Fig. 4, Supplementary Table 4) suggesting
that TSS is a poor indicator for sugar content. This discrepancy is linked
to TSS measurements also including non-carbohydrates, such as proteins
and amino acids (Kusumiyati et al., 2020), which can vary indepen-
dently of individual sugars.

In our work, we compared predictions for TSS to individual and SIS
(the sum of the individual sugars glucose, sucrose, and fructose). While
the highest R2 value (0.810) was obtained for individual glucose pre-
diction in the skin, this is not a highly consumer-valued trait, as the skin
is not eaten. The prediction for glucose in the pulp (R} = 0.656) was
worse than for the skin, likely due to limited light reaching the pulp after
passing through the skin. By contrast, the predictions for the other in-
dividual sugars in the skin (sucrose and fructose), and in the pulp, as
well as SIS, were not useable. The model for predicting TSS performed
similarly to the one for pulp glucose prediction (R3 of 0.639), meaning it
was better predicted than most individual sugars, and the SIS of the
pulp. This result is similar to Delwiche et al. (2008), who found that in
mango, the NIR region better predicted TSS than any of the sugars
individually, or the SIS content (R? = 0.88 for TSS, and R? = 0.67 — 0.75
for individual sugars, and R> = 0.82 for the sum). An additional
consideration is the cost and time associated with quantifying individual
sugar content, which is considerably more expensive than measuring
TSS (Magwaza and Opara, 2015). Whether this increased cost would be
worthwhile will depend on many factors, including the amount of waste
produced within that stage of the supply chain, and the value of the end
product (where a higher value may be associated with some products, e.
g. fresh-cut mango, and lower costs for fruit used for juices and
smoothies).

4.2. Prediction performance for IQI/ripeness was improved by using SIS

Using IQI may better reflect ripeness than any one individual vari-
able, as IQI incorporates colour, firmness, and sweetness properties
(Cortés et al., 2016). When TSS and SIS were predicted as independent
variables, TSS had a higher R} and lower RMSEP compared to SIS.
However, when including TSS and SIS as sweetness indicators in IQI
calculations (Equations 1 and 2), IQIg;s had a higher R? and lower
RMSEP than IQItss. The R12> values obtained in this study for IQI pre-
diction (R% = 0.670-0.729) are lower than that developed by Cortés
etal. (2016; R§ = 0.879), but included fruit from two origins and harvest
seasons, which could reduce our model accuracy. However, including
multiple origins and harvest seasons truly represents the context that
would be experienced in real-world situations and increases robustness
against biological variation (Rungpichayapichet et al., 2016). These
results suggested that incorporating SIS, rather than TSS, could improve
the prediction of mango ripeness using visNIRS. This improvement is in
spite of the individual measurements (one value per fruit) taken for TSS,
and the mixed measurements taken for sugars (fruit were grouped
pooled into 10 [for Peru] and eight [for Brazil] and an average value
applied to each of the spectra in that group).

Using SIS, or individual sugars, over TSS in ripening prediction has
additional advantages. Individual sugars are signalling molecules, and
can impact the physiological changes during ripening (Duran-Soria
et al., 2020). For example, sucrose promotes colour change through
carotenoid accumulation (Télef et al., 2006, Iglesias et al., 2001).
Another potential benefit of using SIS over TSS is improving sweetness
prediction. Since the perceived fruit sweetness by consumers varies
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Fig. 3. Relationships between the resonant frequency (A) and destructively measured firmness (B). A: Linear correlation between resonant frequency,
measured by LDV, and ripening time in "Kent’ (blue) and ’Keitt’ (red) mangoes. Pearson’s correlation coefficient indicated a negative linear correlation, with r =
—0.65 and p < 0.001. B: Approximately exponential decreases are seen through time for both the inner (dashed) and outer (solid) pulp firmness in *Kent’ (blue) and
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Fig. 4. Predicted vs. measured values for internal quality index (IQI) attributes using visNIRS. Models were created using ‘Kent’ mangoes from Peru and the

Dominican Republic.

between glucose, sucrose, and fructose (Mouillot et al., 2019; Mosko-
witz, 1970), predicting these independently could allow relative
sweetness to be factored into future prediction models. However, since
current commercial practice for retailers is to use TSS to determine the
acceptability of fruit (Valente et al., 2011), the decision to move away
from TSS and prioritise actual sugar content would need to be made
jointly between producers and retailers to prevent unnecessary rejection
of acceptable quality produce and avoid waste.

4.3. Targeted wavelengths can increase cost-effectiveness

In this study, a large number of wavelengths and spectral regions
were covered: the visible (ca. 350 — 750 nm), NIR (ca. 750 — 1100 nm),
and short-wave infrared spectrum (ca. 1100 — 2500 nm). In order to
analyse this spectral range, several detectors are needed, and the data
analysis is computationally intensive. These requirements make the
commercial use of this method costly; therefore, to make implementa-
tion more affordable, it is common to identify the most important
wavelengths associated with each variable, and only analyse those
selected regions, both to reduce detector cost and the dimensionality of
the data to increase processing speed (Walsh et al., 2020; Cortés et al.,
2016). However, for predicting IQIg;s, when important wavelengths
were selected using the weighted regression coefficients, 41% of the
spectra contributed significantly to the model, which spanned the ma-
jority of the range used (382-2423 nm). The weighted regression co-
efficients for predicting IQIg;s and the selected important wavelengths
are shown in Supplementary Figure 3, A and C. A similar result was
obtained from using PCR, where a large proportion of the spectra were
selected using Marten’s Uncertainty Test (Supplementary Figure 3, B
and D). The use of alternative regression models (e.g. Multiple Linear
Regression) or machine learning methods, and alternative feature se-
lection methods (e.g. forward selection) might improve the overall

performance of the models and the wavelength selection process (Mis-
hra and Woltering, 2023; Mishra and Passos, 2021; Mishra and
Nikzad-Langerodi, 2020; Liu et al., 2008). However, it is also possible
that since IQI incorporates several variables (colour, SIS, and firmness)
the regions associated with each factor may not overlap, giving a larger
number of wavebands than expected for a single variable.

4.4. Predicting texture: a complex trait

A limitation of sound and vibration models is that they can only be
linked to textural properties, hence can struggle in predicting other
ripening-related traits including colour changes, and biochemical pro-
files. This constraint may limit estimates of ripeness when compared to
visNIRS. However, firmness is not only a highly consumer-valued and
commercially important trait, but associated to fruit ripening; therefore,
it is worthwhile to predict.

The prediction of firmness using visNIRS was poor (R§ < 0.5;
Table 2) for both the inner and outer pulp, but might be improved
through alternative regression methods, as previously achieved by
Mishra et al. (2020), and alternative pre-processing methods, as outlined
by Purwanto et al. (2015). Using interval PLSR, Mishra et al. (2020)
showed a 14% reduction in prediction error, indicating that different
data processing and analysis methods can be chosen to enhance the
performances of models for different variable predictions. The highest
R? value reported for firmness predicted by visNIRS is 0.99 (Watanawan
et al., 2014), but this model did not include fruit from more than one
region or harvest season, and compared the predicted TSS value from a
handheld NIR spectrometer to the penetrometer firmness (not directly
comparing the spectra to the firmness variable).

The LDV model for firmness produced similar results to that of vis-
NIRS, with R? values of < 0.5 in each case. This result indicated these
models are not useable. That said, the LDV model faced an additional
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challenge compared to the visNIRS, as they contained two cultivars
(‘Kent’ and ‘Keitt’), which may have been a factor in the lower model
performances (Rungpichayapichet et al., 2016). Higher R? results were
obtained using ‘Keitt’ fruit only, which may suggest that the structure of
the fruit might be more amenable for LDV analysis. This difference could
be due to there being less variability in shape within the ‘Keitt’ fruit —
either due to the grading process or genetic determination of shape. It
may also reflect differences in the morphology and connectivity between
the skin, pulp, and stone in each cultivar (Majumder et al., 2011).
However, when training the LDV models based on one cultivar, only a
small number of samples were available (n = 180 for ‘Kent’, and n = 150
for ‘Keitt’), which is likely also a limiting factor in the models’ accu-
racies. In addition to size and shape, moisture content of the fruit also
affects impulse response measurements (Funebo and Ohlsson, 1999),
which can vary across cultivars and harvest seasons (Anderson et al.,
2020). A drop in moisture content is measured as a softening of tissue
and could mask the ripening induced softening. The heterogenic pulp
firmness within each mango cheek provides an additional challenge for
LDV models. Previous work has shown that the less fleshy side of mango
fruit gave a higher firmness estimate, attributable to the increased
contribution from the seed to the overall measure (Al-Haq and
Sugiyama, 2004).

Penetrometers measure the force required to insert a probe of a
specific size into the pulp to a certain depth. The resonant frequencies
are the characteristic or natural vibrating frequencies of a body or a
system determined by the physical parameters of the vibrating object.
The f can be related to the stiffness (S) of a sphere through the following
equation (Landahl and Terry, 2020; Eq. 4):

S=f"x m?/3 4)

Interestingly, since the f decreases linearly with time, and the
destructive (quasi-static) firmness measurement decreased exponen-
tially, these results suggest that the destructive and vibrational methods
of assessing texture are quantifying distinct physiological characteris-
tics. Stiffness is proportional to elasticity; therefore, it is more related to
the resistance to a slight squeeze of tissue, rather than the break of the
tissue during compression. This result is supported by Subedi and Walsh
(2009), who found a similar disconnect between penetrometer firmness
and sound velocity. Texture, while heavily influenced by firmness and
elasticity, is a complex trait that is difficult to translate from consumer
experience into a quantitative value. Notably, Valente et al. (2009)
showed that visNIRS predictions of mango firmness were improved
when texture was measured using vibrations, rather than destructively.
Some of the highest reported R? values from the literature use f mea-
surements to measure firmness for visNIRS model creation (Kasim et al.,
2021; Mishra et al., 2020). However, since the retailers typically use
penetrometer firmness as their quality measure (Padda et al., 2011;
Valente et al., 2011), this could lead to rejection of fruit that have been
classified as acceptable by these models.

LDV has not been applied to measure firmness in mango previously,
but other vibrational techniques have been used to predict firmness with
varying levels of success (Padda et al., 2011; Subedi and Walsh, 2009;
Al-Haq and Sugiyama, 2004; Mizrach et al., 1999). Padda et al. (2011)
found that their acoustic measurements of f were outperformed by
hand-squeezing followed by subjective scoring for measuring firmness
changes in mango. Mizrach et al. (1999) reported an R? of 0.64 using the
passage of ultrasonic waves through mangoes, when predicting pene-
trometer firmness. They reported better results (R? = 0.67 - 0.87) for
predicting TSS, acidity, and storage time than penetrometer firmness,
further supporting that vibrational and penetrometer measurements
quantify distinct fruit characteristics. Other studies using acoustic
technologies on mango measured the sound velocity, rather than f,
which gave much higher R? values (0.8 — 0.989) when predicting
penetrometer firmness (Subedi and Walsh, 2009; Al-Haq and Sugiyama,
2004) than those obtained in this study. It is therefore possible that
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mangoes are better suited to the use of sound velocity, rather than
resonant frequency, as non-destructive methods of assessing firmness.
LDV models could also incorporate damping estimates; however,
these have been shown to not be valuable measures in highly visco-
elastic materials, such as avocado flesh, instead showing effectiveness
in predicting onion textural changes linked to pathological deterioration
(Landahl and Terry, 2020, 2022). Another alternative approach would
be to use LDV in tandem with another non-destructive technique (such
as visNIRS), to improve the performance of the prediction models.
Valente et al. (2009) used this sensor fusion approach with visNIRS and
an acoustic measure of stiffness in mango, but did not use predictions
reliable enough for use in industry (R> = 0.541). By contrast,
Wanitchang et al. (2011) used an acoustic measure in combination with
the visible spectrum, specific gravity, size, impact response, and sphe-
ricity of mango fruit to develop a model capable of classifying 95% of
fruit into the correct maturity class. However, the time and cost asso-
ciated with obtaining all of these measurements would be higher than
visNIRS alone, and the categories predicted refer to fruit developmental
stages (immature, mature, and overmature), rather than ripening pro-
gression. Zakaria et al. (2012) also used sensor fusion with an acoustic
sensor coupled to an electronic nose system to improve the classification
of mango into ripening stages. Neither of Zakaria et al. (2012),
Wanitchang et al. (2011), nor Valente et al. (2009) discussed predictions
using the acoustic measurements independently of the other measures,
and so results cannot be directly compared to those obtained in this
study. Since sensor fusion would come at an increased investment cost
and maintenance requirements, it is likely that improvements to the
optical visNIRS technique (through machine learning, additional spec-
tral pre-processing, and wavelength selection) would be a better in-
vestment than including an additional non-destructive technique for
mango ripeness prediction, depending on computational intensity.
However, as infrastructure and equipment availability evolve in the
global food chain, this may be a strong application in the future.

5. Conclusions

The non-destructive prediction of mango ripening characteristics
was evaluated by both visNIRS and LDV. The best prediction model for
mango ripeness was found using visNIRS to predict IQI, which includes
colour, sweetness, and firmness variables. The prediction of IQI was
improved by using SIS as a sweetness estimate, rather than TSS. This
improvement is in spite of the mostly poor predictions of individual
sugars in the pulp. This approach gives the added benefit of better
reflecting the consumer-valued ‘sweetness’ of a fruit, as SIS and TSS did
not correlate well. The IQIg;s model also included fruit from different
harvest seasons and origins, reflecting industry conditions. The pre-
dictions of firmness by LDV were poor for both cultivars investigated,
suggesting that it is not a viable alternative for measuring ripeness to
visNIRS. This result is likely due to the distinct characteristics quantified
by destructive methods (e.g. penetrometer and texturometer) and
vibrometry. An optimised handling of visNIRS data and the acceptance
of an IQI using SIS content has the potential to improve homogeneity
and reduce waste within the mango import, ripening, and fresh-cut in-
dustries. Further research into the relationship between vibrational at-
tributes (f and sound velocity) and consumer experience in mango fruit
may lead to improved quality assessments and reduced food waste.
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