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Visible/near infrared spectroscopy (Vis-NIRS) was used to monitor the yellow-fleshed kiwifruit (Actinidia chi-
nensis Planch ‘Jintao’) ripening on two selected orchards along 13 weeks, from pre-harvest to the late harvest.
Calibration models for several Internal Quality Attibutes (IQA) were built from the spectral data of 375 indi-
vidual kiwifruit. The analyzed IQA were L*, a* and b* from the CIELAB color space, hue angle, chroma, firmness,
dry matter (DM), soluble solids content (SSC), juice pH and titratable acidity (TA). Different pre-processing
methods were tested for the construction of PLS calibration models. SSC and Hue were the best performing
models with a correlation coefficient of 0.81 and 0.88, and root mean square error of prediction (RMSEP) of
1.27% and 1.95°, respectively. The interpretation of the models in terms of the known absorption bands and the
impact of signal to noise ratio (SNR) in them is discussed. The calibration models were used to perform average
predictions of the IQA on orchard subareas, for each day of the experiment. These average predictions were
compared with the IQA’s average reference values on the same subareas and days. The model’s metrics improved
significantly through the averaging procedure, with RMSEP = 0.26-0.36% and R? = 0.99 for SSC; and RMSEP =
0.42° - 0.56° and R? ~ 1 for Hue. Since orchard management is done essentially through averages and not in-
dividual values, this result reinforces the applicability of the NIR technology for follow-up of fruit ripening in the

tree.

1. Introduction

The assessment of the optimal harvest date (OHD) is fundamental for
the quality, fruit management, storage time and disease liability
(Berardinelli et al., 2019); if harvested too early, the fruit will not be able
to properly ripen during storage and will develop poor flavor; on the
other hand, if harvested too late, their storage ability will be reduced
(Liu et al., 2019). Therefore, an appropriate harvest date for climacteric
fruit ensures that the quality/flavor of fruit will be approved by the
consumers, who have become more concerned about health and nutri-
tional aspects. This is one of the reasons why kiwifruit is widely
appreciated, not only for its flavor, but also for its vitamin C content
(Beever et al., 1990), among other important nutritional characteristics.

Kiwifruit shows minor visual external changes, so that its appearance
does not give any information about its maturity degree (Liu et al.,
2019). For all kiwifruit species/cultivars, the major internal quality at-
tributes (IQA) to determine harvest date are the soluble solids content

(SSC), firmness and dry matter (DM). However, for the yellow-fleshed
kiwifruit varieties which are more aromatic and sweeter than the
green ones, and present a higher commercial value (Testolin and Fer-
guson, 2009), their unique flesh color has a major impact on the con-
sumer (Schaare and Fraser, 2000). For that reason, it is also important to
include the flesh Hue, to prevent still green-fleshed fruit to enter
shelf-life. In fact, yellow fleshed cultivars are harvested when the Hue
angle reaches the minimum of 103°, representing the flesh color changes
from green to yellow (Costa et al., 2010).

The measurement of these ripening parameters is usually performed
by fruit destructive methods, which are time consuming and do not
allow to follow the same fruit over time. Furthermore, to avoid fruit and
time waste, only a few samples are analyzed, which is not statistically
representative of the entire biological variability, leading to a deficient
harvest crop management (Cavaco et al., 2018).

The use of non-destructive methods for quality measurements plays
an important role when determining the fruit ripening stage, since it
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allows for extensive monitoring of fruit in all conditions. Visible/ near
infrared spectroscopy (Vis-NIRS) is a non-destructive, low-cost, flexible
and reliable method that can be used to analyze multiple fruit quality
attributes simultaneously (Nicolai et al., 2007; Cruz et al., 2021), and
has been the principal choice for commercial applications (Walsh et al.,
2020a). For completeness, it must be mentioned that other techniques
are also used to monitor IQA: for SSC, dielectric spectroscopy (Ragni
et al., 2012; Fazayeli et al., 2019), color and fluorescence imaging (Nie
et al., 2020); for firmness, non-contact laser air-puff method (McGlone
and Jordan, 2000), mechanical measurements (Ragni et al., 2010;
Blanke, 2013; Pourkhak et al., 2017), acoustic method (Javadi and
Nasiri, 2017) and dielectric spectroscopy (Ragni et al., 2012; Fazayeli
et al.,, 2019); and for pH by dielectric spectroscopy (Fazayeli et al.,
2019).

Regarding Vis-NIRS, there are already many published reports,
which differ essentially by the coverage of the various sources of IQA
variability. The IQA depend, in general, on the orchard, cultivar, year,
weather conditions, cultural practices, ripening stage, cold storage (if
used), shelf-life and even on the variability of fruit among trees and
within the same tree (Musacchi and Serra, 2018; Cavaco et al., 2021).
Therefore, it is important to mention and classify previous studies ac-
cording to the source of variability they cover. This will allow to position
this work relatively to the body of knowledge already produced in the
area.

First of all, some published works concentrate merely in demon-
strating the viability of Vis-NIRS to predict IQA. These studies use one
homogeneous batch from a single orchard or local market and tend to
deliver optimistic results due to the lack of variability in the dataset (Fu
et al., 2007; Tang et al., 2010a, 2010b; Moghimi et al., 2010; Zhu et al.,
2017; Benelli et al., 2021). A second group of publications still uses only
one orchard, but gathers more variability by measuring fruit in different
conditions, either by allowing some delay between the measurements or
by using different storage and/or shelf-life conditions. This was done by
Arazuri et al. (2005) and Shibang (2021). The work of Ciccoritti et al.
(2019) added another layer of variability, by sampling the fruit in two
successive years, while Guo et al. (2016) and Vieira et al. (2017) used
two different harvesting dates to include fruit in different ripening
stages.

Studying multiple orchards allows to include simultaneously several
sources of variability (soil, weather conditions, cultural practices). For
example, Lee et al. (2012) used data from three orchards and Sarkar
et al. (2020) from ten different orchards and four cultivars. More com-
plex datasets were obtained again by combining different orchard-
s/origins and shelf-life conditions (Li et al., 2018) and even cold storage
(McGlone et al., 2002; Lee et al., 2019; Guo et al., 2019). The study of Li
et al. (2017) used data from three seasons. Very complete datasets were
obtained by combining different orchards/origins and harvest times
with different: i) shelf-life conditions (Schaare and Fraser, 2000); ii)
storage conditions (McGlone et al., 2007); ¢) both shelf-life and storage
conditions (McGlone and Kawano, 1998; Chen and Han, 2012). A gen-
eral trend is that the broader is the range of variability included in the
model, the lower is its predictive model accuracy.

Chemometrics are essential to extract relevant information from fruit
spectral data that contain a large amount, complex and overlapping
bands (Moghimi et al., 2010; Li et al., 2019), aside from the instrumental
noise, scattering and ambient and other sources of variability that affect
the spectra (Malegori et al., 2017). Chemometrics methods such as
principal component analysis (PCA), principal component regression
(PCR), and partial least square (PLS) are widely performed to enhance
the calibration models’ performance related to fruit quality (Mishra
et al., 2021), being PLS the dominant technique used in relating fruit
spectra to attributes (Walsh et al., 2020b) and used in its basic form in
this work.

The objectives of this investigation were to simulate a real life situ-
ation of orchard monitoring, starting the measurement period as early,
as two months before harvest, to late-harvest and to predict the average
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IQA of a set of fruit (harvested on the same day) to test whether average
predictions could represent an improvement over individual ones and
allow for an efficient follow-up of ripening. The motivation for this is
that individual fruit IQA are not relevant for the management of an
orchard, particularly to make the decision of harvesting, which is done
by considering average values. Correspondingly, average predictions are
of more interest than individual fruit predictions. Another goal was the
construction of calibration models for ‘Jintao’, using data from two
different orchards and a very complete set of IQA: L*, a* and b* from the
CIELAB color space, hue angle, chroma, firmness, DM, SSC, juice pH and
TA.

2. Materials and methods
2.1. Fruit

Yellow-fleshed kiwifruit (Actinidia chinensis Planch ‘Jintao’) were
picked randomly from 25 tagged trees (one fruit/tree/sampling day) in
two commercial orchards, namely, orchard 1 (41°39'23.6" N, 8°18'21.6"
W, planted 2013) and orchard 2 (41°38'58.2" N, 8°18'26.0" W, planted
2014), located in Goaes - Amares (Braga), Portugal (Fig. S1 of Supple-
mentary Material). There is no distinction in edaphoclimatic or horti-
cultural practices among the two orchards, which are described in more
detail in the Supplementary Material.

Fruit sampling started two months before the commercial harvest
season and ended at least one week after it (7 or 8 samplings, August
2018 - November 2018). After harvested, their temperature were
determined with an infrared handheld digital thermometer EEM100
(Perel, Velleman, Belgium) and the Vis-NIR spectra acquired from each
fruit. Each sampling was always performed in both orchards on the same
day. Then, all fruit were shipped to the laboratory, where complemen-
tary standard destructive measurements were made in the next day. In
total, 375 kiwifruit were collected and evaluated (200 orchard 1 + 175
orchard 2). The flowchart for sampling and measurement procedures is
available in the Supplementary Material, Fig. S2.

2.2. Spectroscopy

The spectroscopy setup consisted of a Vis-NIR spectrometer USB4000
(Ocean Optics, USA), working in the range 345 - 1037 nm, a light source
LS-1-LL (Ocean Optics, USA) and a bifurcated fiber with an interactance
probe FCR-7UVIR400-2-BX/ME (Avantes, Holland). The probe works
by sending light from the source to the sample through six illumination
fibers and collecting the sample’s reflection by a 7th fiber, in the center
of the reflection probe, that is coupled to the spectrometer. The absolute
reference material was a disk of Spectralon white surface (WS-1, Ocean
Optics, USA), held at a constant height (0.47 mm) below the probe. The
fruit to measure were introduced into a cup. The lid of the cup had a hole
for the insertion of the probe and insured blocking of the sunlight during
the spectroscopic measurements. This setup is very similar to the one
described by Cavaco et al. (2018). The main difference was that three
spectra were acquired along the equatorial area of each kiwifruit, in
order to improve the measurements’ statistics.

2.3. Fruit quality attributes

The several IQA were measured following a sequence. First, a 1 mm
thick skin was removed at both opposite equatorial sides of kiwifruit for
measurements of pulp firmness by puncture with a texturometer (Cha-
tillon TCD200, Digital Force Gauge DFIS 50, John Chatillon & Sons, Inc.,
USA) using a cylinder probe of 8 mm at a depth of 7 mm and pulp color
with a Minolta Chroma Meter CR-300 (Minolta, Japan) using the CIE
L*a*b* space. The hue angle color (h°) was calculated by the equation
h' = arctan(b * /ax) and chroma by Cx = (a*2 + b*2)!/2 (McGuire, 1992).
Then, 3 mm thick kiwifruit equatorial slices (1 per fruit) were cut,
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weighed and then dried at 105 °C until constant weight for determina-
tion of DM, expressed as percentage of dry weight relatively to fresh
weight (%). The remaining of the kiwifruit were peeled and squeezed.
The juice filtered by a cotton cloth was used for the measurements of
SSC, pH and titratable acidity (TA). SSC was determined by using a
digital refractometer HI 96801 (Hanna Instruments, USA) and expressed
as %. With a TitroLine 6000 (SI Analytics, Germany), juice pH and Total
TA, expressed as mass percentage of citric acid per 100 mL juice (%),
were determined using 2 mL kiwifruit juice diluted with 8 mL distilled
water titrated with 0,1 N NaOH until a pH of 8.2.

2.4. Data analysis

The descriptive statistical analysis of the IQA was performed in IBM
SPSS Statistics 27 (IBM Corp., Armonk, NY, USA). The nonparametric
multivariate Kruskal-Wallis (MKW) test was used to compare the
dependent variables in each orchard. The effects of orchard and date on
each of the quality parameters were tested by a full factorial MANOVA
(type III) and further multi-comparisons among variables were per-
formed by the Bonferroni test for a significance level of p < 0.05. (Oja,
2010).

The multivariate data analysis were performed in MATLAB R2019a,
version 9.6 (The MathWorks, Inc., Natick, MA, USA). The PLS1 regres-
sion was calculated through the NIPALS algorithm, available, for
example, in Andersson (2009). The Savitzky-Golay filter (Savitzky and
Golay, 1964) was implemented through the function savgol of the PLS
Toolbox (PLS Toolbox, version 8.7, Eigenvector Research, Inc., Manson,
WA, USA). The VIP scores were calculated as explained in Farres et al.
(2015).

2.5. Spectroscopic signal to noise ratio

The signal-to-noise ratio (SNR) calculation was performed on R, the
reflectance matrix. Each line of R is a spectrum R{(4) (i=1, ..., M
= number of fruit). The following steps were taken: 1) Smoothing of
each line of R by a Savitzky-Golay filter (denoted SG(width, order)) of 81
points and second polynomial order, S;(1) = SG(R;(1), 81, 2). 2) Calcu-
lation of the squared fluctuations (around the baseline) for each spec-
trum: F2(1) = (Ri(2) — S; (1))%. 3) The noise level at each wavelength was
calculated by assuming that the fluctuations on the 40 closest neighbors
are equivalent to those that would be observed in 40 repetitions at the

same wavelength (time fluctuations) as n;(1) = /SG(F?(2),41,0). 4)
SNR for each spectrum was calculated by SNR;(4) = Si(4)/n;(1). 5) The
final noise figure was calculated from the average of all fruit: SNR(1)

— YUSNR()/M.

2.5.1. Pre-processing

Pre-processing included three different procedures: elimination of
hot pixels, transformations and elimination of outliers. Hot pixels were
identified visually and their counts substituted by the mean value of the
two adjacent pixels. The transformations of spectra used were absor-
bance (log(1/R)), standard normal variate transformation (SNV) (Barnes
et al.,, 1989) and the Savitzky-Golay filter (Savitzky and Golay, 1964),
either for smoothing or derivation (first and second derivatives). Com-
binations of these transformations were also performed. The spectral
range was also tested, from the full spectrometer range, 345 - 1037 nm,
to subranges obtained by varying systematically the upper and lower
limits. Outlier samples were detected and rejected. Three types of out-
liers were considered: i) when the norm of the transformed spectra di-
verges from the average norm more than 3 standard deviations (3¢
outliers); ii) 3¢ outliers in the PLS scores of the calibration samples; iii)
30 outliers in the PLS projected scores of the validation samples.

2.5.2. Calibration models
Calibration models were obtained for the following IQA: L*, a* and
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b* from the CIELAB color space, hue angle, chroma, firmness (N), dry
matter % (W/W), soluble solids content (%), juice pH and titratable
acidity (%). Data modeling was performed in two ways. The first
approach was the usual development of calibration models for the
various IQA and subsequent validation on independent individual fruit.
The second approach was to use those models to perform the prediction
of average IQA for each orchard and each day.

Partial Least Squares (PLS) models were obtained using all data from
both orchards and from all measurement days. Data from each orchard
was divided in 2 subsets according to the number of the tagged tree
(trees 1-12 assigned to the first subset and trees 13-25 to the second
subset). The whole data was subjected to a 4 x 5-fold double (or nested)
cross validation (CV). The pseudo-code described in Filzmoser et al.
(2009) has been implemented, except that there was no repetition (a
single run was performed).

e Each segment (i = 1, 2, 3, 4) is taken at a time as test set, and the
remaining three aggregated as calibration set (outer loop).

e CV is performed in each calibration set i. First, it is divided in 5 splits
(Venetian blinds, in this work). Then, each split (j =1, 2, 3, 4, 5) is
taken at a time as validation set and the remaining four are aggre-
gated as training set (inner loop). The optimal number of latent
variables, nLV,,(i) is obtained and the corresponding PLS model
built from the entire calibration set i.

e The i-th PLS model is applied to the i-th test set.

o A global statistic is calculated from the four test sets.

The nomenclature is taken from Filzmoser et al. (2009): calibra-
tion/test sets for the outer loop, training/validation sets for the inner
loop. A graphical illustration is presented in Supplementary Material,
Fig. S3. The performance of the models was characterized by the pa-
rameters (Nicolai et al., 2007): root mean square of error in prediction
(RMSEP), the squared correlation coefficient (Rz), the standard devia-
tion ratio (SDR), the bias and the slope. For completeness, the definitions
are provided in the Supplementary Material.

The average and standard deviation of the reference IQA values and
their corresponding predictions were calculated for each day and or-
chard, resulting in a dataset of 8(7) pairs of values (average prediction,
average reference value) for orchard 1(2). The prediction statistics were
calculated from these pairs of values, specifically, RMSEP, R?, bias and
SDR. Furthermore, the average predictions were compared with the
average reference measurements through a t-test.

3. Results and discussion

3.1. Temporal evolution of the average spectra and its relation with tissue
structure

The time evolution of the spectra has a similar coarse pattern
(Figs. 1A and B). The first three days have higher NIR plateaus, in the
range 50-70%, while the last days have diminished plateaus, in the level
35-50%. One of the main factors explaining the variation in the pla-
teaus’ height is the fruit firmness. It is usually assumed that flesh firm-
ness is diretly related with the scattering coefficient and that higher
firmness implies more backscattering and a higher level of reflectance.
There is indeed a loose relation between the plateau height (measured
by the representative wavelength of 842 nm) and the firmness (Fig. 1D),
observed as a global trend of increase in reflectance with firmness, but
with a large variability superimposed. This means that there are more
factors needed to explain the height of the reflectance plateau than the
firmness alone.

In the context of ripening follow-up it is important to understand the
causes of the decrease in the NIR plateau, since it signals an internal
change in fruit. However, the relationship between the reflectance
spectra and the fundamental structural and mechanical properties (such
as firmness) of plant material (Cen et al., 2013) is not well established,
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Fig. 1. (A and B) Daily average of Vis-NIR kiwifruit reflectance spectra acquired along time, for orchards 1 and 2, respectively. The numbers above the NIR plateaus
indicate the days after full bloom (DAFB). The lines in A represent the nominal positions of the main absorption bands, identified by the overtone (n indicates the (n-
1)-th overtone) and the type of oscillation (v for stretching and § for bending). C) Spectrometer signal-to-noise ratio (SNR) as a function of wavelength. D) Relation
between the reflectance at 842 nm, R@842 nm, and the firmness for orchard 1 (A) and orchard 2 (B). The numbers represent the measurement day, the horizontal
bars represent the standard deviation of R@842 nm and the vertical bars represent the standard deviation of firmness.

since light interaction with turbid biological materials is a complicated
phenomenon, involving both absorption and scattering (Qin and Lu,
2008), whose effects can not be separated (Cen et al., 2013). Light ab-
sorption is related to tissue’s chemical composition, while scattering is
influenced by physical and structural properties, such as firmness and
cell size (Cen et al., 2013; Cheng et al., 2019). However, the height of the
reflectance plateau can not be taken as a direct measure of firmness,
since the scattering effect it represents is always coupled with the ab-
sorption effect.

Summarizing, i) there was an average trend of decrease in the NIR
plateau accompanying the ripening process, but ii) there was a large
variability in that trend, which means that the relationship between
firmness and the NIR plateau is not simple Table 1.

3.2. Spectroscopic signal to noise ratio

SNR drops below 500 nm and above 950 nm (Fig. 1C). This is due to
the quantum efficiency of the detector, but it is further shaped by the
absorption of pigments, specifically below 450 nm and around 680 nm.

Table 1
Global descriptive statistics of the Internal Quality Attributes (IQA) in the two
orchards.

The two valleys at 640 and 680 nm correspond to the red absorption
peaks of chlorophyll b and a, respectively. These valleys are not clearly
identified in the reflectance curves, suggesting that SNR analysis may
provide a way to increase the spectral resolution. The water peak around
960 nm falls partly outside the ideal range, that should thus be
approximately 500-950 nm, which compromised its usefulness for
model calibration. The construction of calibration models employed the
whole spectroscopic available range and the systematic test of sub-
ranges. The selection of optimal ranges coincided, in most cases, with
the spectral range insuring SNR> 200 (Table 2), suggesting that the SNR
criteria may even have precedence over the information criteria for the
construction of models. The DM model is a clear demonstration of this
fact, since it excludes the water band.

3.3. IQA temporal evolution

The initial averages of SSC, Hue and firmness for orchard 1 were
respectively 4.5%, 117.3 "Hue and 64.5 N, while their final values were
11.5%, 104.5 "Hue and 34.8 N. For orchard 2 the corresponding values
were 11.5%, 104.5 "Hue and 34.8 N in the beginning and 12.4%, 100.3
‘Hue and 35.8 N in the end (Table S7 and Figs. S4-S7 in Supplementary

Table 2
Summary of principal results obtained in the PLS models for each quality

Orchard 1 Orchard 2 attribute.

1QA mean =+ std max min mean =+ std max min IQA RMSEP R? SDR Bias Slope Range Preproc
SSC 6.9+ 3.1 17.3 3.5 7.0+ 3.0 16.2 3.7 SSC 1.27 0.81 2.31 -0.10 0.80 675-895 SNV
Firmness 53.6 + 14.6 84.3 1.7 57.7 £16.3 91.9 2.2 Firmness 9.47 0.57 1.5 0.81 0.56 635-870 SNV

Dry matter 14.1 +£2.0 19.4 9.6 14.5+ 2.0 18.7 10.3 Dry matter 1.19 0.65 1.69 0.03 0.68 595-931 SNV

TA 1.18 £ 0.12 1.66 0.88 1.07 £0.13 1.44 0.50 TA 0.12 0.19 1.13 0.00 0.24 809-883 SNV

pH 3.22+0.19 3.78 2.78 3.14 £ 0.14 3.60 2.85 pH 0.12 0.45 1.34 0.00 0.50 470-948 SNV

L 62.8 £ 4.2 74.5 48.4 64.7 £ 4.1 74.0 53.0 L 2.84 0.48 1.38 0.11 0.52 470-840 SNV

a* —13.3+34 -3.8 -17.7 —12.4+38 -4.7 -17.5 a* 1.35 0.85 2.60 -0.05 0.86 660-948 SNV

b* —31.9+22 39.5 23.3 32.7 +£23 39.9 26.1 b* 1.64 0.32 1.21 0.13 0.33 470-660 SG+ SNV
Hue 112.5+5.2 118.0 96.7 110.7 £ 6.3 118.0 97.9 Hue 1.95 0.88 2.92 0.15 0.86 660-959 SNV
Chroma 34.7 £ 2.6 40.9 23.9 35.2+22 40.5 27.7 Chroma 1.71 0.27 1.17 0.09 0.31 486-660 SG+ SNV
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Material).

The Hue values showed an initial plateau but, as expected, they
decreased along time, for both orchards. Relatively to the inter-orchard
comparison, the values for orchard 2 were always lower than those for
orchard 1, with the exception of first date. In fact, the kiwifruit from
orchard 2 became yellow-fleshed sooner and reached the color criteria
needed for the harvest 160 DAFB (Table S7). Usually, kiwifruit are
harvested after reaching, on average, minimum values of 6.5% SSC and
flesh hue angle 103°. The Hue histograms (Fig. S4, B and C) show a
dominant bar around 115°, corresponding to the initial plateau
encompassing the first three data acquisitions (91, 104 and 118 DAFB).

Firmness showed also an initial plateau (91, 104, 118 and 132 DAFB)
and then decreased for both orchards. Firmness was higher in orchard 2
in three of the four first acquisition days (91, 104 and 118 DAFB). In the
end, the firmness values from the two orchards were equal. Overall,
orchard 1 ripened progressively throughout time, while orchard 2 was
more irregular. There was also a clear peak in the histograms, around
60 N, linked to the same initial plateau mentioned above (Fig. S5, B and
Q).

The temporal evolution of SSC showed also an initial plateau, cor-
responding to that of firmness (91,104, 118 and 132 DAFB), but is more
flat. In this plateau the SSC values were very similar in both orchards
and around 5%. This explains why the SSC histograms (Fig. S6, B and C)
are the more asymmetrical of the four IQA’s analyzed, with huge peaks
at 5%. After the 5% plateau, on the fifth acquisition date (146 DAFB),
the SSC rise very fast, although much more intensely on orchard 2
(average values on 146 DAFB > 8%) than in orchard 1 (average < 6%).
Overall, orchard 1 had a more smooth evolution curve, as was also the
case in firmness. As in Hue, orchard 2 reached sooner the stipulated SSC
to be harvested and stored.

Contrary to the other three IQA, DM did not show an initial plateau.
DM values increased from the first date onward. This is a direct result of
fruit growth and development, which comprise the enlargement of many
pulp tissues, such as cell expansion, cell wall thickening and starch
accumulation (Schroder and Atkinson, 2006). Without the initial
plateau found in the other IQA, the DM histograms (Fig. S7, B and C)
bear more resemblance with a normal distribution than the previous
ones. DM is also the only IQA showing a tendency to peak before the end
of observations.
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Despite the two orchards were on the same region with similar cul-
tural practices, their specific location seem to affect the fruit ripening
(Cavaco et al., 2021). In fact, the orchard 2 harvest started 167 DAFB,
while in orchard 1 it was initiated one week later. The different timings
exhibited by them demonstrate the importance of assessing the major
ripening attributes of ‘Jintao’ kiwifruit along time and in each orchard,
to establish more precisely the optimal harvest date at each site and
therefore provide fruit with better quality to consumers.

3.4. Calibration models for the IQA

3.4.1. SSC

A previous remark valid for all the IQA calibration models is that
their wavelength ranges were always shortened relatively to the full
range available, either in the lower and in upper values. The main reason
to eliminate the upper wavelength region is the noise due to low
quantum efficiency of the detector and corresponding low SNR (espe-
cially above 950 nm). The main reason for the elimination of lower
wavelength regions is that the chlorophyll dominated band is not always
useful as a predictor for other attributes.

The model SSC model delivers good performance in the context of
Vis-NIRS in fruit (Fig. 2A and Table 2). However, a closer inspection
reveals that the predictions saturate around 12% SSC. This does not
correspond to the upper range of the SSC values, since the reference
measurements include fruit up to 16% SSC. But the model predictions
breaks in the upper SSC range (12-16%) because of the small number of
fruit in this range (cf. Fig. S6, B-C). This is particularly clear for the test
set #3 (circles). The descriptive statistics of the four test sets may be read
from Table S2 in the Supplementary Material. Test set #3 has a
maximum SSC of 16.2%, which exceeds by more than 1% the maximum
value in calibration (15.1%). Therefore, the larger deviations from the
measured values in Fig. 2A are observed mainly in the circles.

With RMSEP = 1.27%, the current results are within the same order
of magnitude of those from Benelli et al. (2021) [0.73-1.10%], Clark
et al. (2004) [0.76-0.92% in IV], Guo et al. (2019) [0.9%], Lee et al.
(2019) [1.38-1.58%], Li et al. (2017) [0.66-1.02%], McGlone and
Kawano (1998) [0.47-0.96% in EV], Sarkar et al. (2020) [1.0-2.1%]
and Vieira et al. (2017) [1.0%].

The VIP scores (Fig. 2B) indicate that the SSC model is relying mostly
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Fig. 2. A: measured versus predicted values for kiwifruit SSC. Each symbol corresponds to one test set. The green shadowed band has a half-width equal to the
standard deviation of SSC. B: average VIP scores of the four models. The shadowed area corresponds to VIP > 1 and the white circles to the nominal position of the

spectroscopic bands indicated.
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on the chlorophyll band and on the third overtone of CH and CHj
stretching, usually assigned to 910 — 930 nm. These three VIP bands
illustrate the three main sources of information for the calibration
models in Vis-NIRS. The chlorophyll band around 680 — 690 nm repre-
sents an indirect source of information. Indeed, chlorophyll degradation
and SSC are inversely related along ripening. Thus, chlorophyll content
is a proxy for SSC but not a direct measure of it. But the 4v(C-H) and 4v
(CHy) bands are direct sources of information, since they relate directly
with the concentration of organic molecules and may reflect changes in
the sugar content. An interesting detail is the peak associated with the
band 4v(0O-H). It is below the level VIP= 1, but still is recognized by the
model as locally relevant.

SSC models are the most frequent in the literature and therefore their
discussion covers most of the relevant comments for comparison be-
tween published results and associated methods. A mandatory precau-
tionary note is that there are no SSC models for ‘Jintao’, except that of
(Vieira et al., 2017) [although there is extensive experience with the
Kiwi Meter (Rocchi et al., 2016), it does not provide directly SSC]. Of
course, the results obtained in other kiwifruit cultivars are relevant for
the comparison. And it turns out that the results of SSC model developed
this work are inferior to most the results published in the literature.

The global panorama of the published models may be understood by
two main factors: i) the quality of the equipment, which translates in
SNR values across some wavelength range; ii) the fruit variability
covered in the dataset (different orchards or sources, harvesting periods,
shelf-life and storage conditions). And there is a third, transversal factor
to explain the performance parameters, which is the use of a proper
external validation (EV). In the following paragraphs these factors are
discussed, together with other secondary features that may add addi-
tional insight into the results. Results from other authors are quoted in
the text and are available in the Supplementary Materials, in
Tables S5-S6, for ease of comparison.

The large majority of the published studies use internal validation
(IV), which used an homogeneous splitting of the entire dataset as
calibration and validation, while in EV, calibration and validation are
heterogeneous datasets, obtained, for example, from different orchards
or years. EV is more demanding than IV and therefore, a degradation of
the results is expected when going from IV to EV. Examples of that
difficulty may be found in McGlone and Kawano (1998) [RMSEP ~ 0.4%
in IV vs. RMSEP ~ 0.5 - 1% in EV]; in Clark et al. (2004) [RMSEP ~ 0.8 —
0.9% in IV vs. RMSEP ~ 1.4% in EV] and Li et al. (2018) [RMSEP ~
0.8%]. Taking into account that the present work used IV, the SSC model
performance (RMSEP = 1.27%) resembles more that of EV results. The
4 x 5-fold double cross validation method used here increased RMSEP
only by 0.1% relatively to the standard IV (results not shown), so that
other factors should explain the large RMSEP obtained.

There is a clear trend in the published reports: the more homoge-
neous the dataset, the better the predictions for SSC. For example,
Moghimi et al. (2010) [RMSEP = 0.32%], Zhu et al. (2017) [RMSEP
= 0.4%] or Shibang (2021) [RMSEP = 0.36%] use only one sour-
ce/orchard and limited size datasets. Adding more variability by
measuring fruit in different conditions, either by allowing some delay
between the measurements or by using different storage and/or
shelf-life conditions, usually tends to increase RMSEP. For example,
Arazuri et al. (2005) included five different conditions in shel-life and
obtained RMSEP ~ 0.7% (average of results in that paper). Guo et al.
(2016) acquired two lots separated two weeks and measured the fruit in
several days, along ripening, obtaining RMSEP ~ 0.6 — 1.0%. Models
with several orchards tend to deliver the higher (and more realistic)
RMSEP values. For example, Clark et al. (2004), with 20 orchards ob-
tained RMSEP ~ 0.8 — 0.9% (in IV); Li et al. (2017), with 50 orchards
obtained RMSEP ~ 0.7 — 1.0%; Lee et al. (2019), with 3 orchards ob-
tained RMSEP ~ 1.4 — 1.6%: and Sarkar et al. (2020), with 10 orchards
obtained RMSEP ~ 1.0 - 2.1%.

The present work adds a new source of variability to the data. For the
first time, the data includes measurements from the early pre-harvest. In
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the previous studies the variability is obtained by collecting the fruit
some weeks before or after the harvest (commercial season) or by
changing postharvest conditions. In this work, the variability is obtained
from the very ripening process, along a period of 12 (orchard 2) or 13
weeks (orchard 1). Therefore, the data sets were very heterogeneous,
including fruit in very different developmental stages. This means very
different chemical and structural compositions mixed in the same data
set. For example, the proportion of starch and sugars is very different at
harvest and 10 weeks before, which represents an additional difficulty
for retrieving information from the C-H bands. And the cellular struc-
ture also changes considerably in that period, introducing more vari-
ability in the scattering effects. These factors necessarily sum up to
degrade the calibration models’ performance obtained in this work
when compared to others developed more homogeneous samples.

The spectrometer used in this work is noise limited above 950 nm,
due to very poor SNR (Fig. 1C). For this reason, important bands might
be not included in the models. For example, the water band at 960 nm,
3v(0-H), should have an indirect, but important role in the SSC model
(since more solubilized solids mean less absolute quantity of water per
juice unit volume). However, the best model for SSC did not include it,
probably because of low SNR in that band. Therefore, low SNR in the
water band may degrade the model predictions and this applies to all the
models developed in this work.

3.4.2. Colorimetric parameters

The Hue pulp calibration model also delivers good performance
(Fig. 3A and Table 2). There is an agglomeration of points in the upper
part of the plot because the majority of the fruit had Hue above 110°.
However, a good linearity was maintained for the lower values of Hue.

There are not many reports on the prediction of Hue. Clark et al.
(2004) obtained RMSEP = 0.85-1.37° in IV and 1.11° in EV, McGlone
et al. (2007) obtained RMSEP = 0.98-1.05° and Schaare and Fraser
(2000) obtained RMSEP = 1.63°. Again, the present results are inferior
to the published ones, although similar to last one. A likely reason for
that is the best SNR provided by the spectrometer employed by these
authors, which allowed them to use lower wavelengths (Table S5).

The VIP scores plot has a prominent peak at about 660 nm (Fig. 3B),
which may be assigned to the red peak of Chl b. Generally, there is a
preponderance of the chlorophylls, a and b, in the model. Their impor-
tance is twofold: on one side there is an indirect correlation, since the
chlorophyll content decreases simultaneously with Hue along ripening.
On the other side, there is a direct correlation with the red color and thus
with Hue. As in the SSC model, there are two more bands with VIP > 1,
and they are the same: 4v (O-H) and 4v (C-H). These can not be a direct
source of color information, since they are out of the visible. So, they are
conveying indirect information, since the water and organic molecules
content change along ripening.

Hue is a colorimetric parameter that changes approximately from
around 120° (light green) to 100° (yellow-green) along the ripening
process. Therefore, it would be expectable to have the best calibration
model defined in the visible range or, at least, including green and
yellow. However, this was not observed. Including the wavelength range
below 660 nm (red) degraded the model. Part of the explanation is that
the spectral range below 500 nm in the higher noise regime (Fig. 1C).
Thus, the spectral band 400-500 nm is not included in the model.
However, this does not explain why the band 500-660 nm is also
rejected. This is probably due to the fact that absorption in that range is
largely determined by carotenoid content, which changes much less
than chlorophyll along ripening. Therefore the later relates much better
than the former with changes in pulp color.

Skin color necessarily interferes with the pulp color measurement,
since light must cross the skin twice, along the path between the light
injection fiber and the light collection fibers. Furthermore, in the
reflectance mode there are additional photons scattered by the skin,
which are devoid of information from the pulp. As mentioned above, the
interactance probe used in this work may have collected such photons
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with corresponding degradation of the results. On the other side, the
near infrared part of the spectrum is less contaminated by the skin ab-
sorption because its pigments absorb essentially in the visible, and this
explains why the calibration model includes the infrared.

Relatively to the other colorimetric parameters models, only a* de-
livers good performance (Table 2). Its VIP scores plot (not shown) reveal
that the fundamental source of information is the chlorophyll band, with
a minor contribution from the 4v (C-H) band. This is in agreement with
the fact that the a* measures the green to red transition and is intimately
related with the chlorophyll content.

The performance of the remaining colorimetric parameters — L*, b*
and Chroma - are all poor, with SDR < 1.4 for all the three cases. The
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poor performance of the b* model results from the difficulty in
retrieving reliable information on the blue, as mentioned above. The
average reflectance in the blue, although low, seems enough for the
purpose of building models (Figs. 1A-B). However, SNR is very low in
the blue (Fig. 2C) yielding a poor quality signal in that range and
consequently a poor model. This finding highlights again the crucial role
of SNR for obtaining good models. The difficulties found in the L* and
Chroma models result from the original problems in the determination
of b*, since the correct calculation of L* and Chroma depends on the
correct estimate of b*.
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3.4.3. Dry matter

The performance of the DM model is fair (Table 2). This means that
coarse separation of fruit is possible, in high and low values. The com-
parison with the literature results is the most unfavorable of all the IQA.
Published results for DM include RMSEP= 0.33% (Ciccoritti et al.,
2019), 0.44-0.50% in IV and 0.54% in EV (Clark et al., 2004), 0.77%
(Kim et al., 2018), 0.36-0.44% in IV and 0.47-0.69% in EV (McGlone
and Kawano, 1998), 0.29% (McGlone et al., 2002), 0.24-0.40%
(McGlone et al., 2007), 0.53-0.59% (Tang et al., 2010b), 0.41-0.57%
(Tang et al., 2010a) and 0.73% (Vieira et al., 2017).

The results displayed in Table 2 are from the best models. For DM,
the upper wavelength range is 931 nm, which excludes the main water
peak. However, the result displayed in Fig. 4 shows another, sub-optimal
model, that includes the water band. The reason to illustrate two
different models is to discuss the role of the 3v(O-H) absorption band,
located near 960 nm. This is the main feature related to water content
and yet the best model for DM (Table 2) did not include it. On the other
side, the sub-optimal model of Fig. 4 includes the water band, which
takes the prominent role, as observed in the VIP scores plot. Spectrom-
eter noise is again the most likely explanation for the absence of the
water peak in the best model, since the band at 960 — 980 nm is already
in the higher noise regime (Fig. 1C). Since the changes in DM content are
of the order of few percent (Table S7), a level of SNR below 200
(observed in the water band) makes a real difference in terms of nu-
merical reliability. This is an extreme example of the importance of SNR,
since the most important source of information was excluded due to the
noise affecting it.

3.4.4. TA

The model for TA has poor to zero performance. With R = 0.19,
RMSEP= 0.12% and SDR= 1.1 it has an almost null predictive power
(Table 2). It is interesting that the model of Vieira et al. (2017) predicted
slightly better (R?> = 0.52, RMSEP= 0.25% and SDR = 1.4), probably
because it included wavelengths up to 1147 nm. The spectral range
seems decisive here. Using an upper range of 2500 nm, Ciccoritti et al.
(2019) and Lee et al. (2012) obtained R* > 0.9.

3.4.5. pH

The same comments of TA apply to pH, although the pH results are
slightly better (R> = 0.45, RMSEP= 0.12 and SDR= 1.3). These are
clearly worse than the two references available. Moghimi et al. (2010)
obtained R? = 0.94, RMSEP= 0.076 and SDR= 2.6 in the range 400 —
1000 nm, while Zhu et al. (2017) obtained R’ = 0.91, RMSEP= 0.015
and SDR= 2.6 in the range 951 — 1670 nm. However, in the former the
number of samples was very limited and the spectrometer was a
high-quality benchtop instrument, while the latter also used a limited
number of samples, but may have benefited from a more adequate
wavelength range.

3.4.6. Firmness

The calibration model of firmness has R? = 0.57, RMSEP= 9.47 N
and SDR= 1.5, which means that it captures some information. Despite
the moderate/poor result, the firmness model is the one that compares
better with the literature, being approximately equal to those obtained
by Benelli et al. (2021) [RMSEP=9.9-14.5N], Fu et al. (2007)
[6.3-7.0 N], Li et al. (2018) [11.9 N], McGlone and Kawano (1998)
[4.5-7.8 N in IV], Vieira et al. (2017) [11.6 N, although inferior to the
results obtained by Lee et al. (2012) [2.8-4.0 N] and Li et al. (2017)
[2.7-4.3 N]. The latter were obtained in the approximate range
400-2500 nm, which may point to some advantage of using longer
wavelengths.

Inspection of VIP scores (data not shown) reveals again a prepon-
derance of the chlorophyll band and some weight attributed to a new
band centered around 785 nm. The relation with chlorophyll is indirect,
as its content decreases together with firmness along ripening. On the
other side, the 785 nm region is interesting in that it lacks relevant
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chemical absorption bands. However, this may be appropriate for
modeling firmness, since the changes induced by the scattering effects of
the tissue structure are less obscured by absorption effects in this spec-
tral region.

3.5. Follow-up of kiwifruit ripening through predictions of the IQA
averages at specific dates

The average daily measurements for Hue are very close to the
average daily predictions (Fig. 5). And the same is true for SSC (Fig. 6).
This is confirmed by the low number of asterisks in both figures, which
signal different averages (p < 0.05). From the thirty data pairs shown in
both Figs. 5A-B and 6A-B, only in six a statistically significant difference
was found between prediction and real measurement. This translates
into very high values of SDR in Figs. 5C-D and 6C-D. Indeed, any of the
four SDR values shown is above 8 and three of them are above 10. The
remaining parameters correspond equally to an excellent performance,
e.g., R ~ 1 and RMSEP values around 3-5 times lower than those ob-
tained for individual predictions (Table 2, and Figs. 2 and 3).

There are a total of 150 mean values observed [(8 +7) days x 2 or-
chards x 10 IQA]. Of the corresponding 150 predicted mean values, only
12 (8%) are different from the observed mean values. This percentage is
lower considering orchard 1 only (ca. 4%, or 3 in 80), but it is higher in
orchard 2 (ca. 13%, or in 9 in 70). A detailed table of the 150 compar-
isons between measured and predicted averages is provided in Table S3
of the Supplementary Material. This is an excellent result, especially
taking into account that the performance of some models is poor
(Table 2). The conclusion is that the prediction of the average IQA for an
orchard, or part of an orchard, is much more reliable than the prediction
of individual IQA values. This was to expect, due to the averaging effect.

Therefore, good calibration models allowed to achieve excellent
average models, which in turn allowed for an efficient follow-up of
ripening in the orchard. Average predictions provide a very reliable way
of monitoring ripening and predict the harvest date. For example, the
average prediction of SSC in 160 DAFB signals perfectly the onset of
harvesting in orchard 1 (Fig. 6A). For orchard 2, the average prediction
at 146 DAFB is slightly delayed (Fig. 6B). In practice, more frequent
assessments will allow to identify the IQA evolution patterns and to
predict the optimal harvest date with some days/weeks in advance.

But why are poor models able to deliver good average predictions?
Because the average values of the corresponding IQA vary very little
from day to day. In other words, the averages to predict are approxi-
mately constant along ripening. This also implies that those IQA are
useless for monitoring purposes (see Section S4 of the Supplementary
Material).

4. Conclusions

The calibration models developed in this work were based on a very
heterogeneous dataset, including fruit in very different developmental
stages, from very unripe to overripe. Good models were obtained for
Hue, SSC and a* . The experimental design allowed to test the accuracy
of average predictions from these calibration models, specifically, to
predict the average IQA for each of the sampling days and each of the
four data subsets considered. The prediction of IQA averages at these
specific dates revealed excellent results. As orchard management is done
essentially through averages and not individual values, this result re-
inforces the applicability of the NIR technology in the field.

Regarding the limitations of this work, the following points must be
borne in mind: 1. The total number of 375 fruit is still limited and the
proof of concept results shown in this report must be subjected to more
stringent validation, with fruit from another year. 2. This work used an
internal validation scheme, and the average prediction concept must be
challenged by an external validation scheme to demonstrate its
robustness.

Future work will address these issues and also the reliability of the



A.M. Afonso et al. Postharvest Biology and Technology 188 (2022) 111895

A 120 T T T T T B 120 T T T

* * —&— measured
— & —predicted
115 } ; nsr T
e S0} ;
3110 1 g
I I
105 1
105 | [—&—measured :
— & —predicted 100 F 1
100 120 140 160 180 100 120 140 160
DAFB DAFB
C T T T T T D T T T T
R=1.00 SDR=11.52 res=4% R=1.00 SDR=11.79 res=3%
o R%=1.00 bias=0.03 ° 115 R%=1.00 bias=0.31 J
o 115 F rmsep=0.42 slope=0.93 E o)) rmsep=0.56 slope=0.95
i rmsepc=0.42 o rmsepc=0.47
@ > cv=0% 2 110 b ov=1% 4
S PG=10.78 S PG=10.91
T > T S
g £ 110 1 22
Q Q 105 | 1
hel N=8 hel N=7
o %TP=100 || %TN=100 g %TP=100 || %TN=67
& 05 Acc=100% @y=112.6 & q00 Acc=86% @y=110.7 |
106 108 110 112 114 116 118 100 105 110 115
Measured average Hue (°) Measured average Hue (°)

Fig. 5. A: Average measured (open squares / solid line) and predicted (closed squares / dashed line) Hue values for each date in orchard 1 (DAFB = Days After
Bloom). Each point represents the mean of the values in each day and the error bars represent their standard deviation. Statistically different means (p < 0.05) are
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Fig. 6. A: Average measured (open squares / solid line) and predicted (closed squares / dashed line) SSC values for each date in orchard 1 (DAFB = Days After
Bloom). Each point represents the mean of the values in each day and the error bars represent their standard deviation. Statistically different means (p < 0.05) are
signaled with an asterisk. The horizontal line is placed at the minimum mandatory SSC for harvest. B: same as A, for orchard 2. C: plot of average measured vs.
average predicted SSC values and associated prediction statistics for orchard 1. D: same as C, for orchard 2.

chlorophyll band, since the current models seem to rely on indirect prospect for the utilization of average predictions for follow-up of
correlations with it. Another issue of concern is the possibility of having ripening in the management of ‘Jintao’ kiwifruit orchards. Further work
significant bias in the predictions of one year from a model developed in is under way to confirm this perspective.

another year, with obvious impact on average predictions.
The final and main conclusion of this work is that there is a very good
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