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Fruit ﬁrmness is a complex trait that develops throughout fruit development, including post-harvest, and is
inﬂuenced by both ripening and dehydration. There is a wide interest in predicting the ﬁrmness with nondestructive sensing techniques such as spectral analyses. However, often used reference techniques, such as
acoustic ﬁrmness (AF), limited compression (LC) and Magness-Tyler (MT), respond differently to dehydration and
ripening. This study aims to detangle how the ﬁrmness of ‘Conference’ pears relates to dehydration and ripening
and to model ripening-related ﬁrmness using non-destructive sensing. Hereto, a pear fruit matrix was created with
varying ﬁrmness and dehydration levels. To model fruit ﬁrmness (LC and MT) with Vis-NIR spectroscopy and
explore whether AF information could complement Vis-NIR spectroscopy, a sequential multi-block analysis was
performed. Single block Vis-NIR spectral data were made multi-block by partitioning the variance in spectral data
into acoustic-dependent and -independent parts. A variation partitioning based approach was also presented to
select the best pre-processing operation for Vis-NIR spectral data modelling. Multi-block regression to predict
ﬁrmness and classiﬁcation modelling of pear fruit in different ﬁrmness classes was also practised. The obtained
results led to enhanced insights into the different fruit ﬁrmness measures and the capability of Vis-NIR and
acoustic for non-destructive fruit ﬁrmness prediction. The results can beneﬁt the scientiﬁc community working in
the domain of fruit optical spectroscopy and chemometric modelling.

1. Introduction
The ‘Conference’ pear (Pyrus communis) is the most cultivated pear
cultivar in Europe [1,2]. To decide on the harvest date, growers rely on
key physicochemical parameters, such as ﬁrmness, total soluble solids
(TSS) and starch [3,4]. Additionally, dry matter (DM) content has been
proposed as a more reliable predictor that encompasses both TSS and
starch contents [3,5] and which can be determined non-destructively
[5–8].
After harvest, fruit are stored to maintain year-round market availability [4]. During storage, fruits lose water and may ripen slightly,
which depends on both fruit characteristics and storage conditions [9].
After storage, pear ripeness is judged based on ﬁrmness, which can range
from 89 N for unripe to 5 N for ‘ready to eat’ pears [10]. Firmness of pear
fruit is mainly judged based on destructive Magness Taylor (MT) ﬁrmness
techniques, as they correlate best with textural perception by consumers
[11]. However, the main problem with MT ﬁrmness-based measurements
is that they are destructive, labour-intensive, wasteful and cannot be used

as an online tool in modern automated fruit management and sorting
facilities.
During the past decade, huge attention has been gained by visible and
near-infrared (Vis-NIR) spectroscopy for rapid and non-destructive estimation of key fruit quality attributes [5,6]. Vis-NIR is an optical technique
that captures changes in broadband (400–2500 nm) electromagnetic radiation (EMR) intensity after its interaction with fresh produce [12]. In
particular, the Vis part of the EMR brings in the information related to the
fruit pigments responsible for imparting the outer colour, while the
near-infrared (NIR) part of the EMR captures the chemical relevant information such as moisture, fat and protein related to the overtones of
vibration of fundamental chemical bonds such as O–H, C–H and N–H [5,6,
12]. Vis-NIR spectroscopy supplies access to fruit physical and chemical
properties as the recorded spectrum in diffuse reﬂection/interaction mode
consists of a mix of scattering and absorption phenomena [13]. For ‘Conference’ pear, several recent works can be found related to accurate
(RMSEP <0.5%) prediction of chemical traits such as DM and TSS [7,8].
The prediction of chemical traits such as DM and TSS involves a direct
correlation with the overtones of fundamental chemical bond vibrations
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Acoustic response
Acoustic ﬁrmness
Analysis of variance
Carbon hydrogen bond
Carbon di-oxide
Carbon bonded to hydrogen
Carbon bonded to two hydrogen
Carbon bonded to three hydrogen
Dark reference
Dry matter
Electromagnetic radiation
Euro pool system
Hue, saturation, lightness
Kennard Stone
Litre
Limited compression
Light emitting diodes
Latent variables
Magness-Tyler
Newton
Nitrogen
Nitrogen hydrogen bond
Near-infrared
nanometer

SPLS
T
TSS
Vis-NIR
VSN
W
WFBR

such as O–H and C–H. Unlike DM and TSS, fruit ﬁrmness is a complex
property that is inﬂuenced by several physiological changes in the fruit [5,
6] and that highly depends on the used measurement technique [14]. Two
main factors that contribute to loss of ﬁrmness are ripening and dehydration [11,15]. Ripening-related changes are dependent on the structure
of the cell walls within the fruit cortex [16,17] and relate well to texture
perception during maceration in sensorial tests [11]. Dehydration-related
changes in ﬁrmness relate to the stiffness of the tissue [18,19] and in
sensorial evaluations relate to juiciness [11]. Non-destructive ﬁrmness
measurement methods, such as acoustic ﬁrmness (AF) and limited
compression ﬁrmness (LC) are often sensitive to dehydration-related
changes in ﬁrmness and require uniform dehydration levels to predict
ripening-related ﬁrmness [18]. MT-based measurements are much less
affected by dehydration and relate to the textural changes due to natural
ripening [18–20]. Therefore, to properly assess pear fruit ﬁrmness, one
should focus on both ripeness- and dehydration-induced fruit softening.
Some works have tried to untangle the complex issue of water loss and
ripening-related texture loss in pear, apple, and blueberry [11,18,21].
However, there are currently no works in relation to pear fruit that explore
the effects of fruit dehydration and ripening on fruit ﬁrmness and simultaneously support non-destructive modelling with Vis-NIR spectroscopy.
In relation to Vis-NIR spectroscopy, for ﬁrmness prediction there
exists no directly explainable correlation and mostly a mix of secondary
correlations (with absorption and scattering) that explain fruit ﬁrmness.
In literature, several works have tried modelling pear ﬁrmness with
respect to Vis-NIR spectroscopy. For example, a multi-cultivar MT prediction model reached an RMSEP of 8.11 N [22], while other works reported the use of reduced scattering coefﬁcients while attaining a high
cross-validation error, i.e. 19.90 N [23], validation set error, i.e. 22.1 N
[24] and low R2 ¼ 0.35 [25]. However, most of the earlier studies never
explored the manifestation of ﬁrmness in pear fruit, e.g., that for Vis-NIR
spectroscopy it may be difﬁcult to predict ripening-related ﬁrmness, but
relatively easy to model dehydration-related ﬁrmness. This is due to fruit
dehydration being linked to water, which is predominantly measured by
Vis-NIR spectroscopy. Hence, different approaches to measure ﬁrmness,
such as AF, LC and MT, may play complementary roles in explaining fruit

millimeter
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Coefﬁcient of determination
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Multi-response sequential orthogonalized partial leastsquares
Sequential partial least-squares
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Wageningen Food and Biobased Research

softening due to both dehydration and ripening [14]. An extended understanding of the underlying causes of fruit softening may allow the
development of enhanced non-destructive ﬁrmness models that can
predict fruit ﬁrmness as a function of both ripening and dehydration.
With respect hereto, this study has three aims:
a. Assess the extent to which AF, LC and MT in ‘Conference’ pears are
affected by ripening and dehydration using a 3  3 designed
experiment.
b. Improve pre-processing of Vis-NIR data to predict fruit ﬁrmness.
c. Jointly assess the potential of Vis-NIR spectroscopy and AF to predict
fruit ﬁrmness in a sequential modelling framework [26,27].
2. Materials and methods
2.1. Plant material, storage, and treatment
Pear (Pyrus communis L. cv. Conference) were harvested on the August
26, 2020 from an orchard in the Betuwe region of the Netherlands. Fruit
were transported to Wageningen Food & Biobased Research (WFBR,
Wageningen, the Netherlands) and stored under regular atmosphere (RA)
at 0.5  C and high RH (>90%) for 12 days.
To generate a 3  3 matrix of pears with three different dehydration
and ripening levels, the pears were subjected to a dehydration treatment,
followed by a ripening treatment.
To this end, 600 pears were randomly divided over 30 low EPS crates
with 20-pear inlay sheets and their initial weight and colour were
determined. Subsequently, the crates were divided over three air-tight
550 L controlled-ﬂow storage containers (80% N2, 20% O2 and <0.7%
CO2). The lid, normally ﬁtted in a water-lock to ensure a high RH, was
ﬁtted in an empty water-lock in case of active dehydration treatments. On
the top crates of these containers, 0.0, 1.0 or 2.0 kg of silica gel (Merck
KGaA, Darmstadt, Germany) was placed to generate three different
dehydration environments for the pears, at water vapour pressure deﬁciencies (WVPD) of 0, 100 and 200 Pa, respectively. Silica gel was
exchanged every 4 days for dried silica-gel. Water vapour pressure
2
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the ripest pears after LC and MT ﬁrmness were taken on a spot adjacent to
the NIR measurement area.

Table 1
A summary of mathematical notions used in following part of the manuscript.
Notions

bXac
bX orth

ainir

bXaivis
eac
eainir

eaivis
QTXaivis
QTXaivis
T Xaivis
T Xaivis

Xad
Xai
Xorth
ainir

Xainir

Xaivis
Xp
Xpd
Xpi
b
y
ac
I
X
y

Meaning

Dimensions (n and p are samples
and spectral variables, and LVs is
the latent variables)

Regression coefﬁcient for acoustic
Regression vector for near-infrared
part of data
Regression vector for visible part of
data
Residual left after sequential fusion
of acoustic with spectral data
Residual left after sequential fusion
of near infrared with visible spectral
data
Residual left after ﬁtting PLS on
visible spectral data
Loadings for visible part of spectra

n 1
n 1

Loadings for near-infrared part of
spectra
Scores after PLS analysis on visible
part of spectra
Scores after SO-PLS analysis on nearinfrared part of data, the scores were
orthogonal to the
Partitioned pre-processed spectra
related to acoustic
Partitioned pre-processed spectra
unrelated to acoustic
Near-infrared spectra
orthogonalized with respect to
scores of PLS analysis on visible data
Partitioned pre-processed spectra in
Near-infrared range unrelated to
acoustic
Partitioned pre-processed spectra in
visible range unrelated to acoustic
Pre-processed spectra
Partitioned pre-processed spectra
related to a property of interest
Partitioned pre-processed spectra
unrelated to a property of interest
Estimated response
Univariate acoustic response column
vector
Identity matrix
Reﬂectance spectra
Response

LVs  p*

2.2. Visible and near-infrared spectroscopy measurements
Spectral measurements were performed with a Hi-Res LabSpec
spectrometer (ASD, USA). The data were acquired in the diffuse reﬂectance mode and in the spectral range of 350–2500 nm. The measurements were performed using the area scan contact probe (Hi-Brite probe)
with a spot size of 10 mm on the same two positions where the reference
measurements were done. The probe had an integral 6.5 W halogen light
source for illumination and optical ﬁbres to capture the reﬂected light.
The instrument was controlled using the Indico Pro software, ASD, USA.
The integration time was automatically optimized by the Indico Pro
software and was deﬁned as 15 ms. Each measurement was an average of
~5 consecutive measurements (at the same spot) automatically performed by the Indico Pro software. The white reference used was a
Spectralon white standard. The radiometric calibration with white and
dark reference was performed automatically by the Indico Pro software
and the data were obtained as raw reﬂectance spectra. The radiometric
calibration was performed as per Eq. (1).

n 1
n 1
n 1

n  1 for univariate response
LVs  p*

n  LVs
n  LVs

n p

Reflectance ¼

n p

SD
W D

(1a)

where S is fruit spectra, D is dark reference spectra and W is white
reference spectra. The spectra from ‘.asd’ ﬁles were extracted in MATLAB
2018b (Natick, MA, USA) using in-house codes.

n  p*

n  p*

2.3. Fruit colour
n  p*

The fruit background colour was assessed using image acquisition and
analysis conform [4]. Images were acquired from opposite sides of the
pears using a RGB camera (MAKO G-192C POE, Allied Vision, Stadtroda,
Germany) positioned in a LED light cabinet (Designed by WFBR and built
by IPSS Engineering, Wageningen, the Netherlands). Image calibration
was done using a 24-patch colour checker card (Colour checker classic,
X-rite Europe GmbH, Regensdorf, Switzerland). The pear background
colour was singled out and assessed using multi-threshold colour image
segmentation in the HSV colour space using in-house developed software
tools (WFBR, Wageningen, the Netherlands). Colour values were calculated as hab in the CIELCh colour space, among which 180 and 90
represent green and yellow, respectively.

n p
n p
n p
n  1, for univariate case
n 1
n n
n p
n  1 for univariate

*the number of spectral variables for visible and near-infrared part were
different.

2.4. Acoustic ﬁrmness analysis

deﬁciencies were assessed based on average temperature and humidity
data using a Mollier psychometric chart (GEA Happel, Brussels, Belgium).
Temperature and relative humidity data were recorded using Escort iLog
humidity loggers (Escort Messtechnik AG, Aesch bei Birmensdorf,
Switzerland). Pear fruit was stored under these conditions for 4 weeks
and 20 fruit per storage containers were used to monitor pear
dehydration.
Following the dehydration treatment, the untouched 540 pears were
divided into three ripening treatments. For this, the crates were divided
so that each ripening treatment contained 60 pears from each of the three
desiccation treatments. The crates were stacked up and placed at three
different temperatures, 1, 8 and 20  C, at > 95% RH for 9 days. The stacks
had been wrapped in cling-ﬁlm to limit water loss but included holes to
allow gas-exchange. Average water vapour deﬁciencies during ripening
were 0, 1 and 98 Pa at 1, 8 and 20  C, respectively.
After the ripening treatment, pears were acclimated at 20  C overnight prior to analysis. The analysis consisted of subsequent colour, VISNIR, AF, LC, and MT ﬁrmness measurements, after which samples were
taken for dry matter content. All measurements were done in the same 3
cm diameter area where the VIS-NIR measurements were taken, except
for MT ﬁrmness. Due to bruising in the lower levels of the fruit ﬂesh of

AF was found using a commercial AF tester (AFS, Aweta G&P BV,
Pijnacker, the Netherlands). AF per fruit was measured as the average of
3 measurements on the equatorial region of the pear.
2.5. Limited compression
LC was found at the equatorial region of the pear using a Fruit Texture
Analyzer (Güss Manufacturing Ltd, Strand, South Africa) with a 100 mm
diameter probe. The trigger threshold was set at 1 N, while the measurement speed and distance were 10 mm s1 and 1.5 mm, respectively.
Data were normalized to 1 mm compression.
2.6. Magness-Taylor based fruit ﬁrmness
MT ﬁrmness was assessed from the fruit ﬂesh at the equatorial region
of the pear belly, after removal of a piece of skin using a Fruit Texture
Analyzer (Güss Manufacturing Ltd, Strand, South Africa) with an 8 mm
diameter (0.5 cm2) probe. The trigger threshold was set at 1 N, while the
measurement speed and distance were 10 mm s1 and 8.9 mm,
respectively.
3
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Fig. 1. Physiological description of pears subjected to subsequent dehydration and ripening steps. Physiological parameters described are weight loss (A), dry matter
(B), colour (C), acoustic ﬁrmness (AF) (D), limited compression (LC) (E) and MT ﬁrmness (F). Dehydration was done at water vapour pressure deﬁciencies (WVPD) of
0 (white), 100 (light grey) and 200 Pa (dark grey). Ripening for 9 d was done at three temperatures; 1, 8 and 20  C. Data represent means  95% CI, n ¼ 60 for all
parameters, except for dry matter (b), in which case n ¼ 30. Different statistical notations (Two-way ANOVA with Bonferroni post-test, α ¼ 0.05) represent signiﬁcant
differences.

Fig. 2. PCA analysis of weight loss and
ﬁrmness data of ‘Conference’ pears that had
been dehydrated and ripened according to a
3  3 matrix. PCA analysis (A) was done on
weight loss, acoustic ﬁrmness, limited
compression, and MT ﬁrmness data of the
individual pears. Pear dehydration was done
at water vapour pressure deﬁciencies
(WVPD) of 0 (grey), 100 (red) and 200 Pa
(blue). Ripening was done for 9 d at three
temperatures (Tripening); 1 (light), 8 (medium) and 20  C (dark colour). The loading
plot (B) shows how the weight loss, acoustic
ﬁrmness, limited compression, and MT
ﬁrmness data contribute to the principal
components in Figure A. Data that signiﬁcantly contributed to the explained variation
is shown between the two circles. (For
interpretation of the references to colour in
this ﬁgure legend, the reader is referred to
the Web version of this article.)

2.7. Weight loss and dry matter

obtained from the equatorial region of the pear near the location of the
other measurements. Obtained samples were weighed using a XS10001L
electronic balance (Mettler-Toledo GmbH) and dried in a hot-air oven
(80  C for 5 d). Dry matter was found for half of the pears per treatment,
divided equally over the sampled crates, e.g., 10 per crate of 20 pears.

Fruit weight was recorded using a MS6002TS balance (MettlerToledo GmbH, Giessen, Germany). Fruit water loss was found from the
starting weight and the weight after the ripening treatment.
Dry matter was found from a small block of fruit ﬂesh (2 cm3)

2.8. Statistical analysis
Table 2
Multiple linear regression B-coefﬁcients of weight loss and MT-ﬁrmness to predict acoustic and limited compression ﬁrmness values.
6

2 2/3

Acoustic ﬁrmness (10 Hz g )
Limited compression (N mm1)

Weight loss (%)

MT-ﬁrmness (N)

0.83
0.56

0.083
0.64

Physiological data was collected and graphed using Microsoft Excel.
Statistical analysis (Two-way ANOVA with Bonferroni post-test) was
done using GenStat v. 19.1.21390 (VSN International Ltd, Hemel
Hempstead, United Kingdom). Multivariate analyses were done using
Unscrambler X (CAMO Software, Oslo, Norway). Hereto, data were
transformed, i.e., mean-centred, and standard deviation-scaled, prior to
4
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Fig. 3. Effect of different spectral pre-processing on the amount of variation related to different fruit ﬁrmness-related parameters.
0

0

principal component analysis (PCA) and multilinear regression.

X pi ¼ X p  y:ðy :yÞ1 :y :Xp

2.9. Spectral modelling

The part of the spectral information related to reference property ðyÞ
could be estimated by the projection of X p onto y, as in Eq. (2):

2.9.1. Data pre-processing
Spectral measurements are usually accompanied by unwanted variations in spectra which should be removed before any spectral modelling
[28]. Furthermore, in the domain of Vis-NIR spectroscopy for fruit
ﬁrmness, chemometric pre-processing can widely affect the ﬁnal model
outcome and it is also unclear if light scatter or chemical absorption information is explanative of the fruit ﬁrmness. Hence, in this study, an
orthogonalization based approach was presented to select the optimal
pre-processing by exploring the total variation in the spectral data related
to a particular property of interest as a function of pre-processing techniques. In this study, the spectral data were pre-processed with three
different pre-processing techniques, i.e., standard normal variate (SNV)
[29], variable sorting for normalisation (VSN) [30] and 2nd derivative
[31]. Additionally, two more pre-processing combinations were used,
i.e., SNVþ2nd derivative and VSNþ2nd derivative. Normalisation followed by derivative is a powerful pre-processing combination in which
the normalisation allows to suppress the additive and multiplicative effects in the spectra, while the derivatives allow revealing underlying
peaks [32]. The spectra did not contain any sharp noisy peaks; hence, the
analysis was carried out on the complete spectral range of 350–2500 nm.
From the 5 different pre-processings, the one carrying the largest variation related to the reference property was selected as the best
pre-processing. This pre-processing selection approach can be understood by the following steps:

0

0

X pd ¼ y:ðy :yÞ1 :y :Xp ¼ Xp  X pi

(1b)

(2)

Step 3 Estimated the ratio (Var ratio) of total variation in the dependent
ðX pd Þ part and total variation in the unpartitioned pre-processed
spectra ðX p Þ

 
trace X pdÞ
   100
Var ratio % ¼
trace X p

(3)

The above process was repeated for all pre-processings and for all
reference ﬁrmness techniques, i.e., AF, LC and MT, and the preprocessing leading to the highest Var ratio was selected as the optimal
pre-processing for further analysis.
2.9.2. Spectral data partitioning for joint exploration of Vis-NIR and
acoustics
In this study, two non-destructive sensors were used, i.e., Vis-NIR
spectroscopy and the AF sensor. An earlier study has shown that a
fusion of these two techniques can improve the prediction of fruit ﬁrmness [33]. However, the modelling approaches were straightforward,
such as modelling over the concatenated data. The main reason could be
that the multi-block analysis was not that well developed in the chemometric community when earlier studies were carried out [26].
Furthermore, Vis-NIR spectral data could also contain information that
correlates to the AF, which should be eliminated before their fusion to
understand the unique contribution of each technique. In this study, a
unique multi-block approach was explored, which allowed joint exploration of Vis-NIR and AF data to assess fruit ﬁrmness. This approach
involved eliminating all the variations from the Vis-NIR data related to
the acoustic response (ac) by performing variance partitioning. This
meant that the variability in the Vis-NIR spectra ðX p Þ was partitioned into

Step 1 Pre-processed spectra ðXÞ with a pre-processing and obtained preprocessed spectra ðX p Þ, please note a summary of mathematical
notions is provided in Table 1.
Step 2 Took a reference property ðyÞ and partitioned the pre-processed
spectra ðXp Þ into property dependent ðX pd Þ and independent
ðX pi Þ parts

5
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Fig. 4. Summary of sequential partial least-squares modelling for predicting LC (N mm1) in ‘Conference’ pear. (A) Latent variable optimization of acoustic independent visible data block, (B) Latent variable optimization of acoustic independent near-infrared data block, (C) prediction plot without acoustic, and (D) prediction
plot with acoustic.

response (acÞ to predict fruit ﬁrmness parameters was performed using
the sequential orthogonalized PLS (SO-PLS) [34]. Due to high signal intensity in Vis part of the signal compared to the NIR part, it was decided
to divide the Vis (350–790 nm) and NIR (792–2500 nm) part into two
separate blocks thus making two blocks out of acoustic independent part
i.e. X aivis and X ainir . The SO-PLS algorithm for predicting a reference
property y (e.g., LC or MT) has been summarized by the following steps:

two parts, i.e., the acoustic independent ðX ai Þ and acoustic dependent
ðX ad Þ as followed:
0

0

X ai ¼ X p  ac:ðac :acÞ1 :ac :X p

(4)

The part of the spectral information related to acoustics could be
estimated by the projection of X p onto ac, as in Eq. (5):
0

0

X ad ¼ ac:ðac :acÞ1 :ac :X p ¼ X p  X pi

(5)

1. The y response was ﬁtted to the X aivis with a PLS regression

The two blocks (X ai and X ad Þ were orthogonal and could now be
modelled using sequential orthogonalized PLS [34] to model the fruit
ﬁrmness. Note that since X ad was a single rank matrix, only 1 LV could be
extracted from X ad . Or, in other words, there is no need to use X ad as the
acoustic response (column vector ac) can directly be used avoiding extra
PLS subspace modelling while modelling the AF information. Note that,
prior to analysis, the data were partitioned into calibration (70%) and
test set (30%) using the Kennard-Stone (KS) [33] algorithm. Furthermore, the data were partitioned considering the three ripening levels of
the pear fruit. These three ripening levels were chosen over the dehydration levels as the ripening led to wide inter-level variation in the fruit
ﬁrmness. Hence, a separate KS analysis was performed for each ripening
level and later combined in the calibration and test sets. The KS analysis
was performed only on the spectral data.



1
T
X orth
T TXaivis X ainir
ainir ¼ I  T Xaivis T Xaivis T Xaivis

2.9.3. Sequential modelling for joint exploration of unique Vis-NIR
information and complementarity of acoustic information for fruit ﬁrmness
prediction
Sequential modelling of acoustic independent X ai and acoustic

4. Since, ac was already orthogonal to spectra data, there was no need
for an orthogonalization step as required for SO-PLS, hence, the ac
was used directly to predict the residual of the y obtained in step 3

y ¼ Xaivis bXaivis þ eaivis ¼ T Xaivis QTXaivis þ eaivis

(6)

2 X ainir was orthogonalized with respect to the scores extracted (TXaivis Þ
from the ﬁrst PLS regression.
(7)

3. The orthogonalized Xorth
ainir is used to predict the y-residuals obtained
from step 1
T
orth
orth Q orth
þ eainir ¼ T Xainir
þ eainir
eaivis ¼ X orth
ainir bXainir
X
ainir

6
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Fig. 5. Summary of sequential partial least-squares modelling for predicting MT ﬁrmness (N) in ‘Conference’ pear. (A) Latent variable optimization of acoustic independent visible data block, (B) Latent variable optimization of acoustic independent near-infrared data block, (C) prediction plot without acoustic, and (D) prediction plot with acoustic.

Fig. 6. Acoustic independent regression vector for predicting (A) LC and (B) MT ﬁrmness.

eainir ¼ ac bXac þ eac

orth
þ ac bXad
by ¼ Xaivis bXaivis þ X orth
ainir bXainir

(9)

(10)

In the above equations, b stands for the regression coefﬁcients, T and
Q stands for scores and loading, respectively, obtained from the PLS

5. The full predictive model was calculated by summing up steps 1 and 2
as
7
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Fig. 7. Summary of MT ﬁrmness (N) values for ‘Conference’ pears ripened at three different temperatures.

weight loss was signiﬁcantly higher, at 1.5, 2.8 and 4.0%, respectively.
This was caused by the unintentionally high WVPD at this temperature,
like that of the moderate dehydration treatment. Besides increasing the
weight loss, this also increased the weight loss in less dehydrated pears (0
vs 100 vs 200 Pa WVPD). Pear dry matter after the dehydration and
ripening treatments averaged around 14.5% and was not signiﬁcantly
different between the dehydration and ripening treatments (Fig. 1B).
With respect to dehydration, colour did not differ signiﬁcantly either, but
pears ripened at both 1 and 8  C had hab values around 106.9 , which
were signiﬁcantly higher than the 103.3 values of 20  C ripened pears
(Fig. 1C).
Pear ﬁrmness was assessed using AF, LC, and MT ﬁrmness-based
measurements. Determination of AF using an AWETA ﬁrmness system
showed signiﬁcant differences related to dehydration for each ripening
treatment (Fig. 1D). Between ripening treatments, there were no differences in AF between 1 and 8  C, while ripening at 20  C had lower values
at WVPD levels of 0 and 100 Pa. At the WVPD level of 200 Pa, AF was not
signiﬁcantly different between ripening temperatures. LC showed signiﬁcant differences between both dehydration and ripening treatments
(Fig. 1E). MT ﬁrmness showed no signiﬁcant differences based on
dehydration and strong differences based on ripening, with 66, 40 and 7
N after 9 d of ripening at 1, 8 and 20  C (Fig. 1F).

decomposition. A key point to note is that just like the single block PLS
analysis the SO-PLS algorithm also requires the optimization of Latent
Variables (LVs) for each data block. However, the LVs optimization was
only needed for the multivariate spectra data (X aivis and Xainir Þ as the
acoustic response was just a column vector, hence only contribute as 1
LV. To make the LVs optimization faster a sequential cross-validation
approach was adapted, where at ﬁrst the 10-fold cross-validation was
perfumed on the X aivis and optimal LVs were identiﬁed. Later, the X ainir
was orthogonalized with respect to the scores estimated using the
optimal LVs identiﬁed for X aivis . After orthogonalization, the LVs for
X ainir were optimized using the 10-fold cross-validation. The optimal LV
was selected as one leading to the lowest root mean squared error of
validation (RMSECV). After optimization, the ﬁnal models were built
ﬁrst only based on the acoustic independent spectra data, i.e., two blocks
(X aivis and X ainir ) and later the acoustic response was combined to
explore the potential of adding AF for fruit ﬁrmness prediction, i.e., LC
and MT. All model accuracies were accessed using the root mean squared
error of prediction (RMSEP) and residual predictive deviation (RPD).
Please note that the storage of fruit at three different temperatures
resulted in three different fruit ripening stages. While a dataset with
distinct distribution may not be well suited for regression analysis, it can
be used for classiﬁcation analysis [35] where the three different distributions. To develop the classiﬁcation model the three different classes
were one hot encoded and used as responses to the multi-block PLS2
modelling as described in steps 1 to 5. The LVs were optimized using the
sequential cross-validation approaches as described for regression analysis. After LV optimization, the ﬁnal models were built ﬁrst only based on
the acoustic independent spectra data, i.e., two blocks (Xaivis and X ainir )
and later the acoustic response was combined to explore the potential of
adding AF for fruit classiﬁcation. Since, the SO-PLS2 model was calibrated with respect to three response variables, hence, the trained model
output three responses. To perform the classiﬁcation, ‘argmax’ was
applied to the output of the PLS2 model. The results of classiﬁcation were
presented as confusion matrices and overall classiﬁcation accuracy. All
data modelling was implemented with MATLAB 2018b, MathWorks,
Natick, MA, USA.

3.2. Inﬂuence of dehydration and ripening on ﬁrmness measurements
Next, the extent to which AF and LC based ﬁrmness methods were
inﬂuenced by dehydration and ripening was assessed using multivariate
analysis. Hereto, the data related to weight loss, AF, LC, and MT ﬁrmness
were analysed using PCA. After PCA analysis, the ﬁrst two principal
components described 94% of the variation in the data and revealed clear
separation of the different combinations of applied dehydration and
ripening treatments into a 3  3 matrix (Fig. 2A). Correlation loadings
showed that weight loss and MT ﬁrmness were perpendicularly represented in the matrix (Fig. 2B). Additionally, the directions of weight loss
and MT ﬁrmness lined up with the directions of dehydration and ripening
in Fig. 2A, respectively. AF loadings appeared to be opposite those of
weight loss, while those of limited compression resided between those of
AF and MT ﬁrmness.
Based on Figs. 1 and 2, we assumed that weight loss and MT ﬁrmness
were accurate representations of the extents of dehydration and ripening,
respectively. To assess the extent to which AF and LC are inﬂuenced by
dehydration and ripening, we performed multiple linear regression in
which AF and LC values were predicted based on weight loss and MT
ﬁrmness (Table 2). AF measurements, as obtained here, were 10 times
more dependent on dehydration (0.83) than on ripening-related
texture changes (0.083). Limited compression measurements depended
more equally on both dehydration (0.56) and ripening parameters
(0.64).

3. Results
3.1. Physiological changes related to dehydration and ripening
To assess the quality of the dehydration treatment, pear weight loss
was determined directly after the dehydration treatment. Pear weight
loss after dehydration was 0.15, 1.5 and 3.0% at WVPD levels of 0, 100
and 200 Pa, respectively (Supplementary Fig. 1). After 1 week of
ripening, weight loss did not differ signiﬁcantly between ripening temperatures 1 and 8  C, with weight losses of 0.5, 1.8 and 3.4% at the 0, 100
and 200 Pa WVPD levels (Fig. 1A). However, after ripening at 20  C,
8
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Fig. 8. Sequential orthogonalized partial
least-squares based classiﬁcation. (A) Latent
variables (LVs) optimization for acoustic independent visible spectral data, (B) Latent
variables (LVs) optimization for acoustic independent near-infrared spectral data, (C)
confusion matrix for calibration set solely on
acoustic independent spectral data, (D)
confusion matrix for test set solely on
acoustic independent spectral data, (E)
confusion matrix for calibration set by
sequentially modelling the acoustic information in the acoustic independent spectral
data, and (F) confusion matrix for test set by
sequentially modelling the acoustic information in the acoustic independent spectral
data. Class 1, 2 and 3 belongs to samples
ripened at 20  C, 8  C, and 1  C, respectively.

information can be of high use for predicting ﬁrmness with Vis-NIR
spectroscopy. Hence, ideally, it is better to not perform any preprocessing in the Vis-NIR data as it can suppress the scatter information which appears as additive and multiplicative effects. However,
opposed to this common conception, the results from applying different
spectral pre-processing showed that the pre-processing improved the
percentage of variance related to the ﬁrmness. This was found to be true
for all three ﬁrmness measurement techniques, i.e., AF, LC, and MT
(Fig. 3). Furthermore, it was noted that the variance increase was highest
for the MT, followed by LC and then AF. The highest variance increase
was achieved with a combination of normalisation and derivative,
particularly the VSNþ2nd derivative. Such a high increase in the %
variance for MT and LC may show that the main variability related to the
ﬁrmness present in the spectral data was the chemical information since

3.3. Effect of different pre-processing on variation related to different fruit
ﬁrmness in spectral data
It is a common conception that as ﬁrmness is a physical property of
fruit, not only the chemical absorption information but also the scatter

Table 3
Summary of classiﬁcation modelling performed for classifying ‘Conference’ pears
in three ripening stages.

Overall accuracy

Without acoustic independent

With acoustic fusion

Calibration (%)

Test (%)

Calibration (%)

Test

98.9

93

98.9

93.3
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ideal here. On the other hand, due to the presence of different distributions, classiﬁcation analysis can be performed on this dataset (Fig. 7). A
summary of MT ﬁrmness distribution is provided in Supplementary
Fig. 2. The performances of the SO-PLS2 based classiﬁer trained to
classify fruit in each of the three classes (Fig. 7) are shown in Fig. 8. The
classiﬁer achieved high classiﬁcation accuracy on both the calibration
and the test set (Table 3). However, improvements after combining the
Vis-NIR information with the AF were minimal, as can be noted in the
confusion matrix (Fig. 8F). Addition of AF only improved the classiﬁcation of one extra sample. This may suggest that, unlike the regression
modelling, the contribution of AF may be minimal for classiﬁcation
modelling as the spectral data already achieved high classiﬁcation accuracy. Please also note that some misclassiﬁcation between class 2
(samples from 8  C) and 3 (samples from 1  C) was expected, as sample
class distributions were slightly overlapping (Fig. 7).

normalisation techniques usually remove information like additive and
multiplicative effects caused by light scattering. Furthermore, the increase in the variance using derivative followed by normalisation add to
the fact that the main information related to ﬁrmness in the spectral data
is based on chemical absorbance since techniques like derivative usually
reveal underlying peaks related to chemical overtones. Since the combination of VSNþ2nd derivative was found to be carrying the highest
variance for ﬁrmness measurement techniques, VSNþ2nd derivative preprocessed data was used for further analysis.
After selecting the best pre-processing method, the spectra data were
partitioned in acoustic independent and acoustic dependent parts. A key
point to note was that this partition did not alter the number of spectral
variables or sample number.
3.4. Multi-block modelling to explore the joint contribution of Vis-NIR and
the acoustic sensing in explaining fruit ﬁrmness

4. Discussion
The results for SO-PLS modelling performed on the acoustic independent spectral data and acoustics, for LC and MT ﬁrmness prediction,
are shown in Figs. 4 and 5, respectively. For LC, a model solely based on
the spectral data showed inferior performance (Fig. 4C) compared to
combining the AF information with the spectral data (Fig. 4D). Up to 50%
reduction in RMSEP was noted when the AF information was combined
with the spectral information. Similarly for MT ﬁrmness, the model based
on spectral and AF information achieved lower RMSEP compared to the
solely spectral information. However, unlike with the LC modelling, the
reduction in RMSEP was only 18%. Since, acoustic, and acoustic independent spectral data were orthogonal data blocks, the choice of the LVs
from both data blocks was due to the presence of complementary information present in acoustic and acoustic independent spectral data. Please
note that for LC, only two LVs were selected from the Vis spectral region,
while for the MT ﬁrmness, there are 16 LVs selected from the visible
region. This shows that for this data set the fruit peel colour may be a
good predictor of MT ﬁrmness. This agrees with the ﬁndings in Fig. 1,
where it was noted that the fruit ripening causes both signiﬁcant changes
in peel colour (Fig. 1C) and MT ﬁrmness (Fig. 1F), particularly for the
fruit ripened at 20  C. Although the LC also decreased during the ripening
treatment, the decrease was less strong than the large drop in MT and the
colour hab values. The contribution of colour to LC prediction can also be
noted as the 2 LVs selected from the Vis spectral range. The regression
vectors for the prediction of LC and MT are shown in Fig. 6. Please note
that due to the sequential modelling the regression vector for Vis and NIR
parts were extracted separately, hence, plotted in different colours. The
regression vectors for the prediction of LC and MT are shown in Fig. 6.
Please note that due to the sequential modelling the regression vector for
Vis and NIR parts were extracted separately, hence plotted in different
colours. The regression vector for the Vis region was dominated by
several peaks which could be attributed to the peel colour of the fruit due
to pigments such as chlorophyll. As it was experimentally veriﬁed that
the fruit peel colour changed during the ripening process (Fig. 1C), selection of colour bands in the Vis region was expected. In the NIR region,
sharp peaks near ~970 nm can be noted which could be attributed to the
OH bond related to moisture in fruit and peel [36]. A small peak at 1400
nm can also be noted which could be related to the 2nd overtones of the
CH3 and CH2 bonds, which are usually present in starch and sugar present in pear fruit [36]. Peaks in NIR were also noted near ~1800 nm and
~2400 nm which could be related to 1st overtones of CH and combinations bond vibrations related to CH and CH2, respectively [36]. The
bonds such as CH, CH2 and CH3 indicate that chemical information
present in the NIR is the main contributor to fruit ﬁrmness prediction.

4.1. Separation of dehydration and ripening effects is important
Non-destructive ﬁrmness methods are often compared to MTﬁrmness, which is the golden standard to determine fruit ripening [37,
38]. They are compared using a range of fruit, either on the tree or stored,
with varying ripeness levels, usually determined by ﬁrmness or colour.
However, little attention is paid to the changes in moisture status of the
fruits, while these can change signiﬁcantly during their time on the tree
[39] and in storage [40]. Non-destructive ﬁrmness methods are based on
(limited) compression or on measuring the transfer of a wave of force or
sound through fruit tissue, which include AF and impact force measurements [41,42]. However, such techniques have been shown to be
overly sensitive to changes in elasticity and stiffness and, with that, to
changes in water status in tomato [18], ‘Spadona’ pear [18] and apple
[11,18,43]. This work conﬁrms the sensitivity of AF and LC to weight loss
caused by dehydration in ‘Conference’ pear (Figs. 1 and 2).
Dehydration-related changes in weight were not accompanied by signiﬁcant changes in DM (Fig. 1b). Lack of signiﬁcant dehydration-related
changes in DM was likely due to its large variation, which is common in
fruit [3]. In this work, we have also assessed the extent to which AF and
LC were inﬂuenced by dehydration and ripening. Within the limits of our
experiment, AF is 10 times more sensitive to dehydration-related changes
in fruit and LC only 0.88 times (Table 2). This work shows, for the ﬁrst
time, the relative contributions of dehydration and ripening to AF and
LC. Although the effects of fruit type, cultivar, picking time, season and
storage duration on these contribution values are yet unknown, it is
important to make a calculated distinction between ripening and
dehydration-related changes in ﬁrmness. As such, it is suggested that
other non-destructive ﬁrmness methods should also be assessed for the
relative contributions of dehydration and ripening.
4.2. Value of adding acoustic ﬁrmness data to Vis-NIR ﬁrmness models
While several works can be found related to the moisture content and
soluble solids content prediction in various cultivars of pear fruit [7,8,
44], studies focused on ﬁrmness prediction in pear fruit are limited. With
an extensive search over the scientiﬁc databases, several articles were
found related to ﬁrmness prediction in pear fruit with spectral modelling
[22–25,45,46]. An extensive literature search revealed six articles related
to ﬁrmness prediction in pear fruit using spectral modelling [22–25,45,
46]. In all these studies, the reference ﬁrmness explored was the MT.
While some of these studies have shown that NIR spectroscopy can be
used for the prediction of MT-based pear ﬁrmness [22,45], another study
has shown the performance of NIR models to be insigniﬁcant for the
prediction of ﬁrmness [25]. In our study, it was found that Vis-NIR
spectroscopy can be used to model the ﬁrmness of pear fruit at
different dehydration and ripeness levels with RMSEP ~12.83 N
(Fig. 5C). The RMSEP attained to predict MT was in agreement with a

3.5. Classiﬁcation modelling based on different ﬁrmness levels
In the regression analysis presented earlier for MT prediction (Fig. 5),
it can be noted that the samples have different distributions (Fig. 5C and
D) due to different ripening levels. Hence, regression analysis may not be
10
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assessment methods, i.e., acoustic ﬁrmness (AF), limited compression
(LC), and Magness Taylor (MT) based ﬁrmness and detangled these based
on their relation to fruit dehydration and ripening. We conclude that AF
was mainly related to dehydration of pear fruit, LC was a combination of
fruit dehydration and ripening, and MT was the only ﬁrmness method
purely related to fruit ripening. AF was 10 times more inﬂuenced by
dehydration than by ripening compared to 0.88 times for LC. In terms of
Vis-NIR spectral data analysis, we found that the combination of spectral
normalisation and second-derivative pre-processing increased the
amount of variation present in the spectra data related to ﬁrmness. This
suggests that the chemical overtones information present in the spectral
data carry information related to fruit ﬁrmness. This ﬁnding is opposite
to the common conception that fruit ﬁrmness is a physical property and
scattering information present in the spectra should be used to model the
ﬁrmness. Sequential multi-block regression modelling performed by
partitioning acoustic independent part in Vis-NIR and AF data showed
that the AF and Vis-NIR carry complementary information as their
combination led up to a 50% decrease in RMSEP for prediction of limited
compression, while limited to only an 18.6% decrease in RMSEP for MT.
Fusion of AF and Vis-NIR data using multi-block modelling allowed an
enhanced prediction of fruit ﬁrmness. However, for classiﬁcation
modelling, combining AF with Vis-NIR spectroscopy was limited.

recent study related to pear ﬁrmness prediction with NIR spectroscopy
[46]. In some works, related to ﬁrmness prediction in fruit, the fusion of
AF with Vis-NIR spectral data was able to reduce the prediction error for
MT prediction [33,47]. In our study, this approach also improved the
prediction of MT by an ~18.6% reduction in RMSEP. Furthermore, such
fusion helped the prediction of LC as the RMSEP was decreased by up to
50%. The reduction in the RMSEP for LC was expected, as the LC is also
explained by the AF (Table 2) in addition to Vis-NIR spectroscopy data. A
lower reduction in the RMSEP for MT with fusion modelling was expected since earlier in this study it was found that AF was minimally
related to the MT (Table 2). Hence, the results from earlier studies are
somewhat in agreement with the ﬁndings in this study [33,47], i.e., that
AF combined with Vis-NIR can improve fruit ﬁrmness prediction. However, a key point to note is that the fusion of AF with Vis-NIR led to
minimal improvement in the classiﬁcation of fruit in different ripening
stages, suggesting that combining AF may not provide added value to
Vis-NIR.
In most of the earlier studies related to non-destructive ﬁrmness
prediction in pear fruit, the fruit samples either belonged to a discrete
sample selection from the harvest [24] or to samples ripened under
controlled conditions [25,45]. However, unlike this study, none of the
earlier studies explored the effect of fruit dehydration during ripening. By
jointly simulating fruit dehydration as well as ripening and measuring
ﬁrmness using different techniques, this study was able to show that
Vis-NIR models are better in predicting ﬁrmness changes related to fruit
dehydration (LC) compared to ﬁrmness changes due to ripening.
Nevertheless, Vis-NIR models with an RMSEP of ~12.83 N can be
reached to predict MT (Fig. 5C) [46]. Better performance of Vis-NIR
models to predict dehydration related ﬁrmness (LC) changes is logical
as Vis-NIR spectroscopy gets the most attenuation in the signal due to the
moisture present in the fresh fruit compared to any other chemical analyte in the samples, causing dehydration to be easily captured by the
Vis-NIR signals.
From a practical implementation perspective, it is of huge interest to
commercial sorting line facilities to have in-line sensing solutions to
achieve fast and non-destructive characterisation of fruit ﬁrmness. To
achieve this, these facilities are increasingly integrating Vis-NIR spectrometers in conjunction with AF sensors and combining the information
for improved prediction of fruit ﬁrmness. However, results from this
study show that, at least for ‘Conference’ pear MT, AF can only beneﬁt
Vis-NIR data in regression modelling and may not beneﬁt the classiﬁcation of fruit in different ripening stages. As such, the role of AF in
addition to Vis-NIR may need to be decided based on the task to be
performed in the sorting lines. While a recent study also reported the use
of advanced techniques such as laser light backscattering imaging, the
data analysis in those articles lacks independent validation sets, as the
results reported were only cross-validation performances [23]. In this
study, Vis-NIR models worked better in terms of lower RMSEP compared
to advanced techniques such as multispectral scattering imaging [48] and
time-resolved and continuous-wave NIR reﬂectance spectroscopy [25]. A
key point to note is that several advanced sensing techniques such as
multispectral scattering imaging [48], laser light backscattering imaging
[23], and time resolved NIR [25] are highly sophisticated laboratory
techniques and not yet ready to be deployed in commercial sorting lines.
Hence, based on the performance of the Vis-NIR models in this study, and
some recent studies on pear fruit [49], it is suggested that Vis-NIR
spectroscopy in conjunction with AF is the most practical solution for
non-destructive ﬁrmness measurements currently available in the market
for rapid integration in fruit sorting lines.
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