Infrared Physics and Technology 110 (2020) 103459

Contents lists available at ScienceDirect

Infrared Physics & Technology
journal homepage: www.elsevier.com/locate/infrared

Regular article

Improved prediction of ‘Kent’ mango ﬁrmness during ripening by nearinfrared spectroscopy supported by interval partial least square regression
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Mangoes (Mangifera indica L.) are tropical fruits, which are sourced worldwide to supply the consumer market in
Europe. Often mangoes are transported over sea in refrigerated containers at 8–10 °C and in some cases under
controlled atmosphere conditions. At arrival in European countries, a vast amount of fruit is ripened under
speciﬁed conditions to deliver 'Ready to Eat' fruit to consumers. The latter is a challenge due to great variability
in fruit maturity stage at arrival. There are currently no good methodologies to rapidly and nondestructively
monitor and control the ripening process of mangoes. A major indicator of mango ripeness is fruit ﬁrmness. In
the present study, a portable visible near-infrared (400–1130 nm) (VNIR) spectrometer was used to predict the
ﬁrmness of individual mango undergoing ripening. Ripening of ‘Kent’ mango was for 10 days monitored at 20 °C
and relative humidity (RH) of 85%. Every other day fruit ﬁrmness (measured with AWETA acoustic ﬁrmness
analyzer) and NIR spectrum were determined on 2 opposite sides of the fruit. Interval partial-least square
(iPLSR) regression was used for identifying the important wavelengths responsible for predicting ﬁrmness in
mangoes. Results showed a change in the VNIR spectra with the change in ﬁrmness of mangoes. The model based
on selected wavelengths performed signiﬁcantly better compared to PLSR without pre-selecting wavelengths.
iPLSR based regression provided a correlation of calibration and prediction as R2c = 0.75 and R2p = 0.75, and
root means squared error of calibration and prediction as 6.02 Hz2g2/3 and 5.92 Hz2g2/3 respectively. The iPLSR
model outperformed the standard PLSR model by over 12% in R2p and 14% reduction in prediction error. The
predictions by the model provided an evolution of the ﬁrmness during the complete ripening experiment. Nondestructive access to mango ﬁrmness during ripening can assist in optimizing the process to better meet the
market demand.

1. Introduction
Mangoes (Mangifera indica L.) are one of the important tropical
fruits. Mangoes export reaches over 1.3 million tons from countries like
Brazil, Mexico, India, Peru and Thailand FAOSTAT (2016). Europe is
one of the major importers of mangoes. A vast amount of fruit is ripened
at arrival under speciﬁed conditions and sold as ‘ready to eat’ convenience product in shops and supermarkets. During natural ripening
on the tree, the fruit often change color from green to yellow and become soft and edible. Inside the mango fruit, the ﬂesh color changes
from white to dark yellow. However, for the export purpose, the
mangoes are harvested well before they are fully ripe. This is done to
compensate for the transport time of 2–3 weeks as the mangoes after
harvest continues the ripening process [1].
Mango ﬁrmness is the most widely used quality indicator to
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determine its readiness for the market [2]. After harvest and during the
ripening period, mangoes undergo biochemical as well as physical
changes, such as ﬁrmness loss, cell wall hydration, structural integrity
decline and increase in intracellular spaces. Firmness loss is due to
softening process, which is a series of enzyme-mediated occurrences
that change starch and non-starch structures in the fruit [1,3,4]. Easy
access to ripeness parameters allows performing real-time adjustments
to the ripening conditions such as the use or avoidance of ethylene or a
change in temperature, to accelerate or decelerate the ripening processes. Currently, to make the judgement on mangoes ripeness levels,
the 'quality analyst' performs destructive tests on small samples taken
from the whole batch. The destructive testing procedure involves the
use of a penetrometer, cutting the mangoes into halves and visually
judging its internal quality and measurement of total soluble solids
(TSS). However, due to a huge variation in quality and maturity of
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relative humidity of 85%.

mangoes such a subset-based sampling method results in misclassiﬁcation of a substantial number of mangoes. Furthermore, the
manual cutting, and inspection-based approach is slow and labor-intensive leading to wastage of mangoes. There is a strong need to access
the ripeness related parameters non-destructively and in rapid mode to
support eﬃcient ripening.
In recent years, huge user interest is emerging on the non-destructive technologies for assessment of mangoes physical and chemical
properties [5,6]. Visible and near-infrared (VNIR) spectroscopy has
emerged as a potential tool for non-destructive assessment of fruits
quality [7]. Particularly for mangoes, an increasing number of reports
are emerging with VNIR spectroscopy applications related to predicting
soluble solid content (SSC), ﬁrmness, dry matter (DM) and ﬂesh color
[8,9]. VNIR spectroscopy is interesting for mangoes analysis as the
visible (VIS) part provides non-destructive access to the skin pigments
and the near infrared (NIR) provides access to the internal structure of
the fruit peel and underlying fruit ﬂesh. The NIR information can be
correlated with diﬀerent chemical parameters which rely on the overtones of functional groups such as CeH, NeH and OeH bonds, thus,
supporting the quantitative and qualitative assessment of mangoes
quality. VNIR spectroscopy provides multi-variate signals which require
chemometric methodologies for extraction of meaningful information.
The signals from VNIR spectroscopy have highly overlapping underlying peaks making the task of predictive modelling diﬃcult. Further,
the broad peaks in the VNIR spectroscopy bring the co-linearity problem which aﬀects the regression approach such as multi-linear regression [10]. Partial least square regression (PLSR) is a major chemometric regression method to deal with such underlying peaks and colinearity in VNIR data [11]. PLSR tries to identify the latent variables
(LVs) (underlying peaks) that maximize the co-variance with the response variables. The PLSR models can be optimized by selecting the
number of LVs by performing a task such as cross-validation. However,
as PLSR models try to maximize the co-variance between predictor and
the responses variables, in the presence of huge variance in the predictor variables the identiﬁcation of underlying peaks becomes challenging [12]. In that case, the identiﬁcation of sub-wavelengths in the
spectrum can help in identifying the main predictor variables required
to explain the variance in the response variables [13]. Such models
based on the limited number of variables are easy to optimize and selected wavelengths provide a better background explanation of correlation with the response variables [14]. For example: selecting the
wavelengths which are related to the OeH bonds can better explain the
moisture content or dry matter rather than using the complete spectrum. In the present work, a popular chemometric technique called
interval partial least square regression (iPLSR) was used for variable
selection [15].
In the present work, a portable VNIR spectrometer was used to nondestructively monitor the evolution of ﬁrmness in mangoes during the
ripening at 20 °C and RH of 85%. The VNIR data was used to develop
the regression model to predict ﬁrmness in individual mangoes. The
reference ﬁrmness measurements were performed with the acousticsbased method. To optimize the model and to select key wavelengths
responsible for explaining ﬁrmness evolution, iPLSR was used. A comparison between the full wavelength PLSR model and model based on
selected wavelengths with iPLSR was performed. The model based on
iPLSR outperformed the standard PLSR model and could satisfactorily
predict mango ﬁrmness.

2.2. Spectral measurements
The spectral measurements were carried out with a portable spectrometer Felix F-750, Camas, WA USA. The Felix utilizes a Carl Zeiss
MMS-1 spectrometer to record the reﬂected light in the spectral range
of 310–1130 nm with a spectral resolution of 8–13 nm. The spectrometer utilizes a Xenon Tungsten Lamp for illumination and a built-in
white painted reference standard for estimating the reﬂectance. The
data acquisition was performed by placing the fruit at the sample holder
and by manually pressing the scan button on the Felix device. For a
single mango, spectral measurements were performed at two diﬀerent
spots. At each spot, the spectrometer averaged 6 scans to capture as
much information possible. The spot measured was approximately at
the central part on the two lateral sides like as measured in [8]. The
spectral measurements were performed on the same spot where the
reference measurement (acoustic ﬁrmness) were performed. Spectra
from two sides were averaged to represent a single fruit. In total, the
data acquisition was performed during 5 experimental days, covering a
total of 10 days of ripening, with a step of 2 days. The data were automatically radiometrically corrected by the Felix device and the raw
reﬂectance spectra were extracted as excel ﬁles utilizing the “DataViewer” software from Felix, Camas, WA, USA. The complete experiment resulted in a total of 250 spectra composed of 50 spectra for each
measurement day (50 measurements for 5 (days)). Due to the presence
of noise at extreme bands the spectral range was reduced from 310 to
1130 nm to 400–1130 nm.
2.3. Reference measurement
The reference fruit ﬁrmness was measured with Aweta acoustic
ﬁrmness sensor, Aweta G & P B.V., The Netherlands. The Aweta utilizes
a gentle tap on the fruit and a microphone to record the acoustic signal
generated by the tap. Further, it performs Fourier analysis to identify
the natural frequency (f) of the fruits and combines it with the fruit
weight (w) to estimate the fruit ﬁrmness/stiﬀness as ﬁrmness = f2 × w2/3. For a single fruit, acoustic measurements were
performed at two diﬀerent spots on the mangoes. The acoustic measurements were performed at the same spots where spectral measurements were performed. Further, from two spots on mangoes, the values
derived from the acoustic measurements were averaged resulting in a
single ﬁrmness value for each mango. In total, 50 measurements were
performed for each measurement day (5 days in total) resulting in 250
ﬁrmness values (50 measurements for 5 days).
2.4. Data modelling
2.4.1. Spectral pre-processing
The two spectra and ﬁrmness measurements corresponding to a
single mango were averaged leading to a total of 250 spectral and 250
ﬁrmness recordings. The spectral data were pre-processed with
Savitzky-Golay smoothing utilizing a window size of 13 and ﬁtting a
second-order polynomial. To remove the scattering eﬀects from the
diﬀerences in the internal structure of the mango peel, a common
chemometric method called multiplicative scatter correction (MSC) was
used [16]. Since there were no reference spectra of an ideal mango fruit
without scattering eﬀects, the MSC was performed utilizing the mean
spectra of all the measurements as the reference. Since not all mangoes
change color with the change in ﬁrmness, it was decided only to use the
near-infrared part and make the model independent of the color
change. The spectral range was reduced from 400 to 1130 nm to the
NIR range 700–1130 nm.

2. Materials and method
2.1. Mango samples
The experiments were carried out with a batch of ‘Kent’ mangoes
received from Mexico. Transport time was about 21 days at 9 °C and
normal atmospheric conditions. There was a total of 50 mangoes used
in the experiment. After arrival, the mangoes were ripened at 20 °C and

2.4.2. Partial least square regression
The spectral data is multivariate with a high number of correlated
2
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cell wall loosening and fruit softening [3,17]. During the ripening, the
reﬂectance spectra from the surface of the mango fruit showed an increase in intensity at speciﬁc bands. The increase of reﬂectance was
mainly limited to certain regions such as 550–650 nm, 750–900 nm and
1050–1100 nm (Fig. 1B and C). Reﬂectance in the 550–650 nm region
is associated with the color of the fruit and especially the red pigments.
During the ripening, the mango peel color changes from green to yellow
(red) which is reﬂected in a change in reﬂectance spectra in the
550–650 nm region. The explanation of the reﬂectance changes in the
750–900 nm and 1050–1100 nm regions is not straightforward as no
chemical parameter can be linked directly to these wavelengths. The
reﬂectance in the NIR region of 750–1100 nm theoretically corresponds
to a mixture of moisture, fat, protein, aromatic compounds (presence
3rd overtones of OeH, CeH, NeH bonds) and the internal physical
structure of the fruit peel [18].

variables. Deploying a simple multi-linear regression often results in
over-ﬁtting of the data set. Partial least square regression (PLSR) is a
common chemometric method used to deal with the multi-co-linearity
in the multivariate signal [11]. PLSR does that by identifying the LVs
before performing a typical multi-linear regression modelling. The
PLSR identifying the LVs by identifying the sub-spaces which maximizes the co-variance between the predictor and the response variables. In the present work, the PLSR was used to link the VNIRS with
the ﬁrmness data. Before feeding to PLSR the data was also mean
centered. The LVs were selected by utilizing Venetian-blind cross-validation (10 random blocks) and the output of the regression is presented
as explained variance (R2) and root mean squared errors (RMSE). The
corresponding acoustic measurements were also mean centered before
regression analysis. The data set was randomly divided into calibration
(42 mangoes corresponding 42 × 5 = 210 average spectra) and test set
(8 mangoes corresponding 8 × 5 = 40 average spectra). Outlying
samples were identiﬁed and kept out of modeling utilizing the T2 and Q
plots from the PLS decomposition.

3.2. Partial least square regression with complete spectra
The results from the PLSR modelling (spectral range 700–1135 nm)
are presented in Fig. 2. The root mean squared error of calibration
(RMSEC) and root means squared error of cross-validation (RMSECV)
can be identiﬁed in red and green, respectively (Fig. 2A). It shows that
the PLSR modelling on complete spectra leads to an unclear estimate of
the number of LVs to use as the error at ﬁrst decreased from 1 LV to 5
LVs, then increased between 5 and 6 LVs and after 6 decreased again.
To avoid the over-ﬁtting 5 LVs were selected for the PLSR model. The
calibration set resulted in a R2C = 0.62 with a RMSEC = 7.40 Hz2g2/3
(Fig. 2B). The test set resulted in a R2P = 0.67 with a RMSEP = 6.88
Hz2g2/3 (Fig. 2C).

2.4.3. Variable selection with interval PLSR
NIRS data consists of a high number of variables. Selecting the most
predictive bands makes the modelling task easier and provides a better
explanation for the modelling relation and the variables. In the present
work, a common chemometric algorithm called interval partial least
square regression (iPLSR) was used for variable selection [15]. iPLSR
selects variables by dividing the full spectrum into individual intervals
and using them for PLSR modelling. Further, iPLSR compares the prediction capability of the models developed with the small sub-intervals
with the full spectrum models in terms of root mean squared error
(RMSE). By doing so, iPLSR provides an overview of the useful spectral
regions and the interfering regions. The ﬁnal regions are selected as
carrying the lowest prediction error in all sub-intervals and compared
to the full spectrum model. Two window intervals (5 and 10) were
explored for the iPLSR to study how the selected interval size aﬀects the
wavelengths selection. All analysis was performed in MATLAB 2017b,
Natwick, MA, USA. iPLSR was performed utilizing the MATLAB based
iPLS toolbox downloadable at (http://www.models.life.ku.dk/
iToolbox) [15].

3.3. Variable selection with iPLSR
The results from the iPLSR modelling (spectra range of
700–1135 nm) are presented in Fig. 3; here the x-axis presents the
wavelength in nm and the y-axis presents the RMSECV. Interval size of
5 resulted in a selection of 3 spectral regions based on the minimum
RMSECV in the spectral range of 743–770 nm, 845–860 nm and
870–905 nm (Fig. 3A). Interval size of 10 resulted in the selection of 2
spectral regions based on the minimum RMSECV in the spectral range
of 743–770 nm and 870–905 nm (Fig. 3B). Interval size of 5 and 10
resulted in the common region being selected especially 743–770 nm
and 870–905 nm. Interval size of 5 selected one extra region of
845–860 nm. The selected variables from the iPLSR were used for new
PLSR modelling. PLSR performed on the variables selected with interval
size of 5 resulted in calibration R2c = 0.67 with a RMSEC = 6.89
Hz2g2/3. The test set resulted in a R2p = 0.75 with a RMSEP = 6.69
Hz2g2/3 (Fig. 4A–C). PLSR performed on the variables selected with
interval size of 10 resulted in calibration R2c = 0.75 with a

3. Results
3.1. Spectral proﬁles and ﬁrmness
A representative example of the average acoustic ﬁrmness values
and the average VNIR spectra of an individual mango during ripening
are presented in Fig. 1. During ripening ﬁrmness decreased from 60 to
25 Hz2g2/3 (Fig. 1A). The ripening-associated ﬁrmness decrease is a
result of the enzymatic breakdown of cell wall components resulting in

Fig. 1. (A). Change in mango ﬁrmness along the storage days. (B). Change in the average VNIR spectra of mango in spectral range of 400–1135 nm. (C). Change in
the average NIR spectra of mango in spectral range of 700–1135 nm.
3
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Fig. 2. Partial least-squares regression (PLSR) results. (A). evolution of root means squared error (RMSE) as a function of latent variables (LVs), (B). Calibration set,
and (C). Test set.

RMSEC = 6.02 Hz2g2/3. The test set resulted in a R2p = 0.75 with a
RMSEP = 5.92 Hz2g2/3 (Fig. 4D–F). An improvement in the calibration
and prediction R2 was obtained when PLSR was performed on the selected variables compared to the PLSR executed on the full spectrum.
The PLSR performed on the variables selected with interval size of 5
selected 3 LVs as optimal (Fig. 4A). The new PLSR performed on the
variables selected with interval size of 10 selected 7 LVs as optimal
(Fig. 4D). The smaller the number of LVs the simpler and generalized
will be the model. However, a too simple model is also prone to under
ﬁtting when applied on new batches. Although, the model with 232
variables of interval size 5 resulted in only 3 LVs compared to the model
with 7 LVs of interval size 10, the error for 5 interval size model (6.69
Hz2g2/3) was higher compared to the 10 interval size model (5.92
Hz2g2/3). Further, the model with variables selected from interval size
10 has better calibration and prediction R2 than the model with variable selected with interval size of 5. Firmness evolution of 8 randomly
chose mangoes (not used in calibration) during the ripening is shown in
Fig. 5. The reference average ﬁrmness from acoustic measurements is
presented in blue and the ﬁrmness predicted with NIR spectroscopy is
presented in red. The error bars in the NIR spectroscopy predicted
ﬁrmness were calculated from adding and subtracting the RMSEP from
the predicted ﬁrmness. The NIRS predicted ﬁrmness followed a decreasing trend for all 8 mangoes like the reference measurements of
ﬁrmness.

4. Discussion
During ripening mango changes color from green to yellow.
However, the change in color is diﬀerent for diﬀerent cultivars and may
depend on ripening conditions. Also, some mango cultivars do not
change color. Therefore, color information is regarded as a poor predictor of ripeness. Considering this, in this study, the modeling was
mainly performed in the spectral range of 700–1130 nm i.e. the NIR
range. This was done to focus on the modelling and the variable selection task to be dependent on physicochemical information. A model
developed with physicochemical information can be assumed to be
more robust when used in a new cultivar where the color of the outer
peel does not change during the ripening. However, to verify this the
current model needs to be tested in the future work in diﬀerent cultivars.
In the present work, two spectral regions (743–770 nm and
870–905 nm) were selected by the iPLSR algorithm that highly contributed to the prediction of the mango ﬁrmness. The model developed
using the wavelength regions selected by iPLSR outperformed the
standard PLSR model by over 12% gain in R2p and 14% reduction in
prediction error. The selected region of 743–770 nm is related to the
3rd overtones of C-H and CH2 [19]. The selected region of 870–905 nm
is related to the 3rd overtones of CH2 and CH3 [19]. Similar bands were
also identiﬁed in association with mango ﬁrmness in related work [8].
However, it is currently not known which subset or group of compounds should be targeted to explain the ﬁrmness in mangoes. In the
present work, multiple spectral regions were identiﬁed for predicting

Fig. 3. Selected intervals with interval partial least-squares regression (PLSR). (A). Window size of 5, and (B). Window size of 10. The vertical lines are the spectral
regions selected by the iPLSR.
4
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Fig. 4. Partial least-squares regression (PLSR) with variables selected. (A). Evolution of root means squared error (RMSE) as a function of the latent variables (LVs)
for interval size 5, (B). Calibration set, (C). Test set, (D). Evolution of RMSE as a function of the latent variables (LVs) for interval size 10, (E). Calibration set and (F).
Test set.

Fig. 5. Evolution of ﬁrmness for 8 mangoes. The reference average ﬁrmness from acoustic measurements is presented in blue and the ﬁrmness predicted with NIR
spectroscopy is presented in red. The error bars in the NIR spectroscopy predicted ﬁrmness were calculated from adding and subtracting the RMSEP from the
predicted ﬁrmness. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)

ﬁrmness rather than a single region. This could be understood as the
presence of more than one chemical or physical changes occurring in
mangoes during the ripening. Mango ripening process is a combination
of multiple physical and chemical changes including ﬂesh softening,
breakdown of starch and increases in soluble sugars [4]. Furthermore,
cell wall components like pectin and hemicellulose are enzymatically
altered during ripening [3]. Changes in cell wall composition during

ripening could lead to diﬀerences in the NIR spectra [20]. In the present
work, the selected bands were representative of CH, CH2 and CH3 bonds
which can be related to chemicals like sugar, hemicellulose and pectin
[8]. However, as there was no reference chemical analysis performed,
the study lacks the validation of chemical composition. Another major
physicochemical change during the ripening is moisture loss. The decreased moisture causes loss of cell turgor and the creation of air-ﬁlled
5

Infrared Physics and Technology 110 (2020) 103459

P. Mishra, et al.

voids aﬀecting the NIR signal [8]. Since ﬁrmness cannot be quantiﬁed
as a chemical compound, the NIRS signal likely has some secondary
correlation with the ﬁrmness [21].
In this study, a R2p of 0.75 was obtained which is lower than that
found in a comparable work where R2 was in the range of 0.82–0.90
[8]. A reason for this could be the diﬀerent reference measurement for
ﬁrmness. In the present work, the reference ﬁrmness measurements
were performed utilizing acoustic-based method (AWETA), however, in
the comparable work, the reference measurements were performed
with a destructive penetrometer [8]. The penetrometer is a unique reference method, whereas, acoustic measurement approximates ﬁrmness
based on the combination of acoustic signal (natural frequency) and the
weight of fruit. Comparison of penetrometer and acoustic measurement
has already shown the superiority of penetrometer ﬁrmness measurement [22]. However, in the present experiment, as the aim was to
monitor the same mangoes (non-destructively) for several days, using a
destructive technique like penetrometer was not feasible.

[2]

[3]

[4]

[5]

[6]

[7]
[8]

[9]

5. Conclusions
[10]

In this study, VNIRS was used for non-destructive prediction of
mango ﬁrmness during ripening. The result showed a relationship between the changes in the fruit ﬁrmness and the reﬂectance properties of
NIR light. The variable selection with iPLSR resulted in improved predictive modelling leading to a R2p = 0.75 with a RMSEC = 5.92 Hz2g2/
3
compared to standard PLSR model with R2p = 0.67 with a
RMSEC = 6.88 Hz2g2/3. In total, there was a 12% increase in the R2p
and a 14% decrease in RMSEP. Two major spectral intervals
((743–770 nm and 870–905 nm) were identiﬁed as the most predictive
of the mango ﬁrmness. The predicted ﬁrmness values followed a similar
decreasing trend when compared with the reference measurement
during the ripening process. VNIR spectroscopy in combination with
variable selection can lead to explainable models with better predictive
performance. VNIR spectroscopy could enable optimization and control
over the ripening process of mango. Future work will involve exploring
the extended NIR range covering 400–2500 nm to ﬁnd a better correlation with explainable biochemistry related to ripening for predicting
mango ﬁrmness.
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