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ABSTRACT

The objective of this study was to develop a prototype multispectral
imaging system for online quality assessment on pomegranate fruit. At
first, a visible/near infrared spectroscopy (400–1100 nm) was tested for
non-destructive determination of total soluble solids, titratable acidity,
and pH. The spectral data were analyzed using the partial least square
analysis. Then to establish consistent multispectral imaging system, the
highest absolute values of β-coeffcients correspond to wavelengths from
the best partial least square calibration model were selected and used for
identifying the optimal wavelengths. Consequently, a multispectral imaging
system was developed based on the effective wavelengths 700, 800, 900,
and 1000 nm. The performance of the developed multispectral imaging
system was evaluated by multiple linear regression models. The multiple
linear regression model predict total soluble solids with r = 0.97, root mean
square error of calibration = 0.21°Brix, and ratio performance deviation = 6.7
°Brix. Also, the results showed that the models had good predictive ability
for pH and titratable acidity. Results showed that the developed multispectral imaging system based on the optimal wavelengths could be used
for online quality assessment of pomegranate fruit.
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Introduction
In the past decades, the consumer demands for fresh fruits with high quality have increased and
are still increasing. The word of fruit quality is defined as a combination of attributes, properties,
or characteristics that determine the suitability of the fruit to be eaten as fresh or stored for
reasonable period without deterioration.[1] Generally, the quality of fresh crops involves appearance (size, shape, color, gloss, and freedom from defects and decay), texture (ﬁrmness, crispness,
and toughness), ﬂavor (sweetness, sourness, aroma, and off-ﬂavors), and nutritive value (vitamins, minerals, nutrients, and carbohydrates).[2] The pomegranate (Punicagranatum L.) fruit,
native of Iran, is one of the most important fruits of the world which is consumed both as fresh
fruit as well as in processed form such as juice, jams, etc. In most of the pomegranate producing
countries, the bulk of pomegranate is consumed as fresh fruit. So, together with the recent
concern for food quality and safety, automatic technologies for judging the fresh quality of
pomegranate are being sought.
Quality attributes such as pH, especially total soluble solids (TSS), titratable acidity (TA) are
among the major quality attributes of pomegranates.[3–6] Good-quality pomegranates develop a
juicy texture with high nutritional value, delicious taste, and excellent ﬂavor following softening
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related to changes in cell wall structure.[4,7] Charting pH, TSS, and TA as a function of
postharvest storage time could provide valuable information for commercial decisionmaking, since fruit sold to the consumer must meet given quality standards based on these
parameters.[4] Most instrumental techniques to measure these attributes are destructive in
nature and time consuming and inapplicable to grading and sorting.[3,4,8–10] So, any technology
such as spectroscopic and hyperspectral imaging systems that can classify the pomegranates
non-destructively based on these quality attributes will be very useful for producers, processors,
and distributors to ascertain fast evaluation.
Spectroscopic and hyperspectral imaging systems have many advantages compared to classical
chemical, physical, and analytical methods. These systems are a non-destructive and non-contact
technique with limited sample and chemical-free preparation that can be applied to estimate
more than one attribute at the same time.[2] All these factors reduce energy requirements and
costs of process, and provide more consistent fruit to consumers. Spectroscopy has been
involved in the food research for dozens of years.[11–19] However, spectroscopy method has a
great drawback compared with the hyperspectral imaging because it generally measures an
aggregate amount of light reflected or transmitted from a specific area of a sample (point
measurement), it does not contain spatial information about the product. The hyperspectral
imaging system can spatially receive the spectral responses at a pixel of fruit image.
In recent years, the extensive research and advances in hyperspectral imaging proved the
feasibility it to analysis of fruits non-destructively and with reasonable accuracy. Some reviews and
books on application of hyperspectral imaging in food quality assessment have already been
published in the last years.[20–27] However, literature review showed that it is not feasible for a
hyperspectral imaging system to be applied for online quality evaluation of fruits due to the long
acquisition time and high cost.[22,24,25,28,29] Thus, development of a multispectral imaging system
which would be faster and cost-effective based on the selected effective wavelengths is essential for
online quality evaluation of fruits. El Masry et al.[2] developed a multispectral image acquisition
system for nondestructive determination of some quality attributes for strawberry. Feasibility in
multispectral imaging for predicting the content of bioactive compounds in intact tomato fruit was
studied by Liu et al.[30] Huang et al.[31] showed that it could be effective for detection of bruises on
apples using a multispectral imaging system.
Hence, this study was undertaken to develop a multispectral imaging system based on the selected
effective wavelengths to estimate some quality attributes of pomegranate. This outmost aim was
achieved by meeting the following speciﬁc objectives: (1) Developing partial least square (PLS)
models to quantitatively predict TSS, TA, and pH in pomegranate using a 400–1100 nm near
infrared (NIR) spectroscopy system; (2) Selecting the optimal wavelengths which give the highest
correlation between the spectral data and the three studied quality attributes; (3) to develop a
multispectral imaging system based on the selected effective wavelengths; (4) test and validate the
prediction accuracy of the developed calibration models.

Materials and Methods
Pomegranate Samples
In this study, the pomegranate fruits (Ashraf variety) were obtained from a commercial orchard in
Shahidabad Village, Behshahr County, Mazandaran Province, Iran in October 2014 (Fig. 1). Good
appearance of test fruits is essential for the experiments. So, pomegranates were visually inspected
for appearance and surface defects and finally a total of 100 fruits free from any abnormal features
such as bruises, diseases, and contaminations were selected for the experiments. Then, all samples
were individually washed, numbered and stored at 20°C and 70% relative humidity. Two subgroups
were considered for testing and training, so the samples divided into two groups randomly. The first
subgroup of 70 samples was used as a training set for developing PLS model, whereas the remaining
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Figure 1. Fruit and arils of pomegranate (cv. “Ashraf”) cultivar.
Table 1. Statistics of both calibration and prediction data sets for some physical properties of pomegranate fruit samples.
Calibration set (70 samples)

Prediction set (30 samples)

Attributes

Max

Min

Mean

SD

Max

Min

Mean

SD

L* (mm)
W* (mm)
T* (mm)
Dg* (mm)
Fruit mass (g)

66.28
73.15
69.84
68.25
166

62.03
67.14
67.82
64.15
153

64.02
70.15
68.12
66.95
160

2.13
3.05
2.6
2.13
8.12

66.49
72.12
69.35
68.72
165

62.72
67.36
67.75
65.61
154

64.58
70.68
68.09
66.54
160

2.38
2.31
2.75
2.23
7.56

L: length; W: width; T: thickness and Dg: geometric mean diameter.

subgroup of 30 samples was used for model validation and to estimate the performance of models.
The physical properties of samples were measured and computed on the basis of Fawole and
Opara.[4] Table 1 shows the summary statistics for some physical properties of samples in each
subgroup.

Visible (Vis)/NIR Reflectance Spectroscopy Collection
The experimental system for testing pomegranate fruit included a spectrometer (AvaSpec-2048TEC
(200–1100 nm), Avantes Company, Russia) equipped an external fiber-optic cable, AvaSoft7 software
for Windows, a cooled, one nanometer resolution and sensitivity of 1,100,000 counts/μw per ms
entrance irradiation. The light source consisted of a tungsten halogen lamp (100 W, 12 V) which is
usable in the Vis and infrared region. A white Teﬂon material was used as the reference material before
every measurement. The angle between the incident light source and the detector fiber was set to 45°.
The collected optical energy transferred by the fiber cable to the spectrometer for projecting onto a
holographic diffraction grating. For independent measurements, the detectors were considered to
separate and reflect the wavelength components.
The measurement system was arranged in reﬂectance mode for collecting Vis/NIR diffuse
reﬂectance spectra from the pomegranate fruit. The reﬂectance spectra from 400–1100 nm were
measured at 1 nm interval with an average reading of 10 scans for each spectrum. Four separate
spectral measurements were made at four marked locations on each sample at four equidistance
positions along the equator in order to decrease the error of operator and instrument. The average
spectrum of these four measurements was used for calibration model. That is to say, a total of 30
scans were automatically averaged for each fruit. Finally, all of the spectral data were stored in a
computer for further analysis.

110

R. KHODABAKHSHIAN ET AL.

Measurement of TSS, TA, and pH
After acquiring the spectra, each fruit sample was tested for its TSS, TA, and pH. In order to
determine these attributes, the juice was squeezed using a manual fruit squeezer (Model: HL-56,
China). The juice was filtered and centrifuged afterward. The TSS and pH of juice were measured
thrice using a hand-held refractometer (TYM Model, China) and digital pH meter (3020 Model,
GenWay Company, UK), respectively, and the average values were noted. The juice’s TSS was
expressed in values of °Brix. TA was determined as an average among replicates after titration
using a Metrohm 862 compact titro sampler (Herisau, Switzerland), and the results were presented
as the percentage of citric acid. Many researchers have been used these methods.[4,15,19,32–34]
Chemometrics
Spectral data preprocessing
Vis/NIR instruments generate a large amount of spectral data producing valuable analytical
information.[19] However, the data acquired from spectrometer contains background information
and noise besides sample information. In order to obtain reliable, accurate, and stable calibration
models, the raw data acquired from spectrometer need to be preprocessed first to reduce the effect of
irrelevant information such as background, noise, uncertainties, variability, interactions, and unrecognized features.[35] Recently, several preprocessing methods than can be divided into two categories: columns pretreatments and rows pretreatments have been developed for these
purposes.[14,36,37] In this study, the pretreatments were implemented by ParLeS software version
3.1.[38] First, in this study, four spectra of every sample were averaged into one spectrum and then
converted to absorbance value using Abs = log (1 /R) equation where R is the amount of reflectance,
to obtain linear correlation between spectra and sample molecular concentration. Finally, different
preprocessing methods including centering, smoothing by (Savitzky–Golay algorithm, median filtering), normalization (multiplicative scatter correction [MSC] and standard normal variate [SNV])
and differentiation (first derivative and second derivative) were performed. Centering, which is also
referred as mean centering, ensures that all results will be outstanding in terms of variation around
the mean.[14] Smoothing is designed to optimize the signal to noise ratio.[14] To linearize each
spectrum to some ideal spectrum of the sample, MSC was attempted to remove the effects of
scattering, which corresponds to the average spectrum practically.[14] Also, ﬁrst and second derivative preprocessing methods were used to remove background spectra and enhance spectral
resolution.[35]
Calibration and validation
PLS regression method was implemented for developing a model between spectral responses from
samples and their quality attributes. PLS analysis between one attribute (TSS, TA, and pH) and the
spectral data (average spectra with 700 wavelengths in the range from 400–1100 nm) was conducted
using ParLeS software version 3.1.[38] When applied to spectral of the calibration set (70 samples),
the aim of PLS analysis is to find a mathematical relationship between a set of independent variables,
X matrix (N70fruits × K700wavelengths), and the dependent variable, Y matrix (N70fruits × 1). The values
of each attribute (TSS, TA, and pH) from the calibration set were used to represent the dependent
variables (Y). Meanwhile, the reﬂectance values at 700 wavelengths of the 70 pear fruits represented
the independent variables or the predictors (X). The remaining 30 fruits were randomly allocated for
validation. No outliers were detected using both spectral and concentration residuals. The optimal
number of latent factors for establishing the calibration model was determined using the minimum
value of predicted residual error sum of squares (PRESS). The performance of model calibration and
validation was assessed in terms of by correlation coefficient (r), root mean square error of
calibration (RMSEC), root mean square error of prediction (RMSEP) and ratio performance deviation (RPD) as follows:[39]
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(1)
(2)
(3)
(4)

where ŷi is the predicted value of the ith observation, yi is the measured value of the ith observation,
ym is the mean value of the calibration or prediction set, n, nc, and np are the number of observations
in the data set, calibration and prediction set, respectively. Generally, a good model should have
higher correlation coefficients; lower both RMSEC and RMSEP values, but also a small difference
between RMSEC and RMSEP or a RPD value should be more than 5.[40]
Optimal wavelengths selection using highest absolute values of β-coeffcients from the best PLS
calibration model
Many researchers have studied a variety of methods such as correlation analysis;[41,42] principal
component analysis (PCA);[31,43] typical wavelength selection methods such as partial least squares
regression (PLSR);[44] genetic algorithm;[45] sequential forward selection;[46] and relatively new
methods like minimum redundancy–maximum relevance (MRMR)[47] and receiver operating characteristic curve[48] to find a few vital wavelengths that would be most inﬂuential on the quality
evaluation of the fruit. In this research, the highest absolute values of β-coeffcients correspond to
wavelengths from the best PLS calibration model were selected and used for identifying the optimal
wavelengths. The wavelengths depend on the behavior of spectral responses of the fruits under study
and the differences among them were selected for multispectral imaging system. Then to establish
multiple linear regression models (MLR) these selected optimal wavelengths were used. This step was
completed using Matlab 2013a (The MathWorks Inc., Natick, MA) as follows:
XK
^ ¼ a0 þ
aR
(5)
Y
k¼1 k λk
where Y, predicted value of the attribute; K, number of optimal wavelengths (number of X-variables
or predictors); a0, ak, regression coeffcients, and R, reﬂectance at a wavelength λ corresponding to
the kth term in the model. Finally to test the predictive ability of the models, the correlation
coefficient (r), RMSEC, RMSEP, and RPD were determined. The optimal number of factors for
establishing the calibration model was determined by the PRESS. The number of factors with the
minimum PRESS value was considered the optimal.
Development of An Experimental Multispectral Imaging System
Based on the selected wavelengths, a laboratory multispectral imaging system was developed as
shown in Fig. 2. The system is comprised of the following components:
(1) A 75 (length) × 50 (width) × 45 (height) cm light chamber that is made of sheet metal.
(2) A charged couple device (CCD) camera (SCB-2000, SAMSUNG).
(3) An illumination unit that consists of 10, 50 W halogen lamps adjusted at angle of 45° to
illuminate the camera’s ﬁeld-of-view.
(4) A frame grabber.
(5) A filter wheel with four holes for holding filters in place. Three band pass filters of 800, 900,
and 1000 at 25 nm band width (Thorlabs Corp., USA) were used. Another space in filter
wheel was used with no filter for acquiring RGB images.
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Figure 2. The constructed multispectral imaging system for acquiring images from the fruit.

Results and Discussion
Statistic Values of TSS, TA, and pH
The statistic values of TSS, TA and pH of samples or both calibration and prediction (validation)
data sets are presented in Table 2. The TSS, TA and pH measurements of 100 samples were fairly
normally distributed around the mean values (Table 2). As it can be seen, the calibration sets and
prediction sets were quiet varied and covered a large enough range. These features are helpful to
develop a good model.

Spectra Consideration
After removing the noise in the data, only wavelengths in the range from 400–1100 nm were used for
further analysis. Fig. 3a and 3b show the average raw reflectance spectra and absorbance spectrum of
Ashraf pomegranate fruit in the wavelength range of 400–1100 nm, respectively. As it was clear in these
figures, the spectrum had some absorbance peaks in speciﬁc frequencies due to stretching vibration of
the overtones of O-H, C-H, or N-H functional groups relative to the concentration of some inner
compositions with these bands such as sugars and acids. The absorbance in the range of 400–500 nm
was due to the pigments. After 500 nm (in the visible region), the curve had decreasing trend (Fig. 3b)
and there was a perceptible peak around 750 nm because of the third overtone of O-H and the forth
overtone of C-H. Then (in NIR region) the curve had increasing trend and a perceptible peak around
970 nm because of the second overtone of O-H. This justification was also by many researchers.[2,43,49,50]
They found that the regions around 500 and 680 represent anthocyanin and chlorophyll pigments
Table 2. Statistics values of TSS, TA, and pH of 100 pomegranate samples.
Parameters
TSS
TA
pH

Data set
Calibration samples
Prediction samples
Calibration samples
Prediction samples
Calibration samples
Prediction samples

Number of
samples
70
30
70
30
70
30

Min
18.48
18.54
0.7
0.71
3.44
3.51

Max
19.1
19.1
0.79
0.79
3.64
3.65

Mean
18.77
18.78
0.75
0.75
3.55
3.56

SD
0.13
0.14
0.03
0.03
0.04
0.03
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b
Figure 3. The average raw reflectance Vis/NIR spectra of A: Ashraf pomegranate fruit, and B: its absorbance spectrum.

which represent the color characteristics in the fruit and the absorption regions in the NIR at 840 and
960 nm represent sugars and water absorption bands.

The PLS Models Using the Whole Spectral Range of 400–1100 nm
As it was stated earlier, the PLS calibration models were developed using the average spectra from 70
fruits in the calibration/training set utilizing the whole spectral range consisting of 700 wave bands.
The models were validated using the average spectra of 30 fruits in the validation set. As shown in
Fig. 4a, the number of latent factors for PLS model of TSS, TA, and pH of samples was determined at
the lowest value of PRESS. At the first, PRESS had high values and then decreased rapidly as the
number of latent factors increase until its lowest value. After that, the PRESS increase again with
increasing of the number of latent factors and the performance of the model decreases accordingly.
The number of latent factors to predict for TSS, TA, and pH were nine, six, and eight factors,
respectively. The scatter plot of correlation between the measured and predicted values of studied
attributes (TSS, TA, and pH) are shown in Fig. 4b–4d.
As it is clear from Table 3, the PLS models could predict TSS as well and better than the other studied
quality parameters. Many researchers also have reported that NIR spectroscopy with PLS models could
predict TSS better than other taste characteristics for various vegetables and fruits such as cherry,
mandarin, tomato, and orange fruit.[33,51–53] Also, more application of NIR spectroscopy to measure
TSS in fruits and vegetables has reported by Nicolai et al.[14] Withal as it was stated, the PLS model can
predict TSS with r = 0.95, RMSEC = 0.22 °Brix, and RPD = 6.7 °Brix. These parameters for the validation
models was found to be: r = 0.94, RMSEP = 0.21 °Brix, and RPD = 6.72 °Brix. The pH was predicted with
r = 0.85, RMSEC = 0.068, and RPD = 4.58 for the training set and r = 0.86, RMSEP = 0.069, and RPD =
4.43 resulted from the validation sets. TA was predicted with r = 0.94, RMSEC = 0.25, and RPD = 5.35 for
training set. The accuracy of the model in the validation set for predicting TA was with r = 0.93, RMSEP =
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b

a

d

c

Figure 4. Prediction of TSS, TA, and pH using PLS models: A: predicted residual error sum of squares (PRESS) for predicting TSS, TA,
and pH as a function of number of factors; B: measured and predicted TSS values for training and validation sets using nine factors;
C: measured and predicted pH values for training and validation sets using four factors; and D: measured and predicted TA values
for training and validation sets using six factors.

Table 3. PLS models for predicting TSS, TA, and pH in pomegranate.
Calibration set
Attribute
TSS
TA
pH

Number of PLS factor
9
6
8

R
0.95
0.94
0.86

RPD
6.7
5.35
5.01

Prediction set
RMSEC
0.22
0.25
0.062

R
0.94
0.93
0.88

RPD
6.72
5.31
5.14

RMSEP
0.21
0.26
0.062

0.26, and RPD = 5.31. As is clear the validation tests had similar results with the calibration set, so the
models can non-destructively predict the quality attributes under study.
Evaluation of Performance of the Optimal Wavelengths
As it can be seen from Table 4, the optimum wavelengths for quality assessment of pomegranate
fruit with internal quality attributes such as TSS and TA, were found to be 450, 521,630, 780, 853,
and 950 nm. Also for predicting pH, common spectral regions were found in six optimal wavelengths at 435, 520, 585, 680, 850, and 993 nm which corresponding to the highest absolute value of
the β coefficient. This results are comparable with the ﬁnding of ElMasry et al.[2] and Rajkumar
et al.[43] for strawberry and banana who found that the optimal wavelengths were 421, 520, 581, 683,
847, and 950 nm and 440, 525, 633, 672, 709, 760, 925, and 984, respectively. The optimal
Table 4. MLR models for predicting TSS, TA, and pH in pomegranate.
Calibration set
Attribute
TSS
TA
pH

Optimal wavelengths (nm)
450, 521, 630, 780, 853, 950
450, 521, 630, 780, 853, 950
435, 520, 585, 680, 850, 993

R
0.97
0.93
0.93

RPD
6.7
5.21
5.01

Prediction set
RMSEC
0.21
0.26
0.035

R
0.97
0.92
0.94

RPD
5.77
5.22
4.98

RMSEP
0.22
0.26
0.038
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Figure 5. Prediction of TSS, TA, and pH using MLR models: A: correlation between measured TSS and estimated TSS for training
and validation sets; B: correlation between measured pH and estimated pH for training and validation sets; C: correlation between
measured TA and estimated TA for training and validation sets.

wavelengths were considered to develop MLR model between the reﬂectance and measured values of
each attribute. Also, the calibration set was applied to develop the MLR models for predicting the
attributes and the validation set for validating these models. The results of calibration and prediction
of MLR models for TSS, TA, and pH are shown in Fig. 5a–5c. The performance of these models is
evaluated by RMSEC, RMSEP, and correlation coefficient (r) as shown in Table 4.
As can be seen from Table 4, the model for prediction of TSS had r = 0.97, RMSEC = 0.21°Brix, and
RPD = 6.7 °Brix. The model predicted the TSS of validation samples with r = 0.97, RMSEP of 0.22 °
Brix and RPD = 5.77 °Brix. The correlation coefficients (r) for the calibration model of pH was found
to be 0.93 and it was 0.94 for validation set. Also, RMSEC and RMSEP were 0.035 and 0.038, for
calibration and evaluation datasets, respectively. Similar to the scatter plot of TSS (Fig. 5a), the 45º
slope of the line fitted to the pH measured–predicated data points showed that predicted values were
very close to measured values (Fig. 5b). As it can be seen in Table 4, the MLR model can predict TA
with r = 0.93, RMSEC = 0.26, and RPD = 5.21°Brix. These parameters for the validation models was
found to be: r = 0.92, RMSEP = 0.25, and RPD = 5.22. Compared with PLS models, MLR models had
higher performance in prediction in terms of RMSEC, RMSEP, and the correlation coeffcient. This is
related to co-linearity and overﬁtting problems in MLR models that utilize only the essential wavelengths and neglect the useless wavelengths.

Conclusion
The results of this study indicated the possibility of developing a nondestructive technique using
multispectral imaging for measuring pomegranate quality attributes. The PLS models were established
between reflectance spectra acquired from NIR spectrometer and the quality attributes. The correlation
coefficient r, RMSEC and RPD for the calibration models was found to be: r = 0.95, RMSEC = 0.22 °
Brix, and RPD = 6.7 °Brix for TSS; r = 0.85, RMSEC = 0.068, and RPD = 4.58 for pH; r = 0.94, RMSEC
= 0.25, and RPD = 5.35 for TA. The optimum wavelengths were extracted using the β-coeffcients from
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PLS models. Consequently, a multispectral imaging system was developed based on the effective
wavelengths 700, 800, 900, and 1000 nm. The performance of the developed multispectral imaging
system was evaluated MLR models. The MLR model predict TSS with r = 0.97, RMSEC = 0.21°Brix,
and RPD = 6.7 °Brix. The pH was predicted with r = 0.93, RMSEC = 0.035, and RPD = 5.01 for the
training set. TA was predicted with r = 0.93, RMSEC = 0.26, and RPD = 5.21 for training set. Results
showed that the developed multispectral imaging system based on four effective wavelengths is feasible
for quality assessment of pomegranate fruit. Our next step research will focus on the performance
evaluation of the developed multispectral imaging by online tests.
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