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Abstract: The methodology developed in this study was based on digital imaging processing of
plums harvested in eight different weeks during their ripening process. Mean RGB data, histograms,
and matrices of RGB data were used to characterise the ripening stage of the plums, in both qualitative
and quantitative approaches, by using classification and quantification chemometric methods. An
exploratory analysis of data was performed using principal component analysis (PCA) and parallel
factor analysis (PARAFAC) in RGB histograms and matrices data, respectively, showing differences
in the colour features since the fourth week of harvesting. In the case of the quantitative approach,
high correlation was achieved between the histogram data, using partial least squares (PLS), and
total chlorophyll content. In addition, between three-way matrixes and total chlorophyll content,
good correlations were obtained applying unfolded-PLS (U-PLS) and N-way-PLS (N-PLS). The most
accurate results were obtained on the green channel. Analytical parameters obtained were good,
with determination coefficients (R2) higher than 0.91 for all models in the first and second-order
multivariate analysis. In addition, relative errors of prediction (REPs) were lower than 12% in all
models for the green channel. Therefore, the proposed method was a satisfactory alternative to
destructive physiological and biochemical methods in the determination of total chlorophylls in
plum samples. In the routine analysis, first-order multivariate calibration with PLS analysis is a good
option due to the simplicity of data processing.

Keywords: digital images; multivariate calibration; chlorophylls; plums

1. Introduction

Plums are one of the most well-known stone fruits, with Spain and Italy being the major
European producers [1], especially of ‘Japanese plums’ belonging to the species Prunus
Salicina Lindell, and ‘European plums’ belonging to the species Prunus domestica L. [2]. Both
varieties are mainly consumed fresh and have remarkable commercial features, which
depend on their pre-harvest and post-harvest conditions and treatments. Therefore, the
development of different methods to assess the commercial quality properties of these
fruits has a very important economic impact.

One of the most important quality features, which involves the commercial life of
the product, is the ripening stage. These processes in plums have been widely studied
in relation to the main phytochemicals of their skin. Total polyphenols and anthocyanins
showed a relatively ascending trend during all the studied phases of the ripening process [3].
However, total chlorophyll content showed an intense increase during the fructification
phase, followed by a continuous decrease until ripening in “Sanley”, “Vanat de Italia” and
“Tuleu Gras” plum cultivars [3]. In addition, other researchers studied that the gradual
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decrease in chlorophylls and carotenoids, and the accumulation of anthocyanins, changed
the colour of the fruit from green to deep purple colour in black plums cultivars Syzgium
cumini [4]. Hence, chemical changes will be followed by changes in colour on the skin of
the fruit, and these chemical changes, based on the principal phytochemicals present in the
peel of the fruit, are demonstrated to be an excellent index to monitor the ripening stage of
plums of different cultivars.

In order to analyse these phytochemicals in the skin of the fruits, several analytical
methods based on spectrophotometry [5], and chromatography [6] have been proposed.
However, these methods are time- and solvent-consuming, require sample destruction,
sophisticated equipment and highly trained analysts. Nowadays, analytical methodologies
are required to be more efficient, economic, and eco-friendly, thus new methodologies
based on non-destructive procedures and inexpensive and accessible devices are being
developed. In this context, chemometric methods, which are based on the mathematical
treatment of multidimensional analytical information in untreated samples, are suitable
to these features. For this reason, these methods have been widely used among different
areas such as environment, food control or biotech processes, among others [7–9]. Hence,
the use of autofluorescence data obtained from plums with a fiber optic were analyzed,
applying different second-order chemometric methods for satisfactory quantification of
chlorophylls in plums’ skin [10]. This method was reported as a reliable, non-destructive,
short time response and minimal instrumentation required approach, to monitoring the
ripening process of plums, achieving important qualitative and quantitative information
about the evolution of chlorophylls.

On the other hand, the application of digital images data based on the different colour
spaces coded into RGB, HSI, or greyscale, coupled with different chemometric methods,
has gained great prominence due to its simplicity and the possibility to integrate data
processing in common devices such as digital cameras and smartphones.

For this reason, several studies have been reported to demonstrate the relevance of
these methods for the determination of quality parameters of interest, in different food
matrices. For example, simple one-way data based on RGB features have been used with
univariate linear regression for monitoring thermal stability of extra virgin olive oil [11] or
for assessing chlorophyll and nitrogen status in plants [12]. On the other hand, two-way
data based on the different colour features in different colour spaces, such as HSI, RGB,
or L, a, b, organized in colour histograms, have been performed with successful results in
different food matrices. In this way, several studies have been reported applying colour
histograms in combination with classification and quantification chemometric methods,
in order to estimate the adulteration in the fat content in chicken hamburgers [13], Sudan
I dye in ketchup samples [14], young wines in aged wines [15] or food dyes in commer-
cial products [16]. In addition, colour histograms have been used to quantify different
compounds of interest or classify different quality degrees in several foods such as grape
juice [17], mango fruits [18] or to determine nitrites in water [19], and the maturity stage of
fruits such as bananas [20].

Until now, there were no studies of second-order data analysis applied on the whole
digital images with their “pure” colour features provided for every pixel, where multi-
variate calibration is possible to be performed. However, it has been used in other fields,
such as wood weathering [21], where PARAFAC was used with fused NIR, RGB, gloss
and Cie-Lab data, in different weathering times, obtaining qualitative information of the
evolution of the different factors related to surface properties of the wood. Moreover, it
was used in the determination of nitrites in food samples, taking eight photographs with
different F number in a paper-based sensor (PBS), for the determination of nitrites with the
Griess reagent, arranging three-way arrays using the number of samples, the intensity of
the red pixels and the F number, to obtain U-PLS and N-PLS models [22].

The objective of this work is to show the potential of digital imaging processing,
coupled with different chemometric tools, to evaluate the chlorophyll content of plums
without treatment of the sample or sophisticated data analysis equipment. For that, ana-
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lytical information based on RGB colour space has been explored in different data levels:
mean values of RGB for each pixel (one-way), histograms (two-way), and whole matrix of
RGB data (three-way). In addition, after an exploratory analysis of data, models for total
chlorophylls quantification was obtained using different chemometric tools.

2. Material and Methods
2.1. Reagents and Solvent Standards

Standard solutions were prepared by dissolving the contents of ampules containing
1 mg of chlorophyll a or chlorophyll b (chl a and chl b), obtained from Sigma-Aldrich
Chemical Co (Barcelona, Spain), in 25.00 mL of acetone and stored at −4 ◦C in darkness.
Acetone (Merck, Darmstadt, Germany) was used to prepare diluted solutions.

2.2. Sampling

The maturity process of plums was analysed in the Friar plums variety, harvested from
a cultivar located in Badajoz, Extremadura, Southwest of Spain. Samples of fruits were
harvested from the last week of May to August 2018, and then randomly collected for each
week along the maturation process. In three samples from each week, three photographs
were taken from every side of the plum (peduncle side was avoided). Afterward, an HPLC
analysis of the chlorophylls in the skin was carried out.

2.3. Reference Analysis

Reference analysis was performed by the chromatographic method proposed by Hart
and Scott [23] and adapted to this study. Details for extraction procedure of chlorophylls
are described in a previous work [10]. HPLC analysis was carried out on a UFLC Shimadzu
Prominence LC-AD equipped with a degasser, a quaternary pump, a column oven, an
automatic autosampler (SIL-20A/20AC), a photodiode detector (SPD-M20A) and a spec-
trofluorimetric detector (U RF-20A/20Axs). A Shimadzu LC Solutions software package
was used to control the instrument and data acquisition. The analytical column used was a
Kinetex C18 (150 × 4.6 mm 5 µm) (Phenomenex Inc., Torrance, CA, USA).

2.4. Digital Images Acquisition

To obtain digital images from plums, a BQ smartphone (Aquarius M5 model) was
employed, using Android operating system version 5.0 and equipped with a 13 megapixels-
resolution and 2.0 focus-ratio camera. The smartphone was incorporated in a home-made
box with 25 cm × 25 cm × 25 cm dimensions surrounded in its top by a strip of fourteen
bright LEDs (D65 illuminant and 6500 K colour temperature), where the customized
aperture to put the smartphone was made in front of the sample holder. This device was
demonstrated to be useful to obtain reproducible measurements by isolation from ambient
light and internal luminosity control by the strip of LEDs [23].

2.5. Data Processing

For data processing, different strategies were assayed and compared. In Figure 1, a
scheme of the process is shown, and different steps will be detailed in the further sections.
Images were taken from three faces of plums, avoiding the peduncle face due to the lack
of relevant information. From each face, a region of interest (ROI) of 400 × 400 pixels
was selected, generating three ROIs for each plum, and removing areas not relevant in
the images, such as the white background that can be observed in the pictures of Figure 1.
Then, mean data for the different faces of plums were considered for data analysis.
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Figure 1. Scheme of the images acquisition and data processing.

2.5.1. Univariate Analysis

After images acquisition, they were transferred to Matlab environment for reading by
“imread” command (Matlab R2018a, version 7.5.0.342, Natick, MA, USA). Red (R), green
(G) and blue (B) matrices were constructed by their 8 bytes digital codes. The mean for
each channel were used for calculations.

To perform univariate calibration, different ratios for R, G, and B channels were
calculated for each plum as follows:

Ratio R =
R

R + G + B

Ratio G =
G

R + G + B

Ratio B =
B

R + G + B

Each ratio was correlated with the total chlorophylls in the skin, analysed by HPLC,
and their evolution over time was evaluated. A scheme of this experimental procedure can
be observed in the top of Figure 1.

2.5.2. First-Order Multivariate Analysis

In the case of first-order analysis, colour histograms for each channel and image
were obtained using the software ImageJ (version 1.53K, Wayne Rasband and contribu-
tors, National Institutes of Health, USA, public domain) (accessed on 15 January 2022)
(https://imagej.nih.gov/ij/). Then, the mean histograms of the three faces of every repli-
cate of the 24 samples were used for data analysis. As observed in the center of the scheme
of Figure 1, using histograms, an exploratory analysis of data was performed by principal
component analysis (PCA) to explore the variability of data. In addition, calibration models
for total chlorophyll content in the skin of the plums were built using partial least-squares
(PLS) [24,25]. The X matrix was a 24 × 256 matrix, where rows represent the number of

https://imagej.nih.gov/ij/
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samples and columns represent the frequency of each colour value in each channel under
study. Full-cross validation was used, and different parameters were obtained to evaluate
the performance of the model: coefficient of determination (R2), root mean square error
(RMSE) and relative error of prediction (REP). All calculations were performed using The
Unscrambler version 6.11 (CAMO Software AS, Oslo, Norway).

2.5.3. Second-Order Analysis

For second-order analysis, the whole matrix of 400 × 400 pixels of the ROI of the
photographs were obtained for each channel and for the three faces of each replicated of
the 24 assayed samples. Then, the mean matrix of the three faces was used for data analysis.
The dimension of the whole matrix of data was a 24 × 400 × 400 array, corresponding
to the number of samples, and the mean pixels of the horizontal and vertical position of
each pixel. As in the case of first-order data, an exploratory analysis was performed by
PARAFAC. Calibration models were obtained with unfolded-partial least-squares (U-PLS)
and N-way partial least-squares (N-PLS). Second-order analysis was carried out in Matlab
(Matlab R2018a, version 7.5.0.342, Natick, MA, USA) and using MVC2, a useful Matlab
graphic interface developed by A.C. Olivieri et al. [26]. In this case, full-cross validation was
also used to validate the models and the same analytical parameters used in the first-order
analysis were calculated to evaluate the performance of the model. The scheme for this
procedure is presented in the bottom part of Figure 1.

3. Results and Discussion
3.1. Univariate Analysis

To evaluate the maturity stage of plums along the different weeks by univariate
analysis, mean values of different channels R, G and B were obtained for each week,
considering three replicates of samples (and three images per sample). Hence, the ratio
values were calculated for each channel. The evolution of R, G, and B ratios along the
maturation stage is shown in Figures 2A, 2B and 2C, respectively. In this first approach, it is
worth highlighting that in the fourth week the ratio of the green channel (Figure 2B) reaches
a maximum, while the blue channel ratio (Figure 2C) reaches a minimum, even when this
change is not appreciable to the naked eye. These results might be due to a change in
the maturity stage, where the main phytochemicals, as chlorophylls, have an important
decrease, and anthocyanins present an increase [3,4]. In addition, it can be observed that
variability among the same week increases from the fourth week, as shown by the error
bars in Figure 2A–C. Otherwise, red channel (Figure 2A) shows a slight increase in the time.
This trend might be explained as a decrease of chlorophyll content since, as mentioned in
other studies, red is the complementary of the green wavelength of the chlorophyll [14].

After a qualitative exploration of data, a quantitative approach was performed with
the same data. Figure 2D–F and Table 1 show the results obtained for the regression curve
of each channel. As observed, G and B channels (Figure 2E,F) were not suitable for the
quantification of total chlorophylls. However, the R channel (Figure 2D) offered good
results with R2 = 0.89, RMSEP = 9.42 µg/mL and REP = 13%.

Table 1. Figures of merit for the univariate regression obtained in the different channels.

Channel Slope Intercept R2 RMSEP (µg/mL) REP (%)

R 0.98 0.57 0.89 9.4 13
G 0.24 101.4 0.39 53.8 73
B −4.98 635.7 0.01 304.9 414

R: red; G: green; B: blue; R2: determination coefficient; RMSEP: root mean square error of prediction; REP: relative
error of prediction.
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These results agree with other studies performed to estimate total chlorophylls in
potato plants [27], sugar beet leaves [28] and betel vine [29] using R, G, and B brightness
ratio. Furthermore, fluorescence studies with an optic fiber previously done and reported
in the same samples [10] showed that factors obtained from PARAFAC, and associated with
chlorophyll a and chlorophyll b, showed a similar trend during the maturation process,
which suggest that the increase in the red value is related with the decreasing in chlorophyll
concentration. This methodology can be considered simple and reliable for this purpose.

3.2. First-Order Multivariate Analysis

To perform multivariate analysis, mean histograms (plums harvested same week) of
each channel (R, G and B), and three channels together (RGB histograms) were considered.
As mentioned before, the matrix was a 24 × 256 data matrix, where 24 was the number
of samples and 256 the frequency of each of the 256 possible intensity values of R, G, B
and RGB channels. Firstly, a visual exploration of data was performed, as can be seen
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in Figure 3A–D. During the time, the G channel (Figure 3B) presents higher frequencies
in the lower intensity of the channel, from the first week, with the highest frequency
around 112, to the seventh week, with higher frequencies between 10 to 30. This change
might be because the green colour changes to dark green with time. Then, the red/purple
colour appears when chlorophylls decrease and anthocyanins increase, which increases
the absorption of green wavelengths and the reflexion of red wavelengths. On the other
hand, the R channel (Figure 3A) presents a different change. It presents higher frequencies
in the lower intensities (around 64), for the first week, and higher frequencies in the higher
intensities (around 80) for the seventh week. In the case of B channel, this change is not
observed so clearly.
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Figure 3. Histograms (A–D), scores values of the two first PCA components (E–H) and loading
profiles of the first PCA component (I–L) for the R, G, B and RGB channels along the maturation
process.

With this, PCA was performed, and samples were coloured according to date of
harvesting, before (red colour) or after (blue colour) the fourth week. The obtained scores
for the two first components are represented in Figure 3E–H for each channel (R, G, B and
RGB). As observed in Figure 3F, a trend in the distribution was observed, mainly in the G
channel, when scores for the two first components were plotted. In this case, the two first
components explained the 76% of the total variance, being the PC1 which explained the
clustering of samples. This trend is more marked in the case of RGB considered together
(Figure 3H), being the clustering due to the second component, which explained only 15%
of the variance. Loadings for the first or second component are shown in Figure 3I–L. It
can be observed that the most variables influencing the separation of samples are those
corresponding with the RGB channel (Figure 3H) and with intensities around 66–68 and
110–112. This result was expected, presenting samples in the first four weeks with higher
frequencies around these intensities for the red and green channel.
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Finally, histograms were used for a quantitative analysis in order to quantify the total
chlorophyll content in plums. For that, calibration models were performed with PLS for
the different channels, respectively. Full-cross validation was employed, and the number of
components were selected according to the explained variance. Figure 4A–D illustrate the
PLS regression coefficients for each channel, and Figure 4E–H the predicted chlorophyll
concentrations when PLS was applied versus the HPLC concentrations. Good accordance
was obtained between the predicted values and the reference results obtained in HPLC,
with the best determination coefficient (0.92) for the green channel. The figures of merit of
each channel are summarized in Table 2.
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Table 2. Figures of merit for the different regression models obtained for first- and second-order
multivariate analysis in the different channels.

First-Order

Algorithm Channel Components Slope Intercept R2 RMSEP (µg/mL) REP (%)

PLS

Red 3 0.70 20.8 0.68 16.6 23
Green 5 0.97 4.60 0.92 8.4 11

B 3 0.74 20.0 0.70 16.0 21
RGB 7 0.71 7.34 0.89 9.1 12

Second-Order

Algorithm Channel Components Slope Intercept R2 RMSEP (µg/mL) REP (%)

U-PLS
Red 3 0.93 5.06 0.95 9.1 12

Green 3 0.95 3.52 0.96 7.5 10
Blue 3 0.90 6.44 0.95 12.2 17

N-PLS
Red 4 0.93 6.35 0.92 10.9 15

Green 3 0.93 4.67 0.95 9.64 12
Blue 2 0.77 14.7 0.78 18.9 25

R: red; G: green; B: blue; RGB: red, green, and blue; R2: determination coefficient; RMSEP: root mean square
error of prediction; REP: relative error of prediction; PLS: partial least-squares; U-PLS: unfolded-PLS; N-PLS:
multi-way-PLS.

3.3. Second-Order Multivariate Analysis

After first-order analysis, second-order data was used to obtain the corresponding
models. Each matrix for each plum presented a dimension of a 24 × 400 × 400, where 400
was the number of pixels for each image, and 24 the number of samples. The mean matrix
was obtained for three faces of the plum. Firstly, an exploratory analysis was performed
applying PARAFAC to obtain the corresponding scores after the determination of the
optimum number of components. This process was based on the “core consistency diag-
nostic” (CORCONDIA) [30] criterion, where the value of this parameter has an important
decreasing when the optimum number of components is overcome. When the scores for the
two first components were plotted, any trend was observed (data not shown) and results
were not as good as in the first-order analysis.

On the other hand, the quantitative approach of total chlorophyll content was per-
formed by U-PLS and N-PLS, and the predicted versus the measured by HPLC concentra-
tions are plotted in Figure 5. While the results obtained for both R and G channels are in
good agreement with the HPLC values, the results for B channel are poor. In Table 2, the
statistical parameters are summarized. The best results were obtained for the G channel
with both algorithms, achieving R2 of 0.96 and 0.95; RMSECV of 7.50 and 9.64 µg/mL, and
REP of 10 and 12%, respectively, for both algorithms.
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This methodology applies the chemometric algorithms to a higher volume of data,
because instead of selecting the main features of the image, this methodology selects every
single pixel, which takes into account more information.

4. Conclusions

RGB data imaging processing in combination with univariate, first- and second-order
multivariate methods have demonstrated to be simple, reliable, and accurate method-
ologies for monitoring the maturity stage of plums during the harvesting period, with
potential benefits in their commercial features. Using univariate analysis, bests results
were obtained for the R channel, the complementary colour to the observed one. These
results were in accordance with other studies. PCA presented an important success for
the exploration of data according to maturity stage in the histograms of the RGB data,
where changes in the intensity of the three principal additive colours are important and
visible in this kind of data. With this data, PLS has demonstrated to be useful for the total
chlorophylls determination, obtaining the best results for the green channel. On the other
hand, employing the whole digital image (information for each pixel), good results of
quantification were obtained using U-PLS and N-PLS algorithms. With all these results, this
study shows good methodologies, with advantages to follow the maturation stage of plums
and quantify their total chlorophylls content. In further studies, it would be interesting to
include more samples and give more robustness to the methodology used in the practice.
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