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Non-Invasive Optoelectronic System for
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Abstract—The use of sensors to detect or measure ripening
changes in fruit is a growing area of interest to the scientific
community. Colorimeters are commonly employed for color and
shade identification; however, their usage to measure the color
parameters of fruit rinds based on image analysis can be expensive.
This article presents a non-invasive and low-cost optoelectronic
system for detecting color changes in oranges to predict the ripening
stage. The system utilises a 1 W white LED as a light source, an
RGB photodiode array, and two plastic optical fibres bundled in
parallel to form the head of an extrinsic sensor. A microcontroller is
employed for model integration and data acquisition. The evolution
of the skin color of the fruit was monitored until over-ripeness was
evident. The sensor was designed to detect the color changes; the
CIE L∗a∗b∗ color difference between the optoelectronic device re-
sults and those obtained by colorimetry was 2.6–4.5. To predict the
ideal conditions for fruit handling and determine the maturity level,
a multilevel perceptron ANN was trained, achieving an accuracy
of 96.4%. In addition, an overall precision of 96.6% was achieved
when classifying fruit into three maturity categories (under-ripe,
ripe, and over-ripe), and the error was 3.4%. The combination
of the optoelectronic device and ANN improves considerably this
fruit color classification accuracy, can facilitate the determination
of the optimal time for consumption, and optimize the postharvest
process efficiency.

Index Terms—Agritech, artificial neural network, citrus orange,
fruit ripeness, fibre optic sensors, light reflection, optimum harvest
date.

I. INTRODUCTION

E STABLISHING the optimum harvest date (OHD) for per-
ishable food is crucial in the agricultural industry. For many

commercially produced fruits and vegetables, one parameter

Manuscript received 30 June 2023; revised 28 August 2023; accepted 2
September 2023. Date of current version 15 September 2023. The work of J.
D. Filoteo-Razo was supported by CONAHCYT through Estancias Posdoctor-
ales por México 2022 under Grant 2840970. (CVU: 518100). (Corresponding
author: J. C. Elizondo-Leal.)

J. D. Filoteo-Razo, J. C. Elizondo-Leal, J. R. Martinez-Angulo, J. H.
Barron-Zambrano, A. Díaz-Manriquez, and V. P. Saldivar-Alonso are with the
Facultad de Ingeniería y Ciencias, Universidad Autónoma de Tamaulipas,
Matamoros, Tamaulipas 87000, México (e-mail: darazo@uat.edu.mx;
jcaelizondo@docentes.uat.edu.mx; jrangulo@docentes.uat.edu.mx; hbarron
@docentes.uat.edu.mx; amanriquez@docentes.uat.edu.mx; vpsaldiv@
docentes.uat.edu.mx).

J. M. Estudillo-Ayala and R. Rojas-Laguna are with the Departamento de Elec-
trónica, División de Ingenierías CIS, Comunidad de Palo Blanco, Universidad de
Guanajuato, Salamanca, Guanajuato 36885, Mexico (e-mail: julian@ugto.mx;
rlaguna@ugto.mx).

Digital Object Identifier 10.1109/JPHOT.2023.3312212

that indicates the freshness and flavour of produce is surface
color, which can be monitored during harvest and transportation
as the fruit ripens. This parameter has been used to evaluate
the maturity of many fruits, including tomatoes, bananas, ap-
ples, pears, and oranges. In the citrus fruit family, oranges are
non-climacteric fruit; that is, they do not continue to ripen after
harvest. This characteristic makes their picking date immensely
significant [1], [2], [3], [4], [5], [6]. Although color alteration
serves as a ripeness indicator, citrus fruits might need to be
harvested when ripe yet still green. This is attributed to elevated
nocturnal temperatures and an overabundance of nitrogen. In
such conditions, the impacted citrus fruits are subjected to a
degreening process within ripening chambers, utilising a 2%
ethylene environment [7], [8]. This procedure is predominantly
employed for international markets such as Canada and Europe.
Overall, color change in citrus fruits (e.g., orange, pomelo,
lemon, grapefruit, and easy peeler) is a reliable indicator of
maturation and OHD [9]; however, there remains a possibility
of ripe but still green fruit.

Usually, inspection of surface color to determine the ripening
stage of fruit is performed manually: changes in the color and
physical structure of fruits (caused by heat, atmospheric water,
and biochemical changes) are subjectively analysed to deduce
the quality and ripeness of the fruit. The continuous physical
changes and accompanying color changes that occur in the
fruit-ripening process are usually unpredictable [10], [11]. Com-
pared to manual methods, automated measurements can be more
objective, albeit invasive. Non-invasive objective techniques
such as spectrometry [12], [13] have been employed to monitor
color changes, supplementing invasive techniques that measure
variations in the liquid, ethanol, starch, and sugar contents of
fruits [14]. In contrast, non-invasive or non-destructive analyti-
cal techniques for measuring fruit ripening include various types
of imaging, including red, green, and blue (RGB), thermal, hy-
perspectral, and fluorescence imaging [12], [13], [14], [15], [16],
[17]. Each of these imaging techniques utilises a camera that
collects light intensity information at a particular wavelength or
over a certain wavelength range, which is then processed by a
computer.

Various state-of-the-art non-invasive techniques exist for
detecting ripening in fruits, often based on the measurement
of spectral bands to identify the optimal conditions for fruit
harvesting [21], [22]. In [23], the use of a pulse-amplitude
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modulated fluorometer to evaluate changes in the chlorophyll
content of the golden papaya fruit was reported, and the re-
sults were compared with those obtained using a digital pen-
etrometer to assess firmness and a colorimeter to assess skin
color. The study revealed an important correlation between the
techniques, which could be used to help verify overall fruit
quality through complementary and non-invasive methods. In
[24], it was reported that the combination of reflectance and
fluorescence spectroscopy could be utilised to quantify changes
in chlorophyll and other chromophores during the ripening of
papayas, nectarines, mangoes, and guavas. In the same study, gas
in scattering media absorption spectroscopy, based on tuneable
diode-laser absorption spectroscopy at 760 nm, was employed
to measure the content of free molecular oxygen in fruit tissue.

On the other hand, mid-infrared (MIR) spectroscopy, a non-
invasive method that can be used to measure firmness, peel
thickness, and total pectin [25], has been demonstrated to be
capable of determining fruit quality. This approach facilitates
production planning, which ensures that the produce meets mar-
ket standards. However, this method, which requires constant
monitoring and verification at each stage of ripening, is time-
and labour-intensive. Furthermore, improper handling practices,
such as pounding, pressing, throwing, and rubbing the product
during long harvesting days, can cause irreversible damage to
the fruit. An alternative non-invasive method is the use of the
partial least-squares regression models of time-domain nuclear
magnetic resonance (NMR) relaxometry and spectroscopic data
from near-infrared (NIR) spectroscopy [26]. NIR and MIR spec-
troscopies have also been utilised for the analysis of vitamin C,
citric acid, total sugars, and reducing agents in this type of fruit
[27]. Additionally, a new ultrasonic method using frequencies
lower than 200 kHz has been employed to evaluate the quality
(amount of water, density) of citric fruits such as oranges [25],
where the reflections at the interface of the fruit and the ultrasonic
transducer were analysed, and a high correlation was obtained
between the firmness of the orange and the measurements ac-
quired by the ultrasonic device.

The study in [29] explored an innovative sensor technology
for the non-destructive determination and prediction of the OHD
in cherries. Fruit quality was assessed using weight and fruit
size parameters. However, these parameters were found to be
insufficient indicators of OHD due to their variability with
crop load, climatic conditions, cultural practices, and seasons.
To address this limitation, the study utilised a sensor to mon-
itor fruit pigmentation change, observing coloration changes
through a spectrometer before and after harvest. The instrument
featured five light-emitting diodes (LEDs) arranged in a ring
as light-emitting sources, with a central detector measuring the
light spectrum in the 400–1100 nm range emitted by the fruit
peel. This device was used to track chlorophyll degradation,
detect ripening, and predict the OHD for cherries. Because this
device uses an optical spectrum analyser, it can be expensive
and sensitive to interference and noise, potentially affecting the
accuracy and reliability of the data obtained.

Advances in computer technology and deep learning-based
detection techniques have also been used to detect the
ripening stage. Artificial neural networks (ANNs) can process

Fig. 1. (a) Block diagram of the color-sensing device. POF: Plastic optical
fibre. TF: Transmitting fibre. RF: Receiving fibre. (b) Normalised R, G, and B
spectral response of ISL29125 transducer [35].

image data for fruit classification. These networks, which em-
ulate the function of biological neural networks, have been ap-
plied to the problems of data classification, pattern recognition,
and behaviour prediction. A type of ANN called a multilayer
perceptron backpropagation algorithm has been used for fruit
color classification [26], [27], [28], color-shade identification,
surface-bruise, and damage identification [29], as well as the
classification of different types of fruit according to extracted
image features [30]. Another ANN variant, the back-propagation
neural network (BPNN) model, has been applied in the field
of pesticide residue detection to ensure safe consumption of
produce such as fruits and vegetables [31]. Moreover, the study
in [36] used an image analysis with a BPNN for early-yield
prediction, presenting an effective approach to forecast fruit
yields using machine vision and machine learning for apples,
with potential applicability to other fruit crops.

Owing to the high cost of thermal, hyperspectral, and fluores-
cence cameras and the time required for image processing and
color analysis of the fruit, we focus on RGB photodiode detec-
tion, which is a low-cost technique [37], [38], [39]. This method
extracts information from reflected light using three coupled
photodiodes that separate it into its RGB components [32]. Al-
though color changes can be evaluated using commercial equip-
ment, such instruments are typically expensive and difficult for
farmers to access. The objective of this study was to evaluate
the potential of a color-detection technique using a non-invasive
and low-cost optoelectronic device with a white-light emitting
diode system as a light source, a plastic optical fibre (POF) as
an extrinsic sensor, and RGB photodiodes as light decoders for
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interpretation in a digital system. Here, a prototype instrument
for the estimation of fruit quality (color changes in harvested
oranges) is presented and compared to commercial equipment
in terms of cost and usability. Additionally, the classification
and prediction capabilities of ANNs for RGB color analysis
of fruit samples are discussed. This device is demonstrated to
be a viable substitute for contemporary methods used in fruit
ripening, such as image processing vision techniques, spectral
analysis, or odour analysis devices. This system incorporates
cost-effective electronic and POF components that enable swift
identification of the ripening stage of oranges by means of a non-
invasive technique. Also, the combination of an optoelectronic
system and ANNs offers advantages such as higher prediction
accuracy, processing automation and efficiency, adaptability to
different fruit varieties and conditions, and the ability to learn
and continuously improve from the system. These advantages
render this combination a promising tool for the task of fruit
sorting and prediction, especially in the context of postharvest
efficiency and timely fruit consumption.

II. MATERIALS AND METHODS

A. Experimental Setup

The experimental setup of a non-invasive and low-cost opto-
electronic system scheme proposed for color-change detection in
oranges is shown in Fig. 1(a). The device consists of a white light
source, a 1 W white LED (Siled, model LED-P1W100-120/41)
powered by a +5 V source, a POF (Industrial Fiber Optics,
model FB140-1-ND) waveguide for the extrinsic sensor, and
transducer with RGB photodiodes (Renesas, model ISL29125
[35]) containing three photodiode arrays that convert light into
electric current with spectral-sensitivity peaks at approximately
620 (red), 565 (green), and 485 (blue) nm, respectively. The
ISL29125 detector is designed to reject infrared wavelengths
from light sources, enabling the device to operate in environ-
ments ranging from sunny outdoors to dark rooms [35]. Fig. 1(b)
shows the normalised spectral response of the RGB photodiodes
in the ISL29125 sensor, according to the sensor datasheet [35].
The POF is composed of polymethylmethacrylate resin with a
refractive index of 1.49 (numerical aperture = 0.5); the core and
outer diameters are 980 and 1000 µm, respectively. It consists of
a transmitting fibre, which carries the radiation emitted by the
light source to the surface of the orange being tested [36], and a
receiving fibre, which carries the light subsequently reflected by
the sample to the RGB photodiodes. After the light transmitted
to the diodes is converted into electric current during the light-
to-signal process, the current output is converted into a digital
count by an on-chip analogue-to-digital converter, which has a
conversion resolution selectable between 12 or 16 bits.

The RGB color values were collected in a database to enable
the subsequent extraction of information about each color chan-
nel. The mean, variance, and standard deviation were calculated.
Thus, an RGB color-model matrix was generated in the database.
Because the manual rotation of the fruit by the user could
cause misalignment when performing color measurements at
each position, the data-capture process was automated using
a turntable to rotate the fruit to each specific angle; Fig. 2(a)

Fig. 2. (a) Experimental setup viewed from above. POF: Plastic optical fibre.
TF: Transmitting fibre. RF: Receiving fibre. (b) Transmission spectrum of the
LED used as a white light source.

TABLE I
MEASURED RGB-SCALE VALUES FOR A HALF-WHITE, HALF-BLACK SPHERE

provides an overview of the experimental setup. All the devices
were mounted on an optical table (30 × 30 cm, 2.54 cm grid),
which allowed the distances between the optical components
to be adjusted. Measurements were acquired during continuous
rotation of the turntable in discrete steps. The transmission spec-
trum was measured using an optical spectrum analyser (Ocean
Optics, model USB2000+), as shown in Fig. 2(b).

B. Testing and Calibration of the Color-Sensing Device

A spherical, half-white, half-black object was used to calibrate
the equipment and placed on the turntable. From a fixed starting
point, it rotated continuously while 200 measurements in one
complete revolution were taken at regular intervals to cover
360° (resolution: 1.8°). Table I lists the resulting RGB values.
The measurement of the light reflected by the colorless (black)
surface corresponds to the least intense signal that the RBG
photodiode sensor can detect, and that of the white surface
corresponds to the most intense. Fig. 3 shows the calibration
graph. The RGB values, as shown in Fig. 3, were normalised
into the range 0 to 255, with white (255, 255, 255) and black (0,
0, 0) on the RGB scale; note that the values shown in Table I are
the raw un-normalised values. By averaging the measurements,
a grey color (127.5, 127.5, and 127.5 in RGB values) is obtained,
as shown in the inset in Fig. 3.
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Fig. 3. Calibration with a half-white, half-black sphere. White has an RGB
value of (255, 255, 255); black has an RGB value of (0, 0, 0).

C. Comparison of Color Measurements Obtained With
Colorimeter and Optoelectronic Device

To test the color measurement of the device, a database of
color information for 210 oranges obtained with a colorimeter
(Konica Minolta, model C400) and photographs taken with
a digital camera (Canon, model EOS 550D) from COFILAB
(www.cofilab.com) was used. This database contained pho-
tographs and colorimetry results at different stages of ripening
for each of the 210 oranges, which were analysed to determine
the degreening status of each of the fruits in terms of its citrus
color index (CCI) [37]. Degreening is a postharvest treatment
that accelerates the disappearance of the green color from citrus
peel and the manifestation of the underlying coloration pro-
vided by carotenoid pigments, whose synthesis, in turn, can
be accelerated. The purpose of this technique is to be able to
market a fruit that has reached the degree of coloration demanded
by the consumer but has not met the requirement of maturity
appropriate for consumption. The CCI can be calculated using
the following equation:

CCI =
1000× a∗
L ∗ ×b∗ , (1)

where L∗, a∗, and b∗ are the variables of the International
Commission on Illumination (CIE) L∗a∗b∗ system (L∗ denotes
lightness, a∗ denotes the red–green value, and b∗ denotes the
yellow–blue value) [37]. Table II compares the colorimetry mea-
surements obtained from the COFILAB database and those ob-
tained from the optoelectronic device, using the COFILAB pho-
tographs as samples, for seven stages of ripening. A significant
difference between the values obtained via RGB color analysis
and CCI is apparent: for the first sample, using the optoelectronic
device, an average CCI of –19.67 (L∗= 40.20, a∗= –13.82, and
b∗= 17.47) was obtained based on 100 measurements, whereas
a CCI in the range from −14.39 to −15.90 (average CCI =
−14.42) was obtained from the colorimetry data (see Table II).
Consequently, the result for our device is within a reliable range
of the colorimetry results. Similarly, we can determine the total
color difference between the CIE L∗a∗b∗ system coordinates
for the two results using the following equation:

ΔE∗ =
√
ΔL∗2 +Δa∗2 +Δb∗2 , (2)

where ΔL∗, Δa∗, and Δb∗ are the color difference variables
of the CIE L∗a∗b∗ system [37]. ΔE∗ is within the range of
2.6–4.5 for each of the samples shown in Table II. This range

of ΔE∗ can be used to assess the color tolerance, to determine
whether the difference between the color values obtained using
the optoelectronic device and colorimetry is sufficiently small.
Thus, the orange color-evaluation process can be validated: the
range of ΔE∗ obtained is not large; therefore, the results for the
developed device can be considered acceptable.

D. Data Collection

Fruit color datasets must be collected under controlled con-
ditions; for example, an ambient temperature of 25 °C should
be maintained and a light source with known parameters should
be used. Therefore, the data collection was performed in a room
with an encapsulation unit for the light source white and RGB
photodiodes fabricated using a 3D printer (Makerbot, model
Replicator+). This printer can create three-dimensional solid
objects using molten polylactic acid filament. The data obtained
from the RGB photodiodes were the input data for the ANN
in this study. Data were obtained on the change in coloration,
hue, saturation, and illumination of oranges using a three-color
RGB model (the values obtained from the RGB photodiodes).
Additionally, hue, saturation, and value (HSV) and CIE L∗a∗b∗
models, called color spaces, were used to obtain information
about the aforementioned changes. For example, image analysis
methods utilise the segmentation of images acquired during
fruit ripening; however, this visual method is not effective due
to its sensitivity to illumination condition changes and light
obstruction [39]. To avoid these problems, different color spaces
have been used to extract the information from the object under
study using combinations of color spaces, such as RGB, HSV,
and CIE L∗a∗b∗ [40], [41]. Here, the color space that best
mimics the way colors are perceived in human vision was sought.
Humans identify the color of an object through its chromaticity
and luminosity [2]. The CIE L∗a∗b∗ space was designed to be a
perceptually uniform space, and its perception is close to that of
the human eye. However, the HSV space coordinates indicate the
intensity, lightness, and brightness of the color [42]. Therefore,
these three-color spaces (RGB, HSV, and CIE L∗a∗b∗) were all
used in this study. Five oranges that had recently arrived at the
supermarket were acquired and analysed over a period of 30
days. For each orange, approximately 82000 measurements per
day were obtained while it rotated on the turntable, illuminated
by a cold white LED. Because the starting point is fixed and
the rotation is continuous, 200 measurements were acquired
during each rotation of the turntable (one complete revolution).
Therefore, 410 measurements of the average color per revolution
were obtained per day (82000/200 = 410 per revolution). For
each of the three color models, for the three oranges, three
statistical values (the mean, variance, and standard deviation)
were determined; hence, a 410 × 3 matrix of result data was
obtained.

III. ANN ARCHITECTURE

A. ANN

The primary objective of an ANN is to identify patterns within
a given dataset. Comprised of individual neurons, an ANN

www.cofilab.com
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TABLE II
COMPARISON BETWEEN MEASUREMENTS IN CIE L∗A∗B∗ SPACE OBTAINED USING KONICA MINOLTA C400 COLORIMETER AND OPTOELECTRONIC DEVICE

Fig. 4. Architecture of multilayer ANN.

comprises an input layer, a weight vector, an activation function,
and an output layer. In our project, we utilised a multilayer
perceptron (MLP), which underwent training with three layers
(Fig. 4): an input layer consisting of three neurons, a hidden layer
with two neurons, and an output layer comprising three neurons.

Each input neuron represents a specific RGB color level, whereas
the neurons in the output layer correspond to the ripeness level
of the fruit.

Each neuron in the hidden layer and in the output layer obtains
its value from the weights w, the value of the neurons in the
previous layer, and the activation function Φ, which is defined
using the following equation:

Φ = Φa

⎛
⎝

m∑
j=1

wijσi + bi

⎞
⎠ , (3)

where m is the number of neurons in the previous layer, wij is the
associated weight of neuron i to neuron j, σi is the ith neuron,
bi is the bias of the ith neuron, and Φa is the activation function.

B. Training Algorithms

Scikit-learn was used for preprocessing, network training, and
data classification [43]. To configure an ANN, preprocessing,
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Fig. 5. High repeatability of the test measurement using an orange color
sample.

initialisation of the weights, and configuration of the hyperpa-
rameters must all be performed. Because the MLP is sensitive
to data size, it is recommended to scale the input data of the
network [44]; therefore, we chose to standardise the input R, G,
and B data. In other words, the input data were scaled such that
their mean was 0 and standard deviation was 1. The standard
score of a sample x is given by the following equation:

I =
x− u

s
, (4)

where u and s are the mean and standard deviation of the training
samples, respectively.

IV. RESULTS AND DISCUSSION

First, we investigated the repeatability of the measurements
of the optoelectronic system. For this purpose, we measured the
color of a color sample. For each sample, 100 measurements
were performed, as shown in Fig. 5. These results demonstrate
that this type of RGB transducer has an accuracy similar to
the accuracies of other conventional methods [45], [46]. These
measurements may exhibit an error that is uniformly distributed
due to the discretisation noise in the internal analogue-to-digital
conversion of the RGB transducer. Additionally, to improve
the repeatability of the measurements, calibration must be per-
formed by the end user, and such calibration results may differ
depending on the specific RGB sensor used; indeed, small
color differences have been found between the measurements
performed using other RGB color sensors and spectrometers.

Fig. 6 shows histograms of the measured RGB color values
for oranges over the entire 30 days of the monitoring period.
The normal distribution function of the RGB colors during
ripening changes is shown by the grey bars, whereas the overlaid
colored lines are fitted normal distributions for specific days in
the data collection period. The data in the histograms for the
three color coordinates start shifting to the right, towards lighter
colors (green–yellow), and then to the left, towards darker colors
(0, 0, 0) as the measurement period increases. Therefore, the
maturation is uniform across the samples during the 30-day
monitoring period. This result shows that color change infor-
mation can also be obtained using RGB color space to study the
degree of ripeness in fruits using the RGB transducer, together
with the POF, and it demonstrates that this color measurement

Fig. 6. Histograms (grey bars) with overlaid fitted normal distributions (col-
ored lines) of the measured RGB color values of oranges over the 30-day
monitoring period: (a) R, (b) G, and (c) B histograms.

information obtained is better. In addition, a previous study
showed that other color scales such as the HSV scale allow better
appreciation of the color variation, based on hue, saturation, and
value, for accurate determination of the degree of ripeness [1]. In
the present study, conversion from RGB into HSV color was used
to observe the color variation; however, the results we obtained
demonstrate that this is not necessary, because the color variation
over the test period is apparent in the graph.

In our study, during the 30-day measurement period, 12046
data elements were collected, of which 9636 were used for train-
ing and 2410 for validation. From the data processed for training
the neural network, the mean of each input datum (RGB) was
obtained as ū = [182.3 181.3 71.2] and the standard deviation as
s̄= [69.3 83.2 33.8]. The training solver is the limited-memory
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TABLE III
WEIGHTS W FROM THE INPUT LAYER TO THE HIDDEN LAYER

TABLE IV
WEIGHTS W FROM THE HIDING LAYER TO THE OUTPUT LAYER

Broyden–Fletcher–Goldfarb–Shanno (L-BFGS) algorithm [47].
Among the parameters to be configured in the neural network
is the activation function of the neurons of the hidden layer,
for which the rectified linear unit (ReLu) function was chosen
[53]. The ReLu function is defined as Φh (y) = max (0, y),
where y is the input of the activation function. As there are three
output neurons, the softmax activation function [49] was chosen
in the output layer. In effect, the softmax function performs
a normalisation of the input data vector v̄ = [v1, …, vk] to a
probability distribution, and the neuron that will be activated
will be the one corresponding to the highest probability. The
equation to obtain the softmax function for the ith output is

Φv(v̄)i =
evi

∑k
j=1 e

vj

∀i ∈ {1, . . . , k} . (5)

After MLP training, a network with the weights from input layer
I to hidden layer h was obtained as shown in Table III.

The weights of each neuron in the hidden layer h to each
neuron in the output layer v are shown in Table IV.

The biases for the hidden layer nodes h1 and h2 are bh1 =
12.0 and bh2 = 15.5, respectively, whereas the biases for the
output layer nodes v1, v2, and v3 are bv1 =−9.4, bv1 = 5.4, and
bv3 = 3.1, respectively. The Accuracy (Ac), Precision (P), rCall,
F1-score, and confusion matrix [54] were used to evaluate the
performance of the proposed method. Given the true positive,
true negative, false positive, and false negative counts (TP, TN,
FP, and FN, respectively), we can obtain each of our metrics
from the equations:

Ac =
TP + TN

TP + TN+ FP + FN
, (6)

P =
TP

TP + FP
, (7)

rCall =
TP

TP + FN
, (8)

F1 = 2
P× rCall

P + rCall
. (9)

TABLE V
RCALL, F1-SCORE, AND PRECISION METRICS OBTAINED USING THE PROPOSED

SYSTEM

Fig. 7. Confusion matrix for the test data produced by the proposed system.

From the experiments conducted, Ac = 0.9 was obtained,
and Table V shows the Ac, rCall, and F1-Score metrics, which
demonstrate very good performance for the classification of
fruit maturity using the proposed optical sensor. This finding
shows that the values obtained by the classifier are optimal
results for the classification of the color change of an orange
by the optoelectronic system during the process of optimal
consumption time determination.

Fig. 7 shows the confusion matrix of the test data produced by
the proposed system. Here, TP and TN are much higher than FP,
and for the under-ripe class, TP is 779 and FN is only 2; however,
in the ripe class, TP is 754. The incorrectly classified cases
indicate the potential ripening days of each orange in relation
to the change in its evaluated characteristics because each fruit
undergoes a different ripening process. This finding leads to
the hypothesis that the color characteristics of the oranges are
continuously and significantly changing with the passing of
days in terms of their classification; in this study, the ANN
analysis facilitated more accurate and efficient classification.
In addition, the incorrect classification cases are related to the
change in the size of the orange during the test period, owing
to weight loss caused by dehydration as the color of the fruit
changes.

A comparison of the optoelectronic–ANN technique devel-
oped by us with other previously used techniques for color
measurement and ripening classification in oranges is presented
in Table VI; our system has an accuracy of 96.4%. Therefore,
this device can function as a suitable alternative to modern image
processing vision techniques, spectral analysis, or odour analysis
devices in the assessment of fruit ripening. In addition, it consists
of low-cost electronic and POF elements, and it can discern the
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TABLE VI
COMPARISON OF OUR SYSTEM WITH PREVIOUSLY REPORTED SYSTEMS FOR ASSESSING THE RIPENING OF ORANGES USING ANNS

ripening stage of oranges rapidly. These findings demonstrate
that the ANN we used has a good classification range for
determining the level of ripeness of an orange and can also
determine the number of days left before it is ready for optimal
consumption. To improve the proposed method, more RGB color
data would need to be obtained from oranges at different stages
of ripeness to increase the classification capability of the RGB
photodiode technique. In addition, a larger number of training
patterns would be required, resulting in more time-consuming
training and classification. Notably, acquiring the values in the
database using the RGB photodiodes was faster than obtaining
images using a camera, owing to the time required for image
processing in the latter case. While color change is a reliable
indicator of maturity in citrus fruits, the degreening practice
shows that maturity is also influenced by various internal factors
and growing conditions. Rapid degreening can occasionally lead
to a decrease in fruit quality. Such fruits may not develop the
same level of flavour, sweetness, and aroma as those that ripen
naturally on the tree. Textural changes, such as softening or
increased susceptibility to bruising, may also occur. The opto-
electronic system presented in this article should facilitate the
technological development and implementation of measurement
and control systems linked to ANNs for the inspection of fruit
ripening and quality. The POF offers high flexibility, vibration
resistance, and durability. Furthermore, it has advantages such as
insensitivity to electromagnetic waves, no heat generation, and
easy, low-cost fabrication. This system could replace the manual
fruit sorting process in small-scale industrial fruit production.
The use of optoelectronic devices and ANN learning offers
improvements in the efficacy of sorting fruit to assess the op-
timal time for consumption, ensuring timely consumption, and
enables postharvest efficiency to be assessed. This system has the
potential to be employed for a variety of fruits, considering that

numerous immature green fruits are subjected to a chlorophyll
breakdown process to attain the desired color that consumers
find appealing.

V. CONCLUSION

In this study, a non-invasive and low-cost optoelectronic
system was developed to detect color changes in oranges and
predict the ripening stage; comparing the results obtained using
this system with those obtained using a conventional colorimetry
system, the total color difference was 2.6–4.5. By using the POF
together with the other plastic components of the fabricated
system, it was ensured that the signal detected by the RGB
transducer was stable, even when an external light source caused
interference. A multilayer perceptron was employed to predict
suitable conditions for fruit handling and the ripening stage of
the fruit with an accuracy of 96.4%, a precision of 96.6%, and an
error of 3.4%. The solver for training was L-BFGS. The advan-
tage of our proposed ANN-based system is that the data acquired
for training are distinct from those used for image processing.
Taking advantage of this characteristic, we developed a system
for directly capturing sample data using RGB color coordinates.
Use of the optoelectronic system should facilitate the imple-
mentation of measurement and control systems that incorporate
ANNs to inspect the quality of fruit ripening. The as-developed
method achieved a 96.6% success rate based on a comparison
of stored data with the results of classifying the color status of
the fruit. Our ANN method, together with the optoelectronic
system, offers improved classification times in comparison with
photographic methods, which are slower because they require
image processing. To increase the success rate of the ANN, a
greater number of fruit RGB measurements must be acquired to
compile a larger database. Further research will focus on other
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neural network architectures and algorithms. Moreover, in the
future, to improve the performance of the training algorithms
and extend their applicability to other fruits (or similar areas),
classification based on fruit features, such as principal color,
fruit diseases, and quality, is a possibility. This device could be
used for several other fruits, considering many immature green
fruits are subjected to chlorophyll degradation to attain the color
that appeals to consumers.
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