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ABSTRACT

Aims: The aim of this research was to investigate the effect on application of artificial neutral
network (ANN) to estimate the color surface of fruit of three maturity stages of tomatoes based on
fruit dimensions (length and width) and weight.

Study Design: Simple machine vision system was built to extract color surface features of tomato
samples.

Place of Study: Agricultural and Bio-systems Engineering Department, Faculty of Agriculture,
Alexandria University, Egypt.

Methodology: Samples of variety of tomatoes (Baladi variety) were manually harvested from the
field at Educo, El- Beheira Governorate, Egypt. Three maturity stages of the variety were harvested
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in different days by eye inspection based on their color. The maturity stages were green, pink and
red. The weight and dimensions of each maturity samples were measured. Samples images were
taken on a white background and manual mode, no zoom, no flash were used by the camera.
Surface color of the tomato samples was analyzed quantitatively. ANN model to estimate the
surface color was applied.

Results: The evaluation results of testing data set showed that ANN could be able to estimate color
surface features of tomatoes at different accuracy as evaluated by coefficient of determination (R?)
of 0.7161, 0.8273, 0.8605, 0.5448, 0.8056, 0.7954 and 0.854, respectively for L*, a* b* Hue,
Chroma, color index and color difference with true red. The obtained weights from the ANN training
process were formulated in Excel spreadsheet.

Conclusion: The studied color surface features of tomato for three maturity stages and input
variables well correlated. The tomato weight contributed significantly in estimating all surface color
features of tomato compared to the length and width. The developed Excel spreadsheet could be

used as a quick tool to estimate color surface features of tomato.

Keywords: Artificial neural networks; color surface features; Excel spreadsheet; Tomato.

1. INTRODUCTION

Tomatoes have a large quantity of water
(93.5%), calcium (0.07%) and niacin. These
components are essential in the metabolic
activities of humans and a good source of
vitamins A, C and E [1-2]. Tomato is also a good
source of minerals [3]. Tomato color has been
used as quality parameters [4] by which
consumers consider a tomato to be of high
quality if it has good color and uniform ripening
[5]. Additionally, visible quality of tomato is
another parameter to evaluate fruits. It based on
visual quality determinants such as freshness,
mold growth, decay, shriveling, smoothness,
shininess and homogeneity [6-7].

Tomato is commercial commodity that plays a
major role in Egyptian economy. It is considered
as one of the major vegetable crops because of
its nutritional, consumption, processing and
export value. Information regarding color surface
features of tomato is vital for grading systems
and it is also necessary for assessing quality of
tomato. On the other hand, machine vision with
image processing [8] or similar techniques [9-10]
are required to get color surface features of
tomato. This is time consumed and expensive
cost as the tomato is generally harvested at
different maturity [11]. Stages of tomato maturity
are classified as mature green: fruits are mature
and entirely light to dark green, breaker: Yellow
or pink color appearance first but not more than
10%, turning: Yellow or pink color is between 10
to 30%, pink: Pink or red color ranges between
30 to 60% and red: Red color is more than 60%
but less than 90% [12].

Researchers have been developed mathematical
models to get tomatoes quality parameters from

their dimensional measurements. Clement et al.
[13] reported that lycopene content of tomato
was accurately predicted along with color
variables such as Hunter and color parameters
(a, L and b). Taheri-Garavand et al. [14] modeled
tomato mass using single and multiple variable
regressions based on tomato dimensional
characteristics. First projected areas and actual
volume as a dimensional characteristics were the
most appropriate factors for estimating tomatoes
mass. Ghazavi et al. [15] estimated mass of
tomatoes for three ripeness levels based on
three dimensions (length, width and thickness).
Izadi et al. [16] calculated tomato fruit mass
based on intermediate and diameter using a non-
linear regression.

Recently, artificial neural networks (ANNs) are
recognized as good tools for dynamic modeling
as reported by numerous researches papers in
different fields as example modeling of tomato
drying process [17], sorting orange fruit [18],
classification of tomato [19-20], egg weight
estimation [21], prediction of  quality
characteristics of apples [22], prediction tomato
maturity stage [23] and evaluating tomato
maturity using color grading system [8]. ANNs do
not require parameters of physical models and
have the ability to learn from experimental data.
Furthermore, they are capable of handling
complex systems with nonlinearities and
interactions between decision variables [22].

The main objective of this study was to build an
ANN model to estimate color surface features
(L*, a* b* Hue, Chroma, color index and color
difference with true red) of three maturity stages
of tomatoes based on dimensions and weight.
The obtained weights from the ANN training
process could be formulated in Excel spread
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sheet to be used as a quick tool to estimate color
surface features.

2. MATERIALS AND METHODS
2.1 Samples of Tested Tomato

Samples of variety of tomatoes (Baladi variety)
were manually harvested from the field at Educo,
El-Beheira Governorate, Egypt. Three maturity
stages of the variety were harvested in different
days by eye inspection based on their color. The
maturity stages were green, pink and red. The
weight and dimensions of each maturity samples
were considered. Tomato length is the lowest
dimension and width is the largest one of fresh
tomatoes. All dimensions were obtained using
digital vernier caliper. The weight of the fresh
tomato samples were obtained using electrical
digital balance XP 3000 (accuracy * 0.1 g, range
3000 g).

2.2 Color Surface Features Extraction
Simple machine vision system was built to

extract color surface features of tomato samples
(Fig. 1). The experiments were conducted at

Agricultural and  Biosystems  Engineering
Department, Faculty of Agriculture, Alexandria
University, Egypt. The lighting chamber

dimensions are 30x30x30 cm and fabricated
from wood. Four lighting 26 W fluorescent lamps
were used as light source (lumen = 1250 +/-
20%). The lamps were situated 15 cm above the
tomato sample and at an angle of 90° with the
sample. A color digital camera, model BenQ
DCL1020 with 10.0 Mega Pixels was located
vertically over the background at a distance of 30
cm. The angle between the camera lens and the
lighting source axis was approximately 90°. The
camera was fixed on the top of the lighting
chamber.

Samples images were taken on a white
background and manual mode, no zoom, no
flash were used by the camera. Images are
stored in JPEG format. The camera was
connected to the USB port of a PC (Pentium 4,
Intel, 2.8 GHZ, 512MB RAM, 60 GB hard disk)
provided with a control software version 1.0.1 of
Windows for image acquisiton by BenQ to
visualize and acquire the digitalized images
directly from the computer. Measurements of
surface color were made at four positions on the
surface of each tomato. Average data for four
positions were used in the analysis. Maturity of
tomato can be determined by its color

expression, and the color value to be taken
should be the average color value of a whole
tomato [8].

11/06/19 09:31

Fig. 1. Simple vision system

2.3 Surface Color Features

Hunter Lab system is one type of measuring
color systems. It has proven valuable in
describing visual color deterioration and
providing useful information for quality control in
various fruits and vegetables. The color
parameters are expressed as L (lightness), a
(redness / greenness) and b (yellowness /
blueness). The Hunter “L” value represents the
lightness or darkness of a sample on a scale of 0
to 100 (100 being white and O being black).
Hunter “a” value represents the greenness or
redness of the sample (-50 being green and +50
being red). Hunter “b” value is also rated on a
scale of -50 to +50, with -50 representing blue
and +50 representing yellow.

The surface color of the tomato samples was
analyzed quantitatively using Photoshop [24]
(Fig. 2). The Histogram Window of Photoshop
used to determine the color distributions along
the x-axis and y-axis (Fig. 3). In Fig. 3, the
Histogram Window displays the statistics (mean,
standard deviation, median, percentage, and so
on) of the color value L. The Histogram Window
can also display the statistics for two other color
values (a and b), which is done by selecting a
and b under the Channel drop-down menu.
Hence, the mean color of tomatoes samples can
be obtained easily using the Histogram Window.

The Lightness, a, and b in the Histogram Window
are not standard color values. However, they can
be converted to L*, a* and b* values using the
following formulas [25]:
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Lightness When a* <0,
L* = IS 100 (1)
255 H°= 180+ tan ' (b*/a*) (5)
a* = 240a —120 ) Hue or true color is the angle between the
255 color vector and the a+ axis,
240b h — (%2 4 205
b* = . ~120 3) Chroma= (a** + b**) (6)
Color index = (2000 x a*)/(L* x (a**+b*?)°%)
Another different surface color features could be (7)[27]
E:;éﬁ:.ulated according to the following equations Color difference with true red (DE) = [(L*50)?
' + (a*-60)” +b**] *° (8)

Hue= H°=tan ™" (b*/a*)? (4)
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Fig. 3. Histogram window of Photoshop software
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2.4 Modeling Surface Color Features by
ANN

Artificial neural networks (ANN) are used to
handle experimental data, and their benefits
have been more and more recognized in various
fields of technology and science (such as
biology, ecology, physics, chemistry, agronomy,
economy, medicine, mathematics and computers
science [28]. Multilayer artificial neural networks
are often used in biological and agricultural
research. The input and output layers are always
needed, and in between them there are middle
layers that are called hidden. Artificial neural
networks can perform various tasks, the most
popular being: Approximation, classification of
formulas, prediction, compression, interpolation
and association [28].

In this study, feed forward multilayer artificial
neural networks are built by the help of
commercially available QNET 2000 software
[29]. This software is a Windows-based package,
which  supports standard back-propagation
algorithm for training purposes. QNET 2000
operates via a graphical user interface (GUI) that
enables the user to load the training and test
sets, design the network architecture and feed
values for the training parameters. The ANN
used in this study was a standard back-
propagation neural network. Before training, a
certain pre-processing steps on the network
inputs and targets to make more efficient neural
network training was performed using the
following formula:

(t — tmin)

(t max  “min

T= x(0.85-0.15)+0.15 (9)

Where t is the original values of input and output
parameters, T is the normalized value; t,., and
tmin a@re the maximum and minimum values of the
input and the output parameters in training data
set, respectively. The training data was used to
compute the network parameters. The testing
data was used to ensure robustness of the
network parameters. In this study, the software
was prepared to select randomly the testing data
points (10 patterns) from the whole date set (237
patterns). Table 1 depicts some of input and
related output data. Table 2 illustrates minimum
and maximum values of the input and output
variables in the used data set for training process
of ANN model.

The input parameters of the network were three
maturity stages (green, pink and red) of tomato,
length, width and weight of samples. The output
parameters were L*, a* b* Hue, Chroma, color
index and color difference which represent
surface color features of tomato. Different
networks with single and two hidden layers
topology were tried. However, in this study, trial
and error approach was used to find out the
optimal number of neurons in the hidden layer(s).
The number of neurons in the hidden layer(s) of
the network was changed from 2 to 20 neurons.
Also, transfer function was varied; however, they
were sigmoid and hyperbolic tangent (tanh) in
the hidden layer(s). The learning rate was varied
by software itself and the momentum coefficient
was fixed. The training process determines the
ANN weights. At the beginning of training
process, the weights are initialized with a set of
random values. The goal of learning is to
determine a set of weights that will minimize the
error function [30]. As training proceeds, the
weights are systematically updated according to
a training rule. The best ANN model was elected
based on highest correlation coefficient and
lowest training error. The best ANN architecture
had 15 neurons in the first hidden layer as
depicted in Fig. 4 to model color surface
features. The lterations was 46176 epochs,
training error was 0.065127, test set error was
0.070025, learning rate was 0.019964 and
momentum factor was 0.8. Table 3 presents
network statistics from Qnet software for color
surface features during training and testing
phase. By inspection the results in Table 3, it is
clear that correlation coefficients were in the
range of 0.7381 to 0.92763 for testing data set,
showing that color surface features of tomato
and input variables well correlated.

2.5 Evaluation of Models Predictability

The actual and the predicted surface color
features were evaluated by using popular error
criteria. They were mean absolute error (MAE),
root means square error (RMSE) and mean
relative error (MRE). They are computed as
follows:

] N
MAE:NX;“]W "Iip‘ (10)
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100 = im ~Yi
MRE =—-x Z(Mj (12)

N i=1 pim

Where ¢,, and g, are actual surface color

features and predicted surface color features by
ANN model, respectively and N is number of
observations. The coefficient of determination
(R?) is also determined to reflect the degree of fit
for the ANN model [31]. The closer the R? value
is to 1, the better the model fits to the actual data
[32].

2.6 Spreadsheet Design

Microsoft Excel spreadsheet is easy user
interface for calculations and compatible with
most computer operating systems. In this study,
a spreadsheet was created using Microsoft Excel
2010 to be used as a quick tool to estimate color
surface features for three maturity stages (green,
red and pink) of tomato based on the obtained
weights from training the ANN model. The

Ntk D]

spreadsheet contains two worksheets. The first
one called inputs and result, on which the
required input data and outputs for color surface
features for three maturity stages (green, red and
pink) of tomato, are seen. The second one
contains all calculations. When Excel file runs,
the user is met a table containing the inputs
variables (Fig. 5) which is tomato dimensions
(length and width) and weight and three maturity
stages (green, red and pink). The spreadsheet
contains conditions for minimum and maximum
values of inputs to ensure that the ranges of the
data are within data. Fig. 6 shows screenshot for
outputs variables (color surface features for three
maturity stages (green, red and pink) of tomato in
Excel. Thus the developed spreadsheet is an
easy user interface tool for estimation lightness,
redness/greenness and yellowness/blueness of
three maturity stages (green, red and pink) of
tomato. Additionally, Hue, Chroma, Color Index
and Color difference with true red of such
maturity stages could be obtained.

Fig. 4. The best ANN architecture for predicting surface color feature of tomato
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Table 1. Some of input and related output data using in training ANN model

Inputs Outputs
Green Pink Red Tomatolength Tomato width Tomato weight L* a* b* Hue Chroma Color Color difference
(mm) (mm) (9) Index  with true red

1 0 0 48.6 73.9 134.1 49.77 -18.06 34.25 7446 38.72 -18.74  85.25
1 0 0 50.2 70.5 121.0 4290 -16.27 2853 7199 32.84 -23.09 81.74
1 0 0 41.5 64.4 95.9 43.65 -17.03 3042 7260 34.87 -22.38  83.07
0 1 0 42.6 56.3 78.9 36.88 1.62 22.60 89.71 22.65 3.88 63.96
0 1 0 43.3 69.5 124.4 4153 -840 2148 8129 23.06 -17.55 72.19
0 0 1 39.1 59.8 85.5 35.11 19.13 17.38 39.56 25.85 4216  46.85
0 0 1 36.0 66.7 109.4 34.91 21.25 1930 3953 28.71 4240 45.85

Table 2. Minimum and maximum of the input and output variables in the used data set for training process of ANN model
Statistical Inputs Outputs
parameters Green Pink Red Tomatolength Tomato width Tomato a* b* Hue Chroma Color Color difference

(mm) weight (g) index  with true red

Minimum 1 1 1 59.2 309.4 2841 -19.20 -7.24 227 13.23 -28.97 29.75
Maximum 0 0 0 28 20.2 51.80 78.79 34.25 90.00 80.33 59.29 86.11
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Table 3. Network statistics from Qnet software after training and testing stages to estimate

surface color features of tomato

Processing Standard deviation Bias Maximum error Correlation
stage coefficient
L*
Training 3.09592 -0.19103 10.50714 0.82402
Testing 3.03154 -0.67316 5.08882 0.84624
a*
Training 6.54529 0.4853 58.10199 0.92453
Testing 6.69825 0.65249 12.91714 0.90956
b*
Training 2.8305 -0.1451 25.56071 0.85419
Testing 1.63161 -0.10581 2.75278 0.92763
Hue
Training 8.78819 -0.83494 38.49367 0.85734
Testing 11.4786 1.35406 19.65178 0.7381
Chroma
Training 4.52468 0.02028 54.08829 0.61557
Testing 1.69993 -0.22733 3.37742 0.89757
Color Index
Training 9.67935 1.00778 35.02653 0.94358
Testing 12.05633 1.34861 24.49221 0.89185
Color difference with true red (DE)
Training 4.82068 -0.50177 19.46864 0.95344
Testing 5.80568 -0.56725 11.01188 0.92415
HFEE - tomatosim.xisx - Microsoft Excel [E=EE—=)
“ Home  Insert  Pagelayout  Formulas  Data  Review  View v @ =P R
G16 - £ | ¥
A B ¢ D E F G H S
1 Rang Mini Maximum F
2 Unit Values Mini Ma Condition|Condition |
3 Green () 0 0 1 stop OK E
4 Pink (—) 1 0 1 OK stop 1
5 Red () 0 0 1 stop OK
6 Length mm 240 28 59.2 oK oK L
It Width mm 69.0 43.6 94 oK OK|
8 Weight g 250.0 20.2 309.4 oK OK
190
11 Color sufase features Value
12 L 36.14
13 a~ 50.36
14 b* 16.72
115 Hue 8.74
| 16 | Chroma 34.98
17 Color Index 68.66
18 Color difference with truered | 27.56
19
20
21 i
4 4 v W Inputs tomsto %] 4] = = | A1
Ready | |[EE|E [ 1003 (=} - +)

Fig. 5. Screenshot for inputs and outputs variables in Excel environment

3. RESULTS AND DISCUSSION

3.1 Statistical Analysis of Dimensions
and Weight of Tomato Samples

Describing fruit size distributions is important in
horticultural research [33]. They reported that

fruit size data are often non-normal and
skewness can be positive or negative depending
on factors such as the measured variable, the
stage of fruit growth and the treatment applied.
Table 4 illustrates statistical distribution
parameters (mean, standard deviation, kurtosis
and skewness) for length and width at different
studied tomatoes maturity stages. Meanwhile,
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Table 5 illustrates the statistical distribution
parameters for weight at different studied
tomatoes maturity stages. From Table 4 and
Table 5 positive skewness implies that the
measured variables of length, width and weight
at different studied tomatoes maturity stages
distribution is shifted toward values less than the
mean.

From Table 4, there are also differences in fruit
dimensions between the maturity stages. Mean
of length of green, pink and red stages are

47.087, 43.31 and 40.64 mm, respectively.
Meanwhile, mean of width of green, pink and red
stages are 67.38, 65.01 and 62.08 mm,
respectively. The shape of tomatoes was slightly
wider than long. Moreover, from Table 5, there
are differences in fruit weight between the
maturity stages. The mean of weight of green,
pink and red stages are 113.35, 118.82 and
105.28 g, respectively. The quite large positive
skewness for attributes values reflects
asymmetry in the distribution caused largely by a
number of relatively high values.

@I = R - — tomatosim.xlsx - Microsoft Excel - v — |E’|’E|ﬂ o
m Home Insert Page Layout Formulas Data Review View 2 @ = g R
A5 - Jx | Green ¥
[ A 1 B C D E F [€ H [ =
1 Green Pink Red Length (mm) Width (mm] Wiegt (g) || i
2 Mininmim 0 0 0 28 436 202 B
3 Maximum 1 1 1 59.2 94 3094 [
4 Data Normalize Weigth Product
L5 Green 0.00 0.15 1.38253] 0.207380
6 Pink 1.00 0.85 -1.18675] -1.008738
7 Red 0 0.15 -0.1385| -0.020925
g Length 44 0.5089744 0.30083| 0.153013
| 9 Width 69 0.5027778 -0.82147] -0.413017
10 Weight 250 0.7062241 2.22805| 1.573503
11 Bias 1 1 0.34409] 0.344090
12 Green 0.00 0.15 0.77302] 0.115953
13 Pink 1.00 0.85 1.0991 0.934235
14 Red 0.00 0.15 -0.842( -0.126300
15 Length 44.00 0.5089744 -5.12845] -2.610250
16 Width 59.00 0.5027778 -2.33031] -1.171628
17 Weight 250.00 |0.7062241 -2.26399] -1.598884
18 Bias 1.00 1 0.79141 0.791410
19 Green 0.00 0.15 277567 0.416351
20 Pink 1.00 0.85 -1.373686) -1.167611
21 Red 0.00 0.15 -0.11914] -0.017871
22 Length 44.00 0.5089744 -2.1021]  -1.06991%
23 Width 59.00 0.5027778 -0.46524| -0.233912
24 Weight 25000 |0.7062241 0.75778| 0.535162
25 Bias 1.00 1 1.52301 1.523010
26 Green 0.00 015 -0.74199] -0.111299 =
{4 ¥ W[ Inputs [ tomato %2 o o T T HME_"'Z. 5 T S | _ » [
Ready | Count: 6 ||FH|OIM 100% (=) [} ()

Fig. 6. Screenshot for calculations in excel environment

Table 4. Statistical distribution parameters (mean, standard deviation, kurtosis and skewness)
for length and width at different studied tomatoes maturity stages

Statistical parameters Length (mm) Width (mm)

Green Pink Red Green Pink Red
Mean 47.09 43.31 40.64 67.38 65.01 62.08
Standard deviation 3.31 5.01 4.62 6.58 9.90 9.62
Kurtosis 1.24 0.49 0.74 0.99 0.46 0.59
Skewness 0.14 0.49 0.17 0.53 0.82 0.69
Count 91 76 70 91 76 70
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Table 5. Mean, standard deviation, kurtosis
and skewness for weight at different studied
tomatoes maturity stages

Statistical parameters Maturity stages
Green Pink Red
Mean (g) 113.35 118.82 105.28
Standard deviation (g) 27.02 49.64 47.38
Kurtosis 335 284 565
Skewness 1.45 1.58 1.89
Count 91 76 70

3.2 Statistical Analysis of Surface Color
Features of Tomato Samples

Table 6 illustrates statistical distribution
parameters (mean, standard deviation, kurtosis
and skewness) for color parameters (L*, a* and
b*) at different studied tomatoes maturity stages.
From Table 6, the means of L*,a* and b* for
green maturity are 44.96,-16.70 and 28.59,
respectively., The means of L*,a* and b* for pink
maturity are also 39.54,7.27 and 23.17,
respectively. Moreover, the values of the means
of L*,a* and b* for red maturity are 35.65, 19.62
and 18.06, respectively. In similar work,
Vazquez-Cruza et al. [34] found that values of
L*,a* and b* for green maturity of tomato as
61.78, -5.26 and 18.67, respectively. For pink
maturity of tomato, they found that values of
L*,a* and b* as 43.87,16.69 and 51.19,

respectively. Meanwhile, for red maturity of
tomato, they found that values of L*,a* and b* as
34.97, 26.33 and 34.11, respectively. The details
of other surface color features of tomato were
presented in another work [35].

Table 7 illustrates correlation coefficients among
surface color features and length, width and
weight of tomatoes classes. From Table 8, the
highest correlation is between width and
normalized mean L* for red class (r=0.66). There
are postive and negative correlation among
length, width and wieght and surface color
features of tomatoes classes.

3.3 Analysis of ANN Model

Preliminary trails indicated that one hidden layer
performed better results than other two hidden
layers in ANN model to learn and predict the
correlation between input and studied output
parameters. However, there are no specific rules
to select number of hidden layers during
structure of an ANN model and many researches
have been made in evaluating the number of
neurons in the hidden layer but still none was
accurate [36]. As in Vazquez-Cruz et al. [34]
found that among the various ANN structures,
model of good performance was produced by a
four layers ANN structure for lycopene prediction
with hyperbolic tangent transfer function.

Table 6. Mean, standard deviation, kurtosis and skewness for surface color features
(L*, a* and b*) at different maturity stages

Statistical Green Pink Red
parameters L* a* b* a* b* L* a* b*
Mean 4496 -16.70 2859 3954 7.27 23.17 3565 19.62 18.06
Standard deviation 2.97 1.01 2.36 4.77 11.24 4.38 3.86 7.64 2.71
Kurtosis -0.07 -054 -0.64 -0.62 -1.29 3091 3.17 53.95 -0.54
Skewness 0.04 -0.17  0.20 0.26 -0.19 -445 132 6.90 0.22
Count 91 91 91 76 76 70 70 70

Table 7. Correlation coefficients among surface color features and length, width and weight of
tomatoes classes

Color Green Pink Red

features Length Width Weight Length Width Weight Length Width Weight
Mean L* 0.35 0.45 0.42 0.30 0.47 0.43 0.37 0.66 0.63
Mean a* -0.35 -0.31 -0.39 0.16 0.10 0.16 0.13 0.15 0.13
Mean b* 0.17 0.26 0.31 0.33 0.33 0.31 0.36 0.57 0.50
Hue -0.13 0.06 0.04 -0.16 -0.06 -0.13 -0.13 0.06 0.05
Chroma 0.21 0.28 0.34 0.53 0.45 0.50 0.18 0.25 0.22
Colorindex 0.18 0.33 0.30 0.05 0.02 0.06 -0.18 -0.49 -0.45
DE 0.27 0.28 0.36 -0.14 -0.08 -0.14 -0.33 -0.42 -0.36
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y=0.8502x +5.6087 L* . 80 1 y=0.4422x +39.082 s °*
50 - R?=0.7161 2 70 | R?=0.5448 L]
" H]
<2 c
g g )
E a0 | 5 60 |
5 a 50
= g
g 30 E ap b
-
3 2 30
‘g 20 E
E E 20
10 10 |
0 0 T T T ;
0 10 20 30 40 50 60 0 20 40 &0 80 100
Actual measurements Actual measurements
40
%5 Chroma .
20 a* . 35 1 y=0.8312x +4.8054
n R%= 0.8056
£ 15 - L 30
a . E
£ . g 25
7 . % 20
g E
-
T ' ' 2 15
9 10 20 P B
£ £ 10
E 7 iy
& = 0.7907x +0.3107 5 |
R2= 0.8273
0 T T T
0 10 20 30 40
25
Actual + Actual measurements
ctual measurements
35 cn
30 | a0 | Color Indexg
g w | y=0.8109x + 16545
§ 25 £ R?=0.7954 30 -
2 20 5 . |
] ]
H ] 10 *
- 15 E
8 3 . g : :
£ 10 . -
- y = 1.0688x - 1.8365 EP 20 10 | 20 40 &
w R2= 0.8605 b
5 -
=20 -
e
0 T T T T T T . -30 -
0 5 10 15 20 25 30 35
a0
Actual measurements Actual measurements
90
go | Y=08197x +11618
R2= 0.854
2 70 |
c
£
§ 60 -|
2 50 -
a
E a0
=
a
& 30 -
E
E 20 1 Colordifference with true red
10 -
0 T T ; T
0 20 40 60 80 100

Actual measurements

Fig. 7. Relationships and coefficients of determination between the actual and the estimated
surface color features measurements during testing stage using ANN model
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Fig. 7 above shows the relationships and
coefficients of determination (R?) between the
actual and the estimated surface color features
measurements during testing stage using ANN
model. The figure clearly shows that the points,
during the testing process, are uniformly
scattered around the regression lines with
moderate correlations represented by values of
coefficients of determination (R?) that was of
0.7161, 0.8273, 0.8605, 0.5448, 0.8056, 0.7954
and 0.854, respectively for L*, a* b* Hue,
Chroma, color index and color difference with
true red. Thus the ANN model proved to be an
extremely powerful tool to estimate surface color
features of tomato. Additionally, model
performance is evaluated by looking at the error
criteria between ANN output and actual values.
Table 8 illustrates error criteria for evaluation
ANN model. The amount of RMSE is equal to
3.0315,6.6982, 1.6316,11.4786, 1.6999,12.0563
and 5.8057, respectively for L*, a* b* Hue,

Chroma, color index and color difference with
true red as listed in Table 8 for testing stage.

3.4 Contribution of Each Input to the
Computed Output Value

An important feature of the Qnet program is that
it allows quantification of the relative contribution
of each input neuron to the computed output
value. Hence, it is possible to investigate the
most relevant factors affecting L*, a* b* Hue,
Chroma, color index and color difference with
true red concentration. Individual contributions of
each input are shown in Fig. 8. It indicates that
the tomato weight (Input Node 6) contributes
most to the all surface color features of tomato.
Thus the tomato weight contributes significantly
in estimating all surface color features of tomato
compared to other variables.

Table 8. Error criteria for evaluation ANN model to estimate surface color features of tomato
for testing data set (10 patterns)

Error criteria L* a* b* Hue Chroma Color Index DE
R’ 0.7161 0.8273 0.8605 0.5448 0.8056 0.7954 0.8540
RMSE 3.0315 6.6982 1.6316 11.4786  1.6999 12.0563 5.8057
MAE 2.3298 4.7938 1.3675 8.2005 1.2961 9.1789 4.1408
MRE 1.3966 44.7763 0.5554 -5.8542  0.4501 39.2747 -0.3790
40
mL* ma* mb*
35 M Hue B Chroma M Color index

53

5

E
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]
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Green Pink Red Length Width Weight
Inputs
Fig. 8. Relative contribution of each input variables on surface color features of tomato
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4. CONCLUSION

In this study, tomato dimensions (length and
width) and tomato weight were utilized as input
variables in artificial neural networks model to
estimate color surface features (L*, a* b* Hue,
Chroma, color index and color difference with
true red) for three maturity stages (green, red
and pink) of tomato. The results of the developed
artificial neural networks model were evaluated
by coefficient of determination (R?) which was in
the range of 0.545 to 0.854. The obtained
weights from the developed artificial neural
networks training process were formulated in
Excel spreadsheet to be used as a quick tool to
estimate such color surface features.
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