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Abstract— The implementation of image processing
techniques in the plantation field has been extensively
researched and developed, for example, to identify fruit
maturity and control fruit harvesting robots. The main
procedure, termed segmentation, is required by those systems in
order to determine the fruit and background area. This work
aims to put into practice a method of tomato segmentation. The
method consists of four main processes: region of interest (ROI)
detection, pre-processing, segmentation, and posi-processing,
The resize and K-means clustering were applied in ROI
detection. The color space conversion of RGB into HSV was
applied in pre-processing, followed by implementing edge
detection using the Canny operator. In post-processing,
morphology operation was carried out to discard the remaining
noise. The performance evaluation of the tomato segmentation
method against 300 images showed the average value of
segmentation accuracy, false positive and false negative
obtained reached Sc, FPe, and FNe 91.43%,2.84%, and 4.77%.,
respectively.

Keywords—image processing, segmentation, edge detection,
canny operator, morphological operation.

I. INTRODUCTION

Computer automation systems, particularly in agriculture,
have been widely emerged in recent years [1], [2]. There have
been various applications developed for image and video-
based systems that use image processing techniques as their
main input data. For example, for detection of ripeness of
various types of citrus fruits [3], [4] apples [5], tomatoes [6],
and oil palms [7], [8] which can be applied to fruit quality
sorting systems or automatic harvesting machines as well as
leaf disease detection [9], [10]. Image processing techniques
related to fruit ripeness detection are applied in those works:
the segmentation process. This process is needed to separate
the fruit area and the background. Segmentation of several
types of fruit has been applied to citrus [11], apples [5], [12],
[13], mango [14], [15], bayberry [16], pomegranate [17], oil
palm [18], and tomatoes [19].

Since tomatoes have several beneficial components, such
as antioxidants and vitamins C and A for eye health, and
because they are ingested on a daily basis, tomatoes are one of
the plants that warrant additional examination. A large
number of tomatoes are also produced by sauce producers and
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processed meals, which contributes to the overall supply. It is
projected that the demand for high-quality tomatoes will
continue to expand in the future. When it comes to fresh
tomatoes, the quality is determined by the level of maturity
and the size of the fruit. As a result, while sorting, this must
be taken into consideration.

Fruit can be automatically sorted for quality control
purposes, saving time and cost. With the application of image
processing techniques, specific segmentation was required to
construct the system. The goal of the segmentation process is
to discriminate between the tomato area and the surrounding
arca. The deployment of edge detection techniques is one of
the most extensively used segmentation approaches today.
Some of the edge detection operations that have been used for
the segmentation of produced objects include those developed
by Sobel [20], [21], Prewitt [22], and Canny [10], [23], among
others.

Many ways for segmenting various fruits have been
created in past research, which was a continuation of such
efforts. The segmentation of citrus fruits was used to develop
an autonomous harvesting system. In this case, the
methodology utilized combines the AdaBoost algorithm
trained on the texture of the Leung-Malik Filter Bank and
HSV color characteristics and other teclffffues. The
performance evaluation results revealed that the precision and
recall values were 0.867 and 0.768, respectively, for the test
[11]. The detection of citrus fruits or the development of an
automatic citrus fruit picking system was carried out using two
segmentation approaches, Otsu and Watershed, in the
meantime. It used a morphological operator to get rid of the
background noise. It was possible to achieve a recall value of
0.86 with the system's performance [4]. Next, the Local
Binary Pattern (LBP) algorithm was applied in features
extraction, where the results were used as input for the
ensemble classifier-RUSBoost. The performance of the citrus
fruit detection method was evaluated using three parameters,
namely recall, precision, and F-measure, which achieved
values of 80.4%, 82.3%, and 81.3% [3].

In addition, a robust method for fruit segmentation was
tested on three different types of fruit: citrus, grape, and litchi,
among others. It was necessary to use the wavelet transform
to equalize the illumination. Following that, the fruit area was
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segmented using the K-means clustering algorithm. The
datasets were collected on two different types of days: sunny
days and cloudy days, respectively. The maximum accuracy
rating of 97.2 % was achieved on sunny days when testing
against the grapefruit [24]. Furthermore, multiple image
processing techniques, such as color model conversion,
thresholding, and histogram equalization, were used to create
the segmentation method for orange tree green fruit counting;
the result was an accurate count of green fruits. Smequcnrly,
the spatial filtering was carried out using the Laplace and
Sobel operators and Gaussian blur. The method obtained a
tolerated error of 5% using this approach [25].

Many previous works have been conducted to improve the
methods of fruit segmentation that are currently in use [5],
[11], [15], [19]. However, the uneven illumination, which
resulted in any noises, was still judged unsatisfactory. The
private dataset was used in order to apply the segmentation
method that is capable of automatically derecrm both
foreground and background in a tomato image. The K-means
clustering algorithm is required to obtain the coarse area of
tomatoes. Meanwhile, the Canny operator was utilized to
detect edges of the tomato region segmentation process. The
morphology operator consists of dilation and opening was
needed to reduce the amount of background noise. The HSV
color space was selected for the segmentation procedure since
it was the most appropriate.

II. MATERIALS AND METHODS

The dataset utihzed comprises 300 tomato images
representing three levels of maturity: 100 ripe tomatoes, 100
half-ripe tomatoes, and 100 raw tomatoes with an artificial
background (white color). The images were taken using a
digital camera included in the smartphone (Zenfon max plus)
and stored in JPEG format. The camera was around 20 c¢cm
distant from the tomato. Indoors, with adequate and even
lighting, the purchase took place. Additionally, as detailed in
[26], ground truths were produced for all images to validate
the technique. These were crcatﬂmsing an image editing
application. The tomato images and the ground truth are
presented in Fig. 1.

Original images

R |
Ground truth

Fig. |. Several tomato example images and ground truth

This segmentation approach uses tomato images with an
artificial background as input data, which are then segmented.
Fig. 2 depicts the three main steps that were used: (1) ROI
detection, (2) pre-processing, (3) segmentation and post-
processing, and (3) segmentation and post-processing. The
binary image of the tomato region produced by the proposed
method is the result of the technique. The evaluation process
determined the performance of the created approach.

Original images

1

ROI Detection
Resize and Cropping

4

Pre-processing
Converting RGB to HSV and

Converting grayscale image based on
HSV color space

!

Segmentation

Canny operator

! g

Post-Processing
Dilation and Opening

4

Evaluation
Sc, FPe, and FNe

Fig. 2. The main processes of the tomato segmentation method

A. ROI Detection

The ROI detection process aims to form a sub-image that
begins with resizing the tomato image with the size of 3456 x
4608 pixels and the result of resizing the size of 1728 x 2304
pixels to speed up the computation time of the following
process. Coarse of tomato is generated based on
clustering method using K-means clustering algorithm. The
value of K is two because the image's area was divided into
two parts: the tomato area and the background area. The
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following are the steps that produce this algorithm's steps [10],
[27]. [28]:

*  Step 1: Using the number of data samples, randomly
select cluster centroids (Ci) (pixels in an image).

*  Step 2: Classify each point according to its proximity
to the nearest cluster center using the distance
gu:tion,

e Step 3: Recalculate the arithmetic mean of each
cluster to update the new cluster center.

*  Repeat steps 2 and 3 until no further modifications to
the cluster centroid are made.

B. m-pmc‘essmg

Pre-processing is intended to improve the quality of
images in order to achieve the best possible segmentation
results. It was possible to accomplish this method by
transforming the RGB color space into the HSV color space
on the ROI detected image. Fig. 3 depicts an eple of a
converted image that has been enhanced. The RGB color

space conversion to the HSV color space is defined as follows
using Eqs. (1) —(4) [7], [29]:

B a, B=G (1
H_{?:GO—E, B>G
where
1 2
oo o MR- +R-B) @
=9 V(R-6) + (R- B)(G - B]'/?
0, max(R,G,B) =0 (3)
S = min(R, G, B) b .
—m, otherwise
V =max(R,G, B) 4
j==]
T}
~
-
7]
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Fig. 3. Several tomato example images and ground truth

C. Segmentation

The tomato  segmentation procedure  proposes
discriminating between the arca of the tomato and the
background in the image. This method was carried out
utilizing edge detection with the Canny operator on the S
channel, which was based on the color space of the input
signal. The Canny operator was chosen since it has been
widely employed in several earlier works relating to fruit
object segmentation, including this one [10], [23]. While this

was going on, Channel S was selected because, visually, the
edge detection results had less noise. In comparison to the H
and V channels, the representation B the tomato area has
better represented. Fig. 4 depicts a comparison of the edge
detection results obtained for each channel in the HSV color
space.

HSV

Channel H Ch 1S Ch 1V

Fig. 4. Comparison of the edge detection results of each channel inthe HSV
color space: (a) channel H, (b) channel S, and (¢) channel V

D. Post-processing

Post-processing consisted of three steps in this work,
including dilation, filling holes, and opening. A dilation
operation was performed to clarify and connect the broken
edge of the tomato. Subsequently, filling holes operation were
needed to form the tomato area whole. Lastly, the opening
operation was applied to reduce the noise that frequently
occurred on the petals (top) of the fruit. Fig. 5 illustrates
various examples of images that have been post-processed.

Filling hole

00

Canny Dilation Opening

Figure 5: An illustration of a post-processed image

E. Evaluation

In order to evaluate the tomato segmentation method
against an artificial background, it was required to compare
the image segmentation result with the ground truth, which
was performed. In this case, the segmentation accuracy (Se)
parameter was used to identify the overlapped area between
the two images. Meantime, the method indicated that the error
rate of the background area was detected as the tomato area.
The error rate of the tomato area was detected as the
background by the method indicated that the error rate of the
background area was recognized as the tomato area using the
parameters of False Positive (FPe) and False Negative (FNe).
The values of the parameters are in the range of 0 to 100 in
terms of numerical value. If the value of Sc is close to 100, the
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technique performs well; otherwise, the FPe and FNe values
are close to 0, and the method performs poorly. The three
evaluation parameters were computed using Eqgs. (5) - (7) as
follows [18], [24]:

Sc = (Ap NAg)/(Ap U Ag) X 100% 5)
FP, = |Ap — (A, N A|/Ag X 100% (6)
FN, = |Ap — (Ap 0 Ap)|/Ag % 100% (7

The A4p variable represents the number of white pixels
recognized by the rithm as the tomato area. On the other
hand, the A4y value represents the number of white pixels that
were detected as the tomato area by the ground truth. The
value of Ay, which is the complement of Ag, reflects the
number of black pixels that were identified as background.

[I. RESULTS AND DISCUSSION

This work aims to develop a method for segmenting
tomatoes in an artificial background by utilizing the S channel
of the HSV color space. The method was validated using 300
images of tomatoes at three levels of maturity: raw, half-ripe,
and ripe. This work determined the coarse area of tomato in
an image using the Canny operator. Additionally, the dilation
and filling holes operation formed the entire tomato area,
which was followeb an opening operation to reduce noise.
Three parameters were used to evaluate the segmentation
method's performance: Sc, FPe and FNe. Fig. 6 shows
examples of segmentation results compared to the ground
truth on tomatoes of various maturities and the method's
performance.

ROI image Results

L]
o]
9

Fig. 6. The examples of the ground truth, the segmentation results, and the
performance result

Ground truth Segmentation

Se=90.64%
FP,=2.91%
FN.=5.67%

5.=95.03%
FP,=3.14%
FN.=1.10%
5.—93.48%
FP,=4.33%
FN,=3.58%

Fig. 6 depicts the under segmentation that occurred as a
result of the tomato area being incorrectly classified as a
background. This mistake shows that the value of FPe is close
to 0 and that the value of FNe is greater than the value of FPe.
According to the experimental findings, under-segmentation
was more common than over-segmentation. Fig. 6 depicts an
image of over-segmentation, with the petals being classed as
the tomato area as an example. Additionally, as illustrated in
Fig. 6 (first line), shadows could result in over-segmentation.
Furthermore, the segmentation method's performance
obtained Se, FPe, and FNe values of 91.43%, 4.77%, and
2.84%, respectively.

According to the results, the image with half-ripe tomatoes
and no flowers had the highest Sc value, which was 98.48%.
On the other hand, the minimal Se value is 78.30%, with the
majority of petals designated as tomato areas. Fig. 7 depicts
the results of the two experiments. As a result of the
experiments, it was revealed that over-segmentation occurs in
the petals and shadow areas produced by insufficient lighting.

ROI image Ground truth ~ Segmentation Results
S.=78.30%
FP.=7.02%
FN,=13.35%
S.=98.48%
FP.=1.03%
FN.=0.01%

Fig. 7. The experiment results with minimum and maximum segmentation
accuracy

IV. CONCLUSION

The segmentation process is needed to distinguish
between the fruit area and the background, which can be used
for several purposes. The K-means clustering, Canny edge
detection, and morphology operation were used for
segmentation of the tomato in this method. These operations,
which were carried out during the process of ROI detection,
segmentation, and post-processing processes, are carried out
in the HSV color space. There wereﬂ tomato images with
three different maturity levels used to evaluate the
segmentation method (raw, half-ripe, and ripe). The
performance of the segmentation method was tested using
three parameters: Sc, FPe, and FNe, which had values of
91.43%, 4.77%, and 2.84%, respectively, in this study. The
observation that FPe is higher than FNe indicates that over-
segmentation is more likely to occur. In places near the petals,
segmentation errors are more common than in other arcas. As
aresult, developing a better approach for tomato segmentation
can still be accomplished based on erroneous results.
Furthermore, the proposed method is constrained in that it can
only be employed with the dataset presented in this work. It
follows that the scope of this work can be broadened to include
different segment types of crops other than tomatoes.
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