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Abstract: Sunn pest is one of the most crucial noxious species in agriculture. As the sunn pest
penetrates and makes damage to the grains, they can no longer be utilized to make bakery goods like
bread, pasta, and other baked foods since they become unusable. Therefore, analysis and detection of
damaged wheat grains are necessary for production to continue. We recommend that the dataset
could be used for analysis and segmentation of the wheat grains, detection of the sunn pest damage
condition, and classification of the 6 species of which the dataset consists. As mentioned, in our
dataset, there are 6 different species of wheat, including Bezostaja, Müfitbey, Nacibey, Sönmez-2001,
Tosunbey, and Ekiz, which are the species that were made in Türkiye. Our dataset differs from the
others due to its various species and the condition, whether it is healthy or sunn pest damaged or
broken wheat grain, and because the dataset is a multiclass one, it can be used for the classification of
the varieties. On the other hand, when the sunn pest damage condition is taken into account, the
dataset is suitable for the detection of the sunn pest damage. In addition to that, the dataset includes
grains that touch each other which makes it more applicable to problems that arise in real-life. The
dataset consists of 83 sunn pest damaged and 87 healthy wheat images. In addition, there are 170
images that contain 3565 wheat grains. As can be observed, the dataset contains a variety of wheat
species with sunn pest affected which displays that the promised dataset is suitable for numerous
machine learning problems such as classification, segmentation, and detection.

Dataset: https://doi.org/10.17632/gmw48bvxdz.1

Dataset License: CC BY 4.0

Keywords: wheat grain; sunn pest; wheat species; seed quality; eurygaster; wheat species
classification; sunn pest detection; wheat grain segmentation; deep learning; machine learning

1. Summary

Wheat is one of the significant nutrients in life. According to the United Nations, at least 20%
of all the calories that individuals consume come from wheat [1]. The majority of wheat is normally
turned into flour, which is then used to create a variety of foods, such as pasta, bread, cookies, and
noodles as well as both sweet and savory snack foods and crackers too [2]. Although wheat may be
grown across Türkiye, the Central Anatolia Region produces most of it, followed by The Marmara
Region, Southeastern Anatolia Region, Aegean, and Eastern Anatolia respectively. Konya is in first
place with a total share of 10.7% in grain output which equals 1.686.326 tons of wheat [3,4]. Other than
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Türkiye, wheat takes up a significantly huge space in the world. China comes first in wheat production
in the world and India is in second place.

The first time sunn pest appeared was in 1927 and the epidemic continues periodically till today.
It is one of the crucial detrimental in agriculture which is the main source of damage in wheat grains
that affects the quality significantly [5,6]. Sunn pest has different types of damage which linked to their
density, biological eras, type of crop, and climate changes. The most important type of damage is the
suction in the grain. As a result of this damage, there is no chance to produce either pasta or bread [7].
In case of no intervention, the damage will be up to 100% in both quality and quantity. In the year
2019, a survey has been made in Türkiye which covers an area of approximately 42 million decares
which includes 62 cities. 30 provinces which held just about 9.8 million decares were intervened. Until
2006, the government and the farmers intervened with sprayer planes. However, they noticed it is
not sufficient and since then they intervened with the ground tools for exterminating the sunn pests
and minimizing the sunn pest damage. The survey displays a contribution of 2.25 billion TRY to
the national economy due to the intervened areas which is another indication of how important the
intervention is [7].

Traditional manual grain detection systems have drawbacks that prevent them from being used
for large-scale detection of wheat grain, including relatively low efficiency and high costs [8]. One
of the problems mentioned, sunn pest damage, is now detected by a machine called sortex [9]. By
analyzing each grain and categorizing it as either approved or rejected, the optical sorter reduces
the likelihood of good grains being mistakenly evacuated. Due to being highly expensive, sortex
machine is hard to reach. If the given problem can be solved then, the need for the sortex machine
becomes redundant. In case of resolution of the problem with Machine Learning (ML) solutions such
as classification, segmentation, or detection by using our dataset [10], we can avoid the high cost.

When the literature was examined it is seen that there are datasets that address different problems.
However, it is observed that there is not much open-source formal data available for use in articles
other than [11]. The dataset is displayed in CSV format which presents 7 different features of wheat;
area of wheat, perimeter of wheat, compactness, length of the kernel, width of the kernel, asymmetry
coefficient, and kernel groove length. This dataset was created for classification problems.

On the other hand, there are other publicly available datasets presented in open sources. The main
purpose of the datasets is classification and detection. To start with [12] displays 3 different classes
which are broken, normal, and weeviled. This dataset can be used for both detection and classification
problems. There is also another dataset [13] which displays 3 different classes. The datasets’ presented
classes are bad seed, healthy, and impurity. It is suitable for classification problems. Except that there
are other datasets that can be used for classification [14]. In this dataset there are 10 different classes
which are blacktip, broken, chalky, damaged, dehusked, healthy, immature, inorganic foreign material,
organic foreign material, and red grain. Due to its various classes this dataset can be suitable for many
classification problems. Other than classification there are available datasets for wheat detection [15].
In this dataset, they present wheat data for detecting the wheat itself. All these datasets are annotated
and ready for training with YOLO and other models like that. Despite the annotated datasets, there is
also a dataset that is not labeled but available [16]. In this dataset, there are images of wheat grains
that are dispersed randomly. This data is suitable for classification, detection, and segmentation.

In addition to open-source datasets, there are also datasets that are utilized in research but not
publicly available. These datasets are used in studies for ML and Deep Learning (DL) approaches. It is
seen that in a few studies researchers prefer Convolutional Neural Network (CNN) [17–19]. Other than
CNN, it is observed that other DL algorithms such as ANN are used too [20,21]. Also, BiLSTM [22] is
used for classification with an accuracy score of 99.50%. From these studies, we see that although DL
algorithms are used very often, traditional ML algorithms also produce good results when adapted to
the problem. Agarwal et al. [23] utilized not one but three different ML algorithms; Support Vector
Machine (SVM), K-Nearest Neighbors (KNN), and Naive Bayes (NB). SVM was used once again [24]
and achieved an accuracy score of 100%. Khatri et al. [25] used multiple ML algorithms which are
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KNN, CART, Ensemble, and NB. Also, there is a case where both ML and DL are used together as well
as separately which is [26]. This paper displays both CNN and SVM algorithms.

After reviewing the research, to our best knowledge, it is clear that publicly available formal
datasets are necessary. Our contributions to the literature include a publicly available formal dataset,
secondly, a multivariate dataset that contains 6 different species of wheat, in addition to species, the
promised dataset includes both sunn pest damaged and healthy wheat grains. Finally, our dataset
was displayed as a pile and not one by one. As a result, when these contributions are combined with
DL and ML algorithms, it can help decrease the cost of eliminating the damaged grains which leads
factories to spend less money to produce bread, pasta, and other bakery products [27].

2. Data Description

Today, about 5000 different wheat species are grown around the world. These wheat species
appear differently in shape, color, and texture. For example, while the grain appearance of the
Müfitbey wheat species is white, the grain is redder in the Bezostaja wheat species. In this dataset,
it’s highlighted that wheat grains differ not only in shape and size but also texture based because
of the sunn pest damage. Enrichment of the dataset with various wheat species is important for the
aforementioned reasons. In this dataset, 6 different wheat species were used: Bezostaja, Müfitbey,
Nacibey, Sönmez-2001, Tosunbey, and Ekiz. Wheat samples were taken from Eskişehir, which has a
considerable position in Türkiye’s wheat production, in order to better examine the effect of sunn pest
by accessing various species.

When the literature was examined, it was seen that the datasets containing wheat grains were not
sufficiently diverse in terms of content. Datasets consisting of individually positioned wheat grains
where environmental conditions are synthetic, such as a fully black background, do not perform well in
real-life problems. Because it is obvious that the wheat grains displayed on the production line in real
life will differ from these data in terms of many parameters such as light, angle, and positions. Since
our dataset is created by considering all these incompatibilities, it offers developers the opportunity
to work with data that is compatible with real-life conditions. The wheat grains in each image of the
dataset belong to the same condition, meaning that if an image contains 30 wheat grains, all of them
are either healthy or damaged. To comprehensively examine the various types of damage caused by
the sunn pest, all of the damaged grains are included in the dataset.

Developing applications on low-quality images is one of the major challenges in ML problems.
In studies that focus on damaged wheat grains, it is very important that the image quality is high in
order to observe the damage to the sunn pest or other damage factors in these wheat grains. Because
while sunn pest damage in wheat is sometimes observed with morphological changes, it may appear
as very small suction points in some wheat grains. In this dataset, high-quality images were taken to
better understand the damage of sunn pests such as small suction points on wheat grains. The height
and width pixel values of 170 images in the dataset are 5184 and 2920 respectively and the average
file size of each image is 9.56 MB. These pixel values allow developers to examine grains immensely
and perform high-performance ML models. While damaged wheat grains images take up 724.7 MB of
space, healthy wheat images take up 901.7 MB and the high-quality images in the dataset take up a
total of 1626.4 MB.

2.1. Directory Structure

The 6 species and the damage condition of the obtained images were named in Figure 1 using the
two-digit numbering technique so that they can be read systematically. The first part of the naming
of the images is to give a numbered form of which species they belong to. For example, naming the
images of bezostaja, mufitbey, nacibey, sonmez-2001, tosunbey and ekiz species start with 01, 02, 03, 04,
05, and 06 respectively. After the species part, naming is done according to whether it is damaged
or healthy wheat. If the wheat grains in the image are damaged, it is labeled as 1, otherwise, it is
labeled as 0. Finally, the sample number concat and forms the image name. According to all these
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rules mentioned above, the file name of the first image of the “bezostaja” species and in the “damaged”
condition will be “01_1_01.png”. Figure 2 shows the structure of the dataset. First, there is the main
folder which consists of the species that are bezostaja, mufitbey, nacibey, sonmez-2001, tosunbey and ekiz.
In addition, every species has subfolders named damaged and healthy. These subfolders include the
healthy and sunn pest damaged wheat grains images of the related species.

Figure 1. Renaming files.

Figure 2. File structure of the dataset.

3. Image Acquisition

This dataset was collected from the wheat grains harvested between July 1 through July 10, 2022,
in Eskişehir, Türkiye. The grains have been snapped with a camera that is Olympus OMD m1 mark 2
with a lens of 60mm macro. The camera has high-resolution mode so it can take a 50MP image. Also,
it has 121 phase detection autofocus points and a sensitivity range of ISO 100-25600. The images were
taken from a 1-meter height with a right angle and in a room that has a window and a lightbulb with
laboratory conditions. The significant factor while capturing is to not cast a shadow from the camera.
Also, a white background was used to capture the images.
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In the dataset, there are 6 different species which are bezostaja, mufitbey, nacibey, sonmez-2001,

tosunbey and ekiz. These species were chosen because they are the most popular among Turkish farmers
due to their high quality. In the dataset, there are 2502 healthy and 1063 sunn pest damaged grains.
As can be seen, there is a huge difference between damaged and healthy grains in terms of number
because after harvesting it is observed that damaged grains are lesser than healthy ones. As a result
of all these stages, images of 83 sunn pest damaged and 87 healthy wheat images which makes 170
images in total were taken and added to the dataset. The number of images captured for 6 species and
sunn pest condition is shown in Figure 3.

Figure 3. The number of sunn pest damaged and healthy images according to the species in the dataset.

In the proposed dataset the wheat grains are organized in three different directions: horizontal,
vertical, and diagonal, as can be seen in Figure 4. The wheat grains are also piled one on top of the
other. Due to the grains’ random dispersion, which led to their intertwining throughout dispersion,
the dataset is more applicable to real-life circumstances.

Figure 4. Different situations on the obtained wheat images.

3.1. Wheat Grains

The dataset includes 6 different species of wheat; bezostaja, mufitbey, nacibey, sonmez-2001, tosunbey

and ekiz. Each of these species is divided into two conditions; damaged or healthy. Wheat grains differ
in various parameters such as width, length, color, stain condition, and wrinkled texture. Figure 5
shows the healthy and sunn pest damaged wheat grains. While Figure 5a displays healthy grains,
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Figure 5b shows damaged grains. When taking the photos of the wheat grains that were damaged by
the sunn pest, attention was paid to showing the damaged area in the image.

In segmentation developments, the fact that the object to be segmented and the background are
in similar colors is a difficult situation that can be encountered in real-life problems. An example of
this is the thresholding method, which tries to separate the object from the background by using the
difference between the pixel brightness values in the image and a certain threshold value. In real life, a
white or light-toned background makes it difficult to distinguish wheat on the production line from
the background or may produce low-accuracy results. Another subject that should be considered is,
wheat grains do not show up with a tidy dispersion in the production line, and half of some wheat
grains and a very small part of others can be seen in the frame. For all these reasons, we chose to
create a natural environment for the background, rather than synthetically segmenting wheat and
placing it on a black background in our dataset. In addition, the wheat grains are scattered on the
table. However, the photos were taken as randomly as possible in the diagonal, horizontal, or vertical
directions, showing all or part of them.

Table 1 shows the distribution of wheat grain count by species. This analysis was done by
manually counting the wheat in each image one by one. Wheat, which is partially visible in the image,
is also included while counting. As can be seen in Table 1, the distribution of wheat numbers in the
images of damaged and healthy wheat classes is uneven. The reason for this is that in a cluster of
wheat grains taken from the same species, sunn pest damaged wheat grain is less common. In addition,
the number of wheat grains belonging to the Ekiz species is quite high compared to other wheat grains.
While shooting, 2 different damaged wheat clusters were used according to the 3% and 1.5% sucking
of the sunn insect on the wheat. For this reason, the total wheat number of Ekiz species is about 2
times of other species.

(a) Healthy Grain (b) Damaged Grain

Figure 5. Sample grains of sunn pest damaged and healthy wheat grains.

Table 1. Grain distribution in wheat species according to damage condition.

Species Name Healthy Damaged

Bezostaja 427 107
Müfitbey 311 120
Nacibey 342 203

Sönmez-2001 370 120
Tosunbey 322 183

Ekiz 730 330

3.2. Color Channel Analysis of Images

Understanding the features of images is significant for achieving high accuracy scores in computer
vision development. In colored images, each pixel can be represented by a vector of three numbers for
each of the three primary color channels ranging from 0 to 255. These RGB channel values are used
together to decide the color of that pixel.

RGB channel analysis, which examines the distribution of an image’s red, green, and blue channels,
plays a significant role in this regard and provides valuable insights into the color distribution, tones,
and brightness of the image. Furthermore, RGB channel analysis can aid in object recognition by
distinguishing between objects and backgrounds in the image.
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The RGB values of each pixel in healthy or damaged images of wheat grains can be used to
segment the image into regions of interest, which can assist in detecting sunn pest damaged areas. By
thresholding the RGB values, the damaged regions can be separated from the undamaged regions. The
threshold values can be adjusted to increase the sensitivity of the segmentation process and to reduce
false positives. In addition to segmentation, color channel analysis can also aid in feature extraction,
which is important in identifying the sunn pest damage on the wheat or classifying wheat species by
their textures. By analyzing the color distribution, tone, and brightness of the image, features such
as texture, shape, and size of the damaged area can be extracted. These features can then be used to
develop ML models for sunn pest damage detection or segmentation.

Figure 6 was created by averaging the RGB channel values of each pixel of all images with
Figure 6a for damaged wheat images and Figure 6b for the healthy wheat images and presents a
comprehensive color analysis of the image. In Figure 6, the x-axis represents the RGB channel values
between 0 and 255, the y-axis represents the value frequency, and each channel in the Figure was
shown with its own color. When the color channels of the damaged and healthy wheat grains in the
dataset with 170 images were examined, it was seen that the damaged wheat grain had lower RGB
channel values than expected due to the darker absorption points created by sunn pest. While the
most repetitive RGB values are (80,98,149) in damaged grains, these values are (95,112,129), in healthy
grains and red, green channel values are higher than the damaged ones.

(a) Damaged Grain RGB
Channels

(b) Healthy Grain RGB Channels

Figure 6. Sunn pest damaged and healthy wheat grains’ RGB channel values.

4. Conclusions

Sunn pest causes yield loss in food production by reducing the protein content of wheat grains.
Although there are machines that detect and sort the damaged grains, it is a solution that is not
accessible to everyone in the agricultural sector due to its cost. In this study, a new dataset was
presented to the literature by taking a total of 170 samples of healthy and sunn pest damaged wheat
grains from 6 different wheat species produced in Türkiye. We believe that; our dataset will make an
important contribution to the rapidly increasing artificial intelligence developments in agriculture
such as wheat species classification, sunn pest damaged or broken wheat grains detection, and also
segmentation. These developments will offer cheap solutions to the problem of the inaccessibility of
optical sorters in the industry due to exorbitant prices. As a result, our dataset can help reduce the
cost of eliminating damaged grains to gum up factories to spend more money to produce bread, pasta,
and other baked goods. The other feature that makes our dataset valuable is the ability to examine the
damage caused by the sunn pest in different wheat species. Also, factors such as background color,
wheat angle, and images containing broken or half wheat grain made our dataset suitable for real-life
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conditions. In addition, all the wheat in the images are placed collectively, not separately, because
wheat will not appear on the production line of a factory regularly and separately.

In future studies, we aim to enrich the dataset by adding different wheat species and increasing
the number of samples. In addition, grains containing various damage variations can be added in
the future to expand the usage areas of the dataset and to allow for new developments focusing on
different damages in wheat grain.
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