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1. Introduction

Winter wheat is one of the most important grain crops, 
which forms the basis of the diet of a significant part of hu­
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This study’s object is the process 
of determining the fractional compo-
sition of winter wheat grain mixtures 
using computer vision and deep learn-
ing methods. The basic task that needs 
to be solved is the high complexity, sub-
jectivity, and speed of determining the 
fractional composition of grain by con-
ventional methods. 

The results obtained demonstrate 
the successful training and compar-
ative analysis of several YOLO11-seg 
instance segmentation models on a 
specialized dataset deployed on the 
NVIDIA Jetson Orin platform. In 
particular, the YOLO11m-seg model 
with an image size of 640 × 640 pix-
els achieved the optimal compromise 
between accuracy and speed, achiev-
ing a Mask mAP50-95 index of 0.558 
at an output speed of 62.5 ms/image. 
Training the YOLO11n-seg 1280 × 1280  
model provided the best average segmen-
tation accuracy (Mask mAP50-95 0.640)  
by increasing the performance of iden-
tifying objects of "complex" classes, 
which are key for accurate determi-
nation of the fractional composition. 

The results have made it possible 
to solve the problem under consider-
ation through the empirically justified 
choice of architecture. Unlike hypo-
thetical approaches, the study pro-
vides specific quantitative data on the 
performance of different YOLO11-seg 
architectures. That allowed for a rea-
sonable selection of the model that best 
meets the requirements for accuracy 
and speed for practical deployment, 
solving the problem of uncertainty in 
the choice of architecture. 

The findings create the basis for 
automating grain quality control, 
increasing its efficiency, objectivity, 
and also significantly reducing labor 
intensity by automating routine oper-
ations. For practical use of the system, 
it is necessary to ensure stable lighting 
conditions, as well as the presence of a 
digital camera, a computer, and appro-
priate software
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manity and is an important raw material for many branches 
in the food industry. The quality of wheat directly affects the 
quality of final products, such as bread, pasta, confectionery, 
and animal feed [1]. One of the most important indicators of  
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the quality of wheat grain is its fractional composition, i.e., 
the ratio of the mass of the components of the grain mixture. 

Analysis of the fractional composition of wheat grain 
is carried out at all stages of agricultural production and 
processing [2]. During harvesting and post-harvest process­
ing of the crop, constant quality control over technological 
operations is executed. The presence of a large number of 
small, thin, or damaged grains indicates low crop quality [3]. 
Control over the fractional composition of grain implies de­
termining its technological properties for the production of 
flour and cereals, the formation of commodity batches of the 
crop. Control over the fractional composition is important for 
optimizing post-harvest processing and storage processes [4]. 
The efficiency of grain cleaning and sorting machines directly 
depends on knowledge of the fractional composition of raw 
materials. This allows one to properly adjust the equipment 
and minimize the loss of wholesome grain. Fractional com­
position analysis is used in breeding to design new wheat 
varieties with improved grain quality indicators, in particular, 
high uniformity and optimal size. Fractional analysis makes it 
possible to detect the presence of weed seeds, damaged grains, 
mineral and organic impurities, which is critically important 
for food safety.

The speed of fractional composition analysis is important 
in modern agricultural production: when receiving grain at 
elevators or grain receiving points, during control in post-har­
vest processing processes [5]. The ability to quickly assess 
changes in the fractional composition of materials during 
technological separation operations allows for timely adjust­
ment of the parameters of the corresponding equipment.

The accuracy of determining the fractional composition is 
important for compliance with quality standards, increasing 
production efficiency, and product safety for consumers.

Conventional methods of manual analysis of grain mate­
rials, although standard, have significant drawbacks: they are 
subjective, laborious, and slow [6]. This can lead to delays in 
assessing grain quality and making important technological 
decisions. Modern technologies, such as computer vision and 
methods based on image analysis, could significantly speed 
up the process of determining the fractional composition and 
increase its accuracy.

Deep learning methods have become the object of re­
search in many industries, including the agricultural sector. 
Methods based on deep learning are able to directly learn 
features from training data [7]. These methods are used for 
crop monitoring, disease detection, yield prediction, and plant 
species recognition [8].

The use of computer vision and deep learning technolo­
gies for analyzing the fractional composition of wheat opens 
up a number of significant advantages. These are automation 
of the analysis process, minimizing the influence of the 
human factor, ensuring a high degree of objectivity and 
reproducibility of results, speed, and the ability to receive 
analysis results in real time. Therefore, the implementation 
of such methods in the practice of agricultural enterprises is 
an urgent task.

2. Literature review and problem statement

Studies demonstrate the effectiveness of convolutional 
neural networks (CNNs) for classifying sunflower diseases [9] 
and hybrid models for extracting features from small data­
sets [10].

For effective selective weed control in agricultural fields 
where lighting conditions and background frequently change, 
the authors of [11] used a new deep learning graph architec­
ture – Graph Weeds Net (GWN). According to their results, 
this system is able to recognize different types of weeds in 
ordinary RGB images, achieving a high categorization accu­
racy of 98.1%. This system was designed for the recognition 
and classification of objects (weeds) represented in the form 
of graph structures. To analyze the fractional composition of 
grain mixtures, it is necessary to solve the problem of quan­
titative determination of particle distribution. The use of 
graph architecture of a neural network could complicate the 
detection and segmentation of individual particles, especially 
with a high density of objects that often overlap in the image, 
typical of grain mixtures.

The authors of study [12] use a neural network based on 
the MaskRCNN model for an automated system for scanning 
and recognizing plants, which provides a detection speed  
of 0.2 s. with an accuracy rate of 89%. The MaskRCNN model 
employed is characterized by high accuracy of object segmen­
tation. However, the two-stage approach to image processing 
reduces the performance of Mask R-CNN, which is especially 
critical for real-time tasks. It also requires more significant 
computing resources, in particular the use of powerful graphics 
processors (GPUs).

Among neural network models, the YOLO series is popular 
due to its speed and efficiency in object detection tasks, which 
is important for deployment at the periphery [13]. They require 
prepared image datasets for training. Comparative studies of  
25 latest YOLO detectors of seven versions for weed detec­
tion [14] allowed the authors to report the significant potential 
of using YOLO family models for real-time relationships.

In [15], the results of research on a system that analyzes 
grain quality and the presence of impurities in grain material 
are described. It is shown that neural networks (NNs) are able 
to perform the tasks of detecting impurities in grain material, 
assessing the level of grain quality (good, poor, and average 
quality). Categorization is performed by color, shape, and size. 
However, the issue of quantitative assessment of impurities 
remains unresolved. The reason for this may be the limited 
computational characteristics of early neural networks. A way 
to overcome these difficulties may be the implementation of 
convolutional neural networks (CNNs), which automatically 
learn features.

Study [16] reports the results of a study on a system for 
sorting durum wheat grains. The system is based on an ar­
tificial neural network (ANN), one of the machine learning 
methods. The authors propose a method that, using a com­
bined analysis of the shape, color, and complex texture of the 
grain surface, is able to automatically identify glassy grains. 
This creates a basis for the design of industrial sorting systems 
that could operate in real time and significantly increase the 
efficiency of quality control at elevators and processing plants. 
However, unresolved issues related to the presence of a signif­
icant number of fractions of grain materials remained. The 
reason for this may be the limited computational capabilities 
of grain sorting systems. An option to overcome these difficul­
ties may be the use of modern deep learning models. This is 
the approach used in [17].

In [17], the results of research on the construction and 
improvement of the YOLO-wheat model for automatic deter­
mination of wheat grain quality are given. The authors of the 
study focused on the detection of whole damaged and moldy 
wheat grains. As a base, the YOLOv8n model was chosen for 
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automatic detection of grain appearance. Experimental results 
showed that YOLO-wheat achieved a mAP value of 91.3% in 
determining the exact position and recognizing the appear­
ance of wheat grains. This makes it possible to categorize and 
determine the number of objects of the corresponding classes. 
However, using the model built does not make it possible to 
estimate the fractional composition of the grain mixture. The 
reason for this is the use of YOLO detection models, which 
provide bounding boxes around each detected object and as­
sign a class (label) to this object. The model does not provide 
information about the exact shape or boundaries of the object 
within the bounding box, only its approximate location. An op­
tion to overcome these difficulties may be the use of segmen­
tation models, which provide much more detailed information 
than detection, since they work at the pixel level.

In study [18], a method for detecting wheat impurities 
by combining terahertz spectral imaging and a convolu­
tional neural network (CNN) was proposed. The results of 
the study show that this method can effectively recognize 
various impurities in wheat with an accuracy of 97.83%. 
However, training and using complex CNNs can require sig­
nificant computational resources, which may be a problem 
for some applications. In addition, the significant cost of ter­
ahertz equipment may limit its widespread use. An option to 
overcome these difficulties may be the use of model optimi­
zation, as well as the transfer of more complex calculations 
to cloud systems.

For real-time wheat seed detection, the authors of study [19] 
used the YOLOv8-HD model, which outperforms the main 
models in terms of accuracy, speed, and model size. However, 
when processing images in which objects overlap, the accuracy 
of wheat grain detection was only 77.6%, indicating the need 
for further improvement. The proposed model provided detec­
tion and counting of wheat grains, straw, and husk in different 
scenarios. However, to determine the fractional composition 
of grain mixtures, counting the number of individual objects 
is not enough since they can have different dimensional char­
acteristics and mass. In the public domain, there are resources 
such as GrainSpace, which contain millions of images of 
wheat, corn and rice, designed for fine recognition [20]. This 
dataset includes images of individual grains cut out using the 
YOLOv5 model. Other datasets focus on wheat heads (e.g., the 
Global Wheat Head Detection dataset [21]) or on specific grain 
states (ideal, sprouted, diseased, and damaged grains [20]). 

Some sources emphasize the difficulty of building accu­
rate deep learning models due to the difficulty of constructing 
large datasets under uncontrolled conditions with uneven 
illumination and grain overlap [22]. Other studies empha­
size the importance of building high-quality datasets with 
high resolution and detailed image annotations [13]. Con­
trolled and clean datasets (e.g., individual grains on a black 
background [22]) allow for high accuracy in specific tasks. 
However, they often lack the diversity needed to generalize 
real-world conditions with different environments and obser­
vation conditions. Achieving reliable fractional composition 
analysis across a variety of agricultural settings requires either 
significantly larger or more diverse datasets. 

Our review of the literature reveals numerous challenges 
that remain in the field of grain quality control. Most machine 
learning applications often focus on categorization, such as 
distinguishing healthy grains from diseased or contaminated 
grains. However, a more detailed approach is needed to de­
termine the fractional composition, which involves not only 
identifying grain types but also quantifying their proportions 

in the mixture. The need to obtain accurate values of the areas 
of the corresponding classes of objects in images [23] indi­
cates that simple object detection using bounding boxes is in­
sufficient for determining the fractional composition of grain 
mixtures and goes beyond simple categorization or detection. 
Such an approach is crucial for accurately determining the 
proportion of each component in the mixture and requires 
models capable of understanding objects at the pixel level, 
such as Mask R-CNN or improved YOLO models for segmen­
tation. In addition, the use of high-precision but expensive 
technologies, such as terahertz equipment [18], remains eco­
nomically impractical for widespread implementation, which 
emphasizes the need to devise more accessible and scalable 
solutions based on conventional optical images. 

The above allows us to argue that it is advisable to conduct 
a study aimed at substantiating the architecture of neural 
network models for determining the fractional composition 
of winter wheat grain mixtures.

3. The aim and objectives of the study

The aim of our study is to determine the parameters of 
a neural network for assessing the fractional composition of 
winter wheat grain samples by analyzing their digital images. 
This will enable fast and effective grain quality control and 
will be a prerequisite for designing systems that automate 
separation processes.

To achieve this aim, the following objectives were accom­
plished:

– to develop an algorithm for determining the fractional 
composition of winter wheat grain mixtures by analyzing 
their digital images;

– to collect a data set and train models from the YOLO11-seg 
family for categorizing and segmenting objects in images of 
grain materials;

– to test the trained models on images of winter wheat 
grain samples.

4. The study materials and methods 

The object of our study is the process of determining the 
fractional composition of winter wheat grain mixtures using 
computer vision and deep learning methods. The principal 
hypothesis of the study assumes that modern neural network 
architectures (in particular, YOLO-Segmentation) could allow 
for accurate and fast determination of the fractional composi­
tion of winter wheat grain mixtures. This will be sufficient for 
practical application in real time.

A number of assumptions were adopted to conduct the 
study that simplify the conditions and allow us to focus on 
the main goal. It is assumed that the built dataset, although 
limited, is sufficiently representative for training models for 
recognizing the main wheat fractions, and the annotation is 
performed with reasonable accuracy. It is assumed that the 
YOLO11-seg architectures are one of the most effective and 
suitable for this task of segmenting instances under the condi­
tions of boundary calculations at the time of our study.

The following simplifications were used to conduct the 
study. Images for the dataset were acquired under labora­
tory, controlled conditions. This simplification allowed us 
to minimize the influence of external factors and focus on 
training the model to recognize the fractions themselves. 
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Only the main fractions characteristic of wheat analysis were 
considered. Other possible impurities that may occur in prac­
tice were not included in the recognition object. 

To develop an algorithm for determining the fractional 
composition of grain mixtures, real samples of winter wheat 
samples taken during the 2024 harvesting season from the 
combine harvester hopper were photographed. The con­
tamination of the test samples was 1.2–1.5%, the content of 
crushed grain was 1.4–1.8%; the content of weak grain was 
within 2.0–2.5%.

For photographing, a sample of material weighing 40–50 g 
was distributed in a single layer on a sheet of white office paper 
in A4 format inside a bounding box measuring 200 × 200 mm. 
Photographing was carried out using cameras of different 
smartphones under natural lighting under an auto focus and 
an auto flash mode. The next step was to crop the edges of 
the image and save it in a 1:1 ratio. The width and height of 
the grain contour in pixels were measured. The intermedi­
ate image was compressed to sizes 640 × 640; 800 × 800 and 
1280 × 1280 pixels. For each compressed image variant, the 
width and height of the grain contour were measured.

To form the dataset, winter wheat grain material from the 
2024 harvest was used. Sampling was carried out according 
to ISO 24333:2009 "Cereals and cereal products – Sampling" 
using a grain sampler. The fractional composition of wheat 
grain materials was studied according to the ISO 7970:2021 
"Wheat (Triticum aestivum L.) – Specification" method.

During the analysis, samples of winter wheat grain mate­
rial were divided into the following five fractions: whole grain, 
crushed grain, thin grain, straw impurities, inflorescence 
particles (field). Thin grain was separated from the sample by 
sieving on a sieve measuring 2.0 × 20.0 mm using a laboratory 
sieve RLU-3. Other fractions were separated manually.

A bench was made for photographing samples of winter 
wheat grain materials (Fig. 1). The bench consisted of an 
adjustable stand, a platform for installing a smartphone, and  
a panel with two contours of ring LED lighting.

For photography, individual samples of grain material 
components were placed in a single layer on a sheet of white 
A4 paper.

The photographs were taken using digital smartphone 
cameras with a resolution of 10 to 50 megapixels under an 
autofocus mode. The distance from the camera lens to the ma­
terial sample varied within 250–350 mm, and the illumination 
level was within 300–6000 lux.

To form the training data set, 280 photographs of winter 
wheat grain material components were taken. The resulting 
images were reduced to a size of 1280 × 1280 pixels by cutting 
off the edges.

 
Fig. 1. Laboratory bench for photographing 	

grain samples

Image annotation was performed using the Roboflow 
Annotate interface (Fig. 2). The Smart Polygon tool was used 
to annotate the images. This is an AI-supported function that 
significantly speeds up the creation of image annotations. 
After automatic mask generation, each segmented object was 
manually inspected and corrected to ensure high annotation 
accuracy. Special attention was paid to annotating partially 
overlapping objects using overlapping segmentation masks. 
This ensures accurate representation of the data at the pixel 
level. No preprocessing or data augmentation was performed 
directly in the Roboflow interface.

The dataset was divided into training and validation sets, 
consisting of 234 and 46 images, respectively (Table 1). The 
annotated data were exported as TXT annotation files and 
YAML configuration files for use with YOLO11.

The platform for training the models was the NVIDIA 
Jetson AGX Orin 64GB developer kit (China), which provides 
up to 275 TOPS of AI performance with a 2048-core NVIDIA 
Ampere architecture GPU and a 12-core Arm Cortex-A78AE 
processor [24] (Fig. 3).

   
a b c

Fig. 2. Annotating images using the Roboflow Annotate interface: a – with dense placement of objects; b – with partial 
overlap of objects; c – with a variable distance from the camera lens to the material sample
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Table 1

Number of annotations for each dataset feature class

Class name
Number of class objects

Entire dataset Training set Validation set

Ground grain (BG) 1407 1168 239

Chaff (Ch) 2166 1827 339

Whole grain (NG) 10801 9003 1798

Shredded straw (St) 1163 986 177

Thin grain (TG) 1579 1329 250

Together (all) 17116 14313 2803

 

Fig. 3. Training models on the NVIDIA Jetson AGX Orin 64GB 
development kit

The platform is equipped with two dedicated deep learn­
ing accelerators (DLA v2.0) and a hardware computer vision 
and image processing accelerator (PVA v2.0). The JetPack 
software platform version 6.2 includes the Linux kernel 5.15, 
CUDA 12.6 for GPUs, the cuDNN 9.3 deep neural network 
library, and the TensorRT10.3 deep learning environment for 
optimizing and deploying AI models.

To study the fractional composition of winter wheat grain 
mixtures, deep learning models from the YOLO11-Segmenta­
tion family were selected. These models represent a compro­
mise between speed, accuracy, and model size, which makes 
them suitable for deployment on peripheral devices. The 
characteristics of the models and the results of their tests on 
the COCO val2017 dataset and the NVIDIA T4 architecture 
are given in Table 2.

Testing these models will allow us to analyze their perfor­
mance and accuracy characteristics on a real dataset, which 
will make it possible to choose the most suitable model for 
specific deployment requirements.

Standard hyperparameters optimized for this task were 
used to train the YOLO11-Segmentation model. In particular, 
the learning rate was set to 0.01 with subsequent reduction 
using Cosine Annealing, which provided fast convergence at 
the beginning and fine-tuning at the final stages. The batch 
size of 16 was chosen as a compromise between performance 
and available GPU memory. Training lasted up to 200 epochs 
using the Early Stopping technique (patience = 10) to avoid 
overfitting on the training dataset. The AdamW optimizer 
was chosen due to its high efficiency and stable convergence.

The input image size for the YOLO11 models was set at 
three levels: 640 × 640; 800 × 800; and 1280 × 1280 pixels. Data 
augmentation techniques were not used in this study.

When evaluating the performance of deep learning models 
for object detection and segmentation, a set of standard met­
rics was used: detection precision (P); detection recall (R); av­
erage accuracy calculated at an IoU threshold of 0.5 (mAP50); 
average accuracy at different IoU thresholds ranging from  
0.5 to 0.95 with a step of 0.05 (mAP50–95). They help establish 
how well the model performs the task of identifying objects 
and accurately delineating their boundaries.

The practical effectiveness of the models was evaluated by 
output speed and GPU memory usage, which are critical met­
rics for assessing the real-world performance of the model, 
especially when deployed on limited resources.

The trained models were tested by detecting objects and 
segmenting them on images of real grain samples. The models 
were deployed on CPU (Intel Core(TM), i5-9400, 2.90GHz) 
and GPU (NVIDIA Jetson AGX Orin 64GB) to compare com­
putational efficiency.

5. Results of research on the architecture of YOLO11 
models for determining the fractional composition of 

winter wheat grain mixtures

5. 1. Development of an algorithm for determining the 
fractional composition of winter wheat grain mixtures

To develop an algorithm for determining the fractional 
composition of grain mixtures, photographs of real samples 
of winter wheat samples were taken. The results of processing 
digital photos obtained from cameras of various smartphones 
after edge clipping and compression are given in Table 3.

When compressing intermediate images to a size of 
640 × 640, the smaller contour size (width) of the grain is  
only 11–13 pixels. This is the minimum value for an acceptable 
quality of object categorization. In this case, the segmentation will 
be quite rough, and the contour accuracy may be unsatisfactory.

To improve the quality of segmentation, it is proposed 
to use the method of dividing the intermediate image into 
a set of n2 elements, and sequential analysis of each of the 
image elements.

The algorithm for implementing the proposed method is 
shown in Fig. 4.

Table 2
Characteristics of deep learning models from the YOLO11-Seg family [25]

Model Size, pixel mAP 50–95 (box) mAP 50–95 (mask) Speed T4TensorRT10, (ms) Number of parameters, million GFLOPs

YOLO11n-seg 640 38.9 32.0 1.8 ± 0.0 2.9 10.4

YOLO11s-seg 640 46.6 37.8 2.9 ± 0.0 10.1 35.5

YOLO11m-seg 640 51.5 41.5 6.3 ± 0.1 22.4 123.3

YOLO11l-seg 640 53.4 42.9 7.8 ± 0.2 27.6 142.2
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Start 

Obtaining an initial image 

Image preprocessing 

Edge clipping 

Splitting an image into multiple images 

Analysis of each image 

Determining the fractional composition of  
a sample of a grain mixture 

End 

Fig. 4. Algorithm for determining the fractional composition 
of a sample of a winter wheat grain mixture

The algorithm for determining the fractional composition 
of a sample of a winter wheat grain mixture (Fig. 4) consists 
of the following stages:

Stage 1 – obtaining the initial image. At this stage, either 
direct photography of the grain mixture or work with a previ­
ously saved image is assumed. The requirement for the image 
is to place the grain mixture sample in the thinnest possible 
layer on a uniform white background.

Stage 2 – pre-processing of the image. At this stage, the 
area containing the grain mixture sample is automatically de­
termined and reduced to a standard size for further analysis.  
For this purpose, a sequence of computer vision methods 
based on the contrast between the grain and the surface on 
which it is placed is used.

To select the area containing the grain, image binarization 
is used. By setting a brightness threshold, the image is convert­
ed to black and white, where the grains and the background 
become clearly delimited. Morphological operations erosion 
and dilation are applied to the binary image. This helps remove 
small noise and gaps in the object mask, making its contour 
more coherent. The FindContours contour search algorithm 
from the OpenCV library is used to find all connected compo­
nents in the binary image. Among all the found contours, the 
largest in area is selected. It is assumed that it corresponds to 

the area with the grain sample. A bounding rectangle is built 
around this contour, which determines the coordinates of the 
upper left corner, as well as its width and height.

If the resulting area differs from a square, it is reduced to  
a square while preserving the center of the area, and the side 
of the square is chosen equal to the larger side of the rectangle.

Stage 3 – clipping the edges of the image according to 
the obtained square area. Based on the coordinates and di­
mensions of the bounding square determined in Stage 2, the 
original image is cropped. The image is cropped to a size of 
L × L pixels, which makes it possible to obtain an image that 
contains only the area with a grain sample, eliminating excess 
background and other extraneous objects that may affect fur­
ther analysis by the neural network.

Stage 4 – dividing the image into a set of images. To bring 
the image size into line with the required input parameters of 
the neural network, the division factor is determined (rounded 
to an integer)

n L
k

= ,	 (1)

where L is the size of the image side, pixel; k is the required 
image size for processing by the neural network, pixel.

The image is divided by width and height into n parts, that 
is, as a result we obtain a set of n2 images. Each of the n2 ob­
tained images is scaled to the input size of the neural network.

Stage 5 – analysis of each image from the obtained set us­
ing a neural network. At this stage, the following takes place:

1) categorization and segmentation of grain mixture sam­
ple objects in each image;

2) determination of the total area of masks for each type of 
grain mixture sample objects in each image.

Stage 6 – determination of the fractional composition of 
the grain mixture sample. For this purpose, the values of the 
total area of masks for each type of grain mixture sample 
objects are summed up and, taking into account the weight 
coefficients, the fractional composition of the grain mixture 
sample is determined.

5. 2. Results of training YOLO11 models on the con-
structed dataset

The dependences of the loss function for bounding boxes, 
which is responsible for the accuracy of predicting the co­
ordinates and sizes of the boxes, as well as the loss function 
for segmentation, which is responsible for the accuracy of 
predicting binary segmentation masks, are shown in Fig. 5.

Table 3 
Processing parameters for digital photos taken from cameras of various smartphones

No. Camera brand

Original photo settings Photo parameters after crop­
ping the edges Grain outline size in the image, pixel

size, pixel file size, MB size, pixel file size, MB original
after compression to size

640 800 1280

1 Nokia G22 4080 × 3060 3.48 2375 × 2375 2.01 73 × 50 20 × 13 25 × 17 39 × 27

2 OPPO A17 3072 × 4080 3.82 2560 × 2560 2.46 43 × 78 11 × 20 13 × 24 22 × 39

3 Xiaomi M2004/19C 3120 × 4160 2.9 2700 × 2700 2.02 47 × 90 11 × 21 14 × 27 22 × 43

4 OPPO A17K 2448 × 3264 2.67 2100 × 2100 1.64 71 × 39 22 × 12 27 × 15 43 × 24

5 Samsung A506FM 4032 × 3024 2.61 2700 × 2700 2.13 85 × 51 20 × 12 25 × 15 40 × 24

6 Xiaomi M2103 K19G 2992 × 2992 2.40 1940 × 1940 1.34 33 × 62 11 × 20 14 × 26 22 × 41

7 Samsung Galaxy A24 4080 × 1884 2.18 1500 × 1500 824 kb 47 × 30 20 × 13 25 × 16 40 × 25
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The dependences of changes in standard metrics for 
assessing the quality of model segmentation: detection preci­
sion (P); detection recall (R); average segmentation accuracy 
mAP50 and mAP50–95, are shown in Fig. 6.

Analysis of the dependences of loss functions reveals  
a similar nature of the learning process for all models. The 
decrease in the loss value over 200 training epochs indicates 
the possibility of continuing to train the models, which is  
a reserve for increasing their performance. Table 4 summa­

rizes the key metrics, output time, and memory usage during 
training for each of the experimental models.

The YOLO11m-seg 640 model achieved the highest 
average segmentation accuracy mAP50 – 0.877. In con­
trast, the YOLO11n-seg 1280 model is characterized by the 
highest average accuracy at increased levels of complexity  
mAP50-95 – 0.640. The results of analysis of the performance 
of these models with a distribution by object classes are given 
in Tables 5, 6.
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Fig. 5. Loss curves during model training: a – localization; b – segmentation
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Fig. 6. Model training performance metrics: a – segmentation precision; b – segmentation recall; 	

c – average accuracy mAP50; d – average accuracy at increased IoU thresholds mAP50-95
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Table 4
Performance of YOLO models on authentic constructed dataset

Model/size Box mAP50 Box mAP50-95 Mask mAP50 Mask mAP50-95 Output time (ms) GPU memory (GB)
YOLO11n-seg 640 0.816 0.613 0.792 0.478 17.1 9.48
YOLO11n-seg 800 0.811 0.623 0.806 0.536 22.1 15.3

YOLO11n-seg 1280 0.864 0.695 0.850 0.640 61.4 29.1
YOLO11s-seg 640 0.852 0.668 0.838 0.519 29.0 12.1
YOLO11m-seg 640 0.889 0.727 0.877 0.558 62.5 14.3
YOLO11l-seg 640 0.877 0.723 0.861 0.549 74.9 16.5

Table 5
Analysis of performance indicators of the YOLO11m-seg 640 model by classes

Class Box (P) Box (R) Box mAP50 Box mAP50–95 Mask (P) Mask (R) Mask mAP50 Mask mAP50-95
all 0.826 0.839 0.889 0.727 0.835 0.824 0.877 0.558
BG 0.786 0.741 0.824 0.654 0.782 0.707 0.780 0.355
Ch 0.853 0.870 0.919 0.731 0.876 0.854 0.910 0.677
NG 0.929 0.978 0.975 0.876 0.932 0.974 0.975 0.690
St 0.815 0.847 0.880 0.688 0.816 0.842 0.874 0.612

TG 0.749 0.760 0.846 0.688 0.768 0.742 0.846 0.455

Table 6
Analysis of performance indicators of the YOLO11n-seg 1280 model by classes

Class Box (P) Box (R) Box mAP50 Box mAP50–95 Mask (P) Mask (R) Mask mAP50 Mask mAP50-95
all 0.813 0.812 0.864 0.695 0.806 0.796 0.850 0.640
BG 0.755 0.746 0.788 0.614 0.756 0.738 0.788 0.565
Ch 0.810 0.850 0.894 0.691 0.808 0.838 0.881 0.681
NG 0.924 0.971 0.973 0.860 0.926 0.970 0.973 0.821
St 0.807 0.808 0.844 0.635 0.768 0.763 0.790 0.516

TG 0.770 0.684 0.819 0.672 0.774 0.672 0.819 0.619

Analysis of the results reveals the presence of two classes 
of objects with the highest evaluation metrics: full grain (NG) 
and chaff (Ch).

5. 3. Results of testing models on real images of win-
ter wheat grain mixtures

Testing the trained models on images of real samples of 
grain material after edge clipping (Table 3) did not provide 
acceptable levels of detection and segmentation of objects. 
The YOLO11n-seg 1280 model was able to detect and segment 
only about 35% of objects of the NG class (whole grain) in an 
image with a size of 2700 × 2700 pixels (Fig. 7). At the same 
time, the model was unable to detect objects of the BG (bro­
ken grain), St (straw), and TG (thin grain) classes.

Testing the models on images divided into four ele­
ments showed a high level of detection of grain mixture 
objects (Table 7). 

According to the results of testing the models on the 
CPU (Intel Core(TM) i5-9400 2.90GHz), the processing time 
for an image of size 1350 × 1350 was 115–340 ms. Testing 
the corresponding models on the GPU (Jetson AGX Orin 
64 GB) provided an increase in performance. The process­
ing time was reduced to 40–127 ms, depending on the archi­
tecture of the model used (from the smallest YOLOv11n-seg 
to the largest YOLOv11l-seg, respectively).

Analysis of the test results revealed the highest quality 
and accuracy of object segmentation when increasing the size 
of the model images to 1280 pixels (Fig. 8).

   
a b c

Fig. 7. Results of testing the YOLO11n-seg 1280 model on an image of a grain sample with a size of 2700 × 2700: 	
a – original image; b – image with bounding boxes applied; c – image with object masks applied
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Reducing the size of model images is accompanied by an 
increase in the graininess of binary object masks, and there­
fore a decrease in segmentation accuracy.

6. Discussion of results based on the architecture 
of YOLO11 models for determining the fractional 

composition of winter wheat grain mixtures

Analysis of our results of processing digital photos ob­
tained from the cameras of various smartphones (Table 3) 
reveals that after cropping and compressing them to a size 
of 1280 × 1280 pixels, the smallest size (width) of full grains  
is 22–27 pixels. For satisfactory quality of object segmentation, 
with a localization accuracy threshold of IoU ≥ 0.7, objects 
should usually have at least 30–50 pixels on the smallest side. 
Therefore, when developing an algorithm for determining the 
fractional composition of a grain mixture sample, the tiling 
principle was used – dividing the image into a set of images. 
Thus, when dividing the input image into 4 elements (n = 2), 
on each of the elements reduced to a size of 1280 × 1280 pix­
els, the width of the grains will be 44–54 pixels. This is enough 
to create high-quality segmentation masks.

The Inference Time of the YOLO11n-seg model at 640 × 640, 
which is 17.1 ms on validation images and 39.4 ms on real 
images, makes this model suitable for real-time applications. 
Overall performance: mAP50 (Box: 0.816, Mask: 0.792) is 
satisfactory for detecting objects in grain mixtures. However, 
as can be seen from Table 4, the mAP50–95 (Mask: 0.478) is 
low, indicating that the YOLO11n-seg model has lower object 
segmentation accuracy at higher IoU thresholds. This will 

adversely affect the accuracy of determining the fractional 
composition of grain materials.

The YOLO11s-seg model at 640 × 640 provides an increase 
in mAP50-95 indicators compared to YOLO11n-seg: from  
0.613 to 0.668 (Box), and from 0.478 to 0.519 (Mask). This is due 
to the increased power and complexity of the "s" model, which 
is characterized by 10.1 million parameters (weights and biases 
that can be trained), compared to 2.9 million parameters of the 
"n" model (Table 2). At the same time, the output speed on the 
valid set is 29.0 ms/image, which will provide a performance of 
34–35 FPS for real-time applications. The output speed on test 
images was 62.0 ms and 265.4 ms when deployed on GPU and 
CPU, respectively (Table 7). Additional acceleration, without 
loss of accuracy, can be provided by further exporting the model 
to TensorRT format for deployment on Jetson Orin.

Using YOLO11m-seg at 640 × 640 demonstrates a signif­
icant improvement in accuracy due to the increased power  
and complexity of the model (22.3 million parameters, 
123.0 GFLOPs). The loss values for YOLO11m-seg are the 
lowest among the previous models (Fig. 5). This means that 
this model converges better and generally distinguishes ob­
jects and their boundaries better than the smaller versions. 
The average accuracy values of Box mAP50–95 (0.727) and 
Mask mAP50–95 (0.558) have increased significantly com­
pared to the previous models. This means that this model 
performs accurate detection and segmentation even at high 
IoU thresholds. The average accuracy values of mAP50 are 
also very high (Box 0.889, Mask 0.877), confirming its high 
performance. Although the accuracy has increased, the out­
put time to the valid set has also increased to 62.5 ms, which 
corresponds to approximately 16 FPS. Testing the model on 

Table 7
Results of testing experimental models on images of grain material of size 1350 × 1350, deployed on GPU 	

(Jetson AGX Orin 64 GB) and CPU (Intel Core(TM) i5-9400 2.90GHz)

Model/size
Number of detected objects by class Output time, (ms)

BG Ch NG St TG GPU (Jetson) CPU (Intel i5)
YOLO11n-seg 640 4 20 181 6 1 39.4 115.4
YOLO11n-seg 800 7 26 167 9 – 59.9 139.1

YOLO11n-seg 1280 7 22 169 8 1 90.6 324.1
YOLO11s-seg 640 8 21 168 7 1 62.0 265.4
YOLO11m-seg 640 7 24 166 6 1 105.3 447.4
YOLO11l-seg 640 13 31 170 5 1 126.8 539.5

Fig. 8. Results of testing the YOLO11n-seg 1280 model on an image of a grain sample with a size of 1350 × 1350: 	
a – original image; b – image with bounding boxes applied; c – image with object masks applied

a b c
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real grain images showed Inference Time values of 105.3 ms 
and 447.4 ms on GPU and CPU, respectively. This may be ac­
ceptable for many grain quality control tasks, but not for fast 
real-time applications. 

When usi   ng the YOLO11l-seg model at 640 × 640, the 
overall accuracy of the model slightly decreased compared to 
that of YOLO11m-seg (Table 4), despite the increased model 
power. The inference time of 74.9 ms is the highest among 
all previous models. This will significantly limit its use for 
real-time applications without further optimization. This ex­
periment shows that increasing the complexity of the model 
does not always lead to a linear improvement in accuracy for 
a given dataset and image size, especially when it is accompa­
nied by a significant decrease in speed.

Training the YOLO11n-seg model on the 800 × 800 size 
resulted in a slight improvement in accuracy in some aspects, 
but with the expected increase in processing time and mem­
ory usage (Table 4). The average mAP50 accuracy value re­
mained at about the same high level (Box 0.811, Mask 0.806) 
as at 640 × 640. The average mAP50–95 accuracy value improved 
noticeably (Fig. 6) especially for Mask (from 0.478 to 0.536). This 
is a positive point, as it indicates better localization and ac­
curacy of object masks. Training the YOLO11n-seg model on 
the 800 × 800 size resulted in an increase in the inference time 
from 17.1 ms to 22.1 ms, which is acceptable for real-time ap­
plications. At the same time, the GPU memory usage increased 
from 9.48 GB to 15.3 GB.

Training the model at 1280 × 1280 provided the best accu­
racy indicators for the YOLO11n-seg model, especially for the 
mAP50–95 metrics, which are key for accurate localization and 
segmentation. The Mask mAP50–95 value reached 0.640, which 
is a significant improvement compared to 0.536 at 800 × 800 
and 0.478 at 640 × 640. This is an indicator of high segmenta­
tion quality even at very strict thresholds, which will provide 
increased accuracy in determining the fractional composition 
of grain materials. The output speed slowed down significant­
ly compared to previous versions (from 17.1 ms to 61.4 ms at 
640 × 640, and from 22.1 ms to 61.4 ms at 800 × 800). This is the 
expected cost of working with high-resolution images.

Increasing the size of images for training models results in 
each object occupying a larger number of pixels in the input 
image for the model. This is especially true for small objects, 
such as components of a grain mixture. At low resolution, ob­
jects can lose important features. As the resolution increases, 
small objects become "bigger" for the model, providing more 
pixel data and context for their detection and localization. 
This directly affects mAP50–95, as small objects are often 
"difficult" to detect with high IoU. Improved detection and 
more accurate localization of small objects contributes to an 
increase in mAP at higher IoU thresholds. 

Analysis of model performance indicators (Tables 5, 6) 
reveals the presence of two classes of objects character­
ized by increased detection and segmentation accuracy: full 
grain (NG), and chaff (Ch) in all models, during the research. 
The value of segmentation accuracy mAP50 for the class (NG) 
reaches 0.975. This is obviously explained by the relatively 
simple shape of the whole grain and the significant number 
of representations of objects of this class (over 10 thousand) 
in the training dataset. 

The most difficult to segment were the classes BG (broken 
grain) and TG (thin grain). The objects in question belong to 
what we define as "complex classes" for the neural network, 
which creates specific problems for segmentation. Apparent­
ly, this is primarily due to the reduced size of these objects 

compared to objects of the NG class. In addition, broken grain 
has significant heterogeneity of shape, which also complicates 
its segmentation. Many objects of the TG class are visually 
similar to objects of the whole grain. When categorizing grain 
materials, the method of sieving it on a sieve with rectangular 
holes is used. In this case, two visually similar grains that dif­
fer in thickness by only 0.1 mm will be assigned to two differ­
ent classes. This is accompanied by a decrease in the accuracy 
of detecting objects of the TG class.

Increasing the image size of the models significantly affect­
ed the improvement of the segmentation performance of com­
plex class objects (Table 6). The Mask mAP50–95 index for the 
BG class increased from 0.399 to 0.565 when the model image 
size increased from 640 × 640 to 1280 × 1280, which indicates 
a significantly better segmentation of crushed grains. At the 
same time, the detection recall (R) also increased significantly 
to 0.746 Box and 0.738 Mask. Similarly, for the TG class, the 
Mask mAP50–95 index improved from 0.494 to 0.619.

The use of more powerful models is also accompanied by 
an increase in the segmentation performance of complex class 
objects, primarily the Box mAP50–95 index (Table 5). Thus, 
for the BG class, the Box mAP50–95 index value increased 
from 0.505 (YOLO11n-seg 640 model) to 0.654 (YOLO11m-seg 
640 model). Similarly, for the TG class, the Box mAP50–95 
index improved from 0.595 to 0.688. At the same time, the 
increase in the Mask mAP50–95 index was less noticeable.

So, according to the results of our research, it was found 
that the YOLO11m-seg 640 × 640 model provides the best 
accuracy of object localization at a speed of about 16 FPS. 
The YOLO11s-seg 640 × 640 model provides a processing 
speed of 34–35 FPS with quite decent accuracy. Training the 
YOLO11n-seg model at 1280 × 1280 provided the best average 
segmentation accuracy by improving the performance of de­
tecting objects of "complex" classes, which are key for accurate­
ly determining the fractional composition of grain mixtures.

It should be noted that there is a trade-off between the 
speed and accuracy of the models. Increasing both the input 
image size and the complexity of the models allowed the 
model to see more detail, which led to better localization of 
objects, but this leads to an increase in image processing time.

Unlike [16, 18], in which the use of YOLO models makes 
it possible to categorize and determine the number of objects 
of the corresponding classes, the use of YOLO-Segmentation 
models makes it possible to measure the area or shape of each 
object. This becomes possible due to the definition of the exact 
boundaries of each individual grain and at the pixel level even 
if they overlap.

Constructing a custom dataset specifically designed for the 
analysis of wheat fractional analysis, taking into account the fea­
tures of overlap and the diversity of fractions, ensures that the 
training data is suitable for the task. This is critically important 
for high-accuracy segmentation of grain mixture objects.

Thus, our study converts the intuitive choice of neural 
network architecture into data based on empirical data. Rec­
ommendations are given that make it possible to reasonably 
choose the YOLO-seg architecture for determining the frac­
tional composition of wheat on computing devices, ensuring 
the optimal balance between accuracy, speed, and efficient 
use of resources. This significantly reduces the risks of in­
effective deployment and accelerates the implementation of 
quality control systems in agriculture.

A limitation of our study is the completeness of fractions 
when training the models. Under actual conditions, grain 
samples may contain other types of impurities or damage: 
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sprouted grains, weed seeds, grains of other crops, clods of 
earth. The model will not be able to recognize objects that 
were not included in the dataset. 

Among the shortcomings, one should note the reduced 
performance for the "complex" classes: crushed and thin grains. 
This indicates that the models have significant difficulties with 
the accurate segmentation of these heterogeneous or small 
objects. This limits the accuracy of the full fractional analysis.

Further research will involve collecting additional, diverse 
data for complex classes, careful annotation of complex cases 
of overlapping or defects of objects, conducting training with 
data augmentation, which simulates conditions that com­
plicate their recognition. It is also planned to optimize the 
model for deployment – converting the model to TensorRT, 
quantizing the model to accelerate the inference, integration 
into separation systems or quality control of grain materials.

7. Conclusions

1. Our analysis of images of grain material samples reveals 
that even with an increase in the size of the neural model to 
1280 × 1280 pixels, it is not possible to achieve acceptable ob­
ject sizes for satisfactory segmentation quality with a localiza­
tion accuracy threshold of IoU ≥ 0.7. Given this, the algorithm 
for determining the fractional composition of a grain mixture 
sample provides for the use of the method for dividing the 
intermediate image into a set of n2 elements, and sequential 
analysis of each of the image elements.

2. Based on the results of training models from the 
YOLO11-seg family on the collected data set, which contained 
280 images from over 17 thousand objects of five classes of 
winter wheat grain materials, it was established that there is  
a trade-off between the speed and accuracy of different models. 
An increase in both the input image size and the complexity 
of the models leads to better localization of objects, but this is 
accompanied by an increase in image processing time. It was 
found that the YOLO11m-seg 640 × 640 model provides the 
best accuracy of object localization at a speed of about 16 FPS.  
The YOLO11s-seg 640 × 640 model provides a processing 
speed of 34–35 FPS with quite decent accuracy. Training the 
YOLO11n-seg 1280 × 1280 model provided the best average 
segmentation accuracy by increasing the performance of iden­

tifying objects of "complex" classes, which are key for accurate 
determination of the fractional composition of grain mixtures.

3. Analysis of our results from testing the trained models on 
images of real samples of grain materials revealed the highest 
quality and accuracy of object segmentation when increasing 
the model size to 1280 pixels and dividing the image into four 
elements. Reducing the size of the model images was accom­
panied by an increase in the graininess of the binary masks 
of the objects. According to the results of testing the models 
on the CPU (Intel Core(TM) i5-9400 2.90 GHz), the process­
ing time of an image of size 1350 × 1350 was 115–340 ms.  
Testing the corresponding models on the GPU (Jetson AGX 
Orin 64 GB) provided an increase in performance. The pro­
cessing time was reduced to 40–127 ms.
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