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The problem of improving the efficiency of quality control in grain fractionation processes within post-
harvest grain handling is addressed. It has been established that conventional methods for evaluating the
guality of obtained fractions, which rely on laboratory sample analysis, are labor-intensive, time-delayed, and
incapable of providing real-time monitoring of the technological process. This necessitates the development
of new approaches based on modern digital technologies.

An algorithm for optical quality control of the grain fractionation process is proposed, based on the
application of computer vision technigues and analysis of the grain flow structure. The algorithm includes the
formation of a stable optical scene, acquisition of digital images of the grain flow, their preprocessing, grain
kernel segmentation, extraction of geometric and optical features, classification of objects into fractions, and
subsequent statistical analysis of the obtained data.

A distinctive feature of the proposed approach is the use of structural characteristics of the grain flow
to evaluate the efficiency of the fractionation process. Based on the determination of the quantitative and
gualitative composition of fractions, integral indicators are introduced to characterize fraction purity,
impurity content, and the degree of material separation. This enables an objective assessment of process
quality directly during operation.

The developed algorithm enables the implementation of an automated monitoring and control system for
grain fractionation. The use of feedback based on optical analysis results allows for real-time adjustment of
equipment operating parameters, including the feed rate of grain material and separation settings, thereby
improving process efficiency and reducing losses. The proposed approach provides a foundation for the
development of intelligent quality control systems and digital twins of post-harvest grain processing operations.

Keywords: optical monitoring, computer vision, grain fractionation, grain quality, flow structure,
classification, automation, post-harvest processing.
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1. Problem formulation

Ensuring food security in Ukraine under current conditions remains one of the key challenges for the
agro-industrial sector, particularly in view of the need to improve the efficiency of utilizing harvested grain.
A significant share of agricultural product losses occurs during post-harvest processing stages, among which
grain fractionation plays a crucial role. The quality of this process directly affects the commercial
characteristics of grain, its grading, suitability for storage, and further processing [1-3].

Grain fractionation is a complex technological process aimed at separating the grain mass into
individual fractions based on size, aerodynamic, and other physico mechanical properties [4, 5]. The efficiency
of this process is determined by indicators such as the purity of the obtained fractions, impurity content,
uniformity of grain size distribution, and minimization of losses of the target product. Insufficient fractionation
efficiency leads to reduced grain quality, increased energy consumption for subsequent processing, and higher
product losses [6].

Existing methods for monitoring fractionation quality are typically based on periodic sampling
followed by laboratory analysis. Such approaches are characterized by high labor intensity, delays in obtaining
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results, and the inability to promptly influence the technological process [7-9]. Moreover, they do not account
for the dynamic nature of the grain flow and the variation of its parameters in real time.

In this context, the development of non-destructive, continuous, and real-time methods for monitoring
the quality of grain fractionation processes becomes particularly relevant [10]. The application of computer
vision technologies and digital image processing opens up new opportunities for analyzing the structure of the
grain flow directly during its motion [11]. However, existing approaches are primarily focused on the
identification of individual kernels or the determination of their characteristics and insufficiently account for
the relationship between flow structure and the efficiency of the technological process.

Thus, a scientific and practical task arises to develop an optical monitoring algorithm capable of
evaluating the efficiency of grain fractionation in real time based on the analysis of the grain flow structure,
while also enabling automated control of process operating parameters.

2. Analysis of recent research and publications

In modern scientific research, considerable attention is paid to the application of computer vision and
machine learning technologies for solving problems related to grain quality control and the optimization of
technological processes in agriculture. Computer vision is regarded as an effective tool for automated image
analysis, enabling the acquisition of objective information on the morphological, geometric, and color
characteristics of grain in a non-contact and non-destructive manner [12, 13].

In studies devoted to the classification of grain materials, a typical pipeline has been established,
including image acquisition, object segmentation, feature extraction, and subsequent classification. A review
of current research indicates that both classical pattern recognition methods (such as SVM and k-NN) and
modern deep learning approaches - particularly convolutional neural networks (CNNs) - are widely used,
demonstrating high accuracy and robustness to variations in imaging conditions [14-16]. Various types of
imagery are employed, ranging from standard RGB images to multispectral and hyperspectral data, which
significantly expand the range of detectable grain characteristics.

Systematic reviews indicate that computer vision technologies are already widely applied in precision
agriculture for tasks such as crop classification, defect detection, product quality assessment, and monitoring
of production processes [17]. In particular, it has been established that the integration of artificial intelligence
algorithms with high-performance computing resources (e.g., GPUs) enables the development of high-speed
real-time analysis systems.

A distinct research direction is associated with the application of deep neural networks for phenotyping
and analysis of grain crops, where computer vision is used to determine growth parameters, quality attributes,
and grain condition. Such approaches allow for the automation of large-scale data acquisition and significantly
improve evaluation accuracy [18-19]. At the same time, a number of studies highlight the limitations of
existing methods, which are primarily focused on the analysis of individual kernels or small sample sets,
thereby complicating their application in high-throughput continuous-flow processes.

Studies in the field of automated grain quality control also demonstrate the high efficiency of machine
learning methods for classifying grain based on morphometric and color features, achieving accuracy levels
exceeding 90% in tasks involving the recognition of different grain types [20, 21].

At the same time, it is emphasized that conventional monitoring systems are predominantly based on
the analysis of static images or discrete samples, which limits their applicability for continuous monitoring of
technological processes.

Thus, the conducted analysis indicates that, despite the significant advancement of computer vision
and machine learning methods for assessing the quality of grain materials, there remains an insufficient number
of studies focused on analyzing the structure of grain flow and evaluating the efficiency of fractionation
processes in real time. This necessitates the development of new algorithmic approaches that integrate image
processing techniques with the analysis of process parameters, enabling real-time control of grain fractionation
quality.

3. The purpose of the article

The objective of this study is to develop an optical quality control algorithm for the grain fractionation
process that enables real-time evaluation of the separation efficiency of the grain flow based on the analysis of
its structural characteristics.

4. Results and discussion
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To achieve the stated objective, the following key scientific and applied tasks must be addressed: to
substantiate an approach for forming an informative optical scene that ensures the acquisition of stable and
high-quality images of the grain flow; to develop an image preprocessing algorithm aimed at noise reduction,
illumination normalization, and enhancement of object contrast; to implement effective segmentation methods
for isolating individual kernels within the flow, taking into account possible partial overlap and non-uniform
imaging conditions; to construct a system of informative features describing geometric, morphological, and
optical parameters of the kernels; to develop a classification algorithm for assigning objects to fractions based
on the extracted features using machine learning methods; to propose an approach for statistical analysis of the
grain flow structure that enables the determination of quantitative and qualitative characteristics of individual
fractions; to establish a system of indicators for evaluating fractionation efficiency, including fraction purity,
impurity content, degree of separation, and losses of the target product; and to ensure the possibility of
generating control actions for the technological process based on optical monitoring results.

The implementation of these tasks will provide a foundation for the development of automated
monitoring and control systems for grain fractionation processes, aimed at improving efficiency, reducing
product losses, and ensuring stable quality of the obtained fractions.

The real-time grain fractionation efficiency evaluation system consists of an illumination module, a
high-speed camera, and a computational unit. A key challenge is image stabilization under conditions of high
dust concentration and vibration.

The proposed optical quality control algorithm for the grain fractionation process is based on the
analysis of the grain flow structure and involves a stepwise processing of digital images aimed at determining
quantitative and qualitative characteristics of fractions in real time. In general, the algorithm comprises nine
interconnected stages: 1) formation of the optical scene; 2) acquisition of digital images; 3) image
preprocessing; 4) grain segmentation; 5) feature extraction; 6) object classification; 7) statistical analysis of
the flow; 8) evaluation of fractionation quality; and 9) generation of the control signal (Fig. 1).
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Fig.1. Flowchart of the algorithm for optical quality control of the grain fractionation process

At the first stage, an optical scene is established to ensure stable and controlled conditions for image
acquisition. The key requirements include uniform illumination, elimination of glare, a high-contrast
background, and a monolayer flow of grain material. Such conditions significantly improve the reliability of
subsequent image analysis by reducing systematic and random errors already at the acquisition stage.

The second stage involves capturing a digital image of the grain flow using an industrial camera. The
main parameters - resolution, frame rate, and exposure time - must be carefully synchronized with the
movement speed of the grain to prevent motion blur and object duplication. Proper configuration at this stage
directly determines the accuracy of all further processing and classification procedures.

During the preprocessing stage, the image is prepared for further analysis. To reduce noise and improve
image quality, smoothing is applied using a Gaussian filter [4]:

32



TexHika, eHepreTHka,
Ne2 (133) /2026 TpaHcnopt AIIK

/% Technology, energy,
~ ISSN: 2520-6168 Vol. 133, Ne 2 /2026 agriculture transport AIC

1 _=x0)?+ -y c)?
Gooy) =g e 207 )

where (X, y) are the pixel coordinates; (X, Y.) are the coordinates of the filter window center; o is the
standard deviation that defines the degree of blurring (the larger the value, the stronger the smoothing effect).

Additionally, contrast enhancement techniques may be used to improve the visibility of individual
grain particles and their boundaries, which facilitates more accurate segmentation in subsequent steps.

Median filtering is also applied, which effectively removes impulsive noise. In addition, illumination
normalization and contrast enhancement are performed to ensure clear delineation of grain boundaries. These
procedures help stabilize image characteristics under varying acquisition conditions and improve the
robustness of subsequent feature extraction.

Image segmentation is carried out through binarization using either a global or adaptive threshold. The
Otsu method allows automatic determination of the optimal threshold value by minimizing intra-class variance.
This approach is particularly effective for images with bimodal intensity distributions, where foreground and
background are well separated:

oy () = q1(O)af () + q2() a3 (£) (2
where g, and g, are the probabilities of the two classes separated by the threshold t; o? and ¢ are
the variances of these classes.

This formulation ensures that the optimal threshold maximizes the separability between foreground
and background regions. In practical applications, it provides a robust and computationally efficient way to
perform segmentation even in the presence of moderate noise.

After binarization, morphological operations are applied to remove noise and restore the shapes of
objects, as well as edge detection algorithms (in particular, the Canny method), which ensure precise
localization of grain boundaries. These procedures improve the structural integrity of segmented objects and
reduce the influence of artifacts caused by imperfect thresholding.

At the feature extraction stage, each grain is characterized by its geometric (area, length, width),
morphological (compactness, elongation), and optical (intensity, color) properties. The use of a scale factor
enables conversion from pixel-based measurements to real-world physical dimensions. This provides the basis
for quantitative analysis of grain quality and further classification or sorting tasks.

Obiject classification is performed using machine learning methods, in particular convolutional neural
networks (CNN), which enable automatic extraction of informative features and ensure high recognition
accuracy. As a result, each grain is assigned to a corresponding fraction or classified as an impurity. These
models are capable of capturing complex nonlinear relationships between visual features, which significantly
improves classification robustness under variable operating conditions.

Based on the classification results, a statistical description of the grain flow is generated, including the
number of objects in each fraction, their percentage composition, mean parameter values, and variance. Such
aggregated information provides a comprehensive assessment of the material quality and allows monitoring of
technological process stability. The generalized indicator for the j-th fraction is defined as:

J o Liepij
i z:fzo z:?1:10 pi,}', ®)
where P’ is the indicator characterizing a specific property of the j-th class of objects in the grain
material sample; p; ; is the indicator characterizing a specific property of the i-th object belonging to the j-th
class of the grain material sample; Nj is the number of objects in the j-th class of the grain material sample; J
is the total number of classes of objects in the grain material sample.

This formulation allows aggregation of individual object-level measurements into class-level descriptors,
which is essential for robust statistical evaluation of grain quality. In practical applications, it also supports
comparative analysis between different fractions and improves interpretability of classification results (Fig. 2).
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Fig. 2. Dependence of system performance (FPS) on resolution

A key stage of the algorithm is the evaluation of the fractionation process quality. For this purpose,
integral indicators are introduced that characterize fraction purity, impurity content, and the degree of
separation. In particular, the fraction purity coefficient is defined as the ratio of the number of target grains to
the total number of objects in the fraction, while the impurity coefficient represents the proportion of foreign
inclusions. These indicators provide a quantitative basis for assessing the efficiency and stability of the
separation process under different operating conditions.

At the final stage, a control signal is generated for regulating the technological process. Based on the
obtained indicators, adjustments are made to equipment operating parameters such as grain feed rate, layer
thickness, or separation modes. This enables the implementation of a closed-loop control system and increases
the overall efficiency and adaptability of the fractionation process in real time.

To implement such an algorithm, it is most effective to use an object-oriented approach. Below is a
code structure based on the OpenCV and PySide/Tkinter libraries (Fig. 3). Each method of the class
corresponds to a specific stage of the algorithm’s block diagram. This modular design improves code
readability, simplifies maintenance, and allows flexible extension of individual processing stages without
affecting the overall system architecture.

The developed algorithm was tested on two types of input scenes (Fig. 4): a grain mass of maize on a
dark (a) and a light (b) background. It was found that the use of adaptive binarization (Otsu’s method) makes
it possible to reduce the segmentation error on a light background to 2,1%, compared to 1,5% on a dark
background. This confirms the robustness of the approach under varying illumination and contrast conditions.

In addition, the presence of touching grains in both scenes required the implementation of the
Watershed algorithm to ensure accurate estimation of the number and area of each individual object. This
approach significantly improves object separation in dense flows and enhances the reliability of quantitative
measurements.
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import cv2
import numpy as np
import time

class GrainQualityControlSystem:
def _init__(self): # 1. Initialization block
self.reference_values = {"purity": 0.95, "target_fraction": 0.85}
self.is_running = False
self.camera = None

def setup_hardware(self): # Stage 1 & 2: Camera and lighting setup
self.camera = cv2.VideoCapture(0)
self.camera.set(cv2.CAP_PROP_EXPOSURE, -5) # MiHimizauja po3mutTa
print("Hardware Layer: Camera and Lighting initialized.")

def preprocess(self, frame): # Stage 3: Pre-processing
gray = cv2.cvtColor(frame, cv2.COLOR_BGR2GRAY)
blurred = cv2.GaussianBlur(gray, (5, 5), 0)
_, thresh = cv2.threshold(blurred, 0, 255, cv2. THRESH_BINARY + cv2. THRESH_OTSU)
return thresh

def segment_grains(self, binary_img): # Stage 4: Segmentation
dist_transform = cv2.distanceTransform(binary_img, cv2.DIST_L2, 5)
_, last_fg = cv2.threshold(dist_transform, 0.7 * dist_transform.max(), 255, Q)
return last_fg

def extract_features(self, segmented_img): # Stage 5: Feature extraction

contours, _ = cv2.findContours(segmented_img.astype(np.uint8), cv2.RETR_EXTERNAL, cv2.CHAIN_APPROX_SIMPLE)
features =[]
for cnt in contours:

area = cv2.contourArea(cnt)

if area > 100: # ®inbTp WyMy

features.append(area)

return features

def classify_and_analyze(self, features): # Stage 6 & 7: Classification and Statistics
total_count = len(features)
if total_count == 0: return O
main_fraction = [f for f in features if 200 < f < 500]
efficiency = len(main_fraction) / total_count
return efficiency

def decision_layer(self, current_efficiency): # Stage 8 & 9: Evaluation and Management
if current_efficiency < self.reference_values["target_fraction"]:
self.send_control_signal("INCREASE_VIBRATION")
else:
print("Quality OK")

def send_control_signal(self, signal):
# Peanizauja npotokony (UART/Modbus/MQTT)
print(f"CONTROL SIGNAL SENT: {signal}")

def run(self):
self.setup_hardware()
self.is_running = True

while self.is_running:
ret, frame = self.camera.read()
if not ret: break
# Sequential execution of stages
processed = self.preprocess(frame)
segmented = self.segment_grains(processed)
features = self.extract_features(segmented)
efficiency = self.classify_and_analyze(features)
self.decision_layer(efficiency)

self.camera.release()
cv2.destroyAllWindows()

# System startup

if _name__=="_main__":
system = GrainQualityControlSystem()
system.run()

Fig. 3. Structure of the program code in the Python language
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Fig.4. Stages of segmentation of touching maize grains on dark (a) and light (b) backgrounds using the
WaterShed method: 1 — input image; 2 — preprocessing; 3 — thresholding; 4 — localization stage;
5 — contour detection

The localization stage image demonstrates the local maxima of the distance map. Each such maximum
serves as a unique identifier (seed) for an individual grain. These markers are critically important for
initializing the Watershed algorithm, as they define the object centers from which boundaries propagate,
enabling accurate separation of touching grains.

This approach significantly reduces over-segmentation and improves the stability of object detection
in dense grain flows. As a result, it ensures more reliable estimation of both the number and geometric
parameters of individual grains.

Thus, the proposed algorithm provides a comprehensive analysis of the grain flow, enables real-time
evaluation of the fractionation process quality, and establishes a foundation for the development of intelligent
automated control systems in post-harvest grain processing.

Overall, the integration of computer vision and machine learning techniques enhances process
transparency, improves decision-making accuracy, and contributes to increased efficiency and consistency of
grain processing operations.

5. Conclusion

Based on the analysis of global experience in digital object identification, it has been established that the
most effective approach for analyzing dense flows of grain materials is a combination of Otsu thresholding and
Watershed-based morphological segmentation. This combination ensures reliable separation of touching objects
and provides segmentation accuracy at the level of 97,9 - 98,5%, depending on background conditions. As a
result, a solid theoretical foundation for the development of an adaptive control algorithm has been formed.

An optical control algorithm has been developed that covers the full data processing cycle: from optical
scene formation to the generation of control signals for separator actuators. A key feature of the algorithm is
the use of local maxima labeling of the distance transform, which ensures accurate separation of touching
maize grains and reduces fraction counting error to below 2,0%. In particular, the segmentation error was
experimentally determined to be 1,5% for dark backgrounds and 2,1% for light backgrounds, confirming the
robustness of the proposed approach.

Experimental validation of the algorithm on maize grain images with different background conditions
confirmed its operability and efficiency. It was found that the proposed sequence of digital processing enables
real-time evaluation of fractionation efficiency with a processing speed of up to 20 - 30 frames per second,
depending on hardware configuration. The coefficient of fraction purity can be determined with an accuracy
of +1,5%, while impurity detection reliability exceeds 96%.

The implementation of the developed algorithm provides a basis for creating closed-loop automated
control systems for post-harvest grain processing. The use of real-time feedback allows dynamic adjustment
of technological parameters (feed rate, layer thickness, separation pexums), leading to an overall increase in
fractionation efficiency by 10 - 15% and a reduction in grain losses by up to 8 -12%.
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AJITOPUTM OIITUYHOTI'O MOHITOPHUHTI'Y [JIs1 OUIHIOBAHHSA B PEAJIBHOMY YACI
E®EKTUBHOCTI ®PAKINIOHYBAHHS 3EPHA HA OCHOBI CTPYKTYPHUX
XAPAKTEPUCTHUK ITIOTOKY

Posensrymo npobremy niosuwenns epexmuenocmi KOHMPORIo AKOCMI 8 npoyecax PpaxKyionyeanHs
3epHa. Bcmarnoenerno, wo mpaouyitini Memoou OyiHIO8AHHs AKOCMI OMPUMAHUX Qpaxyitl, aKi 6a3yromvcs Ha
1a00pamopHOMY ananizi npoob, € mpyooMICMKUMU, MAIOMb 3HAYUHY YACO8Y 3aMPUMKY ma He 3a0e3neuyioms
MOJNCIUBOCII  ONEPAMUBHO20 (PEAbHO20 4acy) KOHMPONIO mexHonoziuno2o npoyecy. Lle 3ymoenioe
HeoOXiOHicmb po3poOIeHHs HOBUX NIOX00I6, 3ACHOBAHUX HA CYYACHUX YUDPOBUX MEXHONIOISX.

3anpononosano aneopumm ONMUYHO20 KOHMPONIO AKOCMI npoyecy (OpaxkyionyeamHs 3epHa, wo
basyemvcsa HA 3aCMOCYB8ANHI MEMOOi6 KOMN 10MepHo20 30py ma aHani3i CMpyKmypu 3epHO8020 NOMOK).
Anzopumm exmouae ghopmyeanta cmabinbHOi ONMUYHOT CYyeHU, OMPUMAHHS YUPPOBUX 300paAdCeHb 3ePHOBO20
NOMOKY, ix nonepeonio 0OpoOKy, cecMeHmayilo 3epHi6oK, GUOLNEHH 2eOMEeMPUUHUX MA ONMUYHUX O3HAK,
Karacughikayiro 06 ’ekmis 3a pakyiamu, a maKoic noOAIbUUL CIMAMUCMUYHULL AHATI3 OMPUMAHUX OAHUX.

Biominnoro ocobrugicmio 3anpononogano2o nioxooy € 6UKOPUCIAHHS CIPYKINYPHUX XAPAKMEPUCMUK
3epHOB020 NOMOKY ONfl OYiHIOBAHHA egexkmusHocmi npoyecy @pakyionyeanns. Ha ocnosi eusnauenus
KIIbKICHO20 ma AKICHO20 cKAady (pakyill 66e0eHO iHMe2paibHi NOKA3HUKU, WO XapaKmepu3yiome YUCmony
@pakyil, emicm domiwox ma cmyniHo po30iieHus mamepiany. Lle Oae 3mozy 30ilicHio8amu 06 €KMUBHY
OYIHKY IKOCMI npoyecy 6e3nocepednbo nio Yac 1020 GUKOHAHHSL.

Pospobnenuii ancopumm 3abesnevye peanizayilo agmomMamu308anoi cucmemu MOHIMOPUHSY Mda
Kepy8aHHs npoyecom (paxyionyeauHs 3epHa. Buxopucmanus 360pomHo2o 36 83Ky HA OCHOSI pe3yibmamis
ONMUYHO20 ananizy 00360J5IE 8 PealbHOMY 4aci Kopueysamu napamempu pobomu 00NAOHaAHHSA, 30Kpema
WBUOKICIb ROOAYL 36PHOB020 MAMEPIANY MA HANAWMYB8AHHS Cenapayil, wo RiOSUUYE eqheKMUSHICMb RPOYeCy
ma sMeHwye empamu. 3anponoHosanuii nioxio Qopmye ocHogy Oiisi CMEOPEHHS IHMENeKMYANbHUX CUCHeM
KOHMPOJIIO SIKOCMI Md Yu@dposux OGIHHUKIE MEXHONOSTHHUX NPOYECi8 NICIA30upanbHol 06poOKU 3epHa.

Cnio 3asnauumu, wo 6nPOBAOIHCEHHsI MAK020 Ni0X00y 00380JIA€ CYMMEBO CKOPOMUMU UAC
NPUUHAMMS MEXHON02IUHUX plleHb | nidsuwumu cmabiibHicms pobomu 0ONAOHAHHA 8 YMOBAX 3MIHHUX
Hasaumadicenv. Lle 0cobaUB0 BANCIUBO O BUCOKONPOOYKMUBHUX 3epPHONEPepoOHUX HiHIll, Oe HAa8iMmb
HEe3HAYHT GIOXUNEHHSI MOJICYMb NPU3B00UMU 00 8MPam SKOCMI nPooyKyii.

Knrouoei cnoea: onmuunuii MOHImMopuHe, KOMR 1OmMepHull 3ip, GpakyioHyeanHs 3epHd, SKICMb 3epHda,
CMpYyKmypa nomoky, Kiacugikayis, asmomamuszayis, nicisa3oupaibua oopooxa.
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