Vol. 79, No. 2 / 2026 INMATEH - Agricultural Engineering

DESIGN AND IMPLEMENTATION OF A VISUAL MONITORING SYSTEM FOR PADDY
FLOW INSTABILITY IN INTELLIGENT HUSKERS
/

[H] 1] & EE B VLI DRI R IS I IR G v -5 L

Min CHENG ™, Shihao ZHOU", Yong PAN?, Xingchuang WANG"
" School of Mechanical and Electrical Engineering, Henan University of Technology, Zhengzhou / China;
2 School of Intelligent Engineering, Henan Mechanical and Electrical Vocational College, Zhengzhou / China
Corresponding author: Min Cheng, Tel: +86-18623710936; E-mail: chengminhappy2006@ 163.com,
DOI: https://doi.org/10.35633/inmateh-79-19

Keywords: Rubber roll husker; Paddy flow; Machine Vision; Real-time monitoring

ABSTRACT

To achieve precise prevention and control of rubber roll wear in huskers, this study established a complete
experimental platform integrating mechanical transmission, feeding control, and visual acquisition units, and
subsequently developed a real-time monitoring system for paddy flow instability based on machine vision. An
image acquisition system composed of a CMOS camera and a customized light source was built to construct
a dedicated dataset for paddy flow states. Based on the lightweight YOLOv8n detection model, Python
programming was adopted in the PyCharm environment with the Ultralytics library integrated, realizing real-
time recognition and quantitative analysis of paddy flow states. The results demonstrated that the system
realized a real-time detection efficiency of 14 FPS on a local workstation, and the YOLOv8n model achieved
a recognition accuracy of 90.8% in terms of mean Average Precision at loU threshold 0.5 (mAP@0.5) for
sparse and overlapping grain states. The system could effectively capture key abnormal states, including
inclined paddy grains entering the rolling zone, sparse paddy flow lasting more than 5 seconds, and
overlapping paddy flow density exceeding 10 grains/cm? This study transformed the mechanical
characteristics of paddy flow instability into pixel-level quantitative indicators and established an integrated
visual monitoring paradigm of "perception-analysis-decision”, providing effective technical support for the
intelligent management and control of huskers.
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INTRODUCTION

During the operation of a rubber roll husker, the uniform wear condition of rubber rolls is crucial for
maintaining a stable hulling process (Prabhakaran et al., 2017). Studies indicate that the dynamic imbalance
in paddy flow distribution is the fundamental cause of uneven rubber roll wear ( Yehia & Katab, 2018). However,
constrained by the complex environment of the rolling zone, existing industrial sensors struggle to accurately
monitor dynamic paddy flow conditions. To address this, there is an urgent need to develop a machine vision-
based monitoring system. By enabling online recognition and analysis of the paddy flow before it enters the
rolling zone, the system can accurately capture unstable flow patterns and provide real-time data support for
subsequent control. The technology enables the prevention of rubber roll wear from the source and offers a
new paradigm for the intelligent upgrading of grain processing equipment.

Early monitoring technologies primarily focused on mechanical parameters. For instance, Zhancheng
Grain Machinery Factory in Zhejiang developed a real-time roll pressure monitoring system that uses sensors
to provide immediate feedback on pressure data, offering visual guidance for manual operation (Xiang and
Ruan, 2009; Zhou et al., 2025).
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Wang et al. (2013) introduced a PLC control system into the rubber roll husker, integrating functions
such as equipment start-stop, flow regulation, and fault alarm, thereby preliminarily achieving automated
management of the hulling process. Wang (2016) designed a real-time monitoring system that breaks through
single-dimensional limitations by simultaneously collecting parameters such as rubber roll speed, roll pressure,
and flow rate, enabling intelligent management of operational parameters. Furthermore, uneven feeding during
rubber roll husker operation leads to uneven wear of the rubber rolls, which can cause vibration and noise. Wu
et al. (2024) conducted real-time detection and identification of abnormal wear conditions on the rubber rollers
of a husker based on point cloud data, effectively addressing the challenge of accurately monitoring the wear
state of rubber rollers. Zhu (1979) pointed out that rubber roll eccentricity is caused by vibration during the
hulling process. To address this issue, Liu (2020) applied a multi-link vibration isolation concept within the rolls
and designed an impact isolator, which mitigated shock vibration transmission and acoustic radiation in the
rubber roll husker. Future studies should further investigate the influence of uneven rubber roll wear on rotor
dynamic characteristics to mitigate vibration and noise.

In the field of material flow monitoring, although existing bulk material monitoring technologies are
quite diverse, specialized research on paddy flow remains scarce. Current achievements mainly focus on belt
conveyor scenarios in industries such as coal, while the physical and chemical characteristics of paddy differ
significantly from other materials, imposing higher requirements on monitoring technology. For material flow
monitoring on belt conveyors, Wen et al. (2023), integrated line laser and binocular vision techniques to detect
coal flow on the conveyor belt, and achieved high-precision volumetric flow calculation through host computer
processing. The method exhibits limited adaptability to complex conditions in paddy flow, such as overlapping
and inclination. Xu et al. (2022) integrated RFID technology with point cloud data processing methods to
achieve real-time measurement of the mass flow rate of bulk materials on a conveyor belt, obtaining
high-precision results on fine sand materials, which can provide a reference for similar applications in paddy
flow monitoring. Yan et al. (2023) employed a dual-array capacitive sensor combined with the BP-Adaboost
algorithm to realize multi-parameter measurement of gas—solid two-phase flow, effectively improving the
identification capability for complex flow conditions such as sparse or stacked particles. Zhu et al. (2024)
evaluated the measurement performance of an array capacitive sensor for particle concentration in gas—solid
two-phase flow through a CFD-DEM coupling method, thereby laying a theoretical foundation for precise
monitoring of particle flow. However, this method requires adaptive optimization for the specific characteristics
of paddy flow to enhance the accuracy and stability of the monitoring system.

Current paddy flow monitoring faces three challenges: the difficulty in balancing accuracy with
adaptability, the insufficient reliability of low-cost sensors, and the disconnection between monitoring and
control processes. Therefore, this paper proposes an integrated visual monitoring paradigm of "perception-
analysis-decision". By converting the mechanical characteristics of paddy flow instability into pixel-level
quantitative indicators, it establishes a closed-loop feedback channel for the full-cycle intelligent management
of rubber rolls.

MATERIALS AND METHODS

The feeding device and the visual acquisition unit form the hardware core of the system, working in
coordination with the host computer to establish a comprehensive paddy flow status monitoring framework.
Mechanical system structure and functional implementation

The structure and control performance of the feeding device directly determine the data reliability of
the monitoring system. This apparatus adopts a combined long and short chute board structure and employs
modular design to achieve precise simulation and regulation of paddy flow conditions. As shown in Fig. 1(a),
the device consists of a hopper, feeding roller, electric motor, long and short chute boards, chute adjustment
mechanism, and support frame.

The electric motor drives the feeding roller at a constant speed, ensuring continuous and stable
material conveyance. The long and short chute boards facilitate uniform material distribution and guided flow
through their uniquely designed inclination angles. The integrated Q312B leaf spring nut and butterfly bolt
assembly enables stepless adjustment of the chute inclination, thereby allowing precise control over paddy
flow velocity and density distribution. The support frame employs a rigid connection design to effectively
suppress mechanical vibration interference with the paddy flow state. Through coordinated mechatronic
control, the entire setup provides stable and reliable experimental conditions for the visual monitoring system.
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Software architecture and data processing flow

The vision acquisition system establishes a comprehensive technical framework for paddy flow
monitoring through the integration of hardware and software algorithms. As shown in Fig. 1(b), the vision
acquisition unit adopts a modular design incorporating a Hikvision MV-CU013-A0UC CMOS industrial camera,
MVL-HF0628M-6MPE 6mm fixed-focus lens, and ring LED light source (Yu, 2024).

The system utilizes a C-mount interface and USB 3.0 protocol to establish a high-speed data
transmission channel. The camera ensures complete capture of dynamic paddy flow characteristics through
its high-frame-rate acquisition capability. The lens maintains geometric imaging accuracy with a low distortion
rate of -0.103%. The ring light source effectively suppresses localized shadows and enhances grain texture
features through multi-angle uniform illumination. Under the centralized management of MVS V4.4.0
professional software, the unit achieves unified control of parameters including acquisition frequency,
resolution, and image format. All hardware components operate in coordination with the computer-based main
control system through standard communication protocols, collectively forming a stable and reliable visual
perception foundation. Feeding device with combined long and short chute boards (Zhang et al., 2024).

The system software employs a multi-threaded architecture developed in a Python-OpenCV
environment, implementing three core functional modules. The image acquisition module captures 640x640
resolution video streams at 168 FPS through the VideoCapture interface, performing color space conversion
and image preprocessing. The model inference module utilizes the Ultralytics library to load an optimized
YOLOv8 model, executing object detection with preset confidence and loU thresholds to output particle
localization and classification data. The visualization module integrates functions for rendering detection
bounding boxes, annotating categories, and counting particles, supporting real-time display and result storage.
Each module exchanges data through asynchronous message queues, working in conjunction with MVS
professional software to manage device control and parameter configuration, thereby establishing a complete
"acquisition-analysis-display" processing pipeline. By integrating the computer, image acquisition module, and
feeding device, an efficient and stable image acquisition platform was established. The structural model
diagram of this platform is shown in Fig. 2, providing a foundation for subsequent object detection and analysis.
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(a) Schematic diagram of feeding device (b) Diagram of camera mount position adjustment

Fig. 1 - Paddy flow monitoring system
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(‘a) Design diagram of the visual monitoring platform ( b ) Physical photograph of the visual monitoring platform

Fig. 2 - 3D structural design and physical experimental platform for the flow monitoring system
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Paddy flow dataset construction

YOLOVS is an object detection algorithm based on convolutional neural networks. Building upon the
YOLO series, it enhances detection performance by incorporating novel features and architectural
improvements (Ma et al., 2024, Paul et al., 2024, Tian., 2024). The algorithm requires a large volume of image
data with corresponding annotations as training samples. Through learning from these samples, it extracts
features such as shape and color of paddy, thereby establishing a mapping relationship between input images
and target detection results. To accurately identify paddy flow conditions, this study constructed a dedicated
image dataset (Ma et al., 2024). The dataset comprises a total of 530 images, including 220 static scenes and
310 dynamic scenes, divided into training and validation sets in an 8:2 ratio. Due to limitations in dataset size
and annotation cost, only a training set and a validation set have been currently divided, with no separate test
set established. Model performance evaluation is primarily conducted based on the validation set, while the
model's generalization capability is further verified through dynamic real-time monitoring experiments. Future
work will expand the dataset and introduce an independent test set to refine the evaluation framework. Using
the Labellmg tool, manual annotations were performed in YOLO format, generating label files containing target
bounding box coordinates and category labels. During annotation, sparse and overlapping paddy flow
conditions were labeled as Sparse Grains (SG) and Pile-up Scenes (PS) tags respectively (Song, 2025). As
shown in Fig. 3, for sparsely distributed grains, each grain was individually annotated with SG tags; for
overlapping regions, whether single-layer or multi-layer distribution, they were uniformly labeled as PS tags to
ensure the model can effectively learn morphological features of grains under different density conditions.

e

Fig. 3 - Labeling of paddy condition data

Model training via comparative experiments

During the model training phase, the YOLOVS training parameters were configured within the PyCharm
development environment. The yolov8n.pt, yolov8s.pt, and yolov8m.pt pre-trained models were selected for a
comparative experiment to evaluate their performance on the paddy flow dataset. For data configuration, the
dataset path was explicitly specified via a configuration file, with "SG" and "PS" defined as the two target
categories. In the hyperparameter settings, the number of training epochs was set to 100, the batch size was
set to 4, the initial learning rate (Ir0) was 0.01, and the final learning rate (Irf) was 0.01, using a cosine annealing
scheduling strategy. All models were trained under identical experimental settings to ensure comparability of
the results (Ma, 2021). The complete algorithm workflow is shown in Fig. 4.
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Fig. 4 - YOLOVS application flowchart
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RESULTS
Comprehensive model performance evaluation

Based on the YOLOvV8 architecture, a comparative experiment was conducted using three model
specifications named yolov8n.pt, yolov8s.pt and yolov8m.pt on a self-built paddy flow dataset. Through
comprehensive evaluation using metrics including mAP@0.5, FPS and model size, the most suitable model
architecture for dynamic monitoring scenarios was successfully identified (Ma et al., 2025).

Table 1
Performance metrics of different model specifications on the paddy flow dataset able
Method mAP0.5(%) mAP0.5:0.95(%) Frame Rate (FPS) Model Size(MB)
YOLOv8n 90.8 731 14 6.3
YOLOv8s 89.5 74.2 9 22.5
YOLOv8m 92.4 77.2 3 52

Experimental results demonstrate notable performance disparities among the YOLOv8 series models
in paddy flow detection tasks. As shown in Table 1, the nano model YOLOv8n achieves the optimal balance
between accuracy and speed, attaining 90.8% mAP@0.5 with a compact model size of 6.3MB and an
inference speed of 14 FPS. This demonstrates its strong capability in identifying sparse paddy flow conditions,
making it suitable for deployment in computationally constrained small-scale rubber roll huskers. However, its
MAP@0.5:0.95 of 73.1% falls below that of the medium model, indicating insufficient precision in target
localization at lower loU thresholds. The small model YOLOv8s shows suboptimal performance in both
detection accuracy (89.5%) and processing speed (9 FPS), primarily attributable to increased network depth
causing loss of shallow features. In contrast, YOLOv8m demonstrates comprehensive leadership in detection
accuracy, achieving 92.4% mAP@Q0.5 and 77.2% mAP@0.5:0.95. Its deep feature pyramid effectively
integrates multi-scale information, successfully addressing occlusion problems caused by paddy flow
accumulation. Nevertheless, its practical application remains constrained by an inference speed of 3 FPS and
a substantial model size of 52MB. Additionally, setting the training batch size to 4 may theoretically have a
slight impact on model generalization performance. As shown in Table 1, all three models completed effective
training in the paddy flow detection task, yielding stable and reliable detection results. The core focus of this
study is to verify the monitoring feasibility of lightweight models, and the negative impact of this parameter
setting on the final detection performance is within an acceptable range.

Table 2
Comparative analysis of performance metrics for different model variants on the paddy flow dataset
Parameter YOLOv8n YOLOv8s YOLOv8m
. Strong in sparse scenes Lowest overall . .
Detection accuracy ; ; Optimal for all scenarios
Weak in overlapping scenes performance
Inference speed 14 FPS 9 FPS 3 FPS
P (Excellent real-time performance) (Suboptimal efficiency) (Severe delay)
HardV\{a_rg Embedded device friendly Cost-ineffective Requires GPU server support
compatibility
Data dependency Sensitive to low-resolution input SenS|_t|ve_ to _feature Requires high-quality training
distribution data

As shown in Table 2, comparative analysis of performance metrics from different model specifications
on the paddy flow dataset demonstrates that although YOLOv8m achieves optimal detection accuracy, the
final selection was determined to be YOLOv8n as the core model for paddy flow monitoring, considering the
system's stringent requirements for real-time performance and embedded deployment. This model achieves
the best balance between accuracy and speed, with its compact 6.3MB size and 14 FPS inference speed
better aligning with practical engineering applications, thereby establishing a reliable technical foundation for
real-time monitoring of paddy flow states in rubber roll huskers.

Evaluation of model prediction results

During the training of the YOLOv8 model, the convergence curve serves as a critical indicator for
evaluating training effectiveness.
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As shown in Fig. 5(a), the YOLOv8n model demonstrates favorable convergence characteristics on
the paddy flow dataset. The bounding box regression loss decreases from 1.2 to 0.6, while the classification
loss on the validation set exceeds that of the training set by 0.1, suggesting mild overfitting. Fluctuations in the
object confidence loss within the validation set indicate that the model's adaptability to complex scenarios
requires further improvement. Performance metrics reveal a precision of 0.8 and a recall of 0.75, with mAP50
reaching 0.82.

However, mAP50-95 plateaus at 0.68, indicating a performance bottleneck in detection under high loU
thresholds. After 50 training epochs, the model stabilizes, with the performance gap between the training and
validation sets controlled within 5%, demonstrating robust generalization capability.

Analysis of convergence curves for YOLOv8s and YOLOv8m on the paddy flow dataset reveals distinct
training patterns. YOLOv8s shows a decrease in bounding box loss from 1.2 to 0.6, with the validation set
converging at 0.8, demonstrating progressive improvement in localization capability. However, the model
displays noticeable overfitting as evidenced by a validation classification loss of 1.0 significantly exceeding the
training loss of 0.5. Additionally, fluctuations in objectness loss reaching 1.2 on the validation set indicate
limited generalization capability. The performance metrics show precision and recall values of 0.8 and 0.7,
respectively, on the validation set, with mAP50 reaching 0.8, while mAP50-95 plateaus at 0.6 and shows
slower growth.

Similarly, YOLOv8m exhibits a decline in bounding box regression loss from 1.2 to 0.6 in training and
0.8 in validation, confirming continuous localization improvement. Nevertheless, the model demonstrates
pronounced overfitting with a validation classification loss of 1.0 compared to the training loss of 0.5.
Objectness loss fluctuations up to 1.2 in validation further reveal inadequate generalization capacity.
Performance metrics indicate validation precision of 0.8, recall of 0.7, and mAP50 of 0.8, while mAP50-95
stabilizes at 0.6 with decelerated growth. Both architectures consequently face limitations in high-threshold
detection performance despite their steady progress in localization accuracy.

Convergence curve analysis reveals that YOLOv8s exhibits elevated validation loss with overfitting
tendencies, while YOLOv8m demonstrates rapid initial convergence but subsequent instability. In contrast,
YOLOvV8n delivers optimal performance on the paddy flow dataset, characterized by synchronized and stable
decline in both training and validation losses, demonstrating superior generalization capability that best aligns
with the requirements of this monitoring task.

Classification accuracy is regarded as a vital metric for evaluating the classification capability of
YOLOvV8 models. When a model maintains high accuracy on both training and validation sets, it indicates
effective fitting while possessing strong generalization capability. As shown in Fig. 5(b), the confusion matrix
analysis of YOLOv8n demonstrates 78% recognition accuracy for overlapping paddy flow and 70% accuracy
for sparse paddy flow, with cross-misclassification rates between both categories remaining below 3%.
However, the background misclassification rates reach 20% for overlapping flow and 29% for sparse paddy
flow, indicating the current model's capability to distinguish complex backgrounds requires further
enhancement.
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(a) Convergence curve of Yolov8n on the paddy flow dataset (b) Confusion matrix of YOLOv8n

Fig. 5 - Training dynamics and classification performance of YOLOv8n

Confusion matrix analysis of YOLOvS8s indicates 65% recognition accuracy for overlapping paddy flow
and 68% for sparse conditions, with a cross-misclassification rate of merely 2% between these two categories.
However, the background misclassification rates reach critically high levels of 34% and 32% respectively,
suggesting inadequate learning of background features and heightened susceptibility to interference from
target characteristics. For YOLOv8m, the recognition accuracy for SG reaches 86%, while its predictive
accuracy for PS remains notably low at 55%, demonstrating strong SG identification capability but significant
errors in PS detection. The absence of cross-misclassification between categories confirms high accuracy in
single-target recognition. Additionally, PS and SG instances are misclassified as background at substantial
rates of 45% and 14% respectively, indicating prevalent background misclassification issues.

Classification accuracy analysis demonstrates that YOLOv8n achieves optimal overall performance in
paddy flow detection, with recognition accuracies of 78% for overlapping paddy flow and 70% for sparse paddy
flow, while maintaining cross-misclassification rates below 3% between categories. Despite background
misclassification rates ranging from 20% to 29%, it still exhibits superior performance compared to other
models. Both YOLOv8m and YOLOv8s exhibit specific limitations, either in particular scenario recognition
capabilities or overall performance deficiency, accompanied by notably high background misclassification rates.
Comprehensive evaluation confirms YOLOv8n as the preferred solution for achieving simultaneous accurate
identification of both sparse and overlapping states in paddy flow.

Validation of the paddy flow monitoring system

To verify the practical performance of the material flow monitoring system, this study conducted system
validation based on a dynamic material flow simulation platform in a local workstation environment equipped
with a 12th-generation Intel Core i7 processor, 32 GB of RAM, and no GPU acceleration. A graded quantitative
characterization system was proposed to systematically describe sparse and overlapping unstable states of
paddy flow by defining grain density levels within a unit area. For sparse paddy flow conditions, three severity
levels were established based on grain count per unit area: mild (10~20 grains), moderate (25~40 grains), and
severe (45~60 grains). For overlapping paddy flow conditions, both single-layer and multi-layer structures were
uniformly annotated as overlapping regions using the same grain quantity classification criteria. The system
implements dynamic visualization of detection results through Python programming, enabling real-time display
of distributed sparse and overlapping paddy flow regions at different severity levels.

The system achieves deep integration with the CMOS camera SDK through Python-OpenCV. Within
the PyCharm development environment, it utilizes the Ultralytics library to load the trained YOLOv8n model
weights and employs a multi-threaded architecture for synchronous processing of image acquisition and model
inference tasks. For the dynamic and non-stationary monitoring scenario of paddy flow, the system must
achieve real-time image sensing, instant processing, and fast inference. It should synchronously perform
acquisition, detection, and recognition during transient changes in the flow state, ensuring high synchronization
between the output results and the actual flow state, thereby meeting the timeliness and real-time decision-
making requirements of online dynamic material flow monitoring (He et al., 2025). The system achieves real-
time monitoring of dynamic paddy flow parameters via an asynchronous message queue mechanism, stably
outputting key state information such as sparse and overlapping grain distributions. The real-time monitoring
performance is illustrated in Fig. 6.
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Fig. 6 - Real-time monitoring of sparse and overlapping paddy flow

Validation results demonstrate that the system maintains a stable frame rate of 14 FPS when
processing 640%x640 resolution video streams, meeting the real-time monitoring requirements. Chen et al.
(2020) developed a real-time vision-based detection system for dynamic grain flow monitoring in rice combine
harvesters and showed that a frame rate of 10~20 FPS is sufficient to capture transient changes in agricultural
material flow and fulfill the engineering requirements for online detection. The comprehensive recognition
accuracy for sparse and overlapping paddy flow states reaches 89.7%, enabling synchronous output of critical
information including sparse and overlapping paddy flow conditions. The asynchronous message queue
mechanism ensures stable data exchange, with memory usage remaining stable at approximately 1.8 GB
during testing. The system demonstrates excellent engineering applicability and robustness, providing effective
technical support for intelligent control of rubber roll huskers.

CONCLUSIONS

Addressing the issue of uneven wear in rubber roll huskers caused by unstable paddy flow, this paper
systematically investigates machine vision-based monitoring methods for paddy flow conditions.

By constructing a dedicated image dataset, developing an optimized lightweight detection model, and
integrating hardware-software systems, the feasibility and effectiveness of this technical approach in
engineering applications have been verified.

The main conclusions are as follows:

(1) A comprehensive technical solution for paddy flow status monitoring has been proposed. This
solution systematically establishes a technical framework encompassing image acquisition platform
construction, multi-scenario data collection, specialized dataset development, and monitoring system
integration, providing a reusable methodological foundation for dynamic paddy flow monitoring.

(2) Comparative experiments based on the YOLOVS architecture demonstrate that the YOLOv8n nano
model achieves the best balance between accuracy and speed. Although its mMAP@0.5 of 90.8% is lower than
that of YOLOv8m, its inference speed and model size are superior to the latter, while maintaining a real-time
processing speed of 14 FPS, thereby fully meeting the real-time requirements of the husker operation scenario.

(3) The real-time paddy flow monitoring system exhibits significant engineering application value.
Through coordinated hardware-software design, the system accurately identifies unstable paddy flow
conditions including sparse and overlapping states in dynamic paddy flow, providing effective technical support
for wear control in rubber roll huskers.

This research validates the application potential of machine vision technology based on lightweight
deep learning models in agricultural mechanization. The proposed monitoring solution not only offers a novel
approach for quality control in rice processing but also serves as a technical reference for real-time monitoring
of other agricultural materials. Future research may further explore the model's adaptability under more
complex working conditions and its integration with data from other sensors.
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