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ABSTRACT
Rice is one of the world's most important food crops, and accurate assessment of its morphological characteristics is
essential for crop improvement, grain-quality evaluation, and yield estimation. Conventional measurement techniques
are time-consuming, labor-intensive, and susceptible to human error. Recent advances in computer vision, machine
learning, deep learning, and Internet of Things (IoT) technologies have enabled automated and non-destructive rice
phenotyping. Early image-processing methods used thresholding, edge detection, contour extraction, and morphological
operations to measure grain length, width, area, perimeter, and shape. More recent approaches employ convolutional
neural networks (CNNs), U-Net segmentation, object detection, and high-throughput imaging platforms for automated
characterization of rice grains, panicles, and plants. Smartphone-based imaging has also demonstrated the potential for
affordable rice-quality assessment. However, most grain-level studies focus on static or post-harvest images, while
comparatively limited research addresses repeated non-destructive imaging and quantitative modeling of individual
grain development. This review examines the evolution of image-based rice analysis, compares conventional and AI-
based techniques, identifies existing research gaps, and proposes an integrated framework incorporating image
acquisition, preprocessing, segmentation, morphological feature extraction, temporal tracking, and growth modeling.
The proposed framework provides a foundation for developing intelligent, cost-effective, and non-destructive rice
phenotyping systems.

Keywords: Rice, computer vision, image processing, morphological analysis, grain phenotyping, deep learning, U-Net,
time-series monitoring, growth modeling.

Introduction
Rice is a major cereal crop that plays a vital role in global food security. Its productivity and quality depend on genetic
characteristics, environmental conditions, and crop-management practices. Consequently, accurate measurement of
morphological traits is important for rice breeding, varietal identification, grain-quality assessment, and yield prediction
[1,2].
Traditional rice phenotyping relies on manual measurement, visual observation, and laboratory analysis. Although these
techniques provide useful information, they require considerable time and labor and may introduce observer-dependent
errors. Measurements taken at isolated time points also provide limited information about the dynamic development of
grains and plants.
Computer vision offers an efficient alternative by converting digital images into quantitative morphological information.
Conventional image-processing techniques, including thresholding, edge detection, contour extraction, and connected-
component analysis, have been used to estimate grain length, width, area, perimeter, and shape. Machine-learning and
deep-learning techniques have subsequently improved the potential for automated classification, segmentation, and trait
prediction [3].
Smartphone-based imaging combined with artificial neural networks has demonstrated the feasibility of low-cost rice
characterization. Similarly, high-throughput phenotyping platforms have enabled repeated assessment of rice plants,
panicles, and grains throughout the growing period. These developments indicate a transition from static image analysis
toward dynamic phenotyping [4].
Despite this progress, repeated non-destructive monitoring of individual developing rice grains remains an important
research opportunity. This paper reviews the major technological developments in image-based rice analysis and
proposes an integrated framework for temporal morphological monitoring and growth prediction [5].

2. Review of Image-Based Rice Analysis
2.1 Conventional Image Processing and Feature Extraction
Early image-based rice analysis primarily employed thresholding, edge detection, and morphological operations to
separate grains from the background. Techniques such as Otsu thresholding, adaptive thresholding, and Canny edge
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detection are useful for identifying object boundaries under controlled imaging conditions. Connected-component
analysis can subsequently separate individual objects for measurement [6].
After segmentation, morphological characteristics such as length, width, area, perimeter, aspect ratio, circularity,
equivalent diameter, and major and minor axes can be calculated. Color and texture features may also support grain-
quality assessment and variety classification [7].
However, conventional approaches are sensitive to illumination changes, background similarity, overlapping grains, and
variations in object orientation. Their performance may therefore decrease when applied to complex images or field
conditions.
2.2 Machine Learning and Deep Learning
Machine-learning algorithms, including support vector machines, artificial neural networks, and regression models, can
use extracted morphological and color features to classify rice varieties and predict quality-related characteristics[8].
Deep learning has expanded these capabilities by learning complex visual representations directly from images.
Convolutional neural networks support image classification and object detection, while semantic and instance
segmentation models enable more detailed identification of grain boundaries and individual objects. U-Net is
particularly relevant because its encoder-decoder architecture supports pixel-level segmentation [9].
A smartphone-based study by Aznan et al. demonstrated the potential of combining image-derived morpho-colorimetric
characteristics with an artificial neural network for classifying commercial rice samples. The reported classification
accuracy was approximately 90.7%, highlighting the potential of affordable imaging systems [10].
Deep-learning approaches nevertheless require representative training datasets, accurate annotations, computational
resources, and independent validation. Their generalizability can be limited when lighting conditions, camera settings,
backgrounds, or sample characteristics differ from those represented in the training data.
2.3 High-Throughput and Temporal Phenotyping
Recent research has expanded image-based analysis from individual grains to whole plants, panicles, and field-scale
monitoring. Smartphone cameras, industrial imaging systems, unmanned aerial vehicles (UAVs), and automated
phenotyping platforms enable large-scale data collection [11,12].
Tang et al. demonstrated the potential of image-based rice phenotyping across the growth period by extracting traits at
plant, panicle, culm, and grain levels. Their work highlights the value of temporal phenotypic information for studying
genotype–phenotype relationships and yield-related characteristics.
Similarly, research combining YOLOv5, ResNet50, and DeepSORT has demonstrated the potential of object detection
and tracking for monitoring rice panicle development over successive observations. UAV-based CNN approaches have
also been investigated for rice phenological-stage identification, demonstrating the applicability of deep learning to
crop-scale monitoring [13].
These developments establish the importance of repeated imaging [14]. Nevertheless, monitoring individual developing
grains presents additional challenges, including object overlap, changes in orientation, occlusion, and the need to
maintain consistent object identities across images.

Figure 2.1: Block Diagram of Research Approach

3. Comparative Review and Research Gap
The principal methodological developments and their limitations are summarized in Table 1.

Table3.1: Comparison of image-based rice analysis approaches
Approach Major techniques Applications Key limitations

Conventional image
processing

Thresholding, edge
detection, contour
extraction

Grain size, area,
perimeter, and shape

Sensitive to
illumination and
overlapping objects
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Feature-based machine
learning ANN, SVM, regression

Variety
classification and
quality assessment

Depends on feature
selection and dataset
quality

Deep-learning
segmentation CNN, U-Net

Grain boundary
detection and
individual-object
identification

Requires annotated
data and
computational
resources

High-throughput
phenotyping

Automated imaging,
UAV, image-analysis
pipelines

Plant growth,
panicle traits, and
crop monitoring

Equipment costs and
environmental
variability

Temporal tracking
Object detection, feature
association, tracking
algorithms

Developmental
monitoring across
successive images

Identity loss,
occlusion, and
inconsistent imaging

Growth modeling
Polynomial, logistic,
Gompertz, and nonlinear
regression

Growth-rate
estimation and trait
prediction

Requires reliable
longitudinal
measurements

The literature indicates three major research gaps. First, many rice-grain studies focus on static or post-harvest images,
providing limited information about developmental changes. Second, temporal phenotyping has advanced more rapidly
at plant, panicle, and field levels than at the individual developing-grain level. Third, variations in illumination, camera
position, object orientation, and overlapping structures continue to challenge reliable segmentation and tracking.
Therefore, an integrated framework combining repeated image acquisition, robust segmentation, morphological feature
extraction, individual-object tracking, and quantitative growth modeling is required. Such a framework would extend
rice analysis from measuring final grain characteristics to understanding how those characteristics develop over time.

4. Proposed Framework and Methodology
The proposed framework integrates computer vision and temporal analysis into six stages.

 Stage 1: Repeated Image Acquisition. Rice grains or developing plant structures are photographed at
predefined intervals using a fixed camera, controlled illumination, a consistent background, and a calibrated
imaging distance. For developing grains, imaging must be performed without disrupting their natural growth.

 Stage 2: Image Preprocessing. Images are corrected for noise, illumination variation, contrast, and
background interference. Standardization improves consistency between observations.

 Stage 3: Segmentation and Object Identification. Conventional thresholding and morphological operations
can be used for simple images, whereas U-Net or related deep-learning models may be applied to complex
backgrounds and overlapping structures. Individual objects are identified for subsequent tracking.

 Stage 4: Morphological Feature Extraction. The segmented objects are characterized using grain length,
width, area, perimeter, aspect ratio, major and minor axes, circularity, and relevant color features. Pixel
measurements are converted into physical units using an appropriate calibration reference.

 Stage 5: Temporal Tracking. Consistent identifiers are assigned to the same grain or plant structure across
consecutive images. The resulting longitudinal dataset records each object's morphological characteristics at
different observation times. Tracking accuracy must be evaluated because occlusion or changes in orientation
can lead to identity errors.

 Stage 6: Growth Modeling and Prediction. Temporal measurements are used to estimate growth trajectories
and predict future morphological characteristics. Polynomial, logistic, Gompertz, or other nonlinear regression
models may be evaluated according to the observed developmental pattern.

5. Future Research Directions
Future studies should develop standardized datasets containing repeated images of the same rice samples throughout
development. Such datasets would support the training and validation of segmentation, tracking, and growth-prediction
models.

http://www.veterinaria.org
http://www.veterinaria.org/


REDVET - Revista electrónica de Veterinaria - ISSN 1695-7504
Vol 25, No.1 (2024)
http://www.veterinaria.org
Received: 24.09.2024 Revised: 28.11.2024 Accepted: 13.12.2024

4744

Integration with environmental sensors measuring temperature, humidity, soil moisture, light intensity, and nutrient
conditions could help explain variation in morphological development. IoT-enabled cameras and edge-computing
devices, such as Raspberry Pi systems, could facilitate automated image acquisition and data transmission.
Furthermore, CNN-LSTM architectures and temporal transformers could be investigated for learning spatial and
temporal patterns jointly. Their effectiveness should be compared with conventional growth models using independent
datasets. Particular attention should be given to measurement calibration, tracking reliability, computational efficiency,
and performance under realistic growing conditions.

6. Conclusion
Image-based rice morphological analysis has progressed from conventional thresholding and edge detection to machine
learning, deep-learning segmentation, high-throughput phenotyping, and temporal tracking. These technologies have
improved the potential for automated measurement of grain characteristics, variety classification, quality assessment,
and crop monitoring.
However, individual-grain-level temporal monitoring remains comparatively underdeveloped. An integrated system
combining repeated image acquisition, preprocessing, segmentation, morphological feature extraction, temporal tracking,
and growth modeling offers a promising direction for addressing this limitation. By generating longitudinal
morphological datasets, the proposed framework can support non-destructive monitoring, growth-rate estimation, and
prediction of final grain characteristics. Integration with deep learning and IoT technologies may further enable scalable
and cost-effective rice phenotyping for research and agricultural decision-making.
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