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Abstract: Rice is a staple food for nearly half the global population and, with rising living
standards, the demand for high-quality grain is increasing. Chalkiness, a key determi-
nant of appearance quality, requires accurate detection for effective quality evaluation.
While traditional 2D imaging has been used for chalkiness detection, its inherent inability
to capture complete 3D morphology limits its suitability for precision agriculture and
breeding. Although micro-CT has shown promise in 3D chalk phenotype analysis, high-
throughput automated 3D detection for multiple grains remains a challenge, hindering
practical applications. To address this, we propose a high-throughput 3D chalkiness de-
tection method using micro-CT and VSE-UNet. Our method begins with non-destructive
3D imaging of grains using micro-CT. For the accurate segmentation of kernels and chalky
regions, we propose VSE-UNet, an improved VGG-UNet with an SE attention mechanism
for enhanced feature learning. Through comprehensive training optimization strategies,
including the Dice focal loss function and dropout technique, the model achieves robust
and accurate segmentation of both kernels and chalky regions in continuous CT slices.
To enable high-throughput 3D analysis, we developed a unified 3D detection framework
integrating isosurface extraction, point cloud conversion, DBSCAN clustering, and Poisson
reconstruction. This framework overcomes the limitations of single-grain analysis, enabling
simultaneous multi-grain detection. Finally, 3D morphological indicators of chalkiness are
calculated using triangular mesh techniques. Experimental results demonstrate significant
improvements in both 2D segmentation (7.31% improvement in chalkiness IoU, 2.54%
in mloU, 2.80% in mPA) and 3D phenotypic measurements, with VSE-UNet achieving
more accurate volume and dimensional measurements compared with the baseline. These
improvements provide a reliable foundation for studying chalkiness formation and enable
high-throughput phenotyping.

Keywords: rice chalkiness; micro-CT; deep learning; 3D reconstruction

1. Introduction

Rice (Oryza sativa L.) is one of the three major staple crops worldwide, feeding nearly
half of the global population. With the improvement in living standards, the demand for
high-quality rice has been increasing [1]. The appearance quality of rice is primarily charac-
terized by grain shape, chalkiness, and translucency; among which, chalkiness serves as a
crucial indicator affecting the overall appearance quality [2]. It is characterized by white
opaque areas caused by the uneven distribution of starch granules within the grain and can
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be further classified (based on the location) into belly chalkiness, center chalkiness, and back
chalkiness [3]. Chalkiness, a negative trait that seriously affects the milling, appearance,
and eating quality of rice, plays an important role in the market value assessment of rice [4].
Therefore, improving rice quality and breeding new varieties with superior characteristics
and lower chalkiness has become an urgent priority [5]. Although the research on the
genetic mechanisms underlying rice chalkiness formation has made some progress [6],
the lack of efficient phenotypic mutant screening methods for chalkiness poses significant
technical challenges for a deeper understanding of its formation mechanism. Therefore,
developing a fully automated, high-throughput, and high-precision non-destructive de-
tection method for chalkiness is crucial to overcoming the current research bottleneck and
advancing the study of chalkiness formation mechanisms.

In the field of chalkiness detection, scholars have conducted numerous studies. Wang
et al. utilized convolutional neural network (CNN) models and gradient-weighted class ac-
tivation mapping (Grad-CAM) visualization techniques to accurately distinguish between
chalky and non-chalky grains [7]. Saha et al. employed advanced light transmission imag-
ing technology to achieve quantitative evaluation of rice chalkiness under near-infrared
(NIR) light sources [8]. Zhou et al [9]. innovatively proposed YO-LACTS, a novel algorithm
combining You Only Look Once version 5 (YOLOv5) [10] and You Only Look At Coef-
ficienTs (YOLACT) [11] networks for fine-grained segmentation of adhesive rice grains,
laying the foundation for applications such as rice grain counting and physical/chemical
index detection, including grain shape analysis. Zia et al. developed the “National Grain
Tech” system, an efficient desktop application for rice quality assessment that leverages
computer vision and machine learning to analyze key features, including grain length,
width, and chalky kernels [12]. He et al. cleverly combined convolutional neural networks
with image processing techniques by overlaying NIR and RGB images and integrating the
watershed algorithm with the Otsu adaptive threshold function to achieve the intelligent
detection of rice appearance quality [13]. Although machine learning techniques have
brought significant breakthroughs to chalkiness detection, existing studies have critical
limitations, e.g., scholars primarily rely on two-dimensional (2D) planar images for analysis,
which inherently struggle to capture the complete three-dimensional (3D) morphologi-
cal features of rice grains. The 2D image processing methods have inherent deficiencies
in extracting depth and stereoscopic information, potentially leading to the incomplete
recognition and understanding of chalkiness characteristics.

In the field of 3D detection technology, Yu [14] attempted to use terahertz imaging
technology to scan and generate cross-sectional images of polished rice, which were then
converted into 3D images to ultimately improve the accuracy of rice chalkiness measure-
ment. However, during the testing process, the limited penetration of the terahertz spec-
trometer’s light source only allowed for the formation of rough contours of the rice grains,
with the edges of the chalkiness regions being somewhat blurred. This posed challenges
for edge detection. Su Yi et al. were the first to ingeniously combine X-ray micro-computed
tomography (micro-CT) technology with the advanced medical image analysis software
Mimics Innovation Suite (MIS) trial version (Materialise, Belgium). This groundbreaking
integration enabled non-destructive three-dimensional quantitative analysis and detailed
visualization of chalkiness traits in rice grains, opening up an innovative pathway for
plant phenomics research [15]. Subsequently, we achieved the preliminary quantitative
computation of chalkiness in individual rice grains but had yet to realize high-throughput
processing, that is, the simultaneous processing of multiple rice grains [16]. While 3D imag-
ing techniques show unique advantages in characterizing chalkiness morphology, several
technical bottlenecks remain to be addressed. First, existing micro-CT-based approaches
often require professional commercial software suites such as MIS for data processing [15],
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which introduces substantial manual intervention and limits analytical throughput. Second,
when extending 2D semantic segmentation to 3D reconstruction, conventional pixel-level
segmentation struggles to maintain instance consistency across serial sections [16]. Al-
though recent years have seen academia beginning to explore the synergistic innovation
of deep learning and micro-CT technology, yielding certain advancements in other plant
phenotypic detections [17-19], the existing research still faces significant challenges in high-
throughput three-dimensional chalkiness detection. In particular, there is still no mature
solution for the three-dimensional segmentation of chalkiness regions in multiple rice grains.
Inspired by [20], which effectively applied density-based spatial clustering of applications
with noise (DBSCAN) clustering for 3D point cloud segmentation in plant phenotyping,
we propose a 3D point cloud clustering segmentation scheme tailored for high-throughput
rice chalkiness detection, overcoming the bottleneck of high-throughput processing.

In summary, this paper proposes a rice chalkiness detection method based on micro-
CT and VGG16-squeeze-and-excitation-UNet (VSE-UNet, where VGG16 represents the
visual geometry group 16-layer network, SE denotes the squeeze-and-excitation attention
mechanism, and UNet is the U-shaped network architecture). The specific contributions
are as follows:

e Proposed a VSE-UNet semantic segmentation model for rice grain micro-CT images.
By integrating the SE attention mechanism into the VGG16-UNet (VGG-UNet) base
model, optimizing the loss function, and implementing dropout techniques, the model
achieves enhanced accuracy in chalky region identification.

e  Developed a unified 3D chalkiness detection framework by integrating the VSE-UNet
model, marching cubes (MC) algorithm, DBSCAN, and Poisson reconstruction algo-
rithm. This framework enables automated high-throughput 3D chalkiness detection
for multiple rice grains simultaneously, overcoming the single-grain limitation of
traditional methods.

e  Established a comprehensive micro-CT image dataset of unhulled rice grains, compris-
ing 2100 micro-CT images with their manually annotated labels, providing essential
data support for chalkiness detection research and addressing the current dataset
scarcity in rice chalkiness micro-CT imaging.

2. Materials and Methods
2.1. Dataset

This study focuses on the Xiangzao X220 (X220) rice variety, with samples provided
by the Rice Research Institute of the Hunan Academy of Agricultural Sciences. CT images
of the rice grains were obtained using the SkyScan 1172 micro-CT system manufactured by
Bruker, Billerica, MA, USA. The device parameters were set as follows: image resolution
of 2050 x 2050 pixels, voxel size of 5 x 5 x 5 um?, scanning voltage of 50 kV, and current
of 140 pA. Under these settings, unhulled and active rice samples (i.e., rice grains) were
scanned, resulting in the export of 2100 24-bit BMP format images.

The overall workflow of data collection and annotation is illustrated in Figure 1. Rice
grain samples were first scanned using the SkyScan 1172 Micro-CT scanner to obtain micro-
CT images, which were then manually annotated using LabelMe software (version 3.16.7)
to mark the regions of interest.
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Figure 1. Schematic illustration of rice grain X-ray micro-CT imaging and annotation process:
(a) Schematic illustration of X-ray micro-CT imaging principle; (b) raw micro-CT slice images;
(c) manually annotated micro-CT slices.

LabelMe software was employed to manually annotate the kernels (specifically brown
rice kernels) and chalky regions within the micro-CT images of the rice grain samples.
Throughout this paper, all kernels are referred to simply as “kernels”. Kernels were marked
in red, and chalky regions were marked in green. The annotations captured the boundary
information of each component in the images, and the results were stored in a JavaScript
Object Notation (JSON) format. The JSON files recorded detailed information from the
annotation process, including the coordinates, shapes, and attributes of the annotated
regions, providing a foundation for subsequent data analysis. The JSON files were then
converted into label images, where black areas represented the background, red areas
indicated the kernels, and green areas denoted the chalky regions, as illustrated in Figure 2.

(a) (b)

Figure 2. Image annotation status: (a) micro-CT image of original rice grain; (b) image annotation

results. Black represents the background, red represents the rice kernel, and green represents the
chalky areas.

For dataset partitioning, the 2100 micro-CT images of rice samples and their corre-
sponding label images were randomly divided into training, validation, and test sets at a
7:2:1 ratio, resulting in 1470 training images, 420 validation images, and 210 test images.
To enhance the model’s learning capacity and improve its robustness and generalization
ability, data augmentation techniques such as flipping and rotation were applied to the
training set, increasing the number of training images to 5880.
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To ensure fair comparison, all methods used identical dataset splits generated with a
fixed random seed. The same validation set (420 images) and test set (210 images) were
used across all experiments for model selection and evaluation, respectively. This ensures
that performance differences between methods reflect true algorithmic variations.

2.2. VSE-UNet Model

One of the primary challenges in this segmentation task is the significant imbalance
in pixel distribution within the micro-CT images of rice grains. Specifically, the number
of background pixels far exceeds that of the kernels and chalky regions, and the pixel
count of the kernel areas is substantially higher than that of the chalky regions. This
class imbalance restricts the model’s effectiveness in feature extraction during the training
process. These factors pose significant challenges for accurate semantic segmentation of
rice grain micro-CT images.

To address these issues, this study enhances the VGG-UNet model [16] by incorporat-
ing the squeeze-and-excitation (SE) attention mechanism [21], and integrates the Dice focal
loss (DFL) [22], a combined loss function merging Dice loss (DL) with focal loss (FL), along
with a dropout mechanism [23], thereby constructing the VSE-UNet model (its architecture
is illustrated in Figure 3).
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Figure 3. The architecture of VSE-UNet. SE refers to the squeeze-and-excitation attention mechanism.

The VSE-UNet architecture follows the classic U-Net [24] design, utilizing an encoder—
decoder structure with skip connections for preserving spatial information. It employs the
convolutional and pooling layers of VGG16 [25] as the backbone feature extraction network,
leveraging their proven capability in hierarchical feature learning. Specifically, the encoder
first resizes the input micro-CT images to 512 x 512 pixels, then progressively extracts
features through multiple convolutional and pooling operations. In the decoder, feature
maps are upsampled and merged with corresponding encoder features via skip connections,
followed by SE attention mechanism integration to enhance feature representation.

To effectively mitigate the class imbalance issue, VSE-UNet employs DFL as its loss
function. The DL component helps address class imbalance by calculating the overlap
between predicted and ground truth segmentations, while the FL component automatically
down-weights the contribution of easy examples during training, forcing the model to
focus on harder cases. This combination enhances the model’s ability to handle both class
imbalance and challenging samples, thereby improving overall segmentation accuracy.
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Additionally, a dropout layer (rate = 0.1) is implemented after the SE attention mechanism
in the decoder to prevent overfitting and enhance model generalization.

2.2.1. VGG-UNet

The VGG-UNet model integrates the strengths of U-Net and VGG16, aiming to en-
hance the segmentation accuracy of rice grain micro-CT images by effectively distinguishing
between kernels and chalky regions. Rice grain micro-CT images exhibit complex internal
structures, necessitating segmentation tasks that simultaneously capture both global seman-
tic information and local details. Traditional segmentation methods, such as the standard
U-Net, often struggle to balance global and local features when processing high-resolution,
detail-rich, and noisy images. Although U-Net is renowned for its skip connection mecha-
nism, which effectively fuses shallow and deep features, its feature extraction capability is
limited when dealing with complex structures, particularly in high-resolution images.

VGG16 is a classic convolutional neural network that employs 3 x 3 convolutions and
pooling layers to extract hierarchical features. Pre-trained on large-scale datasets, VGG16
provides robust support for transfer learning [26]. VGG-UNet utilizes the convolutional and
pooling layers of VGG16 as the backbone feature extraction network and integrates them
with the decoder component of U-Net. This combination effectively enhances the network’s
generalization capability and segmentation performance when handling complex images.

Compared with other commonly used segmentation networks, such as ResNet50-
UNet [27] and the standard U-Net, VGG-UNet demonstrates significant advantages in seg-
mentation accuracy and stability. The standard U-Net tends to exhibit blurred boundaries
and loss of details when processing high-noise and detail-rich images. In contrast, VGG-
UNet effectively mitigates these issues through deep feature extraction and multi-scale
fusion. Additionally, with fewer parameters compared with ResNet50-UNet, VGG-UNet
achieves a better balance between model capacity and computational complexity, making
it more suitable for high-throughput data processing requirements.

2.2.2. SE Attention Mechanism

Attention mechanisms mimic the human visual system, guiding models to focus
on crucial objects and their spatial locations. Various attention modules, such as CA
(coordinate attention) [28], CBAM (convolutional block attention module) [29], and SE
(squeeze-and-excitation), have been widely applied to tasks like image classification and
semantic segmentation, achieving remarkable success [30].

The structure of the SE module is illustrated in Figure 4. Let X be the feature map after
convolution, with spatial dimensions H (height), W (width), and C (channel count). The
SE module first employs a squeeze operation to compress the feature map, followed by an

excitation operation to reweight the channels, producing a recalibrated feature map X [31].
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Figure 4. The structure of the SE attention mechanism.
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In the case of severe pixel distribution imbalance in rice grain micro-CT images, the
SE attention mechanism can dynamically adjust the feature weights for the background,
kernels, and chalky regions, enhancing the feature response in key areas and effectively al-
leviating the feature extraction challenges caused by class imbalance. This adaptive feature
recalibration mechanism provides more focused and discriminative feature representations
for precise segmentation of rice grain micro-CT images.

2.2.3. Dice Focal Loss and Dropout Mechanism

In the segmentation task of rice grain micro-CT images, due to the class imbalance
(the significant difference in pixel numbers between the background, kernels, and chalky
regions), traditional cross-entropy loss (CEL) assigns equal weight to all samples. This
leads to the model favoring the background class and easily neglecting the kernels and
chalky regions. To address this issue, we adopt the DFL, a combined loss function that
integrates DL [32] and FL [33].

The DL and FL components are defined in Equations (1) and (2), respectively, with
their combination (DFL) shown in Equation (3):

1 & ZXCﬁYCH—e)
DL = — 1 S Al te]TE 1
c21< Xo [+ Ye |+ e M
FL(p,) = —(1—p, )" log(p, ) )
DFL = DL + oFL 3)

DL is an overlap-based loss function that measures the similarity between the pre-
dicted result and the true label. For multiclass problems, DL is calculated for each class
individually and then averaged, as shown in Equation (1), where C = 3 corresponds to the
three classes: background, kernel, and chalky region. The smoothing factor € (set to 1e—5
in this study) ensures numerical stability by preventing division by zero errors.

FL, as defined in Equation (2), introduces a modulation factor (1 — p, )Y to dynamically
adjust sample weights, where pt represents the class probability of correct prediction. With
the focusing parameter y set to 2, a value determined based on prior work [33], FL directs
the model’s attention toward hard-to-classify samples, particularly beneficial for minority
classes like kernels and chalky regions.

The combined DFL, as defined in Equation (3), integrates these advantages with
a weighting factor « = 0.5, a value determined based on prior work [22], to balance
the contributions of DL and FL. This combination enables more effective learning across
different classes, significantly improving overall segmentation performance.

Additionally, we implement a dropout mechanism (rate = 0.1) after the SE attention
layers to prevent overfitting. By randomly deactivating neurons during training, dropout
enhances the model’s generalization ability, particularly improving its performance on fine
textures and boundary features in imbalanced datasets. This is especially important for
rice chalkiness detection, where accurate boundary detection between different regions
is crucial, requiring the model to maintain robust feature extraction capabilities without
overfitting to specific patterns.

2.3. Unified 3D Chalkiness Detection Framework

High-throughput 3D chalkiness detection methods for unhulled rice grains are still not
fully mature, with most current approaches processing single grains individually. To ad-
dress these limitations, this study establishes a unified 3D chalkiness detection framework
that integrates the VSE-UNet model with clustering and reconstruction algorithms. The
framework comprises the following steps: 2D segmentation, 3D reconstruction, multiple
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grain separation using DBSCAN, surface reconstruction, and metric calculation. The entire
process is illustrated in Figure 5. Below, we provide a detailed explanation using a set of
micro-CT images containing five rice grains as an example.
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Figure 5. Unified 3D chalkiness detection framework demonstrates the complete process of rice
grain analysis. (a) Original micro-CT scan image of rice grains showing the raw input data;
(b) implementation of VSE-UNet for image segmentation; (c) generated mask image highlight-
ing the kernel and chalkiness regions; (d) 3D surface reconstruction model showing 5 rice kernels;
(e) point cloud representation of 5 rice kernels demonstrating the spatial distribution; (f) detailed
point cloud model focusing on a single rice kernel; (g) surface reconstruction model of an individual
rice kernel showing detailed morphological features.

First, the trained VSE-UNet model is employed to perform 2D segmentation on the
micro-CT images, generating mask images that clearly delineate the contours of the rice
kernels (red) and the chalkiness regions (green), providing a foundation for subsequent
3D reconstruction. Next, based on these mask images, the MC algorithm [34,35] is utilized
for 3D reconstruction, resulting in 3D surface models of the five kernels. The Open3D
library [36] is utilized for 3D visualization and surface processing throughout the reconstruc-
tion pipeline, providing efficient point cloud manipulation and mesh rendering capabilities.

To separate the clustered kernels, the vertices of the surface models are extracted
to form point clouds. The DBSCAN clustering algorithm [37] is then applied to isolate
each kernel into individual point cloud models. Unlike previous studies that could only
handle single rice kernels, our innovative approach successfully achieves high-throughput
chalkiness detection for multiple rice kernels, a feat not accomplished in the prior research.
Subsequently, the Poisson reconstruction algorithm [38] is used to perform surface recon-
struction on the separated point clouds, with a hyperparameter depth of 8 following the
optimal settings established in [39]. This algorithm demonstrates excellent robustness,
capable of automatically filling gaps and smoothing surface details to a certain extent.
Notably, the mesh models produced by the Poisson reconstruction algorithm are watertight,
meaning there are no leaks or unclosed gaps within the models. This characteristic makes
the reconstructed models suitable for volume calculations and subsequent analyses.

Chalkiness processing: The processing of chalkiness regions follows a parallel work-
flow but requires special consideration for accurate association with individual kernels.
The minimum oriented bounding box (MOBB) method is essential here, as chalkiness may
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not be present in all kernels, and, without MOBB, it would be challenging or even require
manual intervention to correctly associate chalkiness regions with their corresponding
kernels. After kernel segmentation, the MOBB of each kernel is used to extract the corre-
sponding chalkiness point clouds. These extracted point clouds then undergo the same
surface reconstruction process as the kernels.

Finally, based on the 3D reconstructions, multiple phenotypic indicators of the rice
kernels and chalkiness areas are calculated. First, the volumes of the rice kernels (VK) and
chalkiness areas (VC) are computed, and the 3D chalkiness rate (CD3D) is determined by
the volume ratio:

CD3D = ve 4)
VK

where CD3D represents the 3D chalkiness rate, VC denotes the volume of the chalkiness
area, and VK signifies the volume of the rice kernel.

Using the MOBB method, the lengths (L: the longest edge of the minimum oriented
bounding box of the rice kernel), widths (W: the second longest edge of the minimum
oriented bounding box), and thicknesses (T: the shortest edge of the minimum oriented
bounding box) of the rice kernels are accurately calculated. Additionally, the length-to-
width ratio (L/W: the ratio of the longest edge to the second longest edge of the minimum
oriented bounding box) is used to assess the morphological characteristics of the kernels.

2.4. Training Environment and Evaluation Metrics

The VSE-UNet model is trained on a desktop computer running the Windows plat-
form, utilizing the PyTorch deep learning framework and Python 3.9.0. The hardware
configuration includes an Intel Core i5-13600K CPU (Intel Corporation, Santa Clara, CA,
USA), NVIDIA GeForce RTX 4090 GPU (NVIDIA Corporation, Santa Clara, CA, USA),
and 64 GB of RAM. The Compute Unified Device Architecture (CUDA) version is 12.2,
and the CUDA Deep Neural Network library (cuDNN) version is 8.9.7. The training is
set for 150 iterations, initialized using pre-trained weights. During training, the network
parameters are frozen for the first 50 iterations with a batch size of 8, and then unfrozen for
the remaining 100 iterations with a batch size of 4. The Adam optimizer is employed with
an initial learning rate of 0.0001, utilizing a cosine annealing strategy to adjust the learning
rate. The momentum is set to 0.9, and the minimum learning rate is 0.01 times the initial
learning rate.

This study evaluates the model’s accuracy using the following metrics: mean inter-
section over union (mloU), mean pixel accuracy (mPA), and accuracy. The calculation
formulas are as follows:

B TP
1oUi = 5 770, T PN, ©)
1N
IoU = —) IoUj; 6
mlo Ni; oU; (6)
1Y TP
mPA =5 1; TP, + FN; @
N
X (TPi+ TNi)
Accuracy = — =1 (8)
Y. (TP; + TN; + FP; + FNi)
i=1

where N represents the number of classes to be identified; i denotes the class; TP; is the true
positive for class i, indicating the number of correctly predicted pixels for class i; TNj is the
true negative for class i, indicating the number of correctly predicted non-class i pixels; FP;
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is the false positive for class i, indicating the number of pixels incorrectly predicted as class
i; and FN; is the false negative for class i, indicating the number of pixels that are actually
class i but are not predicted as such.

3. Results

3.1. Semantic Segmentation Model Accuracy Evaluation
3.1.1. Comparison of Different Segmentation Models

To validate the superiority of the VSE-UNet model, we compare it with other common
segmentation models. The experimental results are presented in Table 1.

Table 1. Comparison results of different segmentation models.

Model mloU (%) mPA (%) Accuracy (%)
DeepLabV3+ [40] 90.32 93.72 98.69
PSPNet [41] 90.29 93.45 99.67
HRNet [42] 90.36 93.56 99.70
ResNet50-UNet [27] 90.35 93.43 98.25
VGG-UNet [16] 90.61 93.63 99.77
VSE-UNet 93.15 96.43 99.80

Note: Bold values indicate the best performance for each item. mIoU represents mean intersection over union.
mPA represents mean pixel accuracy.

From Table 1, it is evident that VSE-UNet outperforms DeepLabV3+ [40], PSPNet [41],
HRNet [42], ResNet50-UNet [27], and VGG-UNet [16] in key metrics such as mean intersec-
tion over union (mloU, 93.15%), mean pixel accuracy (mPA, 96.43%), and overall accuracy
(99.80%). This demonstrates the significant superiority of VSE-UNet in the rice chalkiness
segmentation task. VSE-UNet achieves the highest performance across all evaluated metrics,
highlighting its effectiveness and robustness compared with other state-of-the-art models.

Overall, VSE-UNet not only leads other common models in segmentation accuracy
but also ensures computational efficiency. This makes it suitable for high-throughput
automated rice kernel chalkiness detection methods. Its excellent performance provides
reliable technical support for practical deployment and holds broad application prospects.

3.1.2. Comparison of Different Attention Mechanisms in VGG-UNet

In rice grain micro-CT images, the chalky regions occupy a small area and have subtle
differences compared with the kernels. To enhance the model’s focus on kernels and
chalky regions, thereby improving the accuracy of chalkiness segmentation, we incorporate
different attention modules into the decoder part of VGG-UNet (positioned similarly to the
SE attention mechanism in Figure 3) for comparison. The results are shown in Table 2.

From Table 2, it can be seen that the introduction of attention modules significantly
improves the model’s performance. Specifically, the VGG-UNet model with the SE (squeeze-
and-excitation) module performs the best in chalkiness IoU (78.63%), mIoU (92.00%), mPA
(94.73%), and accuracy (99.79%). This demonstrates that the SE module effectively enhances
the model’s focus on rice kernels and chalky regions, thereby significantly improving
segmentation accuracy. In comparison, the CBAM and CA modules also improve chalkiness
IoU and other metrics, but the SE module achieves the best results across all metrics,
indicating its superior effectiveness in feature recalibration.
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Table 2. Performance comparison of VGG-UNet with different attention mechanisms.

Method Background IoU (%) Kernel IoU (%) Chalkiness IoU (%) mloU (%) mPA (%) Accuracy (%)
VGG-UNet 99.86 97.21 74.75 90.61 93.63 99.77
VGG-UNet + CBAM 99.87 97.42 77.57 91.62 94.35 99.79
VGG-UNet + CA 99.85 97.14 75.44 90.81 93.84 99.76
VGG-UNet + SE 99.87 97.50 78.63 92.00 94.73 99.79

Note: + indicates the introduction of the corresponding attention mechanism to the base VGG-UNet model. Bold
values indicate the best performance for each item. IoU represents intersection over union. mloU represents mean
intersection over union. mPA represents mean pixel accuracy. CBAM represents convolutional block attention
module. CA represents coordinate attention. SE represents squeeze-and-excitation.

3.1.3. Comparison of Different Loss Functions

In this experiment, we compare the impact of different loss functions on the perfor-
mance of the baseline model VGG-UNet. The results are shown in Table 3.

Table 3. Comparison results of different loss functions.

Loss Function  Background IoU (%) Kernel IoU (%)  Chalkiness IoU (%) mlIoU (%) mPA (%) Accuracy (%)

CEL
FL
DL

DFL

99.86 97.21 74.75 90.61 93.63 99.77
99.85 97.12 75.83 90.93 94.44 99.76
99.83 96.86 76.67 91.12 95.70 99.74
99.83 96.98 77.39 91.40 95.81 99.75

Note: Bold values indicate the best performance for each item. IoU represents intersection over union. mloU
represents mean intersection over union. mPA represents mean pixel accuracy. CEL represents cross-entropy loss.
FL represents focal loss. DL represents Dice loss. DFL represents Dice focal loss.

From Table 3, it is evident that, while CEL achieves marginally better performance
in background IoU, kernel IoU, and accuracy, the DFL shows notable improvements in
chalkiness IoU (77.39%), mIoU (91.40%), and mPA (95.81%), effectively addressing the
class imbalance challenge. This indicates that DFL effectively alleviates the class imbalance
problem and enhances the model’s segmentation accuracy. Specifically, FL and DL show
slight improvements in chalkiness IoU and other metrics, but their effects are not as
significant as DFL. These results are consistent with previous studies [26], demonstrating
that combined loss functions can integrate the advantages of individual losses to optimize
the model’s overall performance.

3.1.4. Comparison of Different Dropout Rates

To further optimize the model’s performance, we experiment with different dropout
rates and evaluate their impact on the baseline model VGG-UNet. The experimental results
are presented in Table 4.

Table 4. Comparison results of different dropout rates.

Dropout Rates  Background IoU (%) Kernel IoU (%)  Chalkiness IoU (%) mlIoU (%) mPA (%) Accuracy (%)

0
0.1
0.2
0.3

99.86 97.21 74.75 90.61 93.63 99.77
99.86 97.16 76.23 91.08 95.24 99.77
99.86 97.21 76.01 91.03 95.17 99.77
99.86 97.12 75.63 90.87 95.65 99.76

Note: Bold values indicate the best performance for each item. IoU represents intersection over union. mloU
represents mean intersection over union. mPA represents mean pixel accuracy.

From Table 4, it can be observed that when the dropout rate is set to 0.1, the
model achieves peak performance in the key metrics—chalkiness IoU (76.23%) and mloU
(91.08%)—while the mPA (95.24%) is slightly lower than the 95.65% achieved, with a
dropout rate of 0.3, but remains at a high level. This indicates that, with other performance
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metrics remaining similar, a dropout rate of 0.1 optimally balances the model’s ability to rec-
ognize key features (chalkiness) and its overall segmentation accuracy. In contrast, higher
dropout rates (0.2 and 0.3) can improve some metrics but sacrifice the critical chalkiness
detection performance, and may negatively affect the model’s learning capability due to
excessive feature dropout. Therefore, a dropout rate of 0.1 is ultimately selected as the
optimal configuration.

3.1.5. Ablation Experiments

To evaluate the contributions of the improvement modules and optimization strategies
to the performance of the VSE-UNet model, we conduct ablation experiments analyzing
the effects before and after the introduction of different improvement methods. The
experimental results are shown in Table 5.

Table 5. Ablation study of attention mechanism and optimization strategies.

VGG-UNet SE DFL Dropout Background IoU  Kernel IoU  Chalkiness IoU MIoU mPA Accuracy

(%) (%) (%) (%) (%) (%)
v 99.86 97.21 74.75 90.61 93.63 99.77
v v 99.87 97.50 78.63 92.00 94.73 99.79
v v 99.87 97.57 81.13 92.86 95.42 99.80
v v v 99.86 97.54 82.06 93.15 96.43 99.80

Note: / indicates the introduction of the corresponding method, while a blank space denotes the absence of that
method. Bold values indicate the best performance for each item. SE represents squeeze-and-excitation. DFL
represents Dice focal loss. IoU represents intersection over union. mloU represents mean intersection over union.
mPA represents mean pixel accuracy.

From the ablation study results presented in the table, it is evident that the grad-
ual introduction of the SE module, dropout regularization, and DFL leads to significant
improvements in chalkiness IoU, mloU, mPA, and accuracy; specifically, as follows:

e Introduction of SE attention mechanism: Compared with the baseline VGG-UNet
model, adding the SE module enhances chalkiness IoU by 3.88 percentage points,
mloU by 1.39 percentage points, and mPA by 1.10 percentage points. These results
indicate that the SE module significantly improves the model’s ability to extract
features from key regions.

e  Introduction of DFL: Building upon the VGG-UNet + SE model, incorporating the DFL
further increases chalkiness IoU by 2.50 percentage points, mloU by 0.86 percentage
points, and mPA by 0.69 percentage points. This demonstrates that DFL effectively
optimizes the training process and enhances the model’s performance on hard-to-
classify samples.

e Introduction of dropout regularization: In the VGG-UNet + SE + DFL model, adding
dropout (with a rate of 0.1) leads to a further increase in chalkiness IoU by 0.93 per-
centage points, mloU by 0.29 percentage points, and mPA by 0.99 percentage points.
The accuracy remains stable at 99.80%. This indicates that dropout regularization
effectively mitigates model overfitting during training, enhancing the model’s general-
ization capability.

Overall, the integration of the SE module, dropout regularization, and DFL signif-
icantly improves the model’s performance in the rice chalkiness segmentation task. By
leveraging attention mechanisms, regularization strategies, and a combined loss design,
the VSE-UNet model attains new levels of segmentation accuracy and robustness.
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(a) (b) ()

3.2. Results and Analysis of Unified 3D Chalkiness Detection Framework
3.2.1. Comparison of 2D Segmentation Results

To validate the effectiveness of our proposed improvements, we compare the 2D
segmentation results of VSE-UNet with those of the baseline VGG-UNet model. The
comparison results are shown in Figure 6. As illustrated, VGG-UNet exhibits certain mis-
classifications in the detailed information of some chalky regions, resulting in discrepancies
when compared with the ground truth labels. In contrast, our improved VSE-UNet model
provides more accurate extraction of chalky regions, effectively capturing the complete
edges and preserving subtle features. Consequently, the segmentation results of VSE-UNet
are closer to the ground truth, showing significant improvements in boundary clarity, detail
restoration, and overall consistency compared with the baseline model.

(b) (c) (d)

Figure 6. Comparison of 2D segmentation results: (a) original micro-CT image; (b) ground truth;
(c) VGG-UNet segmentation results; (d) VSE-UNet segmentation results.

3.2.2. Comparison of 3D Surface Model Results

Building upon the 2D segmentation, to further assess the impact of the segmentation
results on 3D surface reconstruction, we compare the 3D surface models reconstructed
from the segmentation results of VGG-UNet and VSE-UNet. As shown in Figure 7, both
models achieve satisfactory reconstruction results for the kernel surface models, showing
similar performance in capturing the overall kernel morphology.

Figure 7. Comparison of 3D surface model results: (a) ground truth reconstruction; (b) VGG-UNet
segmentation reconstruction; (c¢) VSE-UNet segmentation reconstruction.

This study utilizes the Open3D library to visualize the kernel surface models after
surface reconstruction, providing an intuitive demonstration of the effectiveness of the
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segmentation and reconstruction methods [33]. The visualization process includes loading
the 3D surface models, setting view parameters, and rendering the mesh models, with
the final results presented in Figure 7. The comparison shows that both VGG-UNet and
VSE-UNet can effectively reconstruct the kernel surface models, with their results closely
resembling the models reconstructed from the ground truth. This establishes a solid
foundation for the precise calculation of chalkiness-related phenotypic metrics.

In summary, both VGG-UNet and VSE-UNet demonstrate good performance in kernel
surface reconstruction, with their 3D visualization results showing comparable quality.
These findings indicate that both models possess sufficient robustness and reliability in
practical applications, providing strong support for high-throughput automated rice quality
assessment and breeding optimization.

3.2.3. Comparison of Three-Dimensional Segmentation Results

After extracting the vertices of the kernel surface model to generate a point cloud
model, we apply the DBSCAN clustering algorithm for three-dimensional segmentation.
The segmentation results are shown in Figure 8. From these results, it is apparent that dif-
ferent colors represent distinct clusters, corresponding to individual kernels. The DBSCAN-
based segmentation method successfully isolates the point cloud models of single kernels.

(b) (c)

Figure 8. Comparison of segmentation results of 3D point cloud models: (a) segmented point cloud
model from ground truth; (b) segmented point cloud model using VGG-UNet; (c) segmented point
cloud model using VSE-UNet.
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3.2.4. Comparison of 3D Segmentation Models for Chalkiness Regions

In this section, we employ the minimum oriented bounding boxes of the individually
segmented kernels to extract the point cloud models of their corresponding chalkiness
regions. The segmentation result for a single kernel is presented in Figure 9. Upon
comparison, it is evident that the chalkiness regions segmented by the VSE-UNet model
more closely align with the annotations.

(b) (©

Figure 9. Comparison of point cloud models of a single kernel and its chalkiness region: (a) point
cloud model of the kernel and its chalkiness region from ground truth; (b) point cloud model of
the kernel and its chalkiness region using VGG-UNet; (c) point cloud model of the kernel and its
chalkiness region using VSE-UNet.

3.2.5. Comparison of Surface Reconstruction Results After 3D Segmentation

In this study, we perform Poisson surface reconstruction on the point cloud models of
the individually segmented rice kernels to obtain surface models. The reconstruction results
for single kernels are shown in Figure 10. The comparison demonstrates that both VGG-
UNet and VSE-UNet achieve comparable performance in reconstructing kernel surface
models, with both methods effectively capturing the kernel morphology and producing
high-quality surface reconstructions that closely resemble the ground truth model.
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(a) (b) ()

Figure 10. Comparison of surface models of a single kernel reconstructed from point cloud models:

(a) surface model of a single kernel reconstructed from the ground truth point cloud model; (b) surface
model of a single kernel reconstructed from the point cloud model segmented using VGG-UNet;
(c) surface model of a single kernel reconstructed from the point cloud model segmented using
VSE-UNet.

3.3. Phenotypic Indicator Calculation Results

The proposed method is applied to a series of consecutive CT images of five rice
samples, achieving automated quantitative analysis and 3D reconstruction of chalkiness
traits and other related phenotypes. The indicator results are detailed in Table 6.

From Table 6, the following observations can be made: The VK measured using VGG-
UNet and VSE-UNet generally aligns with the label values across all samples. While VGG-
UNet shows slight underestimation in most samples, VSE-UNet maintains values closer to the
label, indicating comparable accuracy. For the VC, both models show slight overestimation
of the values, with VSE-UNet providing results that are relatively closer to the label values.
In terms of the CD3D, VSE-UNet consistently gives values closer to the label compared with
VGG-UNet, though both models show some degree of overestimation. Regarding kernel
dimensions (L, W, T), both models perform well, with VSE-UNet showing minimal deviations
from the label values, indicating that it accurately captures kernel morphology. The L/W
values obtained by VSE-UNet closely align with the label values across all samples, with an
exact match in Sample 3, suggesting reliable morphological assessments.

Overall, the VSE-UNet model demonstrates comparable or slightly improved accuracy
and reliability in calculating phenotypic indicators compared with VGG-UNet. The close
alignment of VSE-UNet’s measurements with the label values across most indicators and
samples underscores its effectiveness in automated phenotypic analysis. These precise 3D
phenotypic data provide valuable support for evaluating and improving rice chalkiness
traits, contributing to a better understanding of chalkiness formation mechanisms and
laying a solid foundation for accurate rice quality assessment and optimization.



Agronomy 2025, 15, 450 17 of 21
Table 6. Calculation results of phenotypic indicators for rice samples.
Indicator Method Sample 1 Sample 2 Sample 3 Sample 4 Sample 5

label 17.17 16.58 15.56 16.53 15.56

VK (mm?) VGG-UNet 17.06 16.47 15.45 16.72 15.45
VSE-UNet 17.12 16.56 15.53 16.71 15.57

label 1.55 1.40 0.31 0.37 0.36

VC (mm®) VGG-UNet 1.81 1.66 0.42 0.47 0.45
VSE-UNet 1.68 1.55 0.39 0.41 0.43

label 9.00 8.45 1.99 224 2.34

CD3D (%) VGG-UNet 10.61 10.10 2.74 2.82 2.88
VSE-UNet 9.81 9.34 2.52 243 2.74

label 6.20 5.98 6.13 6.34 5.86

L (mm) VGG-UNet 6.18 6.05 6.14 6.29 6.03
VSE-UNet 6.18 6.02 6.13 6.31 5.92

label 2.66 2.72 2.64 2.63 2.64

W (mm) VGG-UNet 2.72 2.76 2.66 2.69 2.71
VSE-UNet 2.67 2.73 2.65 2.65 2.65

label 1.99 2.00 191 2.02 1.93

T (mm) VGG-UNet 1.98 2.01 1.89 2.00 1.90
VSE-UNet 1.99 2.03 1.89 2.01 191

label 2.33 2.20 2.32 241 2.22

L/W VGG-UNet 227 2.19 2.30 2.34 2.23
VSE-UNet 2.31 2.21 2.32 2.38 2.23

Note: VK (mm?) and VC (mm?) represent the volumes of the rice kernels and chalkiness areas, respectively. CD3D
(%) represents the 3D chalkiness rate, calculated as the proportion of the chalkiness volume relative to the total
rice kernel volume. L (mm), W (mm), and T (mm) represent the length, width, and thickness of the rice kernel,
respectively, calculated as the longest, second longest, and shortest edges of the minimum-oriented bounding box.
L/W represents the length-to-width ratio, calculated as the ratio of the longest edge to the second longest edge of
the minimum-oriented bounding box.

4. Discussion

The development of high-throughput phenotyping methods for rice quality traits,
particularly chalkiness, is crucial for modern breeding and quality assessment. Our study
demonstrates the feasibility and advantages of combining micro-CT imaging with deep
learning for automated 3D chalkiness detection. Several aspects of this approach warrant
further discussion.

First, the improved VSE-UNet model demonstrates consistent performance across
different samples (Table 6). The integration of the SE attention mechanism enhances the
model’s feature extraction capabilities by dynamically adjusting channel-wise feature re-
sponses. This adaptive weighting helps capture subtle variations in X-ray attenuation
that reflect differences in starch packing density within the grain [15]. These attenuation
variations correspond to the distinct starch granule organization observed in chalky versus
translucent rice regions, where chalky areas exhibit looser packing and increased air spaces,
as confirmed by scanning electron microscopy (SEM) [43]. The enhanced feature extraction,
together with the Dice focal loss function that addresses class imbalance between back-
ground, kernels, and chalky regions, and dropout for preventing overfitting, contributes to
the observed improvements in segmentation accuracy (7.31% improvement in chalkiness
IoU, 2.54% in mloU, and 2.80% in mPA compared with VGG-UNet), particularly in cases
with subtle chalkiness variations. However, model performance can be affected by class im-
balance in samples with extremely low chalkiness ratios, where the scarcity of chalky voxels
during training can bias the model towards predicting the majority (non-chalky) class.

Second, our unified 3D detection framework significantly improves processing effi-
ciency compared with traditional single-grain methods by enabling simultaneous analysis
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of multiple grains. The successful integration of isosurface extraction, point cloud conver-
sion, DBSCAN clustering, and Poisson reconstruction provides a robust and automated
pipeline for 3D analysis, transforming segmented voxel data into quantifiable morpho-
logical traits. The quantitative evaluation of key morphological indicators demonstrates
the framework’s reliability, with both VGG-UNet and VSE-UNet showing close alignment
with ground truth measurements across kernel volume (VK), chalkiness volume (VC),
three-dimensional chalkiness degree (CD3D), and kernel dimensions (L, W, T). While
both models show slight overestimation in chalkiness-related metrics (VC, CD3D), they
maintain high accuracy in kernel morphology measurements, indicating the framework’s
robustness in capturing diverse phenotypic traits. The consistently high accuracy in ker-
nel morphology measurements, coupled with the reasonable performance in chalkiness
detection, demonstrates the framework’s capability in comprehensive phenotypic analysis.

Moreover, the modular design of our framework allows for the potential adaptation to
other internal grain traits and even different crops. Adapting the framework to other crops
will require careful consideration of differences in grain shape, size, and internal structure.
Such extensions would require further validation and potential adjustments to the model
architecture and parameters. Future research will explore these possibilities, focusing
on model generalization across diverse varieties and growth conditions, and developing
integrated tools for breeders and agricultural practitioners to facilitate crop improvement.

While the use of micro-CT technology involves higher initial costs compared with
traditional 2D imaging methods, several factors justify this investment in the context of rice
chalkiness research. First, micro-CT provides unique advantages, including non-destructive
3D analysis, high-precision internal structure visualization, and complete morphological
information, which is essential for accurate chalkiness phenotyping [44]. These capabili-
ties are particularly valuable for breeding programs, where precise phenotypic data can
significantly accelerate the selection process. Second, our proposed high-throughput frame-
work substantially improves the efficiency of micro-CT analysis through simultaneous
multi-grain detection and automated processing, effectively reducing the per-grain analysis
cost. The framework’s automation capabilities minimize manual intervention, further
enhancing operational efficiency. Additionally, the comprehensive and accurate pheno-
typic data obtained through this method provide valuable insights for breeding programs
and quality assessment that could lead to long-term economic benefits through improved
variety development.

Although our high-throughput micro-CT framework demonstrates significant advan-
tages for rice chalkiness phenotyping, several limitations should be acknowledged. First,
the current method requires specialized equipment and computational resources, which
may present accessibility challenges for smaller research institutions or programs with
limited budgets. Second, while our framework reduces per-grain analysis costs, the initial
time investment for system optimization and protocol standardization remains substantial.
Future work should focus on improving edge-case detection algorithms and exploring
cost-sharing models for equipment utilization.

5. Conclusions

This study presents a novel high-throughput, automated, and non-destructive 3D
method for detecting rice chalkiness using micro-CT imaging and an enhanced deep learn-
ing framework (VSE-UNet). By integrating these technologies, we achieved the effective 3D
segmentation of kernels and chalky regions, enabling the simultaneous analysis of multiple
grains. Experimental results show that VSE-UNet significantly improves segmentation
accuracy for chalky regions, while maintaining similar computational efficiency. The uni-
fied 3D detection framework overcomes the limitations of traditional single-grain methods,
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offering reliable measurements of key 3D morphological indicators (VK, VC, CD3D, L,
W, T, L/W). Our method, particularly with the VSE-UNet model, demonstrates a strong
potential in characterizing the 3D features of chalkiness. This work establishes a practical
high-throughput approach for the automated 3D phenotyping of rice chalkiness, which
contributes both to the fundamental research on chalkiness formation and to practical
applications in rice breeding and quality assessment.
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