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Abstract
This research explores the process of generating artificial training data for the detection and classification of defective areas in
X-ray computed tomography (XCT) scans in the agricultural domain using AI techniques. It aims to determine the minimum
detectability limit for such defects through analyses regarding the Probability of Detection based on analytic XCT simulations.
For this purpose, the presented methodology introduces randomized shape variations in surface models used as descriptors
for specimens in XCT simulations for generating virtual XCT data. Specifically, the agricultural sector is targeted in this
work in terms of analyzing common degradation or defective areas in rice products. This is of special interest due to the huge
biological genotypic and phenotypic variations occurring in nature. The proposed method is demonstrated on the application
of analyzing rice grains for common defects (chalky and pore areas).

Keywords X-ray computed tomography · Shape variations · Probability of detection · X-ray simulation · Deep learning ·
Segment anything

1 Introduction

Rice is one of the main products for feeding more than half
of the world’s population; therefore, its quality is of signifi-
cant concern [1]. Considering the exponential increase in the
global population, it is estimated that the demand for agri-
cultural products will double over the next 30 years [2]. So,
improving the yield of harvest by ensuring quality of seeds
and food products will play a crucial role in near future.
Additionally, eliminating poor-quality rice grains is equally
important for improving the quality of rice grains in terms of
superior appearance quality [3]. One of the critical issues is
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chalkiness, an attribute signified by an opaque, floury appear-
ance in rice grains which compromises their visual appeal,
milling yield, and gastronomic qualities [4, 5]. Chalkiness
is substantially influenced by environmental conditions, par-
ticularly temperature. So, the increase in temperature due to
global warming is a growing concern for rice quality. Ele-
vated temperatures during the grain filling period of the rice
crop can enhance the propensity of chalky grain formation,
threatening the grain’s marketability and milling yields [6,
7]. Therefore, the detection of chalkiness in rice grains has
emerged as a necessary need, critically linking our fight
against climate change with the pursuit of food security and
economic stability.

X-ray computed tomography (XCT) canhelp in this regard
as a powerful imaging technique used for non-destructive
testing purposes in industrial quality control. As such, it pro-
vides detailed and accurate information about the internal
structure of specimens without causing any structural dam-
age. XCT is often used to analyze, visualize and explore
defects such as pores, fibers, or cracks [8, 9]. Furthermore, it
has proven to be highly valuable for quality assessment and
inspection of industrial objects, as well as for examining the
internal structure of food products [10–13]. In this area the
analysis of chalkiness of rice grains, rotten areas of fruits, or
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internal browning, capturing shape variations becomes cru-
cial [14, 15]. For example, rice grains may vary significantly
in their main and chalky appearance [16], while fruit may
exhibit different degrees of rot in various regions.

For the investigation of the detectability of such unwanted
structures, the concept of Probability of Detection (POD) has
gained substantial importance in recent years in the field of
X-ray-based digital radiography and XCT [17–19]. A POD
analysis quantifies the reliability and effectiveness of a defect
detection algorithm and is used in the evaluation of imaging
systems, processes and techniques. It provides a quantita-
tive measure of the likelihood of correctly identifying and
characterizing defects, ultimately aiding the improvement of
inspection processes and system performance [20]. For this
purpose, incorporating a broad variety of shape variations in
the training data is of utmost importance inAI-driven systems
in order to obtain robust models [21] for detection. This is
especially true in industrial inspection, where objects exhibit
complex geometries and defects in diverse forms.

In this work, we focus on the application of generat-
ing artificial data of rice grains in terms of shape modeling
chalky parts. However, the proposed approach may equally
be employed for other use cases, e.g., to detect rotten parts for
other food products. By simulating shape variations of rice
grains and utilizing advanced deep learning techniques, our
methodology thus aims to accurately identify and differenti-
ate rice grains with chalky and corrupted part appearances.

2 RelatedWork

For the proposed method, algorithms for modeling shape
variations and their applications are fundamental compo-
nents. Furthermore, methods for the detection of rice chalk-
iness are explored and compared to the proposed method.
Finally, unsupervised and supervised deep learning meth-
ods for the extraction of relevant features are considered and
reviewed.

2.1 Rice Chalkiness Detection

The detection, characterization andfinally understanding dif-
ferent levels of chalkiness provides valuable insights into
the quality of the crop and its management [22]. Chalkiness
can be influenced by various factors such as genetic traits,
growing conditions, and post-harvest practices [5]. Thus,
the detection and measuring of rice chalkiness is of utmost
importance in all stages of rice production and marketing,
from breeders developing low-chalkiness varieties, farmers
trying to reduce post-harvest losses, to traders and millers
aiming to deliver high-quality rice to consumers.

In the past decade, several applications have been pro-
posed for the detection of rice chalkiness. A first approach in

this regard based on high resolution micro-CT imaging was
presented by Su and Xiao [23] in 2020. For the segmentation
of rice chalkiness, the authors applied threshold and contrast
adjustments using the Mimics Innovation Suite software.
Another recently published approach demonstrates the use
of a convolutional neural network to differentiate between
chalky and non-chalky grains, followed by the application of
Grad-CAM [7] to highlight the specific areas of a grain that
indicate its classification as chalky.

The genetic anatomy and growth conditions significantly
contribute to the cultivation of healthy rice. In connec-
tion with this, Pioa et al. [22] demonstrated an approach
for the identification and characterization of the chalkiness
endosperm gene CHALK-H in rice. Their findings show
insights into the role of CHALK-H in leaf color and grain
development. Another important aspect is the analysis of the
chalkiness component concerning the percentage of chalk-
iness, both for individual rice grains and groups, providing
a comprehensive insight into rice quality. The evaluation of
chalkiness in rice can be categorized into four scales: Scale
0 (no chalkiness), Scale 1 (chalkiness area less than 10%),
Scale 5 (chalkiness area ranging from 11–20%), and Scale
9 (chalkiness area exceeding 20%) [24]. The percentage of
chalkiness in medium-grain rice is also analyzed by Tam et
al. [25]. They presented the average chalkiness result for 33
rice grains in each scale.

In contrast to these approaches, we apply deep learning
methods for the segmentation and detection tasks employing
virtual X-ray data to create a deep learning model. Using
XCT scan data, multiple rice grains are evaluated regarding
their chalkiness and the probability of detection for task-
specific cases.

2.2 ShapeModeling andVariation

Shape modeling and generating different variations of an
object is an essential method to simulate a distribution of data
similar to the naturally occurring variance. This technique is
especially useful in instanceswhere data is limited or difficult
to gather [26, 27]. By manipulating attributes such as size,
orientation, texture, and color, among others, researchers can
artificially expand their ensemble of datasets, improving the
robustness and generalizability of their algorithms, models,
or techniques. In our application, we introduce a methodol-
ogy for generating random shape variations of rice grains,
including the chalkiness or defective parts. The objective of
this novel approach is to provide a richer,more diverse dataset
for training convolutional neural networks (CNNs). The pre-
sented method is not limited on the application of rice grains.
It is generalizable to other types of shape variations in fruits
products.
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2.3 Supervised and Unsupervised Deep Learning
Methods

Detecting and extracting interesting features in image data
are crucial steps in medical, material and agricultural sci-
ence. Over the last 20 years, numerous techniques have been
introduced to develop accurate segmentation algorithms,
incorporating both traditional image processing methods as
well as the application of deep learning techniques [28, 29].
Especially in the realm of deep learning, particularly with
the advancements seen in CNNs, significant progress has
been achieved in the field of segmentation tasks [30, 31].
Nevertheless, there is still a need for improvement, espe-
cially considering the segmentation of small features such
as pores or defects in material science, early-stage tumor
detection in clinical imaging, or the identification of rotten
parts in agricultural products. Deep learning itself is a broad
field within the machine learning domain and may also be
coarsely classified into two types: supervised and unsuper-
vised methods [32, 33]. Supervised methods generally infer
knowledge from a training data set having labels associated
to it. In the context of segmentation, a typical setup considers
segmented training images (one label per pixel) and trains a
neural network which maps an unannotated image to its seg-
mentation. During inference, an unseen image is propagated
through the network and an according segmentation is gener-
ated. Contrary, unsupervised methods infer knowledge using
the training data samples onlywithout any labels.Within seg-
mentation, this means that a segmentation is achieved mostly
by clustering, i.e., grouping similar learned features in fea-
ture space [32].

The remarkable results, which were facilitated by U-
Net [34] in (bio-)medical applications have also triggered
their introduction to material science, particularly in the pre-
cise segmentation of pores, a vital process in the analysis
of data and quality inspection of specimens. A notewor-
thy example is the work of Yosifov [35], which introduced
structural modifications to the 3D U-Net architecture for the
application on XCT datasets of fiber-reinforced composites.
However, the generalizability of the created CNN model to
other datasets at different resolutions or datasets generated
by different XCT devices poses an open problem. Tomitigate
these effects, it is crucial to train the model on a diverse set
of data that covers a wide range of scenarios and variations.
An example of a well-generalized unsupervised segmenta-
tion algorithm is the Segment Anything Model (SAM) [36],
published in 2023, which is capable ofmulti-class image seg-
mentation in a variety of contexts. SAM was designed and
trained with 1.1 billion segmentation masks on 11 million
respective images. SAM integrates three stages: an image
encoder, a flexible prompt encoder, and a fast mask decoder
which is build on vision transformermodels [37–39].Yet, it is
applicable only to 2D images. The weaknesses and strengths

of this method were discussed, e.g., in the context of medical
data by Mazurowski et al. [40].

In our current approach, we investigated supervised
(U-Net [34], V-Net [41] as well as unsupervised (Vector-
Quantized Variational model [42]) deep learning methods
3D chalkiness and pore detection via simulation-empowered
AI methods. Although these models share a common foun-
dational design, they each have unique features that have an
influence on segmentation performance and accuracy. The
techniques were thus compared regarding their segmenta-
tion results in order to determine which one is more suitable
for the detection of bad parts in rice products.

3 Methods and Investigations

In this section,we outline ourmethodology concerning shape
variations of a given surface model, the segmentation of bad
parts, and the assessment of Probability of Detection, in rela-
tion to chalky parts within simulated XCT data of rice grains.

3.1 Real XCT Data Generation

The generation of real XCT data is an important step to inte-
grate realistic information, as well as to test and validate the
model trained on virtual XCT data. Therefore, XCT data was
acquired using a RX Solutions Easytom 160 imaging device.
A total of 180 rice grains were scanned in three scanning
campaigns using different resolutions of 12, 17 and 17.48µm
(see Fig. 1). The CT scans at 12, 17, and 17.48µm resolutions
were generated on different rice grains. We individually ana-
lyzed 180 rice grains usingXCT data to evaluate porosity and
chalkiness. In scans with resolutions of 12 and 17µm, nei-
ther chalkiness nor porosity was observed. However, in the
17.48µm resolution scans, while chalkiness remained unde-
tected, porosity was successfully segmented and identified
with different set of rice. The largest defect (air inclusion)
was then exported as an STL model using VG Studio Max
(see Fig. 1). Variations of this STL model were then inte-
grated into the rice grain to generate XCT simulations and
testingdata (seeFig. 2).To simulate the trainingdata, a spheri-
cal internal porewas exported, and its variationswere created
with different sizes and shapes. From Scan 3, we quantified
that five rice grains exhibited damage (see Fig. 1), andmost of
the remaining grains contained small pores (less than 40µm).
TheX-ray source operated at an acceleration voltage of 80kV
and anode current of 68µA. A consistent integration time of
143ms was maintained throughout the scanning procedure.
The detector, configured at a resolution of 1920× 1536 pix-
els, facilitated the precise reconstruction of acquired images.
A total of 2112 projections were created during the scan-
ning process. The distances between the X-ray source and
the scanned object (21.26mm) and the source to the detector
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Fig. 1 Visualizations of rice
grains obtained through three
different XCT scans, and
highlighting the zoomed-in
areas of damage from CT scan 3

(224.99mm) were strategically chosen to achieve an optimal
imaging geometry yielding a magnification factor of 1.2766,
and a voxel size of 12µm. The entire scanning cycle was
completed within 35min. The detailed scanning parameters
used for real XCT data (12µm resolution) generation can be
found in Table 1. Scan 2 shares similar parameters with Scan
1, except for a different voxel size of 17µm and current is
64µA. For Scan 3, the magnification was 2.83, resulting in a
voxel size of 17.48µm, with 2200 projections generated for
the reconstruction.

3.2 Processing and Simulation-Empowered Training
Data Generation

For the generation of simulation-empowered training data,
the XCT simulation tool SimCT [43] was used, incorporat-
ing models of the source, the specimen, the detector and
the XCT imaging process. The RX Solutions Easytom 160
imaging device used for the generation of the real data was
modeled and parameterized in terms of scanning geometry,
including source-object distance, source-detector distance,

focal spot size, etc. in SimCT. Additionally, the XCT com-
ponents, encompassing source, detector, rotary table, etc.,
were incorporated along with their respective specifications.
Finally, physical phenomena such as noise, beam-hardening
and scattered radiation were introduced to the radiographs.

As shown in Fig. 2, in our application scenario, we first
extracted surface models of the rice grains as STL models
from real XCT scans (1) using VG Studio MAX, Version
2023.4. The chalky part was artificially defined and modeled
based on the shape of rice grains in our initial version, while
the bad parts (air inclusions) were extracted from the real
scans instead. Then, the shapes and locations of the chalky
parts were adjusted via shape variations based on images
from a previous study [23]. As a starting point, the den-
sity of the rice grains was set at 1.45g/ml [44], while the
density of the chalkiness region was experimentally deter-
mined to be approximately 0.6g/ml. To determine this value,
we optimized grey values on the reconstructed images, visu-
ally comparing the color levels between the rice grains and
chalkiness, based on an image from a previous study [23].
Next, the shape variation method proposed in Sect. 3.4 was
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Table 1 Parameters for XCT
Imaging for CT Scan 1 with
resolution 12µm

Parameters Unit Value Parameters Unit Value

Acceleration voltage kV 80 Source-object-distance mm 21.26

Anode current µA 68 Source-detector-distance mm 224.99

Integration time ms 143ms Magnification – 10.58

Detector pixels – 1920 × 1536 Voxel size µm 12

Binning – 1 Focal spot size mm 1

Number of projections – 2112 Total cycle time min 35

Fig. 2 The schematic proposed
processing pipeline including an
example POD curve for the
chalky rice grain use case

employed to generate 240 randomly modified variants of the
original mesh for both the shape of the rice grain itself and
also the chalky part (2). To ensure the successful creation of
POD curves and avoid perfect separation between detected
and undetected chalkiness, a diverse range of chalky part
sizes were created for the XCT simulations. The defect size,
specifically its height, was varied randomly between 10 and
400µm.Additionally, we carefully defined a specific position
for the defect at the edge, and, in order to simulate a criti-
cal source of uncertainty to the specimen’s placement, we
randomly shifted this position by ±0.5 voxels. This was fol-

lowed by Laplacian smoothing for obtaining a more natural
shape than simple randomly offset vertices (3). Using XCT
simulation, we accordingly generated XCT datasets for each
shape (4). Given the virtual XCT scans, all aforementioned
segmentation methods were employed for the detection of
the chalky and bad parts in the rice grain (5). In the final
stage,we determine theminimumdetectability by usingPOD
(6). Then, the efficiency of different deep learning architec-
tures is compared using the minimum detectability values
obtained from the POD analysis. A detailed explanation of
the ground truth generation segmentation and detection pro-
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cess is provided in Sect. 3.5. The ground truth images were
generated with an XCT simulation where all implemented
physical effects were disabled to precisely control chalkiness
size and locations. Then, XCT simulations were segmented
with k-means [45] and a binary threshold was applied to cre-
ate ground truth images. Figure2 illustrates the overall data
processing pipeline employed in this study. Additionally, we
created physical informed simulationswith andwithout noise
to measure the noise effect on chalkiness detection.

3.3 Deep LearningModels and Training Process

In order to detect the aforementioned defects, 3D seg-
mentation methods are necessary. This process ensures a
comprehensive and visual analysis, identifying and char-
acterizing defects in different spatial dimensions regarding
their size, shape and orientation. As SAM demonstrated
proficiency in segmenting objects within medical datasets,
we utilized SAM in our current approach for instance seg-
mentation and defect detection for bad parts of rice on
simulated projections and slices of reconstructed volumes.
A pretrained vision transformer [46] model which is called
ViT-B1 was applied for the segmentation task with default
settings. As a supervised method, 3D U-Net and V-Net
were applied individually for the 3D detection of chalky
and porous parts. Considering unsupervised methods, most
commonly an autoencoder architecture is used, in particular
variational autoencoders (VAEs). In principle, it is possible
to perform the detection task with VAEs simply by train-
ing it on clean images using a L1 or L2 reconstruction loss.
However, highly representational VAEs can even reconstruct
unseen anomalies. Thus, as unsupervised method we adopt
a vector-quantized variational autoencoder (VQ-VAE) [42]
paired with an autoregressive model (AR). In particular, an
anomaly is encoded in latent space differently from a defect-
free sample, implying that a model (here an AR model),
trained to learn the defect-free distribution from the VQ-
VAEs latent representation, can detect anomaly information
as out-of-distribution. For the encoding of sample images,we
adopt a VQ-VAE in order to quantize the defect-free space.
A PixelCNN architecture is adopted as AR prior [47]. The
architecture introduced in this paper is referred to as VQ-
VAE+AR.

For the supervised training processes of the used CNNs,
we generated three distinct sets of training data: one set
with 240 XCT scans, comprising 480 artificially created rice
grains; another one with 240 XCT scans, comprising 480
rice grains extracted from real scans for chalkiness; and a
final set featuring 240 XCT scans, comprising again 480
artificial rice grains that include pores inside. Porosity was

1 ViT-B is available on github https://github.com/facebookresearch/
segment-anything.

generated using an exported spherical pore and its variations,
with five pores assigned to each rice grain at different loca-
tions. To ensure an accurate training process, the training
data was augmented by XCT simulations carefully designed
to include a diverse range of both in rice grain and defec-
tive part sizes and variations. The training input size was
128 × 128 × 128. The simulated images had a voxel size of
24µm, with 2×2 binning applied to speed up the simulation
process and reduce the size of the resulting 3Dvolumes. Each
training input, reconstructed from the simulated projection
images, consisted of two rice grains: onewith defects and one
without. For unsupervised methods, the same training sets
were utilized, and additionally, defect-free simulations were
generated for the training process. The models for chalkiness
detection were trained using a combination of two sets from
chalkiness data with using 240 total samples. For pore detec-
tion, the models were trained with 240 samples that include
pore inside. Additionally, two distinct set of 240 testing sam-
ples was created for testing stage of deep learning methods,
covering both the chalkiness and porosity tasks.

3.4 ShapeVariation of Surface Models

The most crucial part in our approach is the generation of
randomized shape variations based on a surface model, i.e.,
a surface mesh (see Fig. 3). Consider such a surface mesh
and its set of vertices M ∈ R

3×N represented as a matrix
of N three-dimensional vectors. Furthermore, let V ∈ R

3×N

be a matrix whose elements are random numbers samples
from a standard normal distribution, i.e., Vi j ∼ N (0, 1) for
all Vi j ∈ V . To allow for a modification of the magnitude
of change, let l ∈ R>0 be some scaling factor. Then, the
randomized shape variation of the mesh vertices M is given
by the transformed vertex coordinates W = (M + lV )s,
where s ∈ R>0 is an additional scaling factor to control the
overall size of the resulting shape.

As this simple procedure randomly shifts vertices in or
out of the initial boundary position, the resulting modified
shapes tend to have a lot of “spikes” on their surface. In order
to keep these models more closely to natural rice grains, a
subsequent Laplacian smoothing [48] step was applied with
five iterations. As reasonably accurate results with smooth
surfaces were achieved after five iterations, higher values
were not applied.

3.5 Probability of Detection

In our approach, we applied the probability of detection
(POD) [17–19] method using a hit/miss approach [17] to
quantify the detection capability of the chalky parts in rice
grains. Here, POD serves as a statistical metric for assessing
the effectiveness of an inspection process in terms of detect-
ing specific features of interest. To generate POD curves, we
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Fig. 3 Schematic
representations of shape
variations in five different
modeled rice variants regarding
surface displacement of the rice
grain which is extracted from
CT scan

Fig. 4 Workflow for ground truth generation and measurement of the
detectability limit using hit/miss analysis and POD. Additionally, an
example image is presented, illustrating segmentations from the esti-
mation overlaid on the GT surface, highlighting false-positive and
false-negative voxel representations (Color figure online)

collected a binary response in terms of detection by each
model for each defect size. Here, these responses corre-
spond to the hit/miss approach, i.e., indications, if the model
was able to detect the result. Given the collection of these
responses, a Probit function was fitted to the responses using
logistic regression [20, 49]. The resulting continuous curves
are thePODanalysis result curves.Wedefinea90 as the defect
size at which the POD reaches a value 0.90. Additionally, we
calculate further the characteristic value a90/95, represent-
ing the lower 95% confidence level of a90. This so called
detectability limit provides a measure of the smallest defect
size that can be confidently detected at a 95% confidence
level.

In the first step of the workflow (see Fig. 4), segmenta-
tion was performed using k-means and deep learning (DL)
algorithms. Next, each voxel was compared between the k-
means and deep learning algorithms in the binary volume,
and the Jaccard similarity index (JI) was calculated to create
a binary detection signal. A detection was defined as a hit
if the JI was greater than or equal to 90%; otherwise, it was
considered a miss. Finally, we generated the binary detection
signal (zeros or ones) and created a hit/miss vector. We then
determined the probability of detection (POD) and the mini-
mum detectable limit for different types of DL segmentation
methods.

The following steps (see also Fig. 4) were defined to mea-
sure detectability limit:

1. Segmentation of samples.
2. Voxelwise similarity computation between estimation

and ground truth.
3. Chalkiness and porosity detection.
4. Generation of a binary signal of detected and undetected

defects (hit/miss vector).
5. Creation of POD curves.
6. Determination of a90/95 for chalky part and bad parts.

In our previousworks [20, 31],we defined defect detection
as a binary signal that checks for the presence of any defect
voxel. To improve the efficiency of this detection method,
the defect detection method was updated by incorporating
voxelwise size similarity metrics such as the Jaccard index
(Eq.1).

J (A, B) = |A ∩ B|
|A ∪ B| = |A ∩ B|

|A| + |B| − |A ∩ B| (1)

Chalkiness or bad parts are defined to be detected if the
similarity index is 90 percent or higher, i.e., if the detected
defect and the ground truth defect overlap by at least 90%.
The k-means segmentation method was applied to noise-free
simulations to generate accurate ground truth data for 3D
voxel-wise comparison with deep learning methods.
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4 Results and Discussion

Our methodology demonstrates its applicability in conduct-
ing various types of detection of defects and degradation in
rice samples. In this work, we focused mainly on artificially
generated data as well as and supervised and unsupervised
algorithms for defect detection. To detect features (chalk-
iness or pore) on 2D projection images, we applied the
SAM method. To detect features (chalkiness or pore) on
3D reconstructed images, we utilized the 3D U-Net and V-
Net models as a supervised method and a vector-quantized
variational autoencoder paired with an autoregressive model
(VQ-VAE+AR) as unsupervised method. Figure5 shows
real projection and simulated projections with their segmen-
tation’s from SAM. Obviously, the modeled artificial rice
grains are quite realistic in shape, also considering the chalky
part in the top-most grain. Furthermore, the segmentation
model is able to accurately distinguish the individual rice
grains from the chalky parts and from each other.

4.1 Chalkiness Detection via SAM

In the first application case, we focus on chalkiness detec-
tion in rice grains for which we applied and evaluated SAM,
resulting in 240 different segmentations of rice and chalki-
ness parts. We generated XCT simulations with and without
noise to measure detectability limits and compare the results
between these conditions. As expected, we observed that
the SAM method demonstrates a significantly better perfor-
mance on noise-free images than noisy data. The POD results
indicate minimum detection limits of 162µm for noise-free
images and 368µm for noisy images, respectively. The seg-
mentation outcomes for noise-free and noisy scenarios are
illustrated in Figs. 6 and 7, showcasing the efficacy of the
SAMmethod.Moreover, the POD results fromSAMdemon-
strate that the detection capability is approximately two times
higher in noise-free images than in the noisy case (see Fig. 8).

4.2 Chalkiness Detection via CNNs

We evaluated three different detection algorithms for chalk-
iness detection: two supervised methods (3D U-Net, V-Net)
and Vector-Quantized Variational method as unsupervised
method, coupled with an autoregressive model. Two repre-
sentative rice type dataset samples including chalkiness and
pores parts generated using XCT simulation series are pre-
sented with the corresponding example of 3D visualization
of rice grains in Fig. 9. In the classification evaluation, true
positives (TP) signify instances where the model correctly
identified the positive class, aligning with the actual positive
ground truth. False positives (FP) represent cases where the
model inaccurately predicted the positive class for negative
ground truth, and false negatives (FN) represent instances

where the model missed positive instances. To measure sim-
ilarity, the Jaccard index was calculated voxelwise between
all scan instances, considering true positives (TP), false posi-
tives (FP), and false negatives (FN). Then, POD curves were
computed with respect to number of voxels in the chalky
region and height of the chalkiness parts. Moreover, number
of voxels in the chalky region was determined for both noisy
and noise-free volume cases (see Fig. 10). The threshold for
the similarity index is again set at 90% for general cases. The
minimum detectability achieved for considering the num-
ber of voxels of volume at 319µm and for height 109µm,
respectively, see Fig. 11, in realistic images (on noise inclu-
sion). These results show that a 3D volume analysis of rice
grains usingCNNmethods is able to outperform2Danalyses,
e.g., using the SAM algorithm. The minimum detectability
for chalkiness height using the unsupervised deep learning
method VQ-VAE+AR was measured at 164µm. However,
during our observations, we identified the presence of extra
segmented voxels, classified as artifacts, particularly in the
corners of rice grains. In the detection process, only the
chalkiness similarity has been checked for the unsupervised
methods. Both supervised and unsupervised methods were
trained with an equal number of training sets (240 sam-
ples). Under these conditions, it was observed that supervised
methods outperformed the unsupervised methods in terms of
accuracy and efficiency for chalkiness detection. To enhance
the accuracy and efficiency of rice chalkiness detection in the
unsupervised method, it is necessary to increase the amount
of training data.

4.3 Pore Detection via CNNs

In the second application case, we focus on the detection
of pores, and determined the POD curves considering again
the pore’s volume in voxels. We employed CNN methods,
namely 3D U-Net and V-Net for pore detection in random
pore occurrences. Both methods generated similar results,
with a detection limit determined to be approximately 200µm
(refer to Fig. 12). Additionally, the POD is determined at var-
ious values for the threshold of the Jaccard index, as shown
in Fig. 13. The detectability limits for chalkiness (in voxels)
determined to be 25, 157, and 319 voxels corresponding to
thresholds of 53, 75, and 90%, respectively, using the 3D
U-Net model. The POD for the total voxel volume were
determined as 84, 151, and 220 voxels corresponding to
thresholds of 50, 75, and 90%, respectively, using the 3D U-
Netmodel for pore detection (see Fig. 13b).When comparing
the results of chalkiness and pore detection, CNNs tend to
be more efficient and accurate, particularly in the context of
pore detection. Figure15 shows the example simulations and
estimations of chalkiness results from U-Net. Additionally,
Fig. 14 presents example 2D slice images of pore detection
obtained from 3D reconstructed data using U-Net and V-Net.
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Fig. 5 The figure show, in
respective order, real projection
alongside its segmentation from
SAM, and simulated projection
alongside its segmentation from
SAM

Fig. 6 2D projections and the
corresponding segmentation
obtained from SAM in
noise-free simulations

Fig. 7 2D projections and the
corresponding segmentation
obtained from SAM in noisy
simulations

4.4 Porosity Estimation in Real CT Data

In the final stage, the 3D U-Net model was applied to seg-
ment pores in real CT scan data (see Fig. 16). Each rice
grain was additionally analyzed morphologically for equiva-
lent diameter, length, and volume (see Fig. 17). This analysis
provided detailed insights into the pore structure and dis-
tribution within the rice grains. A detailed analysis of the
internal porosity distribution presented in Fig. 18. Moreover,
this information was also utilized to generate simulations
of rice grains, such as modeling the size and length of the
rice grains. The results demonstrate the model’s capability
to accurately identify and characterize porosity features in
real-world data.

4.5 Comparative Discussion with Related Research

In this section, we compare and discuss the results in the con-
text of related studies on chalkiness detection, segmentation,
and the validation of these outcomes.

4.5.1 Chalkiness Detection Applications

When contrasting the approach presented here with the
methodology of Wang et al. [7], which employs CNNs
for detecting chalkiness in 2D photographic images, sev-
eral key differences are apparent. In our study, we trained
the models using 3D reconstructed CT data, enabling us to
develop a deep learning model capable of detecting very

small instances of chalkiness. Specifically, the model identi-
fies features as small as 109µm in height and 69 voxelswithin
a 12µm voxel size, showcasing the advantage of 3D analy-
sis over 2D photographic methods in detecting chalkiness
or pores. However, it is important to note that this approach
is currently limited to simulated images and has yet to be
validated with real CT data for chalkiness detection.

Su et al. [23] presented both 2D and 3D visualizations of
rice grains usingMicroCT systems and quantified chalkiness
at various scanning resolutions ranging from 2.5 to 15µm.
In comparison, this study utilized three resolution levels: 12,
17, and 17.48µm. A significant difference lies in the seg-
mentation algorithms; our study applied both supervised and
unsupervised techniques, while Su et al. relied on traditional
thresholding methods. Furthermore, Su et al. [23] did not
include simulations or Probability of Detection (POD) analy-
sis for different segmentation algorithms. Additionally, Su et
al. examined rice grains with four types of chalkiness (white-
belly, white-core, white-whole, and white-back), detecting
chalkiness ranging from 0.21 to 0.499%, with an average
of 0.39%. In contrast, this study assessed rice grain heights
ranging from 0.6 to 0.8mm and defined chalkiness heights
between 10 and 400µm. The POD results indicate that the
U-Net model achieved a minimum detection rate of 90% for
chalkiness at 116µm, with an approximate chalkiness rate
of 13%. It is essential to acknowledge that, at this stage, the
method has been validated only with simulated images due
to the unavailability of real chalkiness data.
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Fig. 8 POD model (red) for
chalkiness height with
confidence bounds of one
hit/miss experiment and a90/95
from the SAM model on a
noise-free and b noisy
simulations, respectively. Blue
dots shows detected defects at
probability one and undetected
defects at probability zero
(Color figure online)

Fig. 9 Simulated slices images
and the superimposed
predictions on the ground truth
(GT) including false positives
(green), and false negatives
(purple) with a 4× zoom images
of the edge region highlighted in
red (Color figure online)

Fig. 10 POD model (red) for
the number of voxels in the
chalkiness part with confidence
bounds of one hit/miss
experiment and a90/95. Blue
dots shows detected defects at
probability one and undetected
defects at probability zero
(Color figure online)

Fig. 11 POD model (red) for
chalkiness height with
confidence bounds of one
hit/miss experiment and a90/95.
Blue dots shows detected
defects at probability one and
undetected defects at probability
zero (Color figure online)
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Fig. 12 POD model (red) for
one hit/miss experiment
considering the detection of
pores in rice grains, the a90/95
value is indicated. Blue dots
shows detected defects at
probability one and undetected
defects at probability zero
(Color figure online)

Fig. 13 POD model comparison
on different thresholds from
Jacard index

4.5.2 Image Segmentation

In chalkiness detection applications, there are limited studies
that have applied both supervised and unsupervised seg-
mentation methods. However, in agricultural studies, the
supervised method ResNet50 has been used for quality
checking and defect detection in ’Braeburn’ apple fruit, both
in 2D and 3D, achieving a model accuracy of 96% [50].
Similarly, in this study, radiographies were generated using
the ASTRA Toolbox [51] to train neural networks. In our
application, U-Net achieved a accuracy (similarity index) of
0.9755 ± 0.08 for 3D segmentation. In comparison, V-Net
and VQ-VAE+AR demonstrated lower performance than U-
Net (see Table 2).

4.5.3 Validation

The neural networks model from U-Net, V-Net and VQ-
VAE+AR were tested on 3D simulated chalkiness; however,
due to the lack of available real rice grains with chalkiness,
themodel has not yet been evaluated on scans of actual chalky
rice grains. When comparing our simulated chalkiness to the
visualizations of rice chalkiness-both in terms of gray values
and shapes-presented bySu et al. [23], the high visual similar-
ity suggests that this method should be applicable to real data

once such samples become available. Additionally, the neu-
ral networks performed successfully on both for simulated
porosity and scans of real rice grains that had air inclusion.

5 Conclusion

In this paper, we proposed a shape variation method for
the generation of surface model variants in simulation-
empowered training data generation. Target application area
of this method is the analysis of defects in agricultural
products, specifically chalkiness and pores in rice grains.
We investigated detection efficiency on both supervised and
unsupervised deep leaning methods. Initially, we generated
XCT scans of rice grains at three different resolutions. The
resulting XCT datasets then were processed and converted
into surface models, from which a bigger set of realistic sim-
ulated XCT datasets were generated. Finally, rigorous POD
analyses were conducted with the intent of determining the
limits of detectability of chalky parts or pores inXCTdatasets
of the aforementioned type. Our methodology demonstrates
its applicability in conducting various types of detection of
defects and degradation in rice samples. The SAM reached
accurate results with POD determination in the 2D imag-
ing case, especially on noise-free simulated data. However,
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Fig. 14 Example results for air inclusion from3DU-Net andV-Net segmentation. The figure shows, from the first row respectively:XCT simulations
from SimCT, U-Net segmentations, U-Net segmentations (zoomed out), and V-Net segmentations (zoomed out in the region of interest)

Fig. 15 Example XCT simulations and estimated segmentation slices from the 3D volumes using U-Net. The first row presents the simulated XCT
data, followed by the segmentation masks in the second row, and finally, the segmentation overlays applied to the simulated XCT in the third row

Table 2 Segmentation quality
metrics averages of the neural
network from the testing data in
chalkiness detection

Method Jaccard index Precision Recall

U-Net 0.9755 ± 0.08 0.9930 ± 0.004 0.9721 ± 0.087

V-Net 0.9483 ± 0.01 0.9852 ± 0.011 0.9621 ± 0.015

VQ-VAE+AR 0.8695 ± 0.23 0.8992 ± 0.247 0.9620 ± 0.036
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Fig. 16 Visualisation of
individual rice grains from 3D
rendering (a), the original slice
extracted from the 3D
reconstructed volume (b), and
the estimations from 3D U-Net
(c)

Fig. 17 Statistical analysis of
individual rice grains from CT
scan 3

Fig. 18 Porosity distribution for
defects radius and equivalent
diameter

when noise and artifacts were introduced into the simula-
tions, its performance decreased drastically. In a comparison
of the detection performance between the used models on
projected radiographs and XCT volumes, both for chalkiness
and porosity, 3D CNNs methods outperformed the 2D SAM
approach significantly. VQ-VAE+AR also showed promis-
ing results; however, it exhibited artifacts at the corners.
The POD results indicated that both SAM and VQ-VAE+AR
achieved comparable detection limits for chalkiness height.

In terms of future work, our approach shows the potential
to be applicable on various other types of food products such

as seeds, fruits or plants. We therefore plan to test the pre-
sented method on the detection of rotten parts in both apples
and zucchinis in our future work. Additionally, our method
can be upgraded for multi-class segmentation and classifica-
tion regarding the detection for degraded parts in 3D.
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