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Petal segmentation in
CT images based on
divide-and-conquer strategy

Yuki Naka®, Yuzuko Utsumi™, Masakazu Iwamura®,
Hirokazu Tsukaya® and Koichi Kise*

tGraduate School of Informatics, Osaka Metropolitan University, Sakai, Japan, ?Graduate School of
Science, The University of Tokyo, Tokyo, Japan

Manual segmentation of the petals of flower computed tomography (CT) images
is time-consuming and labor-intensive because the flower has many petals. In
this study, we aim to obtain a three-dimensional (3D) structure of Camellia
Jjaponica flowers and propose a petal segmentation method using computer
vision techniques. Petal segmentation on the slice images fails by simply applying
the segmentation methods because the shape of the petals in CT images differs
from that of the objects targeted by the latest instance segmentation methods.
To overcome these challenges, we crop two-dimensional (2D) long rectangles
from each slice image and apply the segmentation method to segment the petals
on the images. Thanks to cropping, it is easier to segment the shape of the petals
in the cropped images using the segmentation methods. We can also use the
latest segmentation method for the task because the number of images used for
training is augmented by cropping. Subsequently, the results are integrated into
3D to obtain 3D segmentation volume data. The experimental results show that
the proposed method can segment petals on slice images with higher accuracy
than the method without cropping. The 3D segmentation results were also
obtained and visualized successfully.

KEYWORDS

CT data, petal segmentation, image segmentation, divide-conquer strategy,
data augmentation

1 Introduction

Flowers have various appearances depending on their structure, size, shape, color, and
number of organs that make up the flower (Shan et al., 2019; Yao et al., 2019; Bowman and
Moyroud, 2024). Among the floral organs, petals are essential for understanding the flower
morphology because their size, shape, and color vary widely among flower species (Huang
et al., 2015) and are essential for plant reproduction (Irish, 2008) via interaction between
flowers and pollinators (Whitney and Glover, 2007). Therefore, several attempts have been
made to clarify the mechanism of flower morphogenesis by analyzing the shape of petals.
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Most flower morphology analyses are performed by destructive
examination, such as taking apart each petal one by one (Szlachetko
et al,, 2009; Han et al., 2019; Yao et al., 2019; Hayes et al,, 2021).
They have been used to clarify that petal size, shape, and genes
influence flower morphogenesis. However, it is impossible to survey
how petals order and develop in three-dimensional (3D) space
because the flowers have been decomposed. Importantly, it is
known that surface interactions between petals and other floral
organs in highly packed floral bud stage can influence the final
flower shape (Shimoki et al., 2021). To understand the process of
petal growth and interactions among floral organs in flower bud
stage, we need precise information on 3D arrangements of petals
without destruction.

In recent years, computed tomography (CT) has been used to
obtain nondestructive morphological information about flowers
(Hsu et al., 2017; Shimoki et al., 2021). Figure 1 shows the
Camellia japonica 3D volume data used in this study. Figure 1B
rendered using the Volume Viewer, which is one of the plug-ins of
Fiji is Just Image]J (Fiji) (Schindelin et al., 2012). The data acquired
by CT shows the 3D shape of the flower, but the petals are not
segmented. To obtain the 3D morphological information of the
petals, it is necessary to segment each petal in the CT data, as shown
in Figures 2A, 3. Generally, CT data segmentation is first performed
on the slice images. The image segmentation results are then used to
obtain the 3D segmentation results. The number of slice images is
large, in the hundreds or thousands. Furthermore, segmentation is
performed manually because automatic segmentation is not
established. If a flower contains many petals or has a complex
shape, segmenting even a single image takes a long time. Therefore,
the segmentation of 3D flower data is labor-intensive, and the
manual process is an obstacle to morphological analysis.

In this study, we propose an automatic segmentation method to
enhance the morphological analysis of 3D flower data, focusing on
C. japonica which is known to have great variation in petal
numbers, shapes, and arrangements (Wang et al, 2021). To
achieve this, how to deal with the structure of the petals, which
are long and curved, is a challenge. Because the shape of the petals
differs from the objects that most object detection methods deal
with, they fail to detect them.

To overcome this problem, we crop rectangle regions from CT
images and apply a CNN-based segmentation method to the

~ 147

C. japonica flower. 3D rendering image.

FIGURE 1

10.3389/fpls.2024.1389902

cropped images. Cropping is performed using a long rectangle in
which the center of the flower is set the center of the rectangle. We
rotate the rectangle using the center of the rectangle as the rotation
center and crop the images every 1° of rotation. The petals in the
cropped images are less curved and appear in appearance to the
object treated using the object detection methods. Therefore,
conventional object detection methods can detect petals with high
accuracy. After segmentation of the cropped images, the
segmentation results are integrated into the 2D images, which are
then integrated into the 3D data based on the intersection of
union (IoU).

The experimental results show that the proposed method
successfully segmented the C. japonica cross-sectional images and
3D data. The AP50, which are segmentation criteria, for the cropped
and integrated 2D images were 0.898 and 0.900, respectively.

2 Related work

This section presents some examples of flower segmentation
and modeling related to petal segmentation. In this study, we
performed petal segmentation using CT images; therefore, we also
introduce related studies on segmentation using CT images.

2.1 Flower segmentation

Several attempts have been made to segment flowers and petals
from 2D images captured by a camera. Flower detection methods
include Markov random field-based methods using graph cuts
(Nilsback et al.,, 2010; Zagrouba et al., 2014), thresholding in the
Lab color space (Najjar et al., 2012), and methods that combine HSI
spatial color thresholding and local area clustering (Zeng et al,
2021). Flower segmentation methods can also be applied to
agriculture, such as methods for detecting strawberry flowers (Lin
et al.,, 2018), apple flowers (Tian et al., 2020; Sun et al., 2021; Mu
et al, 2023), and tomato flowers (Afonso et al, 2019). These
methods can be used to investigate special locations by detecting
flowers from 2D RGB images. Therefore, these methods differ from
the proposed method, which investigates the flower structure in 3D
in micrometers.

Cross section. Longitudinal section.

Examples of Camellia japonica CT volume images. (A) C. japonica flower. The image courtesy of Prof. Yutaka Ohtake, The University of Tokyo. (B)

3D rendering image. (C) Cross section. (D) Longitudinal section.
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Integrated result.

FIGURE 2

Result without proposed cropping.

Ground truth.

Examples of segmentation result in slice images of test data. Each petal was assigned a different color. (A) Integrated result. (B) Result without

proposed cropping. (C) Ground truth.

2.2 Flower modeling

Because of the flower’s complex structure and self-occlusion,
few studies have performed 3D modeling of flower shapes (Ijiri
et al., 2005, 2014; Zhang et al., 2014; Hsu et al., 2017; Lemeénager
et al,, 2023). For example, Zhang et al. proposed a method (Zhang
et al., 2014), in which petals are segmented from RGB images and
3D point cloud data. The segmented petals were then fitted with a
pre-created morphable petal shape model to estimate the flower
model. Jjiri et al. proposed a system for 3D modeling of flowers
using a floral diagram, which is a schematic drawing that simply
expresses the structure of the flower (jiri et al., 2005). Lemenager
et al. used photogrammetry to obtain 3D model of flowers
(Lemeénager et al., 2023). These methods are similar to the
proposed method because they collect morphological information
about flowers. However, they differ from our task because they
obtain visible information that can be observed using an RGB-D
camera. Our task is to obtain morphological information that
cannot be observed by a camera.

Hsu et al. used micro CT data of of Sinningia speciosa flowers to
model petals (Hsu et al., 2017). Since the flower of S. speciosa is a

Overhead view.

FIGURE 3

single flower, it is not necessary to apply a segmentation method
does not needed to be apply before petal modeling. Ijiri et al.
proposed a semiautomatic flower modeling system (Ijiri et al,
2014). To the best of our knowledge, this system is the only
method for semi-automatically segmented flowers from CT
images. In this system, the flowers are assumed to consist of
shafts and sheets. The system defines the energy functions of the
dynamic curves for the shafts and the dynamic surfaces for the
sheets. Based on the energy function, the stem and petals are
automatically fitted using manually specified points. This system
requires considerable manual work and takes a long time to model.
Therefore, it is difficult to apply this method to our task, and we
should consider a fully automatic method without manual work.

2.3 CT image segmentation

Research on CT image segmentation has flourished in the
medical field. Current studies on medical CT image segmentation
primarily consist of methods that train CNNs from annotated CT
image datasets. Segmentation has been used on various human

Longitudinal section.

Result of integration in 3D space using test data. Each petal was assigned a different color. (A) Overhead view. (B) Longitudinal section.
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organs and tissues, including the coronary arteries (Yang et al,
2020), thoracic organs (Zhou et al., 2019), ductal organs and tissues,
such as blood vessels and pancreatic ducts (Wang et al., 2020),
vertebrae (Masuzawa et al., 2020), and teeth (Cui et al., 2019).

Additionally, some segmentation methods (Lee et al., 2020; Yu
et al,, 2020; Laradji et al., 20215 Zhou et al., 2021) that focus on the
affected areas. Recently, in addition to CNN, segmentation methods
(Hatamizadeh et al., 2022) have been proposed that use vision
transformer (ViT) (Dosovitskiy et al., 2021) for organs and
brain tumors.

In computer vision research, medical image processing is
recognized as one of the important research areas. Therefore,
various studies have been conducted on medical CT images, as
introduced above. Under such circumstances, there are many CT
databases of medical images. Therefore, it is easy to apply the latest
deep learning-based methods to medical CT images. However,
plant image processing, especially flower image processing is not
as common as medical image processing. For example,
Morphosource.org' contains CT images of biological specimens,
including some of plants, however, their selection of flower images
is limited.

3 Materials and methods
3.1 C. japonica flower CT data

We analyzed flower CT images of C. japonica supplied from
Botanical Gardens, the University of Tokyo, Japan. > The analyzed
C. japonica cv.”Orandako” was captured using an industrial-use
dimensional X-ray CT device, METROTOM 1500 Gen.1 3 made by
Carl Zeiss; as shown in Figure 4, it was captured over 41 minutes.
The X-ray tube voltage and X-ray tube current at the time of capture
were 120kV and 437 mA, respectively. Other settings are shown in
Table 1. Since the maximum time to scan the flower without
changing the morphology of the flower due to drying was about
40 minutes, the settings were made so that all scans of the flower
would be completed in about 40 minutes. Slice thickness is the
thickness of the tomographic image in the body axis direction; in
this case, this is 46.252pm.

One CT scan data was taken from one flower and used in the
experiment. We created cross-sectional images shown in Figure 1C
from the CT data and performed segmentation. The resolution of
one CT image used in the analysis was 915 x 858 pixels, and there
were 888 images. During the acquisition of the flower CT volume
data, the flower moved slightly because it dried and changed its
shape. This slight movement caused noise on the CT images. To
remove the noise, we applied the nonlocal mean filter (Buades et al.,
2005) with parameter & set to 6 before the evaluation. To train and
evaluate the model, we manually assigned the ground truth for each

1 https://www.morphosource.org.

2 The dataset is available from https://doi.org/10.6084/m?9 .figshare.25264774.

3 https://www.zeiss.co.jp/metrology/seihin/shisutemu/ct/metrotom.html.
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petal at the pixel level, as shown in Figure 2C. We selected 39 slice
images and assigned the ground truth. A total of 25 images were
selected as learning data, each 10 images from the top of the flower.
As test data, we selected 13 images separated by 5 slices from the
training data and randomly selected one image from the slice
images except for the training data.

3.2 Proposed segmentation method

An overview of the proposed method is shown in Figure 5. We
used CT images. The proposed method crops long rectangle images
from a slice image and applies a CNN-based instance segmentation
method that segments each petal in a cropped image. The
segmentation results in the cropped images are then integrated
into the original image. Finally, the petal segmentation result is
obtained by integrating the integrated segmentation images in 3D
space. The following sections describe in detail the image cropping
method, segmentation of the cropped images, and integration of the

segmentation results.

3.2.1 Image cropping

Figure 6 shows examples of a part of a CT image and the target
image of common instance segmentation methods. As shown in
Figure 6A, the shape of the petals is long and curved. Because of the
shape, several adjacent petals appear in the bounding box of the
petal. As shown in Figure 6B, the shape of most target objects for
segmentation is approximately rectangular, and other objects do
not appear in the bounding box of the object (Lin et al., 2014). Most
object segmentation assumes that the shape of the target objects is
similar to that in Figure 6B; a bounding box contains a single target
object. Most object segmentation methods first detect the bounding
boxes that are likely to contain the target object and then estimate
the mask of the object. If there are many target objects in a
bounding box, the methods will not work well because the
assumption does not hold. For example, Figure 2B is a result
when an object segmentation method is applied to our CT
images, with low segmentation accuracy. Thus, object
segmentation methods fail to segment petals on the CT images.

To overcome the problem, we crop long rectangles from CT
images and then apply the segmentation method. Figure 7 explains
how to visually crop long rectangle images. The long rectangle is set
as follows: the center of the rectangle is placed in the center of the
flower, and the rectangle covers both ends of the flower. We then
crop long rectangles while rotating the rectangle around its center.
In this study, the size of the long rectangle and the rotation interval
for cropping are set to 900 x 32 pixels and 1°, respectively. As shown
on the right side of the images in Figure 7, the petals of the cropped
images are not as curved as the original slice images, and the
bounding box of the petal contains only a single petal. Therefore,
when the object segmentation method is applied to the cropped
images, the segmentation accuracy is expected to be almost the
same as that of the common target objects.

We performed the cropping using a code we wrote ourselves.
The code was written in Python 3.10.8, and using OpenCV 4.9.0.80,
which is an image processing library.

frontiersin.org
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FIGURE 4

C. japonica CT data acquisition. Image courtesy of Prof. Yutaka Ohtake, The University of Tokyo.

3.2.2 Segmentation of the cropped images

After cropping the images, we apply a segmentation method to
the cropped images to segment individual petals. In this study, we
use the Hybrid Task Cascade (HTC) (Chen et al, 2019a) as the
segmentation method. HTC is the combined model of Mask R-
CNN (He et al,, 2017), which is the most popular instance
segmentation method in recent years and is used as the baseline
for instance segmentation evaluation, and Cascade R-CNN (Cai
et al, 2018), which achieves high segmentation accuracy by
introducing a cascade architecture into the model. HTC won the
first prize in the COCO 2018 Challenge Object Detection Task®.
Because HTC showed high accuracy in segmentation, we decide to
use it.

We used HTC implemented in MMDetection (Chen et al.,
2019b), an object detection toolbox developed by OpenMMLab.
MMDetection is written based on PyTorch, which is a machine
learning library for Python. The version of MMDetection used in
the experiment is v2.28.2°.

3.2.3 Integration of the segmentation results

After obtaining the segmentation results in the cropped images,
we perform integration to obtain the 3D segmented volume data.
We first integrate the results into the slice images and then integrate
the slice images into the 3D volume.

We integrate the segmentation results using the overlapping
regions in the cropped images. When the cropped images are set to
the cropped locations, there is an overlap between the adjacent
cropped regions. Figure 8 shows the overlapping petal regions
between the cropped images with a rotation interval of 1°. We
consider the segmentation results in the overlapping regions to be
the same petals, and then integrate the segmentation results.

The segmentation results contain errors because they are not
always accurate. Errors cause the integration to fail. To avoid
integration failure, we remove errors before integration. Suppose
that the segmentation results shown in Figure 9 are given. A; and A,

4 https://cocodataset.org/workshop/coco-mapillary-eccv-2018.html.

5 HTC model implemented in MMDetection is available from https://

github.com/open-mmlab/mmdetection.git.
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are adjacent cropped images, and Sy.;. 15 and S,.1. Sy, S5 are the
segmentation results on A; and A,, respectively. If there is a
disagreement between the segmentation results in the overlapping
regions, we consider the segmentation result that is divided into
more regions as correct. Then, another segmentation result is
considered incorrect, and is removed from the segmentation
results. As shown in Figure 9, because the overlapping area of S;,,
is segmented into S,, and S,3 on A, S, is considered to be an
incorrect segmentation result, and S;, is removed from the
segmentation results.

After removing the errors, we integrated the segmentation
results. We use IoU as the integration criterion. IoU indicates the
degree of overlap between the two regions. Let A and B be the two
regions on an image, and | - | be the number of pixels in the region.
The IoU between A and B is obtained by the Equation 1, as follows:

AN B

U =21
T 1aAUB]

(1)

We calculate the IoU of overlapping segmentation results and
integrate the pair of segmentation results that yield an IoU of 0.8
or more.

To obtain 3D segmentation results, the 2D integrated images
are integrated into 3D. The integration in 3D is to stack the 2D
integrated images. However, since the segmentation in each 2D
image is performed independently, 3D segmented data is not
obtained by simply stacking the 2D images. Therefore, we
determine which regions are from the same petal based on the

TABLE 1 Setting values when capturing CT images.

X-ray tube voltage 120kV

X-ray tube current 437mA

Filter None

Exposure time for each projection 1000ms

Projected image 1000 x 1000 pixels

Pixel size 0.4mm
Projections per rotation 1000
Magnification rate 8.65 times

frontiersin.org
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Integration in 2D Integration in 3D

FIGURE 5
Overview of the proposed method

IoU for the adjacent frames as the 2D image integration. We
calculate the ToUs between a segment of a 2D integrated image
and all segments of the adjacent image. The pair that gives the
highest ToU and whose value is equal to or greater than 0.8 is
considered the same petal and is integrated. This process is applied
sequentially starting from the top frame to obtain the 3D
integration of the segmentation result.

For 2D and 3D integration, we used code we developed
ourselves. The code uses Python 3.10.8 and OpenCV 4.9.0.80.
After performing the integration, regions identified as the same
petals were colored consistently in the final result. We visualized the
segmentation results of the 3D volume by displaying the final result
images using Fiji’'s Volume Viewer.

4 Experiment

To evaluate the proposed method, we applied it to the CT data
introduced in Subsection 3.1.

4.1 Experimental setting

The data used to train the model were 25 CT images with
manually annotated petal regions. The 900x32 pixel images were
cropped using the proposed method described in Subsection 3.2.1.
Since the images were cropped every rotation of 1°, the number of
cropped images from a training image was 360, and the total
number of cropped images was 9000. The evaluation data consist
of 14 manually annotated images which are from the same CT data
but different from the training data. We also cropped images from
the evaluation data using the proposed method and prepared a total
of 5040 images. We used nearest-neighbor interpolation when
cropping the images. We filled the empty pixels with random
values with a normal distribution. The mean was the average of
the background pixel values, and the variance was 5. We also
applied the proposed method to the CT images, except for the
evaluation data, and integrated the segmentation results in 3D.
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Next, we describe the setup of the HTC model. We used
ImageNet (Deng et al., 2009) pretrained ResNeXt-101 (Xie et al.,
2017) 64x4d and the feature pyramid network (Lin et al., 2017) as
the backbones of the HTC model. The number of epochs and batch
size were set to 20 and 32, respectively. We used the AdamW
optimizer (Loshchilov et al., 2019) as the optimization algorithm to
train the model. The training rate was reduced from 10™* to 10~
using the cosine annealing scheduler (Loshchilov et al., 2017).
Figure 10 showed the training loss of the proposed method.

We used COCO API° to calculate the accuracy of the results.
We used precision and recall to evaluate the petal segmentation
results. We calculated the IoUs between each segmentation result
and its ground truth and considered the segmentation results whose
IoU was greater than a threshold as correct. The average precision
(AP) and average recall (AR) were calculated when the IoU
threshold was 0.5 and 0.75, denoted APsy, AR5y, AP,s, and AR5,
respectively. We also calculated the mean average precision and
recall (mAP and mAR), which are the mean AP and AR when the
IoU threshold was changed from 0.5 to 0.95 with a 0.05 interval.

In addition to evaluating the proposed method, we evaluated
the segmentation accuracy using RandAugment, which is one of the
popular augmentation methods, instead of the proposed cropping
method. We trained the model using 25 training images, which are
the same as the training data for the proposed method, without
cropping. The training data was augmented by RandAugment
(Cubuk et al., 2020). The number of augmentation
transformations and magnitude for all the transformations are set
to 4 and 10, respectively. The data augmentation we used were
rotation, horizontal and vertical translation, and flip. The number
of epochs and batch size were set to 50 and 16, respectively, and the
other parameters were the same as that used in the experiment of
the proposed method. The model was also evaluated using 14
images, which are the same evaluation data as the proposed
method. To compare the accuracy with the proposed method, we
calculated APsy, AR5y, AP;s5, AR;5, mAP, and mAR of the
segmentation results.

6 https://github.com/cocodataset/cocoapi.
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Part of a CT image. Target image of the segmentation method (Chen et al., 2019a).

FIGURE 6

Difference between our task and general instance segmentation. (A) part of a slice image with petals and bounding boxes. A petal segment and its
bounding box are assigned the same color. (B) Target image of the segmentation method. The bounding boxes are shown as green rectangles, and

each instance is assigned a different color (Chen et al., 2019a).

FIGURE 7

Proposed image cropping method. The orange rectangles on the left CT image show several cropped areas, and the right images show the cropped

images from these areas.

FIGURE 8

Difference between the two cropped images with a rotation interval of 1°. The red and green areas show the overlapping and nonoverlapping areas

of the petals of the two cropped images, respectively.

FIGURE 9

Example of two petal segmentation results in two adjacent cropped
images. The orange and green dotted rectangles show the cropped
regions A; and Az. Si.1, S1.2 and Sz,1, Sz,2, So.3 are the segmentation
results for A; and A,, respectively.
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We used a GPU server for model training and a CPU server for
segmentation and integration. The GPU server was equipped with
an NVIDIA TITAN RTX and 24 GB of memory. The CPU server
was equipped with an Intel Xeon Gold 5118 processor and 128 GB
of RAM.

To evaluate the proposed method using morphological
properties, we calculated the estimation error of the petal area on
a CT image using three test images. We manually matched the
segmented regions with the ground truth, then calculated the area
by counting the pixels in each region. The error between the ground
truth and the detected regions was calculated for each petal, and the
pixel count was converted into area. Given that each pixel side is
46.252um, the area of each pixel is 46.252x46.252 = 2.1392x10°
um?. The mean and variance of the petal areas obtained from the
images were 5.58mm” and 3.52mm?, respectively. Due to the large

frontiersin.org
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FIGURE 10
The training loss of the proposed method.

variation in petal areas indicated by the mean and variance, we used
the mean absolute percentage error (MAPE) to evaluate the area
estimation error. Assuming # is the total number of petals, E; is the
area of the ith estimated petal, and G; is the area of the ground truth
for the ith petal, the MAPE is calculated by Equation 2, as follows:

100 &

>

i=1

E,.—G,-’

G

MAPE = —
n

2

4.2 Results

First, we evaluated the segmentation results of the cropped
images. Table 2 shows the scores of the accuracy evaluation metrics
for the cropped images. AP5, and AR5, were 0.898 and 0.906,
respectively. Figure 11 shows examples of the segmentation results
for the cropped images.

Next, we evaluated the integrated images and compared the
results with the segmentation results without cropping. Table 3
shows the scores of the accuracy evaluation metrics for the
integrated images and the segmentation results without cropping.
APso and ARsy of the proposed method were 0.900 and 0.928,
respectively. Figure 2 shows examples of the integrated and
segmentation results without cropping. In the evaluation of
morphological properties, the MAPE was 7.25%.

Finally, we show the integration result in 3D space. Figure 3
shows the segmentation volume data and its longitudinal section

TABLE 2 Petal segmentation results on the cropped images.

Metric mAP  APs; AP;s mAR  ARso  ARys

Score 0.585 0.898 0.683 0.624 0.906 0.727
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after 3D integration. Volume data were rendered using the Volume
Viewer of Fiji. We also show a video of the segmented 3D volume
data in the Supplementary material.

5 Discussion

In the segmentation of the cropped images, the results of AP,
and AR5, show a good level of accuracy. By performing the
cropping, the bounding box of a petal contains the petal only, as
in general segmentation data such as MS COCO (Lin et al., 2014).
This would have improved the estimation accuracy of the petal
region. Figure 11 shows that segmentation is generally successful,
although some petals are missing or inaccurately segmented in
complex areas such as the center.

As shown in Table 2, the values of AP;5, AR;5, mAP, and mAR
are much lower than those of AP5, and ARs. This is because of the
size of the petal regions: the median petal area in the cropped image
for evaluation was 223 pixels, and most of the petal area was less
than 400 pixels. Generally, the IoU is sensitive to misalignment. In
particular, when the size of the area to be calculated for the IoU is
small, the IoU drops drastically even if a 1-pixel misalignment
occurs. Therefore, the IoU threshold of 0.5 for determining the
segmentation success is considered sufficient to evaluate the
accuracy, and APs5, and ARs, are the appropriate criteria for
segmentation in this task.

As shown in Table 3, the integrated segmentation results show
better accuracy for all metrics. This is because of the removal of
incorrect segmentation results before integration. Thanks to the
removal, the integration was successful and showed better accuracy.
The IoU property is also responsible for accuracy. Additionally, the
IoU was less sensitive than that in the cropped images because the
area of the petals was larger than that in the cropped images (Zheng

frontiersin.org


https://doi.org/10.3389/fpls.2024.1389902
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Naka et al.

A

] ((¢
/IR "‘-

FIGURE 11

10.3389/fpls.2024.1389902

\

L W

Examples of segmentation results in cropped images of test data: (A) segmentation results and (B) ground truth. Each petal was assigned a

different color.

et al., 2020). As in the case of cropped images, segmentation is
generally successful, although there are some errors in the central
position in Figure 2. The orange arrow in Figure 2A indicates the area
where segmentation failed. This is because the boundary between the
two petals was ambiguous and could not be divided into petals.

Compared with the integrated segmentation results and the
segmentation results without the proposed cropping method (Chen
etal, 2019a), the integrated segmentation results quantitatively and
qualitatively exceed the results without the proposed cropping
method, as shown in Table 3 and Figures 2A, B. This shows that
the proposed cropping method is effective for petal segmentation.

The segmentation of 3D volume data by 3D integration was
generally successful as shown in Figure 3A. As shown in Figure 3B,
the center of the flower indicated by the orange arrow was incorrectly
segmented. This is a limitation of the segmentation model because
the segmentation of the center failed in the cropped images. The edge
of a petal indicated by the green arrow was also incorrectly segmented
because of noise in the data. A different denoising method such as
CNN-based method (Zhang et al., 2021) can lead to successful
segmentation. In addition, the limited training data may have
decreased the accuracy. Increasing the training data would improve
the segmentation accuracy in 2D slice images and thus improve the
integrated 3D segmentation result.

A limitations of this research is that the training and test data
were derived from the same CT data. If the training and test images
had come from different CT data, the segmentation accuracy might
decreased. The algorithm for eliminating detection errors before
integrating the segmentation results of cropped images performed
well in this experiment. However, if the segmentation accuracy
declines, the algorithm’s performance would suffer, leading to a
decrease in the accuracy of the integrated results. In such cases,
increasing the amount of training data or revising the integration
algorithm might be necessary to enhance the accuracy of the
segmentation results.

TABLE 3 Petal segmentation results after integration and
without cropping.

mAP AP50 AP75 mAR AR50 AR75
Integration 0.714 0.900 0.804 0.781 0.928 0.871
w/o cropping 0.214 0.606 0.073 0.277 0.635 0.199
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The other limitation is the CT scanning setting. Usually, CT
scans of flowers are conducted with water and in a controlled
humidity environment. Our scanning setting is unconventional,
making it uncertain the flower shape is captured as accurately as
with the usual method. However, our proposed segmentation
method has shown sufficient accuracy with our data. Therefore, if
the CT scans are performed with water and controlled humidity,
and our proposed method is applied, we expect to obtain highly
accurate 3D shapes with segmented petals.

6 Conclusion

This paper proposed a petal segmentation method for C. japonica
flower CT images. It is difficult to manually segment each petal on the
CT images because the number of CT images from the volume data
and the number of petals to be segmented on the slice images are
large. Therefore, we automatically segmented the petals on the slice
images using machine learning based image recognition techniques.
To overcome the decrease in segmentation accuracy due to the shape
of the petals, we crop the long rectangle images from the slice images
and apply the latest segmentation method. Consequently, 3D
segmentation results were obtained by integrating the segmentation
on the cropped images. The experimental results showed that the
proposed method outperformed the method without cropping
images in terms of segmentation accuracy. Moreover, we
successfully segmented 3D flower volume data by integrating the
segmentation results.

Data availability statement

The datasets presented in this study can be found in online
repositories. The names of the repository/repositories and accession
number(s) can be found below: https://doi.org/10.6084/m9.figshare.
25264774.v1. The code implementing the proposed method is
available at https://github.com/yu-NK/petal_ct_crop_seg.git.

Author contributions

YN: Data curation, Formal analysis, Investigation,
Methodology, Software, Validation, Visualization, Writing -

frontiersin.org


https://doi.org/10.6084/m9.figshare.25264774.v1
https://doi.org/10.6084/m9.figshare.25264774.v1
https://github.com/yu-NK/petal_ct_crop_seg.git
https://doi.org/10.3389/fpls.2024.1389902
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Naka et al.

original draft. YU: Conceptualization, Funding acquisition,
Methodology, Project administration, Supervision, Writing -
original draft, Writing - review & editing. MI: Methodology,
Supervision, Writing - review & editing. HT: Conceptualization,
Data curation, Supervision, Writing - review & editing. KK:
Supervision, Writing — review & editing.

Funding

The author(s) declare financial support was received for the
research, authorship, and/or publication of this article. This study
was supported by JSPS Grants-in-Aid for Scientific Research
JP22H04732, JP20H05423 and JP24K03020.

Acknowledgments

The authors would like to thank Profs. Suzuki and Ohtake
Laboratory, Graduate School of Engineering, The University of
Tokyo, for CT data acquisition for this study.

References

Afonso, M., Mencarelli, A., Polder, G., Wehrens, R., Lensink, D., and and Faber, N.
(2019). “Detection of tomato flowers from greenhouse images using colorspace
transformations,” in Proc. of the EPIA Conference on Artificial Intelligence (AI) (Vila
Real, Portugal: Springer), 146-155. doi: 10.1007/978-3-030-30241-2_13

Bowman, J. L., and Moyroud, E. (2024). Reflections on the ABC model of flower
development. Plant Cell 36, 1344-1357. doi: 10.1093/plcell/koae044

Buades, A., Coll, B., and Morel, J.-M. (2005). “A non-local algorithm for image
denoising,” in Proc. of CVPR. (San Diego, CA, USA: IEEE), 60-65. doi: 10.1109/
CVPR.2005.38

Cai, Z., and Vasconcelos, N. (2018). “Cascade R-CNN: delving into high quality
object detection,” in Proc. of CVPR. (Salt Lake City, UT, USA: IEEE) 6154-6162.
doi: 10.1109/CVPR.2018.00644

Chen, K, Pang, J., Wang, J., Xiong, Y., Li, X,, Sun, S,, et al. (2019a). “Hybrid task
cascade for instance segmentation,” in Proc. of CVPR. (Long Beach, CA, USA: IEEE),
4969-4978. doi: 10.1109/CVPR.2019.00511

Chen, K., Wang, J., Pang, J., Cao, Y., Xiong, Y., Li, X,, et al. (2019b). MMDetection: open
MMLab detection toolbox and benchmark. arXiv preprint arXiv:1906.07155, 1-13.
doi: 10.48550/arXiv.1906.07155

Cubuk, E. D., Zoph, B., Shlens, J., and Le, Q. (2020). “RandAugment: practical
automated data augmentation with a reduced search space,” in Proc. of NIPS 33,
1-12.

Cui, Z., Li, C,, and Wang, W. (2019). “Toothnet: automatic tooth instance
segmentation and identification from cone beam CT images,” in Proc. of CVPR.
(Long Beach, CA, USA: IEEE), 6361-6370. doi: 10.1109/CVPR.2019.00653

Deng, J., Dong, W., Socher, R, Li, L.-J., Li, K., and Fei-Fei, L. (2009). “ImageNet: A
large-scale hierarchical image database,” in Proc. of CVPR. (Miami, FL, USA: IEEE),
248-255. doi: 10.1109/CVPR.2009.5206848

Dosovitskiy, A., Beyer, L., Kolesnikova, A., Weissenborn, D., Zhai, X., Unterthiner,
T., etal. (2021). “An image is worth 16x16 words: transformers for image recognition at
scale,” in Proc. ICLR. (Virtual), 1-24.

Han, Y., Yong, X,, Yu, ], Cheng, T., Wang, J., Yang, W, et al. (2019). Identification of
candidate adaxial-abaxial-related genes regulating petal expansion during flower
opening in rosa chinensis “Old blush”. Front. Plant Sci. 10, 1098. doi: 10.3389/
fpls.2019.01098

Hatamizadeh, A., Tang, Y., Nath, V., Yang, D., Myronenko, A., Landman, B., et al.
(2022). UNETR: transformers for 3D medical image segmentation. in Proc. WACV.
(Waikoloa, HI, USA: IEEE), 1748-1758. doi: 10.1109/WACV51458.2022.00181

Hayes, R. A., Rebolleda-Gomez, M., Butela, K., Cabo, L. F., Cullen, N., Kaufmann, N.,
et al. (2021). Spatially explicit depiction of a floral epiphytic bacterial community
reveals role for environmental filtering within petals. MicrobiologyOpen 10 (1), e1158.
doi: 10.1002/mbo3.1158

Frontiers in Plant Science

10.3389/fpls.2024.1389902

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’'s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fpls.2024.1389902/

full#supplementary-material

He, K., Gkioxari, G., Dollar, P., and Girshick, R. (2017). “Mask R-CNN,” in Proc. of
ICCV. (Venice, Italy: IEEE), 2980-2988. doi: 10.1109/ICCV.2017.322

Hsu, H.-C., Wang, C.-N,, Liang, C.-H., Wang, C.-C,, and Kuo, Y.-F. (2017).
Association between petal form variation and CYC2-like genotype in a hybrid line of
sinningia speciosa. Front. Plant Sci. 8, 558. doi: 10.3389/fpls.2017.00558

Huang, T., and Irish, V. F. (2015). Gene networks controlling petal organogenesis.
J. Exp. Bot. 67 (1), 61-68. doi: 10.1093/jxb/erv444

Ijiri, T., Owada, S., Okabe, M., and Igarashi, T. (2005). Floral diagrams and
inflorescences: Interactive flower modeling using botanical structural constraints.
ACM TOG 24 (3), 720-726. doi: 10.1145/1073204.1073253

Tjiri, T., Yoshizawa, S., Yokota, H., and Igarashi, T. (2014). Flower modeling via X-ray
computed tomography. ACM TOG 33 (4), 1-10. doi: 10.1145/2601097.2601124

Irish, V. F. (2008). The Arabidopsis petal: a model for plant organogenesis. Trends
Plant Sci. 13 (8), 430-436. doi: 10.1016/j.tplants.2008.05.006

Laradji, I, Rodriguez, P., Manas, O., Lensink, K., Law, M., Kurzman, L., et al. (2021).
“A weakly supervised consistency-based learning method for COVID-19 segmentation
in CT images,” in Proc. of WACV. (Waikoloa, HI, USA: IEEE), 2452-2461.
doi: 10.1109/WACV48630.2021.00250

Lee, H. J., Kim, J. U,, Lee, S., Kim, H. G, and Ro, Y. M. (2020). “Structure boundary
preserving segmentation for medical image with ambiguous boundary,” in Proc. of
CVPR. (Seattle, WA, USA: IEEE), 4816-4825. doi: 10.1109/CVPR42600.2020.00487

Leménager, M., Burkiewicz, J., Schoen, D. J., and Joly, S. (2023). Studying flowers in
3D using photogrammetry. New Phytol. 237 (5), 1922-1933. doi: 10.1111/nph.18553

Lin, T.-Y., Dollar, P., Girshick, R, He, K., Hariharan, B., and Belongie, S. (2017).
“Feature pyramid networks for object detection,” in Proc. of CVPR. (Honolulu, HI,
USA: IEEE), 936-944. doi: 10.1109/CVPR.2017.106

Lin, P, and Chen, Y. (2018). “Detection of strawberry flowers in outdoor field by
deep neural network,” in Proc. of ICIVC. (Chongging, China: IEEE), 482-486.
doi: 10.1109/ICIVC.2018.8492793

Lin, T.-Y., Maire, M., Belongie, S., Hays, J., Perona, P., Ramanan, D., et al. (2014).
“Microsoft COCO: Common objects in context,” in Proc. of ECCV. (Zurich,
Switzerland: Springer), 740-755. doi: 10.1007/978-3-319-10602-1_48

Loshchilov, I, and Hutter, F. (2017). “SGDR: stochastic gradient descent with warm
restarts,” in Proc. of ICLR. (Toulon, France), 1-16.

Loshchilov, I., and Hutter, F. (2019). “Decoupled weight decay regularization,” in
Proc. ICLR. (New Orleans, LA, USA) 1-10.

Masuzawa, N., Kitamura, Y., Nakamura, K., lizuka, S., and Simo-Serra, E. (2020).
“Automatic segmentation, localization, and identification of vertebrae in 3D CT images
using cascaded convolutional neural networks,” in Proc. MICCAI. (Lima, Peru:
Springer), 681-690. doi: 10.1007/978-3-030-59725-2_66

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fpls.2024.1389902/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fpls.2024.1389902/full#supplementary-material
https://doi.org/10.1007/978-3-030-30241-2_13
https://doi.org/10.1093/plcell/koae044
https://doi.org/10.1109/CVPR.2005.38
https://doi.org/10.1109/CVPR.2005.38
https://doi.org/10.1109/CVPR.2018.00644
https://doi.org/10.1109/CVPR.2019.00511
https://doi.org/10.48550/arXiv.1906.07155
https://doi.org/10.1109/CVPR.2019.00653
https://doi.org/10.1109/CVPR.2009.5206848
https://doi.org/10.3389/fpls.2019.01098
https://doi.org/10.3389/fpls.2019.01098
https://doi.org/10.1109/WACV51458.2022.00181
https://doi.org/10.1002/mbo3.1158
https://doi.org/10.1109/ICCV.2017.322
https://doi.org/10.3389/fpls.2017.00558
https://doi.org/10.1093/jxb/erv444
https://doi.org/10.1145/1073204.1073253
https://doi.org/10.1145/2601097.2601124
https://doi.org/10.1016/j.tplants.2008.05.006
https://doi.org/10.1109/WACV48630.2021.00250
https://doi.org/10.1109/CVPR42600.2020.00487
https://doi.org/10.1111/nph.18553
https://doi.org/10.1109/CVPR.2017.106
https://doi.org/10.1109/ICIVC.2018.8492793
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1007/978-3-030-59725-2_66
https://doi.org/10.3389/fpls.2024.1389902
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Naka et al.

Mu, X, He, L., Heinemann, P., Schupp, J., and Karkee, M. (2023). Mask R-CNN
based apple flower detection and king flower identification for precision pollination.
Smart Agric. Technol. 4, 100151. doi: 10.1016/j.atech.2022.100151

Najjar, A., and Zagrouba, E. (2012). “Flower image segmentation based on color
analysis and a supervised evaluation,” in Proc. of ICCIT. (Hammamet, Tunisia: IEEE),
397-401. doi: 10.1109/ICCITechnol.2012.6285834

Nilsback, M.-E,, and Zisserman, A. (2010). Delving deeper into the whorl of flower
segmentation. Irnage Vision Computing 28 (6), 1049-1062. doi: 10.1016/j.imavis.2009.10.001

Schindelin, J., Arganda-Carreras, I, Frise, E., Kaynig, V., Longair, M., Pietzsch, T.,
et al. (2012). Fiji: an open-source platform for biological-image analysis. Nat. Methods
9, 676-682. doi: 10.1038/nmeth.2019

Shan, H., Cheng, J., Zhang, R., Yao, X,, and Kong, H. (2019). Developmental
mechanisms involved in the diversification of flowers. Nat. Plants 5, 917-923.
doi: 10.1038/s41477-019-0498-5

Shimoki, A., Tsugawa, S., Ohashi, K., Toda, M., Maeno, A., Sakamoto, T., et al.
(2021). Reduction in organ-organ friction is critical for corolla elongation in morning
glory. Commun. Biol. 4, 285. doi: 10.1038/542003-021-01814-x

Sun, K., Wang, X, Liu, S., and Liu, C. (2021). Apple, peach, and pear flower detection
using semantic segmentation network and shape constraint level set. Comput. Electron.
Agric. 185, 106150. doi: 10.1016/j.compag.2021.106150

Szlachetko, D., Mytnik, J., and Baranow, P. (2009). Telipogon szmiti (Orchidaceae,

Telipogoneae), a new species from Southern Ecuador. Biodiversity: Res. Conserv. 15, 9—
12.

Tian, Y., Yang, G., Wang, Z,, Li, E., and Liang, Z. (2020). Instance segmentation of
apple flowers using the improved mask R-CNN model. Biosyst. Eng. 193, 264-278.
doi: 10.1016/j.biosystemseng.2020.03.008

Wang, Y., Wei, X,, Liu, F., Chen, J., Zhou, Y., Shen, W., et al. (2020). “Deep distance
transform for tubular structure segmentation in CT scans,” in Proc. of CVPR. (Seattle,
WA, USA: IEEE), 3832-3841. doi: 10.1109/CVPR42600.2020.00389

Wang, Y., Zhuang, H., Shen, Y., Wang, Y., and Wang, Z. (2021). The dataset of
camellia cultivars names in the world. Biodiversity Data ]. 9, 61646. doi: 10.3897/
BDJ.9.e61646

Whitney, H. M., and Glover, B. J. (2007). Morphology and development of floral
features recognised by pollinators. Arthropod-Plant Interact. 1, 147-158. doi: 10.1007/
511829-007-9014-3

Frontiers in Plant Science

11

10.3389/fpls.2024.1389902

Xie, S., Girshick, R., Dollar, P, Tu, Z,, and He, K. (2017). “Aggregated residual
transformations for deep neural networks,” in Proc. of CVPR. (Honolulu, HI, USA: IEEE),
5987-5995. doi: 10.1109/CVPR.2017.634

Yang, H., Zhen, X., Chi, Y., Zhang, L., and Hua, X.-S. (2020). “CPR-GCN:
conditional partial-residual graph convolutional network in automated anatomical
labeling of coronary arteries,” in Proc. of CVPR. (Seattle, WA, USA: IEEE), 3802-3810.
doi: 10.1109/CVPR42600.2020.00386

Yao, X., Zhang, W., Duan, X, Yuan, Y., Zhang, R, Shan, H,, et al. (2019). The making
of elaborate petals in Nigella through developmental repatterning. New Phytol. 223 (1),
385-396. doi: 10.1111/nph.15799

Yu, Q. Yang, D., Roth, H,, Bai, Y., Zhang, Y., Yuille, A. L, et al. (2020). “C2FNAS:
coarse-to-fine neural architecture search for 3D medical image segmentation,” in Proc.
of CVPR. (Seattle, WA, USA: IEEE), 4125-4134. doi: 10.1109/CVPR42600.2020.00418

Zagrouba, E., Ben Gamra, S., and Najjar, A. (2014). Model-based graph-cut method
for automatic flower segmentation with spatial constraints. Image Vision Computing 32
(12), 1007-1020. doi: 10.1016/j.imavis.2014.08.012

Zeng, J., Wang, X,, and Sun, K. (2021). “Segmentation of oilseed rape flowers based
on HSI color space and local region clustering,” in Proc. of the International Confefernce
on New Developments of IT, IoT and ICT Applied to Agriculture. (online: Springer),
227-232. doi: 10.1007/978-981-15-5073-7_24

Zhang, C,, Ye, M,, Fu, B,, and Yang, R. (2014). “Data-driven flower petal modeling
with botany priors,” in Proc. of CVPR. (Columbus, OH, USA: IEEE), 636-643.
doi: 10.1109/CVPR.2014.87

Zhang, J., Zhou, H., Niu, Y., Lv, J., Chen, J., and Cheng, Y. (2021). CNN and multi-
feature extraction based denoising of CT images. Biomed. Signal Process. Control 67,
102545. doi: 10.1016/j.bspc.2021.102545

Zheng, 7., Wang, P, Liu, W., Li, ], Ye, R, and Ren, D. (2020). “Distance-IoU Loss: Faster
and better learning for bounding box regression,” in Proc. of the AAAI Conference on
Artificial Intelligence, 34 (07), 12993-13000. doi: 10.1609/aaai.v34i07.6999

Zhou, Y., Li, Z., Bai, S., Chen, X., Han, M., Wang, C, et al. (2019). “Prior-aware
neural network for partially-supervised multi-organ segmentation,” in Proc. of ICCV.
(Seoul, Korea (South): IEEE), 10671-10680. doi: 10.1109/ICCV.2019.01077

Zhou, Y., Huang, L., Zhou, T., and Shao, L. (2021). “CCT-net: category-invariant
cross-domain transfer for medical single-to-multiple disease diagnosis,” in Proc. of
ICCV. (Montreal, QC, Canada: IEEE), 8240-8250. doi: 10.1109/
ICCV48922.2021.00815

frontiersin.org


https://doi.org/10.1016/j.atech.2022.100151
https://doi.org/10.1109/ICCITechnol.2012.6285834
https://doi.org/10.1016/j.imavis.2009.10.001
https://doi.org/10.1038/nmeth.2019
https://doi.org/10.1038/s41477-019-0498-5
https://doi.org/10.1038/s42003-021-01814-x
https://doi.org/10.1016/j.compag.2021.106150
https://doi.org/10.1016/j.biosystemseng.2020.03.008
https://doi.org/10.1109/CVPR42600.2020.00389
https://doi.org/10.3897/BDJ.9.e61646
https://doi.org/10.3897/BDJ.9.e61646
https://doi.org/10.1007/s11829-007-9014-3
https://doi.org/10.1007/s11829-007-9014-3
https://doi.org/10.1109/CVPR.2017.634
https://doi.org/10.1109/CVPR42600.2020.00386
https://doi.org/10.1111/nph.15799
https://doi.org/10.1109/CVPR42600.2020.00418
https://doi.org/10.1016/j.imavis.2014.08.012
https://doi.org/10.1007/978-981-15-5073-7_24
https://doi.org/10.1109/CVPR.2014.87
https://doi.org/10.1016/j.bspc.2021.102545
https://doi.org/10.1609/aaai.v34i07.6999
https://doi.org/10.1109/ICCV.2019.01077
https://doi.org/10.1109/ICCV48922.2021.00815
https://doi.org/10.1109/ICCV48922.2021.00815
https://doi.org/10.3389/fpls.2024.1389902
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

	Petal segmentation in CT images based on divide-and-conquer strategy
	1 Introduction
	2 Related work
	2.1 Flower segmentation
	2.2 Flower modeling
	2.3 CT image segmentation

	3 Materials and methods
	3.1 C. japonica flower CT data
	3.2 Proposed segmentation method
	3.2.1 Image cropping
	3.2.2 Segmentation of the cropped images
	3.2.3 Integration of the segmentation results


	4 Experiment
	4.1 Experimental setting
	4.2 Results

	5 Discussion
	6 Conclusion
	Data availability statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Publisher’s note
	Supplementary material
	References


