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Abstract

With the development of hybrid imaging scanners, micro-CT is widely used in locating
abnormalities, studying drug metabolism, and providing structural priors to aid image recon-
struction in functional imaging. Due to the low contrast of soft tissues, segmentation of soft
tissue organs from mouse micro-CT images is a challenging problem. In this paper, we pro-
pose a mouse segmentation scheme based on dynamic contrast enhanced micro-CT
images. With a homemade fast scanning micro-CT scanner, dynamic contrast enhanced
images were acquired before and after injection of non-ionic iodinated contrast agents
(iohexol). Then the feature vector of each voxel was extracted from the signal intensities at
different time points. Based on these features, the heart, liver, spleen, lung, and kidney
could be classified into different categories and extracted from separate categories by mor-
phological processing. The bone structure was segmented using a thresholding method.
Our method was validated on seven BALB/c mice using two different classifiers: a support
vector machine classifier with a radial basis function kernel and a random forest classifier.
The results were compared to manual segmentation, and the performance was assessed
using the Dice similarity coefficient, false positive ratio, and false negative ratio. The results
showed high accuracy with the Dice similarity coefficient ranging from 0.709 + 0.078 for the
spleen to 0.929 + 0.006 for the kidney.

Introduction

Multi-modality imaging techniques have been widely used in preclinical research owing to
their advantage in providing complementary information. As a predominant structural imag-
ing modality, micro-CT has often been combined with various functional imaging modalities
including positron emission tomography (PET) [1], single photon emission computed tomog-
raphy (SPECT) [2], and optical imaging such as fluorescence molecular tomography (FMT)
[3] and bioluminescence tomography (BLT) [4]. In a hybrid imaging system combining FMT
and micro-CT, the anatomical information provided by micro-CT can be used to locate the
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fluorophore distribution as a reference [3], construct a more accurate solution to the forward

problem [5, 6], and reduce the ill-posedness of the inverse problem by locating borders where
the optical characteristics might change [6, 7]. Thus, it is necessary to obtain the locations and
boundaries of internal organs in mouse micro-CT images.

Unfortunately, the numerous segmentation methods proposed for clinical CT images [8-
10] can hardly be applied in micro-CT, in which the contrast-to-noise ratio is significantly
reduced by the low radiation dose delivered to the small animals [11]. Since the low soft tissue
contrast limits the segmentation of mouse internal organs from micro-CT images, many stud-
ies have used atlas-based registration methods to help estimating the internal organs instead of
accurate segmentation. Most of these methods use high-contrast organs to register the atlas to
individual subjects. The low-contrast organs are subsequently estimated. A method that took
special care of the skeleton was presented in Li et al. [12]. They non-rigidly registered center-
line representations of skeletons and used the correspondences to define a Thin-Plate-Spline
(TPS) mapping. Baiker et al. [13] used skin, skeleton, and lung together as aligning features.
To overcome large variations in posture, they developed an articulated skeleton atlas. The indi-
vidual bones as well as lung were registered one by one. The skin was initialized constrained
by the skeleton. Then a TPS based transformation was obtained and used for atlas mapping.
Similarly, a 3-D shape context-based nonrigid registration method was proposed to register
skeleton, lung, and skin, and a thin-plate-spline (TPS) transformation was built to map all
organs [14]. Wang et al. [15] constructed a statistical atlas based on multiple training subjects
to include inter-subject anatomical variations. Thus, the proposed statistical shape model and
conditional Gaussian model-based image registration method yielded higher accuracy. They
also presented a fully articulated atlas based on multiple training subjects [16].

Besides atlas-based registration, several authors perform accurate segmentation for analyz-
ing organs quantitatively in normal and diseased model, providing a heterogeneous tissue
model for optical tomography reconstruction, and so on. Freyer et al. [17] identified bone
structures, lung, and heart with a conventional thresholding method, seed growing algorithm,
and a static heart model, respectively. To segment more low-contrast soft tissues, researchers
used iodinated lipid emulsion contrast agents [18] or nanoparticulate contrast agents [19]
to enhance the contrast. Thus, organs can be segmented accurately with conventional
approaches. These agents are always expensive and unavailable. The low clearance rate of this
type of agent limits its applications in hybrid imaging systems because the residual contrast
agents may influence the functional imaging. In addition, if the functional imaging is per-
formed before administration or after the clearance of contrast agents, the dual-modal imaging
need to be implemented separately. Thus, the structural image provided by the enhanced
micro-CT cannot be merged directly with the functional image, and image registration is
needed.

To overcome these limitations, we advocate a new segmentation scheme based on different
dynamic enhancement characteristics between organs after injection of a non-ionic iodinated
contrast agent. The non-ionic iodinated contrast agents have advantages of low cost, low toxic-
ity, easy availability, and high clearance rate. They have been widely used in preclinical studies
such as vascular imaging [20-22] and tumor angiogenesis [23, 24]. The technique of dynamic
contrast enhancement have been used in computer-aided diagnosis of breast lesions [25] and
tumor segmentation in magnetic resonance imaging (MRI) [26, 27]. This technique used for
mouse micro-CT image segmentation would provide a practical solution to extract structural
priors from micro-CT images for optical tomography reconstruction in the dual-modality
system.

The segmentation scheme based on the dynamic contrast enhancement method is shown
in Fig 1. Iohexol, a non-ionic iodinated contrast agent, is injected via a tail vein of the mouse.
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Fig 1. Flow chart of the image segmentation scheme. The proposed segmentation algorithm includes five consecutive steps: DCE micro-CT images
acquisition, data dimension reduction, supervoxel generation, supervoxel classification, and target organs’ extraction.

doi:10.1371/journal.pone.0169424.9001

A homemade micro-CT is used to acquire the dynamic contrast enhanced (DCE) images.
Then, a principal component analysis (PCA) is performed to reduce data dimensions and
noise. Supervoxel generation is implemented to provide primitives for classification. Subse-
quently, supervised learning algorithms are used to classify the supervoxels into different cate-
gories according to the supervoxels’ signal intensities at different time points. The heart, liver,
spleen, lung, and kidney are extracted separately from the corresponding categories through
morphological processing. The bone is segmented by a thresholding method. Finally, all
organs were integrated, forming an intact mouse anatomy. The method was validated on
seven BALB/c mice and two different classifiers.

Materials and Methods
Ethics statement

All of the experiments were conducted in accordance with the Institutional Animal Care and
Use Committee of Hubei Province. The protocol was approved by the Institutional Animal
Care and Use Committee at Tongji Medical College, Huazhong University of Science and
Technology (Permit Number: 452). All efforts were made to minimize suffering during the
study procedure.

Image acquisition

We used a homemade gantry rotation micro-CT system to acquire the DCE images. The sys-
tem consists of a micro-focus X-ray tube (Apogee 93501, Oxford Instrument, U.S.) and a com-
plementary metal-oxide-semiconductor (CMOS) based flat-panel detector (Dexela 1512,
PerkinElmer, U.K.) that are fixed on a rotation stage (ADRT-260-180, Aerotech, U.S.). The
mouse position is adjustable using a three-dimensional translational platform. Source-to-
detector distance and source-to-object distance are 632.1 mm and 332.7 mm, respectively,
contributing to a magnification factor of 1.9. The field of view is 60.5 mm in diameter and 76.5
mm in length.

The heart rate of mice is several times greater than that of humans. Consequently, the
non-ionic iodinated contrast agents could be cleared from the vessels of mice in several min-
utes. In order to acquire DCE images, the scanner was operated using the following high
temporal resolution settings: X-ray tube settings of 50 kVp and 800 pA with 1 mm aluminum
filter, a 40 ms exposure time per projection, 400 projections, a 360° continuous rotation, a
binning factor of 4, and no gating. Without a sliding ring, each scan ultimately took about 45
s. All images were reconstructed using the Feldkamp’s filtered back-projection algorithm
accelerated by a GPU [28], resulting in a matrix size of 200x200x450 with an isotropic voxel
size of 157.5 pm.

Seven female BALB/c mice with body weights ranging from 14 to 18 g were used for dem-
onstration of the proposed method. A dose of 1 g/kg urethane and 0.2 g/kg a-chloralose
was administered intraperitoneally to anesthetize the mouse. Then, a polyethylene catheter,
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connected with a needle at one end and the tube of a 1 ml syringe at the other end, was inserted
into the lateral tail vein and fixed with tape for contrast agent delivery. Each mouse lay prone
on the sample holder. The tail with the needle and catheter was kept outside the scanner’s field
of view. Dynamic image sequence was acquired using the following protocol: after acquisition
of the pre-contrast series, iohexol (300 mg I/ml, GE, Shanghai, China) was administrated by a
syringe pump (KDS 210, KD scientific, Holliston, MA, USA) at a dose of 25 ul/g and a constant
injection duration of 45 s, triggered at the start of the first post-contrast scan. A total of five
post-contrast series were obtained with an interval of 50 s. Following the scanning process,
mice were revived on a heating pad and returned to their home cages.

During the image acquisition process, some motion, due to breathing and cardiac motions,
is likely to occur. Although algorithms [29, 30] exist to correct the motion, no registration
algorithms were used in this study.

Principal component analysis

As a simple and nonparametric method, principal component analysis (PCA) can be used to
reduce the dimensionality of large multivariate datasets and retain the variability at the same
time through constructing new uncorrelated variables, namely principal components (PCs)
[31]. For each mouse, we reshaped the 3-D image matrix at one time point to a column vector
and organized the six column vectors from six time points into a two-dimensional matrix, I-
(X, t), with the individual signal versus time curves in its rows (X depicting spatial location and
t depicting time). PCA decomposes I into the product of two parts: one of the parts consists of
the PCs, which are orthonormal and ordered by decreasing amounts of the variability they rep-
resent; the other part is named scores and consists of the weights of each PC in the original
data.

We chose the first four PCs, which explained more than 99% of total variability in I, result-
ing in a new dataset consisting of four scores for each voxel. Thus, the feature dimension
reduced from six to four. Then, for each PC, the corresponding scores for the volume were
normalized between [0, 1] and reshaped reversely to a 3-D image matrix for subsequent super-
voxel generation. The advantage of the PCA here is its ability to remove the effects of noise
and also to accelerate the following supervoxel generation and classification by reducing fea-
ture dimensions.

Supervoxel generation

Superpixel/supervoxel algorithms provide a convenient primitive to increase the granularity
and overcome the influence of noise effectively. Furthermore, superpixels capture the local
redundancy and reduce the computational complexity for further processing. The simple lin-
ear iterative clustering algorithm (SLIC) [32] was used in this research. The SLIC algorithm
adapts a k-means clustering approach to generate 3-D supervoxels. This algorithm has been
shown to be a fast method with good performance. SLIC initializes k cluster centers by sam-
pling the grid regularly with distance S = {/N/k in all three dimensions, where N denotes
the number of voxels. Next, the centers are moved to the lowest gradient position in a 3x3x3
neighborhood, followed by iterative clustering. A distance function is defined, combining the
spatial and intensity proximity of voxels within a limited 25x25x2S region. Ultimately, post
processing is applied to enforce connectivity.

The SLIC was extended to an n-feature image to enable extraction of supervoxels from
DCE micro-CT images [26]. A distance function combining feature distance and spatial
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distance was defined as follows:

D= + (1)

where bjy is the score of the jth voxel corresponding to the kth PC, (x;;, X;, x;3) is the 3-D coor-
dinate of the jth voxel, and m is a constant allowing us to weigh the relative importance
between color similarity and spatial proximity. Normalizing the spatial proximity and feature
similarity by S and m allows the distance measurement to combine these quantities, which
have very different ranges. S and m provide control over the size and compactness of the super-
voxels, respectively.

As presented above, we used n = 4 components, and the scores were between [0, 1]. In our
experiments, S was chosen to be 8 by qualitatively assessing the ability of the supervoxel algo-
rithm to correctly separate thin structures, and m was chosen to be 0.02 empirically to provide
a good boundary adherence.

Supervoxel classification

After the supervoxels were generated, they were classified into different categories according
to the signal intensities at different time points, which were represented by the scores of the
first four PCs as previously mentioned. The mean value of all voxels in each supervoxel were
calculated and used as the feature vectors. Based on the characteristics of the acquired DCE
images, we planned to classify the image into ten categories, which were expected to corre-
spond to heart, liver, spleen, lung, kidney, bone, intestinal wall, intestinal cavity, subcutaneous
fat and muscle, and some small regions that adhere to skin that showed irregular changes
because of physiologic motion. The training sets were recognized and selected manually from
the images to be segmented. In consideration of the organ heterogeneity, for each category, the
training set must contain supervoxels from different parts. For example, some supervoxels
from the renal parenchyma and renal pelvis were both selected and labeled as kidney in the
training set. In order to evaluate the influence of the training sample size, classifications using
different numbers of training samples were compared.

The classification was performed with two different classifiers: a support vector machine
(SVM) classifier with radial basis function (RBF) kernel and a random forest (RF) classifier.

SVM classifier with RBF kernel: SVM has strong generalization ability and presents advan-
tages in solving small sample, nonlinear, and high dimension pattern recognition problems.
An open source library LIBSVM [33] was used in our research. The cost parameter, C, and the
shape parameter, ¥, of the RBF kernel function were found using a grid search. Twenty-one
different C-values, ranging from 27° to 2'°, and 31 different y-values, ranging from 27"* to 2'°,
were tested, using a 5-fold cross-validation. The (C, y)-pair that gave the smallest misclassifica-
tion fraction was chosen for the SVM model. The probability estimates were generated from
the SVM decision function.

Random forest (RF) classifier: The RF classifier was included since it incorporates feature
selection as a part of its learning and classification algorithms [34]. RF classifiers do not overfit
because of the law of large numbers. A RF is an ensemble of decision trees. The number of fea-
tures selected at each node is recommended to be much less than the total number of features.
Therefore, we set it to 2 to ensure the ability of a single decision tree. In addition, we tested the
number of trees by 5-fold cross-validation and found 500 trees were enough to ensure the
accuracy. The likelihood given by the classifier is computed by averaging the output over all
the trees.
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Objects extraction and integration

The value for each supervoxel was used as the values for all voxels in the supervoxel. For both
classifiers, instead of directly using the classification results, the probabilistic outputs were
used. A Gaussian filter was applied on the probability maps, and the voxels were finally labeled
to the class with maximum probability. Given that the initial interval, S, for supervoxel genera-
tion was set to be 8 voxels, we used a 9x9x9 Gaussian filter with o = 3.

The final step of our approach is to extract the organs from the corresponding classes by a
simple post-processing procedure and then integrate them. For the heart, liver, spleen, lung,
and kidney, the procedure was the same. First, a binary image was obtained from the classifica-
tion results. Then, an object opening using a disk-shaped structure element with a radius of 2
voxels was implemented. Finally, an 8-neighborhood connected component analysis was
applied, and holes in the objects were filled.

The bone has many tiny structures. Therefore, it cannot be obtained exactly using a similar
procedure. Fortunately, the bone segmentation can be performed on images by a simple
thresholding method. Due to the physiological motion, the bone might have small position
displacements between different images. For the pre-contrast image, the threshold could be
simply determined by the histogram. For the post-contrast images, to avoid the influence of
other enhanced organs, the region of interest should be determined in advance by dilating the
segmented bone in the pre-contrast image. Then, the threshold segmentation could be imple-
mented in this region.

The subcutaneous fat and muscle and the intestine could not be classified and extracted
successfully in this research due to their less prominent enhancement characteristics and ana-
tomical characteristics. After all target organs had been extracted separately, they were inte-
grated into a whole mouse volume of data, and overlaps were eliminated. The priority order
was bone, kidney, lung, liver, heart, and spleen, and this order was decided according to the
segmentation accuracy and stability.

Validation of the image segmentation

To evaluate our algorithm, we compared the results to the reference datasets segmented manu-
ally. In order to quantify the intra-operator variability of manual segmentation, two manual
segmentation repetitions were carried out by one expert. For inter-operator variability, a com-
parison was performed between the segmentation results of two experts. Therefore, a total of
three manual segmentations were achieved, which we called M1, M2, and M3, respectively.
M1 and M2 were from the first expert, and M3 was from the second expert.

The manual segmentation was performed mainly based on the post-contrast image at 100 s
on a 3-D visualization and analysis software platform (Amira, version 5.2.2, Germany). Three
metrics, Dice similarity coefficient (DSC), false positive ratio (FPR), and false negative ratio
(FNR), were used for accuracy assessment. They are defined as follows:

2XN Y|
DSC: L 2)
1X] + Y]
XUyY|—|y
ppr: XY= (3)
Y|
XUY|—X|
FNR: ——— 2 (4)
Y]
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where X and Y represent the segmented dataset and the reference dataset, respectively, and |s|
denotes the number of voxels.

DSC measures the similarity between the two datasets and is a more general measure for
accuracy. FPR indicates the percentage of voxels of the segmented data that do not belong to
reference data, while FNR indicates the percentage of voxels of the reference data that are not
contained by segmented data.

Results
Image acquisition

The images before and after contrast agent administration are shown in Fig 2A. The image at 0
s represented the first post-contrast image acquired during the inflow of contrast agent. Fig 2B
represents the relative signal enhancement versus time curves of the regions whose centers
were marked by arrows with same color as in Fig 2A. The relative signal enhancement at a spe-
cific time point ¢ is defined as follows:

(5)

where T and T, represent the intensity of pre-contrast and post-contrast at time point ,
respectively. To avoid the influence of noise, we used the mean intensity of a region containing
100 voxels to calculate R,. The curves demonstrate that the heart is enhanced immediately after
injection, and the intensity of the kidney remains high for a longer time. The intensity of the
spleen has a steeper drop in intensity than the liver. The subcutaneous muscle and the intesti-
nal cavity have little enhancement.

In our experiments, all mice tolerated the injection of 25 pl/g of iohexol, and no immediate
behavioral changes were observed. As to the radiation dose, the exposure time was so short
that the radiation dose was still very low even though we scanned six times for each mouse.
We measured the radiation dose in a mouse carcass with a thermoluminescence dosimeter
(CTLD-1000). The detector was calibrated at the National Institute of Metrology of P. R.
China. The total dose of six scans is 53.52 mGy, which is only about 1% of the LD50/30 for a
small rodent [11].

Supervoxel generation

Fig 3 shows the supervoxel generated by the distance function and parameters we chose in this
research. The green curves denote the boundaries of supervoxels, and the three panels repre-
sent three axial slices containing different anatomic structures. It could be seen that the super-
voxels adhere well to the organ boundaries. Note that supervoxels are 3-D, yet the figure shows
three different 2-D slices of supervoxels.

Influence of the number of training samples

We used a different number of training samples for classification and evaluated the influence
of the number of training samples on the accuracy of our segmentation method. The test to
evaluate the influence of the number of training samples was performed on one mouse. First,
for each of the ten categories, a relatively large number of supervoxels (Table 1) were recog-
nized from the enhanced images and chosen manually to constitute the total data set. Next,
five subsets that contained 10%, 30%, 50%, 70%, and 90% of the total number of each category
were used as training sets. For each subset, the samples were selected randomly and repeated
five times. Finally, these training sets were used for classification, and the target organs were
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Fig 2. Dynamic contrast enhancement procedure after contrast agent administration. (A) Representative
coronal micro-CT images before contrast agent injectionand at0s, 50 s, 100 s, 150 s, and 200 s post-contrast
injection. The image at 0 s was acquired during the inflow of contrast agent. All of the images are displayed with the
same gray scale window. (B) The relative signal enhancement versus time curves of regions depicted by the arrows
in (A) with the same colors.

doi:10.1371/journal.pone.0169424.9002

extracted by post-processing. Table 1 lists the number of supervoxels for each category in the
total data set. The means and standard deviations of the Dice similarity coefficients compared
with M1 for each training number are plotted in Fig 4 and listed in S1 Table. Apparently, the
SVM results in a low accuracy for the spleen when the training sample size is too small. In
addition, the RF could not extract the lung successfully due to its connection with subcutane-
ous tissue being misclassified. This happened once when 10% of samples were chosen and
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Fig 3. Results of supervoxel generation shown in 2-D axial slices. The green denotes the boundaries of
supervoxels. (A) Axial slice of thorax containing the heart and lung. (B) Axial slice of upper abdomen
containing the liver and spleen. (C) Axial slice of lower abdomen containing the kidney and intestine.

doi:10.1371/journal.pone.0169424.9003

twice when 30% of samples were chosen. The corresponding DSC values were excluded. In
other cases, the number of training samples has little influence on the final results.

Visual assessment of segmentation results

Fig 5 and S1-S3 Movies show a 3-D isosurface rendering of organs obtained by manual seg-
mentation (M1) and our automatic segmentation using the SVM and RF. Fig 6 shows the seg-
mented organ boundaries superimposed on contrast-enhanced images. Coronal and sagittal
slices are presented. The segmentation of the lung and kidney were highly consistent with the
ground truth. The heart and liver seemed to be influenced by large blood vessels, such as the
posterior vena cava. In addition, the spleen had a larger region than the ground truth.

Quantitative assessment of segmentation results

According to the evaluation results of the influence of the training sample size, the training
sample size used for all seven mice in our research was equivalent to about 50% of the total
number. The quantitative evaluation of our method based on the two different classifiers is
listed in S2 Table and illustrated in Fig 7. The mean values and standard deviations of DSC,
FPR, and FNR are plotted. ‘SM1” and ‘RM1’ represents the comparison of the automatic seg-
mentation by SVM and RF with the manual segmentation (M1), respectively. ‘M1M3’ quanti-
fies the inter-operator variability by comparing the manual segmentations of two independent
experts. M3 was taken as reference dataset to compute the FPR and FNR. Similarly, ‘M1M2’
quantifies the intra-operator variability by comparing two manual segmentation repetitions of
one expert, taking the M2 as reference dataset. For the DSC, a mean value closer to 1 means
better accuracy. However, for the FPR and FNR, a mean value closer to 0 means better accu-
racy. The two classifiers yield similar DSC values that are above 0.700 for all organs, which
means our results and the ground truth are in good correspondence [35]. The highest accuracy

Table 1. Number of supervoxels for each category chosen to constitute the total data set.

Category Heart Spleen Kidney Intestinal wall Subcutaneous fat and muscle
Number 36 19 36 60 76
Category Liver Lung Bone Intestinal cavity Small regions adhering to skin
Number 54 40 34 60 36

doi:10.1371/journal.pone.0169424.t001
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Fig 4. Influence of the number of training samples on segmentation accuracy. 10%, 30%, 50%, 70%, and 90% of the total samples of
each category were selected randomly from the total data set and consisted of training sets for classification. Each case was repeated five
times. The means and standard deviations of Dice similarity coefficients for the heart, liver, spleen, lung, and kidney were calculated
(compared with M1). (A) The DSC of the organs classified by SVM. (B) The DSC of the organs classified by RF. For the lung, one value at 10%
and two values at 30% were excluded from statistics because it failed to extract the lung by post-processing.

doi:10.1371/journal.pone.0169424.9004

left lateral view posterior view

Manual

SVM

RF

Fig 5. Visual comparison of the segmentation results with the reference datasets, shown in 3-D isosurface rendering. Left column: left lateral
view. Right column: posterior view. Top row: manual segmentation (M1). Middle row: segmentation obtained by the SVM. Bottom row: segmentation
obtained by the RF.

doi:10.1371/journal.pone.0169424.9005
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Fig 6. Visual comparison of the segmentation results with the reference datasets, shown in 2-D images. The organ boundaries of
manual segmentation (M1) and automatic segmentation based on the SVM and the RF are superimposed on two coronal images (A, B) and
two sagittal images (C, D).

doi:10.1371/journal.pone.0169424.9006

is obtained for the kidney with a DSC of 0.929, a slightly lower than the DSC between two
operators (0.949). Moreover, for the lung, the variability between the automatic and manual
segmentation (0.904) is comparable to the inter-operator variability (0.908). Worse result is
obtained for the spleen with a low DSC value of 0.709. For the bone, the manual segmentation
was only performed in M1. Compared to M1, the bone segmented by the thresholding method
yielded a large DSC of 0.925 + 0.013. The FPR and FNR were 0.083 + 0.041 and 0.068 + 0.032,
respectively.

In order to evaluate the significance of difference between the SVM and RF, a Wilcoxon
rank sum test for ‘SM1’” vs ‘RM1’ was performed with each organ for each of the three accuracy
values. Most of the tests yielded results of p > 0.05, with only three exceptions: the results of
the heart FPR and FNR were p = 0.0233 and p = 0.0122, respectively, and the result of the
spleen FNR was p = 0.0262.
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Fig 7. Quantitative evaluation of the proposed methods by comparison to manual segmentation. ‘SM1’
and ‘RM1’ represents the comparison of the automatic segmentation by SVM and RF with the manual
segmentation (M1), respectively. ‘M1M3’ compares the manual segmentations of two independent experts.
‘M1M2’ compares two manual segmentation repetitions of one expert. (A) Dice similarity coefficient. (B) False
positive ratio. (C) False negative ratio. (* Indicates p < 0.05.)

doi:10.1371/journal.pone.0169424.9g007

Discussion and Conclusions

In this manuscript, we proposed a robust automatic segmentation framework for mice based
on DCE micro-CT images. Firstly, DCE images were acquired by a homemade micro-CT sys-
tem. Then, PCA was used to reduce data dimensions, and the image was over-segmented to
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supervoxels. Subsequently, supervoxels were classified into different categories based on signal
enhancement characteristics. Finally, the heart, liver, spleen, lung, and kidney were achieved
by simple morphological post- processing, and the bone was segmented by a thresholding
method. Seven mice were used to validate the method.

Fig 4 illustrates the influence of training set size on the accuracy of segmentation. It is clear
that the spleen yields a very small DSC value by the SVM when the training set contains too
few samples. In addition, we found that the lung could not be extracted successfully by mor-
phological processing when the RF was applied with a small training set size. This result pro-
vides a guidance for decision in the training set size.

The quantitative evaluation demonstrates that our method has high accuracy. Judging from
the results of the Wilcoxon rank sum test for ‘SM1’ vs RMI’, the two classifiers, SVM with
RBF kernel and RF, yield similar DSC without significant difference. As shown in Fig 7, the
liver, lung, and kidney achieved remarkable high DSC values (>0.850) and low FPR and FNR
values (<0.150), which indicates excellent agreement between the automatic segmentation
and manual segmentation, only a little worse than the agreements between two independent
manual segmentation. The heart yielded a suboptimal DSC value and a high FPR when it was
segmented based on the RF. The segmentation errors occurred mostly due to the influence
of large vessels close to the heart, which could be reduced by adjusting the parameter of post-
processing. For example, the radius of structure element used for object opening can be
increased to separate the vessels from the heart. The poor performance of the spleen segmenta-
tion was induced by its similar intensity change with surrounding tissues, such as pancreas.

In addition, due to its small size, small disagreement would lead a great decrease of the DSC
value, which could be proved by the large inter- and intra-operator variability of the spleen
manual segmentation. The bone segmented by a thresholding method produced a large DSC
value of 0.925 + 0.013.

To date, many efforts have been made to improve the accuracy of atlas-based registrations
[12-16]. The performance of registration methods is highly dependent on the relationship
between the atlas and the animals. Different strains of the animals need a different atlas. To
mitigate individual differences of animals from the same strain, a large number of the animal
model must be included, and the posture of the animals must be the same. Baiker et al. [13]
had developed an articulated skeleton atlas to overcome large variations in posture. However,
the result still had poor accuracy. The DSC between manually segmented and interpolated
organs varied between 0.470 + 0.080 for the kidneys and 0.730 + 0.040 for the brain, which is
far lower than our accuracy. A statistical atlas based on 45 training subjects was constructed by
Wang et al. [15] and used to yield high accuracy registration. The lung and heart had a DSC as
high as 0.900. However, for the abdominal organs, the DSC was below 0.800. The spleen only
had a DSC of 0.450. In contrast, our method has the advantages of simple algorithms and high
accuracies without restriction of variety for individual differences and postures of the animals.
Except for atlas-based registrations, a few studies on accurate segmentation of whole mice CT
images are found in literatures [17-19]. The small-animal-dedicated contrast agents, such as
iodinated lipid emulsion contrast agents [18] and nanoparticulate contrast agents [19], are
often expensive and unavailable. Moreover, due to the low clearance rate, this kind of agent is
not suitable for daily repeated imaging and multi-modality imaging. Many simulations [6, 18,
36], phantom experiments [7, 37], and ex vivo experiments [6, 38] have proved that the ana-
tomical structures extracted from micro-CT provided a priori for the FMT to reconstruct
images with accurate localization and quantification of fluorophore distribution. Owing to the
high clearance rate of the non-ionic iodinated contrast agents, the DCE micro-CT images can
be acquired immediately after the FMT imaging without moving the mice. Thus, the anatomi-
cal information and functional information can be merged directly according to the dual-
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modal system geometry. As a result, the proposed method could further promote in vivo
experiment researches in dual-modal micro-CT/FMT imaging.

It is worth noting that our method still has some limitations. First, no registration for the
4-D images is implemented to correct the breathing and cardiac motion. Second, our method
relies on the temporal resolution of the micro-CT scanner due to the rapid clearance rate of
the contrast agent. From the curves in Fig 2, we could conclude that a scanner with one-min-
ute temporal resolution is able to capture enough information of different organs in our
research for classification. In addition, the administered volume of contrast agent in our
research is relatively large, almost 30% of the LD50 [39]. Although all the mice in our experi-
ments tolerated this dose well and no immediate behavioral changes were observed, the
adverse effects were not further investigated. However, it can be expected that these limitations
will be overcome along with the fast development of the CT techniques. So far, some commer-
cially available scanners are fast enough and have been used in vascular imaging enhanced by
non-ionic iodinated contrast agents [21, 40]. High performance reconstruction methods,
which need fewer exposures, will also reduce the requirements of imaging speed and contrast
agents [41, 42].

Supporting Information

S1 Movie. 3-D isosurface rendering of organ volumes segmented manually. To allow clear
visualization, the bone has been removed.
(MPG)

$2 Movie. 3-D isosurface rendering of organ volumes segmented by SVM. To allow clear
visualization, the bone has been removed.
(MPG)

$3 Movie. 3-D isosurface rendering of organ volumes segmented by RF. To allow clear visu-
alization, the bone has been removed.
(MPG)

$1 Table. DSC values of different organs segmented by SVM and RF with different training
set size (compared to M1).
(XLS)

S2 Table. Three accuracy values, DSC, FPR, and FNR for ‘SM1’, ‘RMT’, ‘M1M?2’, and
‘M1M3’ of all seven mice.
(XLS)

S3 Table. The p values of the Wilcoxon rank sum test for ‘SM1’ vs ‘RM1’ performed with
each organ for each of the three accuracy values.
(XLS)

Acknowledgments

We are grateful to Guogiang Xu for mice tail vein injection and Benji Liang, Borui He,
Guangbin Ren, Shuaiyin Xu, Wentao Yuan, Xinfeng Wang, and Yongqiang Lv for manual
segmentation.

Author Contributions
Conceptualization: XY DY.

PLOS ONE | DOI:10.1371/journal.pone.0169424  January 6, 2017 14/17


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0169424.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0169424.s002
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0169424.s003
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0169424.s004
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0169424.s005
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0169424.s006

@° PLOS | ONE

Dynamic Contrast Enhanced Micro-CT Image Mouse Segmentation Method

Data curation: DY.

Formal analysis: DY.

Funding acquisition: QL ZZ XY.

Investigation: DY.

Methodology: DY XY.

Project administration: XY.

Resources: QL ZZ XY.

Software: DY.

Supervision: XY.

Validation: DY.

Visualization: DY.

Writing - original draft: DY.

Writing - review & editing: XY DY.

References

1.

10.

11.

Jan ML, Ni YC, Chen KW, Liang HC, Chuang KS, Fu YK. A combined micro-PET/CT scanner for small
animal imaging. Nucl Instrum Meth A. 2006; 569(2):314-8.

Franc BL, Acton PD, Mari C, Hasegawa BH. Small-animal SPECT and SPECT/CT: Important tools for
preclinical investigation. J Nucl Med. 2008; 49(10):1651-63. Epub 2008/09/15. doi: 10.2967/jnumed.
108.055442 PMID: 18794275

Yang XQ, Gong H, Quan GT, Deng Y, Luo QM. Combined system of fluorescence diffuse optical
tomography and microcomputed tomography for small animal imaging. Rev Sci Instrum. 2010; 81
(5):054304. doi: 10.1063/1.3422252 PMID: 20515159

Liu JT, Wang YB, Qu XC, Li XS, Ma XP, Han RQ, et al. In vivo quantitative bioluminescence tomogra-
phy using heterogeneous and homogeneous mouse models. Opt Express. 2010; 18(12):13102—13.
doi: 10.1364/0OE.18.013102 PMID: 20588440

Fu JW, Yang XQ, Meng YZ, Luo QM, Gong H. Data preprocessing method for fluorescence molecular
tomography using a priori information provided by CT. J Xray Sci Technol. 2012; 20(4):459-68. doi: 10.
3233/XST-2012-00352 PMID: 23324786

Ale A, Schulz RB, Sarantopoulos A, Ntziachristos V. Imaging performance of a hybrid X-ray computed
tomography-fluorescence molecular tomography system using priors. Med Phys. 2010; 37(5):1976-86.
Epub 2010/04/09. doi: 10.1118/1.3368603 PMID: 20527531

Barber WC, Lin Y, Nalcioglu O, lwanczyk JS, Hartsough NE, Gulsen G. Combined fluorescence and X-
Ray tomography for quantitative in vivo detection of fluorophore. Technol Cancer Res Treat. 2010; 9
(1):45-52. PMID: 20082529

Linguraru MG, Sandberg JK, Li ZX, Shah F, Summers RM. Automated segmentation and quantification
of liver and spleen from CT images using normalized probabilistic atlases and enhancement estimation.
Med Phys. 2010; 37(2):771-83. Epud 2010/01/25. doi: 10.1118/1.3284530 PMID: 20229887

Hu SY, Hoffman EA, Reinhardt JM. Automatic lung segmentation for accurate quantitation of volumetric
X-ray CT images. IEEE Trans Med Imaging. 2001; 20(6):490-8. doi: 10.1109/42.929615 PMID:
11437109

Ecabert O, Peters J, Schramm H, Lorenz C, von Berg J, Walker MJ, et al. Automatic model-based seg-
mentation of the heart in CT images. IEEE Trans Med Imaging. 2008; 27(9):1189-201. Epub 2008/04/
30. doi: 10.1109/TMI.2008.918330 PMID: 18753041

Ford NL, Thornton MM, Holdsworth DW. Fundamental image quality limits for microcomputed tomogra-
phy in small animals. Med Phys. 2003; 30(11):2869-77. Epub 2003/10/14. doi: 10.1118/1.1617353
PMID: 14655933

PLOS ONE | DOI:10.1371/journal.pone.0169424  January 6, 2017 15/17


http://dx.doi.org/10.2967/jnumed.108.055442
http://dx.doi.org/10.2967/jnumed.108.055442
http://www.ncbi.nlm.nih.gov/pubmed/18794275
http://dx.doi.org/10.1063/1.3422252
http://www.ncbi.nlm.nih.gov/pubmed/20515159
http://dx.doi.org/10.1364/OE.18.013102
http://www.ncbi.nlm.nih.gov/pubmed/20588440
http://dx.doi.org/10.3233/XST-2012-00352
http://dx.doi.org/10.3233/XST-2012-00352
http://www.ncbi.nlm.nih.gov/pubmed/23324786
http://dx.doi.org/10.1118/1.3368603
http://www.ncbi.nlm.nih.gov/pubmed/20527531
http://www.ncbi.nlm.nih.gov/pubmed/20082529
http://dx.doi.org/10.1118/1.3284530
http://www.ncbi.nlm.nih.gov/pubmed/20229887
http://dx.doi.org/10.1109/42.929615
http://www.ncbi.nlm.nih.gov/pubmed/11437109
http://dx.doi.org/10.1109/TMI.2008.918330
http://www.ncbi.nlm.nih.gov/pubmed/18753041
http://dx.doi.org/10.1118/1.1617353
http://www.ncbi.nlm.nih.gov/pubmed/14655933

@° PLOS | ONE

Dynamic Contrast Enhanced Micro-CT Image Mouse Segmentation Method

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

Li X, Yankeelov TE, Peterson TE, Gore JC, Dawant BM. Automatic nonrigid registration of whole body
CT mice images. Med Phys. 2008; 35(4):1507-20. Epub 2008/03/19. doi: 10.1118/1.2889758 PMID:
18491546

Baiker M, Milles J, Dijkstra J, Henning TD, Weber AW, Que |, et al. Atlas-based whole-body segmenta-
tion of mice from low-contrast Micro-CT data. Med Image Anal. 2010; 14(6):723-37. Epub 2010/05/21.
doi: 10.1016/j.media.2010.04.008 PMID: 20576463

Xiao D, Zahra D, Bourgeat P, Berghofer P, Tamayo OA, Green H, et al. Mouse whole-body organ map-
ping by non-rigid registration approach. In: Weaver JB, Molthen RC, editors. Proc. SPIE 7965, Medical
Imaging 2011: Biomedical Applications in Molecular, Structural, and Functional Imaging; 2011 Feb 13—
16; Lake Buena Vista, Florida. Bellingham: SPIE; 2011. p. 79650e.

Wang HK, Stout DB, Chatziioannou AF. Estimation of mouse organ locations through registration of a
statistical mouse atlas with micro-CT images. IEEE Trans Med Imaging. 2012; 31(1):88-102. Epub
2011/08/18. doi: 10.1109/TMI1.2011.2165294 PMID: 21859613

Wang HK, Stout DB, Chatziioannou AF. A deformable atlas of the laboratory mouse. Mol Imaging Biol.
2015; 17(1):18-28. Epub 2014/07/22. doi: 10.1007/s11307-014-0767-7 PMID: 25049072

Freyer M, Ale A, Schulz RB, Zientkowska M, Ntziachristos V, Englmeier KH. Fast automatic segmenta-
tion of anatomical structures in X-ray computed tomography images to improve fluorescence molecular
tomography reconstruction. J Biomed Opt. 2010; 15(3):036006. Epub 2010/05/01. doi: 10.1117/1.
3431101 PMID: 20615008

Meng YZ, Yang XQ, Deng Y, Zhang XX, Gong H. A method of extracting structural priors from images
of micro-CT for fluorescence molecular tomography reconstruction. J Xray Sci Technol. 2014; 22
(3):285—-97. doi: 10.3233/XST-140425 PMID: 24865205

Das NM, Hatsell S, Nannuru K, Huang L, Wen X, Wang L, et al. In vivo quantitative microcomputed
tomographic analysis of vasculature and organs in a normal and diseased mouse model. PLoS One.
2016; 11(2):e0150085. Epub 2016/02/24. doi: 10.1371/journal.pone.0150085 PMID: 26910759

Badea CT, Fubara B, Hedlund LW, Johnson GA. 4-D micro-CT of the mouse heart. Mol Imaging. 2005;
4(2):110-6. PMID: 16105509

Schambach SJ, Bag S, Groden C, Schilling L, Brockmann MA. Vascular imaging in small rodents using
micro-CT. Methods. 2010; 50(1):26—35. Epub 2009/09/20. doi: 10.1016/j.ymeth.2009.09.003 PMID:
19772922

Seo Y, Hashimoto T, Nuki Y, Hasegawa BH. In vivo microCT imaging of rodent cerebral vasculature.
Phys Med Biol. 2008; 53(7):N99-N107. Epub 2008/03/10. doi: 10.1088/0031-9155/53/7/N0O1 PMID:
18364539

Kiessling F, Greschus S, Lichy MP, Bock M, Fink C, Vosseler S, et al. Volumetric computed tomography
(VCT): a new technology for noninvasive, high-resolution monitoring of tumor angiogenesis. Nat Med.
2004; 10(10):1133-8. Epub 2004/09/07. doi: 10.1038/nm1101 PMID: 15361864

Badea CT, Hedlund LW, De Lin M, Boslego Mackel JF, Johnson GA. Tumor imaging in small animals
with a combined micro-CT/micro-DSA system using iodinated conventional and blood pool contrast
agents. Contrast Medica Mol Imaging. 2006; 1(4):153-64.

Agner SC, Soman S, Libfeld E, McDonald M, Thomas K, Englander S, et al. Textural Kinetics: A novel
dynamic contrast-enhanced (DCE)-MRI feature for breast lesion classification. J. Digit. Imaging 2011;
24(3):446-63. doi: 10.1007/s10278-010-9298-1 PMID: 20508965

Irving B, Cifor A, Papiez BLW, Franklin J, Anderson EM, Brady SM, et al. Automated colorectal tumour
segmentation in DCE-MRI using supervoxel neighbourhood contrast characteristics. In: Golland P,
Hata N, Barillot C, Hornegger J, Howe R, editors. Medical Image Computing Computer-Assisted Inter-
vention—MICCAI 2014. Lecture Notes in Computer Science. 8673. 1sted. New York: Springer; 2014.
p. 609-16.

Yu N, Wu J, Weinstein SP, Gaonkar B, Keller BM, Ashraf AB, et al. A superpixel-based framework for
automatic tumor segmentation on breast DCE-MRI. In: Hadjiiski LM, Tourassi GD, editors. Proc. SPIE
9414, Medical Imaging 2015: Computer-Aided Diagnosis; 2015 Feb 21-26; Orlando, Florida, United
States: SPIE; 2015. p. 941400.

Quan GT, SunTY, Deng Y. Fast reconstruction method based on common unified device architecture
(Cuda) for micro-CT. J Innov Opt Heal Sci. 2010; 3(1):39—43.

Melbourne A, Atkinson D, White MJ, Collins D, Leach M, Hawkes D. Registration of dynamic contrast-
enhanced MRI using a progressive principal component registration (PPCR). Phys Med Biol. 2007; 52
(17):5147-56. Epub 2007/08/07. doi: 10.1088/0031-9155/52/17/003 PMID: 17762077

Hamy V, Dikaios N, Punwani S, Melbourne A, Latifoltojar A, Makanyanga J, et al. Respiratory motion
correction in dynamic MRI using robust data decomposition registration—Application to DCE-MRI. Med
Image Anal. 2014; 18(2):301-13. Epub 2013/11/18. doi: 10.1016/j.media.2013.10.016 PMID:
24322575

PLOS ONE | DOI:10.1371/journal.pone.0169424  January 6, 2017 16/17


http://dx.doi.org/10.1118/1.2889758
http://www.ncbi.nlm.nih.gov/pubmed/18491546
http://dx.doi.org/10.1016/j.media.2010.04.008
http://www.ncbi.nlm.nih.gov/pubmed/20576463
http://dx.doi.org/10.1109/TMI.2011.2165294
http://www.ncbi.nlm.nih.gov/pubmed/21859613
http://dx.doi.org/10.1007/s11307-014-0767-7
http://www.ncbi.nlm.nih.gov/pubmed/25049072
http://dx.doi.org/10.1117/1.3431101
http://dx.doi.org/10.1117/1.3431101
http://www.ncbi.nlm.nih.gov/pubmed/20615008
http://dx.doi.org/10.3233/XST-140425
http://www.ncbi.nlm.nih.gov/pubmed/24865205
http://dx.doi.org/10.1371/journal.pone.0150085
http://www.ncbi.nlm.nih.gov/pubmed/26910759
http://www.ncbi.nlm.nih.gov/pubmed/16105509
http://dx.doi.org/10.1016/j.ymeth.2009.09.003
http://www.ncbi.nlm.nih.gov/pubmed/19772922
http://dx.doi.org/10.1088/0031-9155/53/7/N01
http://www.ncbi.nlm.nih.gov/pubmed/18364539
http://dx.doi.org/10.1038/nm1101
http://www.ncbi.nlm.nih.gov/pubmed/15361864
http://dx.doi.org/10.1007/s10278-010-9298-1
http://www.ncbi.nlm.nih.gov/pubmed/20508965
http://dx.doi.org/10.1088/0031-9155/52/17/003
http://www.ncbi.nlm.nih.gov/pubmed/17762077
http://dx.doi.org/10.1016/j.media.2013.10.016
http://www.ncbi.nlm.nih.gov/pubmed/24322575

@° PLOS | ONE

Dynamic Contrast Enhanced Micro-CT Image Mouse Segmentation Method

31.

32.

33.
34.
35.

36.

37.

38.

39.

40.

41.

42,

Abdi H, Williams LJ. Principal component analysis. Wiley Interdisciplinary Reviews: Computational Sta-
tistics. 2010; 2(4):433-59.

Achanta R, Shaji A, Smith K, Lucchi A, Fua P, Susstrunk S. SLIC superpixels compared to state-of-the-
art superpixel methods. IEEE Trans Pattern Anal Mach Intell. 2012; 34(11):2274-82. Epub 2012/05/29.
doi: 10.1109/TPAMI.2012.120 PMID: 22641706

Chang CC, Lin CJ. LIBSVM: A library for support vector machines. Acm T Intel Syst Tec. 2011; 2(3):27.
Liaw A, Wiener M. Classification and regression by random Forest. R news. 2002; 2(3):18-22.

Bartko JJ. Measurement and reliability: statistical thinking considerations. Schizophr Bull. 1991; 17
(3):483-9. PMID: 1947873

Hyde D, Miller E, Brooks D, Ntziachristos V. New techniques for data fusion in multimodal FMT-CT
imaging. 2008 5th IEEE International Symposium on Biomedical Imaging: From Nano to Macro; 2008
May 14-17; Paris. New York: IEEE; 2008. p. 1597-600.

Guo XL, Liu X, Wang X, Tian F, Liu F, Zhang B, et al. A combined fluorescence and microcomputed
tomography system for small animal imaging. IEEE Trans Biomed Eng. 2010; 57(12):2876—-83. Epub
2010/09/07. doi: 10.1109/TBME.2010.2073468 PMID: 20833597

Schulz RB, Ale A, Sarantopoulos A, Freyer M, Soehngen E, Zientkowska M, et al. Hybrid system for
simultaneous fluorescence and X-ray computed tomography. IEEE Trans Med Imaging. 2010; 29
(2):465-73. Epub 2009/11/10. doi: 10.1109/TMI.2009.2035310 PMID: 19906585

Salvesen S. Acute intravenous toxicity of iohexol in the mouse and in the rat. Acta Radiol Suppl. 1980;
362:73-5. PMID: 6267895

Greschus S, Kiessling F, Lichy MP, Moll J, Mueller MM, Savai R, et al. Potential applications of flat-
panel volumetric CT in morphologic and functional small animal imaging. Neoplasia. 2005; 7(8):730—
40. Epub 2014/04/05. PMID: 16207475

Zhu Z, Zhao XM, Zhao YF, Wang XY, Zhou CW. Feasibility study of using gemstone spectral imaging
(GSI) and adaptive statistical iterative reconstruction (ASIR) for reducing radiation and iodine contrast
dose in abdominal CT patients with high BMI values. PLoS One. 2015; 10(6):e0129201. Epub 2015/06/
16. doi: 10.1371/journal.pone.0129201 PMID: 26079259

Silva AC, Lawder HJ, Hara A, Kujak J, Pavlicek W. Innovations in CT dose reduction strategy: applica-
tion of the adaptive statistical iterative reconstruction algorithm. AJR Am J Roentgenol. 2010; 194
(1):191-9. doi: 10.2214/AJR.09.2953 PMID: 20028923

PLOS ONE | DOI:10.1371/journal.pone.0169424  January 6, 2017 17/17


http://dx.doi.org/10.1109/TPAMI.2012.120
http://www.ncbi.nlm.nih.gov/pubmed/22641706
http://www.ncbi.nlm.nih.gov/pubmed/1947873
http://dx.doi.org/10.1109/TBME.2010.2073468
http://www.ncbi.nlm.nih.gov/pubmed/20833597
http://dx.doi.org/10.1109/TMI.2009.2035310
http://www.ncbi.nlm.nih.gov/pubmed/19906585
http://www.ncbi.nlm.nih.gov/pubmed/6267895
http://www.ncbi.nlm.nih.gov/pubmed/16207475
http://dx.doi.org/10.1371/journal.pone.0129201
http://www.ncbi.nlm.nih.gov/pubmed/26079259
http://dx.doi.org/10.2214/AJR.09.2953
http://www.ncbi.nlm.nih.gov/pubmed/20028923

