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ABSTRACT
The purpose of this study is to evaluate and compare the performance of modern deep learning techniques for
automatically recognizing and segmenting multiple organ regions in 3D CT images. CT image segmentation is an
important and challenging task in medical image analysis. Deep learning approaches have demonstrated their capability
for scene recognition and semantic segmentation on images of nature and have been used to address segmentation problems
of medical images. Although several works have showed promising results, there is no comprehensive evaluation of
segmentation performance of deep learning approaches on segmenting multiple organs in different portions of CT scans.
In this study, we evaluated and compared the segmentation performance of two different deep learning approaches that
used 2D- and 3D deep convolutional neural networks (CNN) without- and with a pre-processing step. A conventional
approach that represents the state-of-the-art approach to CT image segmentation without deep learning was also compared.
A dataset containing 240 CT images scanned on different portions of human bodies was used. A maximum of 17 types of
organ regions in each CT scan were segmented automatically and compared to the human annotations by using ratio of
intersection over union (IU) as the criterion. The experimental results demonstrated that the IUs of the segmentation results
had a mean value of 79% and 67% by averaging 17 types of organs that were segmented by a 3D- and 2D deep CNN,
respectively. All results using the deep learning approaches showed better accuracy and robustness than the conventional
segmentation method that used probabilistic atlas and graph-cut methods. Thus, the effectiveness and usefulness of deep
learning approaches were demonstrated for solving multiple organs segmentation problem in 3D CT images.
Keywords: 3D CT images, anatomical structure segmentation, deep learning, 3D convolutional neural networks.

1. INTRODUCTION
Understanding the anatomical structures of different patients by using 3D high-resolution CT images is an important
task in medical image analysis, which helps to support image diagnosis, surgery planning, and radiation therapy [1]. Fully
automatic segmentation of the anatomical structures of multiple organ regions can reduce the burden of manual annotation
and enhance efficiency while obtaining further diagnostic insight on CT images. Although many research works on medical
image segmentation have been presented [2], fully automatic segmentation of 3D CT images is still a challenge because
of the poor contrast in CT images, high variability on image appearance as well as individual differences between patients,
and partial visibility of the anatomical structures present in different CT scans. For example, 3D CT images used in clinical
medicine are generally scanned under different image resolutions and qualities, and they cover various portions (chest,
abdominal, or pelvic) that contain different types of organs. Modeling such a wide variety of image appearances for
predicting anatomical structures within unseen CT images from different patients is challenging.
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The conventional approach for modeling CT image appearance aims to represent anatomical structures of organs based
on several hand-crafted features on contour shape, image intensity, and spatial relations of different organs, by using a
number of patient cases [3-8]. The image segmentation process was designed as a pipeline that uses the model information
to guide or constrain the actions of a number of hand-crafted processing procedures [3-8]. To improve the accuracy and
robustness of CT image segmentation, the model construction should be able to handle a larger variance within ambiguous
CT image appearances, shapes, and relations of different organs by using more patient cases. It was difficult to achieve
this goal by explicitly defining and considering the rules from human experience. Therefore, data-driven approaches, such
as deep learning, can be used to solve this problem by combining model construction with image segmentation, and by
learning image features and model parameters from a large CT image dataset directly.
Recently, several research works reported success in organ segmentation from 3D CT images by using deep learning
approaches [9-13]. However, most of these works only considered segmentation results for a few specific organ types (e.g.
liver and brain) within a pre-defined portion of a CT image (e.g. chest and head). These kinds of organ segmentations had
also been reported earlier, by using conventional methods. To our knowledge, there is still no comprehensive investigation
of segmentation performance by using different deep learning approaches for all types of organs on different portions of
CT scans. This issue has also not been addressed by conventional methods. The goal of this study is to evaluate and
compare the segmentation performance by using 2D- and 3D deep learning approaches as well as a conventional method
while segmenting a wide range of organ types based on the same dataset including 240 CT scans on different portions of
human bodies.

2. METHODS
2.1 Outline
Two approaches (a) 2D deep learning with post-processing (3D label fusion based on majority voting), and (b) 3D deep
learning with pre-processing (organ localization) were proposed for our CT image segmentation tasks. A convolutional
neural network (CNN) was used as the core of the segmentation process. We used a convolutional layer as the basic unit
and did not use fully connected layers. Two modern CNNs, a fully convolutional network (FCN) [14] and residual network
(ResNet) [15] were used as the templates to construct our network structures. We used pixel-based labeling loss and regionbased coincidence between the segmentation result and the human annotation as the loss function to train the 2D- and 3D
deep CNN, respectively. Two optimization methods, stochastic gradient descent (SGD) and ADAM [16], were used for
learning the network parameters. Details are provided in the following sections.
2.2 2D deep learning approach
A 2D deep learning method presented in our previous papers [17-20] was used in this work for multiple organ
segmentation in 3D CT scans. This method modeled the CT image segmentation as “multiple 2D proposals with 3D
integration” and took inspiration from the fact that radiologists interpret a CT scan from many 2D slices and reconstruct
3D anatomical structures mentally [20]. A 2D fully convolutional network (FCN) [14] extended from a VGG-16 network
was used for generating the multiple 2D proposals of organ regions from three body directions on each CT scan
independently, and an organ–label fusion was carried out on each voxel in 3D image space by using a majority voting
method. In the training stage, we decompose the 3D CT scans with annotated organ regions into several 2D slices in three
orthogonal body directions and treat each 2D slice with an annotation as a training sample. The sum of the pixel-wise
classification error on 2D slices was used as the loss function during the training process. ADAM [16] was used as the
optimization method. In the testing stage, we applied the trained FCN to segment partial organ regions on each 2D slice
along three body directions independently, and then integrated the segmented 2D partial organ regions into 3D image space
by using a voxel-wise label fusion to obtain the final 3D segmentation result. The implementation details of the processing
steps and network structures can be found in [20].
2.3 3D deep learning approach
We proposed a novel 3D deep learning approach for multiple organ segmentation in this work. This approach
accomplished organ segmentation through two steps, as shown in Fig. 1. We decoupled the organ detection and
segmentation functions, and modeled the multiple organ segmentation processes as “detecting the bounding box of
different organs first, and then segmenting the organ region within each 3D bounding box”. The organ detection module
used in this work was presented in our previous work [21]. This method used a conventional machine-learning approach
based on window sliding and pattern matching in Haar-like and LBP image feature spaces through the entire CT image
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space to detect each organ region and return the coordinates of a bounding box as the organ location.
Details
of our organ
3D CT
image
detection method can be found in [21]. The organ segmentation module used a 3D deep CNN structure derived from VNet
[11]. This 3D deep CNN was constructed using a number of 3D convolutional layers based on ResNet [15] modules with
skip connections to combine the information in shallow and deep layers. The dice index between the segmented region
and ground truth was used as the loss function, and the SGD algorithm was used for optimizing the network parameters.
In the training stage, we trained organ localization and segmentation separately. We generated the ground truth of the
bounding box for each organ type from the manual annotations in each CT scan and trained a set of organ-specific ad-hoc
classifiers that detect the bounding box for each organ type in CT scans. Next, we cropped
the volume-of-interest (VOI)
Localization
regions for each organ type based on the bounding box and resized the VOIs to the same image size (128×128×128 voxels)
as the input image of the segmentation model. The annotation of each organ region was also cropped and resized in the
same manner to retain the correspondence of the spatial location of each voxel between the CT image and manual
annotation data. The pairs of VOI and annotation of all organ regions in CT scans were used as the samples for training
the 3D deep CNN. In the testing stage, our method detected the bounding boxes of all the organ regions within a CT scan
and segmented target organ regions within the range of bounding boxes. Organ locations
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Fig.1. The process flow of multiple organ segmentations by combining organ localization and organ segmentation from
CT images

2.4 Conventional image segmentation approach
A conventional method presented by Okada et al. [7] was used for evaluating the performance of the deep learning
approaches. This conventional method modeled the intensity (CT number) and shape information of each target organ by
using statistic shape modeling and probabilistic atlas, and combined intra-organ information with an inter-organ
relationship to guide the segmentation process. This approach demonstrated state-of-the-art multiple organ segmentation
performances among conventional methods in CT image segmentation and reported the detailed evaluation results based
on a large CT image dataset [7].
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3. EXPERIMENT AND RESULTS
The performance evaluations were based on a shared dataset produced by a research project titled “Computational
Anatomy [22]”. This dataset consists of 240 CT scans from 200 patients for the diagnosis of diverse types of lesions,
obtained at Tokushima University Hospital. These CT images were scanned for different portions (89 torso, 17 chest, 114
abdomen, and 20 abdomen-with-pelvis scans) by a multi-slice CT scanner (Aquilion from Toshiba Medical Systems
Corporation) and reconstructed by different protocols and kernel functions, leading to different image resolutions
(distributed between 0.625–1.148 mm with 1.0 mm slice thickness) and different image quality (specialized for lung or
abdominal observations). Contrast media enhancements were applied in 155 CT scans. The anatomical ground truth (a
maximum of 19 labels that show 17 major organ types and 2 interesting regions inside the human body) of 240 CT scans
was manually annotated [23] and distributed within the dataset. In this work, we only consider the 17 organ regions as the
segmentation targets for performance evaluations.
We directly used the organ localization module that was generated based on another CT image dataset in our previous
work [21] without any fine-tuning to adapt to above CT image database. Because the segmentation approaches used in this
work were based on machine learning, we used a four-fold cross-validation for performance evaluation. We used 75% CT
scans of the dataset for training parameters of the different network structures and tested the trained networks on the
remaining 25% CT scans. CT scans from the same patient were only used in the same training or testing stage. The accuracy
of the segmentation was evaluated for each organ type and each CT scan. The intersection over union (IU) (also known as
the Jaccard similarity coefficient) between the segmentation result and ground truth was used as the evaluation measures.
Because a CT scan may contain different organ regions, we used a comprehensive evaluation of multiple organ
segmentation results for all CT scans by considering the variance of the organ number and volume. The measures (mean
voxel accuracy, mean IU, and frequency-weighted IU) that are commonly used in semantic segmentation and scene parsing
[14] were employed in this study for the evaluations. Let n be the number of pixels in target i classified as target j, n be
the total number of different targets in a CT case, and 𝑡" = ∑& 𝑛"& be the total number of pixels in target i. These measures
are defined as:
ij

cl

• Mean voxel accuracy: (∑" 𝑛"" ⁄𝑡" )/ 𝑛,-

(1)

• Mean IU: (∑" 𝑛"" ⁄.𝑡" + ∑& 𝑛&" − 𝑛"" 1)/ 𝑛,-

(2)

• Frequency-weighted IU: (∑2 𝑡2 )34 ∑" 𝑡" 𝑛"" ⁄.𝑡" + ∑& 𝑛&" − 𝑛"" 1

(3)

An example of the result of multiple organ segmentation in a testing CT scan is shown in Fig. 2 by using a 3D volume
rendering method. The evaluation results of deep CNNs demonstrated that the average segmentation accuracy of 17 types
of organ over the 240 (4×60) test CT scans was 67% (2D CNN) and 78.8 % (3D CNN) in terms of the mean IUs, 84.9%
(2D CNN) and 89 % (3D CNN) in terms of the frequency-weighted IUs, and 86.1% (2D CNN) and 88.4% (3D CNN) in
terms of the mean voxel accuracy.
We tested the conventional method presented by Okada et al. [7] based on the same training and testing CT images by
using their system for both model construction and organ segmentation. Because this conventional method was only
applied to abdominal CT scans, our experiment was limited to seven organs types including liver, gallbladder, left and
right kidneys, spleen, pancreas, and veins. The experimental results showed that the average segmentation accuracy of
seven types of organs was 59% in terms of the mean IUs, which was lower than the results of the 2D and 3D CNN
approaches.
The deep CNNs used in this work were implemented based on Caffe deep learning framework [24]. The computing
time for training an 3D deep CNN was about three days. This was longer than the time taken for training a 2D deep CNN
network, which is approximately one and a half days based on a GPU (NVIDIA Quadro P6000 with 24 GB of memory).
The organ segmentation for one testing 3D CT scan with a 512×512×221 matrix took approximately 3 min by using a
trained deep CNN. The efficiency in terms of system development and improvement of 2D- and 3D deep CNN approaches
was better than that of the conventional method that used a CPU based approach.

4. DISCUSSION AND CONCLUSION
We evaluated and compared the performances of CT image segmentation by using 2D- and 3D deep learning approaches
as well as a conventional method. The experimental results for 17 organ types on 240 CT scans showed that (1) Deep
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Fig.2. 3D views of the anatomical structure segmentation results in a CT scan by using 3D (left side) and 2D (right
side) deep CNN approaches with the human annotation (middle column) as the ground truth.

learning approaches demonstrate better performance (especially in terms of robustness and generality) than the
conventional method on CT image segmentation tasks. (2) A 2D convolutional network can achieve multiple organ
segmentation on 3D CT images successfully. (3) A 3D convolutional network showed the best accuracy of segmentation
in this experiment, especially for small volume organ types having a tube- or line-shape. In conclusion, the deep learning
approach can be expected to solve 3D CT image segmentation problems with better accuracy and efficiency than the
conventional approach.
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