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Abstract

Prostate segmentation, for accurate prostate localization in CT images, is regarded as a crucial yet
challenging task. Nevertheless, due to the inevitable factors (e.g., low contrast, large appearance
and shape changes), the most important problem is how to learn the informative feature
representation to distinguish the prostate from non-prostate regions. We address this challenging
feature learning by leveraging the manual delineation as guidance: the manual delineation does not
only indicate the category of patches, but also helps enhance the appearance of prostate. This is
realized by the proposed cascaded deep domain adaptation (CDDA) model. Specifically, CDDA
constructs several consecutive source domains by employing a mask of manual delineation to
overlay on the original CT images with different mask ratios. Upon these source domains, convnet
will guide better transferrable feature learning until to the target domain. Particularly, we
implement two typical methods: patch-to-scalar (CDDA-CNN) and patch-to-patch (CDDA-FCN).
Also, we theoretically analyze the generalization error bound of CDDA. Experimental results
show the promising results of our method.

1 Introduction

Prostate cancer is believed as one of the most leading diseases for cancer-related deaths for
male population in the world. According to the report from the National Cancer Institute,
about 1 out of 5 will be diagnosed with prostate cancer in the ust. Recently, the CT image
guided radio therapy (IGRT) is commonly adopted, which has shown its ability in better
guiding the delivery of radiation to prostate cancer tissues. From clinical consideration, the
prostate cancer tissues should be precisely killed by high energy X-rays, and meanwhile the
other normal tissues should not be excessively hurt by the delivered X-rays. Therefore,
precisely segmenting the prostate in CT images for localization is clinically significant.
Traditional segmentation is manually done by the physician with slice-by-slice delineation.
However, this process is very time-consuming and laborious, /.¢., up to 20min to segment a
CT image.
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In recent years, several efforts have been contributed to segment prostate in treatment images
[12]. In this setting, for each patient, first several images (/.¢., a planning image and first 2—4
treatment images) are collected and delineated as ground-truth training images. Then,
prostate likelihood estimation is performed as a classification/regression task to generate a
likelihood map. With the obtained likelihood map, the refinement methods by borrowing the
patient-specific shape prior [12] are finally employed to segment the prostate.

However, compared with segmentation in the treatment images (only performing the
segmentation on a same patient), segmenting prostate in the planning images for different
patients, which is normally without any shape prior, is usually believed as a much more
challenging task [2]. Therefore, we focus on segmentation in the planning images in this
paper. Recently, several contributions have been advocated for segmenting prostate in the
planning images. Lay et al. [4] combined the global and local context information to
segment the prostate. Lu et al. [8] adopted the deformable model by using Jensen-Shannon
divergence guided boundary detection. [2] proposed to segment the pelvic organs by
regression-based deformable model and multi-task random forests. Martnez et al. [9]
developed a geometrical shape model for prostate segmentation. Most of these previous
methods utilized the deformable model, with the performance largely influenced by the
model initialization.

The major challenges from segmenting the planning images consist of (1) large shape and
appearance changes of prostate regions across different patients (even different CT slices
from a same patient), and (2) prostate boundary is hard to distinguish due to the low contrast
in CT images. Thus, extracting the discriminative features or learning the informative feature
representation on patch-level largely influences subsequent segmentation performance.
Different from segmenting the treatment images in which the low-level hand-crafted features
(e.g., HoG, LBP) could be adopted (the images of a same patient from different day have
relatively similar appearance), the performance of these hand-crafted features cannot be well
guaranteed in representing prostate/non-prostate regions across different patients, during the
segmentation of the planning images.

Recently, convolutional neural net (convnet) has shown its powerful ability on automatical
feature representation. Although there are few attempts for CT prostate segmentation,
recently in other modalities (/.e., MR), a new trend is to use convnet or deep features for
prostate segmentation [3,10]. Unfortunately, according to our observation, for our task of
segmenting CT planning images, directly applying the convnet for feature learning is not
desirable, since these aforementioned factors across different patients make convnet very
difficult to train.

To guide better feature learning for convnet, we propose to employ an easy-to-hard transfer
sequence (see Fig. 1), and devise a novel model namely cascaded deep domain adaptation
(CDDA). In CDDA, manual delineation could not only be used as the side information to
indicate the category of corresponding patch, but also be employed as a mask image to
enhance the prostate appearance upon the constructed transfer sequence. Typically, beyond
original CT images, we generate several consecutive source domains by employing a mask
of manual delineation to overlay on the original CT images with different mask ratios (/.e.,
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0.2, 0.1, 0.05and 0.01) in Fig. 1. Basically, higher mask ratio indicates the prostate can be
easier to distinguish while lower mask ratio indicates more difficult to segment.

Through CDDA, our goal is thus becoming sequentially transferring the convnet from the
first source domain to the last source domain, until to the target domain without the mask
(7.e., original CT images). For domain transfer, the convnet offers us a feasible way by fine-
tuning on the obtained convnet, using the patches sampled from current source domain (or
target domain). In particular, two specific methods from patch-to-scalar and patch-to-patch
perspectives, 7.e., CDDA-CNN (convolutional neural networks) and CDDA-FCN (fully
convolutional networks), are proposed to support our motivation. We also theoretically
analyze that, our CDDA could not only help reduce the sample difference in two consecutive
domains, but also ensure relative low training error on easytask (/.e., the highest mask ratio).
These two factors are helpful to mathematically derive a low generalization error.

2 Our Method

The whole framework mainly consists of (1) the image preprocessing, (2) the prostate
likelihood estimation, and (3) the result refinement. Please see Fig. 2 for the whole
framework of our method.

Image Preprocessing

Formally, by denoting the 7+th training images in target domain (7.e., original CT image) as
1, and the corresponding b/nary manual delineation as G, we can generate the
corresponding r+th training image in &-th (k= 1, 2, 3, 4) source domain, Iﬁ, as

I’; =1L +a,G,, where a; = 0.2, ap = 0.1, a3 = 0.05, a4 = 0.01. Please note that, these values

of mask ratio (7.¢e., ay) are empirically selected. Setting too high mask ratio will lead the
source and target domains existing large sample difference especially on prostate regions,
while setting too low mask ratio will lose the meaning of domain adaptation.

Regarding the fact that different local regions of prostate and non-prostate regions are not
uniformly distributed or similarly appeared, we sample the prostate and non-prostate patches
from training images for both the source and target domains, to reflect various appearance
inside and outside the prostate region. Basically, to prevent the possible class imbalance
issue if uniformly sampling training patches from CT slices (/.e., prostate only belongs to a
small proportion of CT scans), we normally sample training patches from three aspects: (1)
sampling (almost) all patches whose centers are located inside the prostate region, (2)
densely sampling the patches which are centered closely to prostate boundary, and (3)
sparsely sampling patches which are centered far from prostate boundary. It is noteworthy
that the number of non-prostate patches nearly equals to that of prostate patches.
Specifically, the number of training patches varies from 1000 — 3000 in each CT slice
according to the size of prostate region, and totally around 10 ~ 3 x 10° training patches are
used for training convnet in each source domain. We set the patch size as 32 x 32 to fully
capture local appearance context.
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CDDA-CNN & CDDA-FCN

Refinement

For training CDDA-CNN, considering that our task is dealing with small-size patch, we
employ the LeNet[5] as the base CNN learner. For the label (/.e., scalar) of each patch, we
simply use the label of central voxel as that of the whole patch, which follows a patch-to-
scalarmanner. Typically for training CDDA-CNN, the patches sampled from the images in
the first source domain (with highest mask) as well as the corresponding label (/.e., 0
indicates the non-prostate, while 1 indicates the prostate) will be first used to train LeNet.
Then, the learned convnet will be fine-tuned by the patches from the images in the second
source domain, and the process continues until we use the original patches in the target
domain to fine-tune the convnet. Finally, the learned convnet will be directly used to
estimate the prostate likelihood for testing patches from the images to be segmented.

For training CDDA-FCN, we modified the traditional FCN [7] designed to deal with relative
large-size natural image for annotation and segmentation task, in order to fit the requirement
of the small-size patch problem. The whole training process is similar with that of CDDA-
CNN. The only difference is that as FCN [7], instead of using discrete values as the labels,
we directly use the response patches (/.e., manual delineation patches) as the labels, which
follows a patch-to-patch manner. The max-pooling in Layer3 is used for image de-noising,
and an up-sampling operator is thus required in CDDA-FCN. The network setups of CDDA-
CNN and CDDA-FCN can be found in Tables 1 and 2, respectively.

Also, please note that there are two major fine-tuning paradigms for domain adaptation in
convnet. The first paradigm is that parameters in all layer should be tuned [15], while the
second paradigm is that parameters in the first several convolutional layers should be fixed
[14]. In this paper, we adopt the first paradigm and analyze this issue in our experiment. We
implement CDDA-CNN and CDDA-FCN with MatConvNet toolbox [13], on a PC with 3.7
GHz CPU, 32GB RAM, and GeForce GTX 745 GPU. The number of epoch is set to 50 for
each domain both for CDDA-CNN and CDDA-FCN. The running time for training convnet
of each domain requires 5 to 8 h. Currently, our method takes 5-10 min for segmenting one
image.

The learned prostate likelihood map by performing CDDA-CNN or CDDA-FCN cannot be
directly used as final segmentation. Since the shape prior is not available, we adopt the level-
set model [6] for final segmentation, which does not require any shape prior. In particular,
the center of the prostate likelihood map will be set as the initialized point when performing
level-set model during refinement.

Theoretical Explanation

To perceptively analyze our motivation, we first introduce the theoretical study in [1] to
reveal the generalization error bound of domain adaptation. Formally, Shai Ben-David et al.
[1] analyzed that generalization error bound is up-bounded by the training error in source
domain and the difference of sample distribution between source and target domains.
Inspired by [1], we can obtain the following 7heorem 1 for our proposed CDDA.
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Theorem 1—Let®. be a fixed representation function from % to %, and #{ be a
hypothesis space. If applying ®R. to Dg —i.i.d. samples and denoting dy as the distance

according to #, then with probability at least 1 — &, for every € #:

=1
ep(0) < eg(0) +| Y dp (D, DT + dfy (DG D |+ +C (1)

i=

where eg(e) Is the expected risk of the i-th (i=1, ..., ) source domain Dg. e7(6) is the

expected risk of target domain Dr. A (i.e., the error calculated by the optimal hypothesis)
and € (i.e., a constant for the complexity of hypothesis space and the risk of an ideal
hypothesis for both domains) can be regarded as the constants.

Theorem 1 can be mathematically verified by [1] using /nduction. Please note that, 7heorem
1 reveals in CDDA, a low generalization error bound can be achieved if (1) training error in
the first source domain should be small, and (2) two consecutive domains should have
smaller sample differences. Normally, both these two major factors could be satisfied in our
CDDA, since (1) in the first source domain, the prostate can be easily distinguished, due to
the high mask value is used, and (2) the cascaded transfer could ensure that the patches from
two consecutive domains have relatively small sample difference. Thus, the low
generalization error can be theoretically expected.

3 Experimental Results

We evaluated our method on a CT image set including 22 different patients, in which each
patient has only 1 planning image. The resolution of each CT image after preprocessing is
193 x 152 x 60, with in-plane voxel size as 1 x Imm? and the inter-slice thickness as 1 mm.
Each image is manually delineated by physician as the ground-truth for evaluation.
Normally, we perform 2-fold cross validation for segmenting 22 planning images. For
evaluation metric, we employ the Dice ratio, average surface distance (ASD), and centroid
distance (CD) along 3 directions (/.¢e., lateral x-axis, anterior-posterior y-axis, and superior-
inferior z-axis), which are widely used in previous studies.

Hand-Crafted Features or Deep Features

We compare the performance of hand-crafted method (short for HCM) and our CDDA-
CNN. For implementation of HCM, three types of low-level features, 7.e., HoG, LBP, and
Haar wavelet, are employed. Specifically, we extract 9-dimensional HoG features by
calculating within 3 x 3 cell blocks, 30-dimensional LBP features by calculating with
neighboring voxel-number as 8 and radius value as 2, 14-dimensional Haar wavelet features
by convolving the 14 multi-resolution wavelet basis functions. The window size for
extracting these hand-crafted features is set to 21 x 21 as [12] suggested. Thus, each patch
will be represented by a 53-dimensional hand-crafted feature. After feature extraction, a
RBF kernel-based SVR is trained on all the training patches, and the prostate likelihood map
for testing images will then be predicted. Also, for the refinement, a same level-set model
[6] is adopted on respective prostate-likelihood maps for HCM. Table 3 reports the

Med Image Comput Comput Assist Interv. Author manuscript; available in PMC 2018 July 20.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Shietal. Page 6

comparison of Dice, ASD, CD, showing that CDDA-CNN is significantly better than HCM.
Moreover, we provide several typical likelihood maps to visually show the comparison in
Fig. 3. HCM performs poor when large appearance variation happens among training and
testing images, due to its fixed feature representation way (several top/bottom part of
prostate is totally mis-classified).

Comparison of Different Transfer Paradigms

To fully investigate the easy-fo-hardtransfer sequence, we compare our method with four
different baselines: (1) WT-CNN (without transfer): Training the convnet with only the
images from target domain, and then performing subsequent prediction; (2) ST-CNN
(selective transfer): The first two convolutional layers will not involve in the fine-tuning with
the fixed parameters [14]; (3) DTH-CNN (direct transfer): Directly transferring the first
source domain to target domain; (4) DTL-CNN (direct transfer): Directly transferring the
last source domain to target domain.

Table 3 lists the results among these competitive transfer paradigms, respectively. We can
observe that CDDA-CNN could obtain the best performance among these baseline methods.
Please note that the convnet setup in WT-CNN, ST-CNN, DTH-CNN, DTL-CNN, and our
CDDA-CNN is consistent for fair comparison. The results show that by sequentially
transferring the convnet with continuously reducing the mask ratio in easy-to-hard transfer
sequence, the convnet is expected to achieve good generalization ability across different
patients, which might exist large sample difference. Moreover, we illustrate the typical
examples for visual comparison in Fig. 3. Red curves denote the manual delineations. e/
indicates the /~th example.

Furthermore, for ST-CNN, different from natural images which may share common low-
level representation (e.g., different cars share same tire), the selective transfer strategy could
not ensure promising results in our small-size patches. For DTH-CNN, the two domains
exist large difference in prostate appearance, making the direct transfer hard to work, while
for DTL-CNN, both domains are difficult to segment, thus leading very limited
improvements.

CDDA-CNN or CDDA-FCN

Moreover, we compare our CDDA-CNN and CDDA-FCN in Table 3. It can be observed that
these two methods are overall comparable, however, CDDA-FCN is with more stable results
(7.e., small standard deviation) compared to CDDA-CNN. The major reason is that the
response patch could provide more smoothness information than the discrete values (/.e., 0
or 1) used in CDDA-CNN. Visual comparison can be referred to Fig. 4.

Finally, although the adopted CT image sets are different, we still illustrate our results with
related works developed for segmenting the planning images recently in Table 4. Please note
that all the reported results are only for reference to see current level of state-of-the-art
methods.
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Conclusion

We propose to construct an easy-to-hard transfer sequence for CT prostate segmentation, in
which the manual delineation could not only provide side information but also be used to
enhance the appearance of prostate to guide better feature learning. Upon this constructed
sequence, the cascaded deep domain adaptation (CDDA) is originally proposed, by
sequentially transferring the convnet across different domains. The results demonstrate the
promising results of our method.
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source domain 1 source domain 2 source domain 3 source domain 4 target domain

Fig. 1.
Easy-to-hard transfer sequence.
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Fig. 2.
The whole framework of our method.
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WT-CNN,e3

ST-CNN,el ST-CNN,e3  DTH-CNN,el DTH-CNN,e2 DTH-CNN,e3

DTL-CNN,e1 DTL-CNN,e2 DTL-CNN,e3 CDDA-CNN,el CDDA-CNN,e2 CDDA-CNN,e3

Fig. 3.
Typical likelihood maps of HCM, WT-CNN, ST-CNN, DTH-CNN, DTL-CNN, and CDDA-

CNN. e/indicates the ~th example.
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Fig. 4.
Typical likelihood maps and results of CDDA-CNN and CDDA-FCN. Red, yellow, light

blue curves denote the manual delineation, CDDA-CNN and CDDA-FCN, respectively.
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Network setup of CDDA-FCN.

Layer Kernel Pooling | Activation
Conv 5x5x%x1x32 Max Relu

Conv 5x5x32x%x32 | Max Relu

Conv 5x5x%x32x64 | Max Relu

Conv 4x4x64x64 | na Relu

Conv 4x4x64x2 na Softmax
Anonymous 1270 (39.5%)

Unclassifiable | 103 (3.2%)
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Network setup of CDDA-FCN.

Table 2

Layer | Kernel Pooling Activation
Conv 5x5x1x32 n.a Relu

Conv 5x5x32%x32 | na Relu

Conv 5x5x32x64 | Max Relu

Conv 3x3x64%x64 | na Relu

Conv | 3x3x64x2 Upsample | Softmax
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