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ABSTRACT
Background: Efficient and accurate methods are needed to automatically segmenting organs-at-risk
(OAR) to accelerate the radiotherapy workflow and decrease the treatment wait time. We developed
and evaluated the use of a fused model Dense V-Network for its ability to accurately segment pel-
vic OAR.
Material and methods: We combined two network models, Dense Net and V-Net, to establish the
Dense V-Network algorithm. For the training model, we adopted 100 kV computed tomography (CT)
images of patients with cervical cancer, including 80 randomly selected as training sets, by which to
adjust parameters of the automatic segmentation model, and the remaining 20 as test sets to evaluate
the performance of the convolutional neural network model. Three representative parameters were
used to evaluate the segmentation results quantitatively.
Results: Clinical results revealed that Dice similarity coefficient values of the bladder, small intestine,
rectum, femoral head and spinal cord were all above 0.87mm; and Jaccard distance was within
2.3mm. Except for the small intestine, the Hausdorff distance of other organs was less than 9.0mm.
Comparison of our approaches with those of the Atlas and other studies demonstrated that the Dense
V-Network had more accurate and efficient performance and faster speed.
Conclusions: The Dense V-Network algorithm can be used to automatically segment pelvic OARs
accurately and efficiently, while shortening patients’ waiting time and accelerating radiother-
apy workflow.
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Introduction

Accurate delineation of organs at the time of patients’ plan-
ning-related CT imaging is a crucial requirement for deliver-
ing accurate, effective and timely radiation therapy. However,
manual segmentation depends mainly on the experience
and ability of the imaging radiologist, and imaging results
will vary, sometimes considerably, between different radiol-
ogists [1]. Differences in the effects of contouring organs at
risk in the pelvic area can be substantial and organ-specific,
which may affect the treatment plan, often prolonging
patients’ wait time and increasing costs [2,3]. Therefore, an
efficient and accurate method is urgently needed to auto-
matically segment OAR in a way that accelerates the radio-
therapy workflow and decreases patients’ treatment wait
time. At present, atlas-based auto-segmentation (ABAS) is
commonly used in routine clinical practice [4–7]. This
method relies on the spatial correspondence between the
two maps by mapping the space where the image to be seg-
mented is located. However, this method is limited by the

patient’s body shape, library size, number of CT image layers,
registration accuracy, etc. [8–9]. In some cases, the clinical
effects do not meet the clinical requirements necessary to
guide treatment [10]. In particular, size and shape, texture
gray scale and relative position can vary greatly between dif-
ferent individuals owing to natural variability, disease states,
and interference from treatment and organ deformation,
which may result in extremely low clinical acceptability of
pelvic organ images.

Inspired by the success of deep learning in the field of
image understanding and analysis, many researchers have
adopted deep learning in the processing of medical images
in radiotherapy. At present, ideal results are said to be pro-
vided by the Convolutional Neural Network (CNN) for 2D
image segmentatdion. Ronnenburger et al. [11] used the U
Net trained on transmitted light microscopy images (phase
contrast and DIC) and won the 2015 ISBI cell tracking chal-
lenge for these categories by a large margin. Segmentation
of a 512� 512 image takes less than one second on a recent
GPU. Shakeri et al. [12] used the Fully-Convolutional Neural
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Network (F-CNN) for segmenting sub-cortical structures of
the human brain in magnetic resonance imaging (MRI), with
no alignment or registration steps at the time of testing;
they further improved segmentation results by interpreting
the CNN output as potentials of a Markov Random Field
(MRF), in which the topology corresponds to a volumetric
grid. Alpha-expansion was used to perform approximate
inference through imposing spatial volumetric homogeneity
on CNN priors. Men et al. [13] first used a deep deconvolu-
tional neural network (DDNN) for target segmentation of
nasopharyngeal cancer in CT images and acquired ideal
results in both CTV and GTVnx. Similarly, Thong et al. [14]
presented a fully automatic framework for kidney segmenta-
tion using convolutional networks (ConvNets) trained using a
patch-wise approach to predict the class membership of the
central voxel in 2D patches in contrast-enhanced CT scans.

Despite these inspiring results, many challenges remain
for 3D image segmentation. First, the anatomical environ-
ment of 3D medical images is much more complex than that
of 2D images, so more parameters are needed to capture
the most representative features. Second, training such as 3D
CNN often faces various optimization difficulties, which can
include overfitting, gradient disappearance or explosion,
along with slow convergence speed. Third, insufficient train-
ing data make it even more difficult to capture features and
train in depth in 3D CNN [15].

Fusion network models such as ResNet [16], DensNet and
others achieve their effects by combining various models,
which some authors have reported is able to solve the prob-
lems of gradients disappearing when the information passes
through many layers, as with limited training samples
[16–18]. In order to maximize learning ability, the present
study explored the use of a Dense V-Network algorithm
based on a merger of Dense Net and V-Net. The purposes of
this study were to explore the use of a deep learning model
that combined two convolutional neural network frame-
works, Dense Net and V-Net, to create a Dense V-Network
algorithm and test its performance in segmenting pelvic
organs at risk.

Material and methods

Model structure

Convolutional neural networks (CNN) use convolutional
layers to extract image features, and extract more abstract
feature values by deepening network layers. Because convo-
lutional networks can be deeper, more accurate, and efficient
to train when they contain shorter connections between
layers close to the input and those close to the output, we
used the Dense Block structure, as described previously [17].
In Dense Block, each layer gets additional input from all pre-
vious layers and passes its own feature map to all subse-
quent layers in a feed-forward fashion. Whereas conventional
convolutional networks with L layers have L connections—
one between each layer and its subsequent layer—our net-
work has L(L2þ 1) direct connections. For each layer, the fea-
ture-maps of all preceding layers are used as input, and its
own feature-maps are used as input in all subsequent layers.

Equation (1) (shown below) shows that this densely con-
nected structure solves the under-fitting phenomenon that
occurs during training, and also greatly reduces the number
of parameters needed to be trained due to reusing the fea-
ture map. The lth layer receives the feature-maps of all pre-
ceding layers, x0;: : : ; xl�1, as input:

xl ¼ Hl ½x0, x1, . . . , xl�1�ð Þ (1)

where [x0; x1;: : : ; xl�1] refers to the concatenation of the fea-
ture-maps produced in layers 0, … , l� 1.

The V-Net network combines 3D convolution and depth
residual network, as previously described [19]. As shown in
Figure 1(b), the perception of the three-dimensional data is
effectively improved, and the residual network is used to
solve the degradation phenomenon that increases the depth
of the training error and accelerates the convergence. The
novel objective function is based on Dice coefficient, which
is a quantity ranging between 0 and 1, which we aimed to
maximize. The dice coefficient D between two binary vol-
umes can be written as

D ¼ 2
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computed with respect to the j-th voxel of the prediction.
Using this formulation, we did not need to assign weights to
samples of different classes to establish the right balance
between foreground and background voxels, and we
obtained much better results than the ones computed
through the same network trained by optimizing a multi-
nomial logistic loss with sample re-weighting.

The fused image segmentation model Dense V-Network
network absorbs the advantages of Dense Net and V-Net, as
shown in Figure 1(c). The left part of the Dense V-Network
network is a compressed path, which is pooled with a 2�2�2
convolution kernel. Each stage contains one to four convolu-
tional layers, which ensures the flow of information and
reduces training parameters through a closed connection.
The features extracted from the early stages of the left are
passed to the right part, which collects tiny details lost in
the compression path and improves the quality of the final
contour prediction.

Training data

This study enrolled 190 patients with similar pelvic tumors
who were admitted to the PLA General Hospital from June
2016 to September 2018. All patients were diagnosed with
cervical cancer, including 123 cases that were enrolled after
undergoing surgery, with clinical stage determined as IB1-IVA.
QAR delineation on the CT images was completed by the
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attending physician, and then revised and approved by the
senior chief physician. In the training of the CNN model, 160
cases were randomly selected as the training set to adjust the
parameters of the automatic segmentation model, and the
remaining 30 cases were used as test sets to evaluate the per-
formance of the convolutional neural network model.

The images need to be pre-processed and the image size
of the model was 320�320�64 or 320�320�32, which is mainly
determined according to the distribution area of the organ to
be outlined. Dozens of samples can be extracted from each
case in this way, so the sample can be expanded several
times. During training, the system randomly selects the input
area. To prevent a large number of unrelated layers x from
participating in the training, the minimum number of OAR
involved in the training area will be set. The input image is
slightly deformed and rotated by ±10 degrees on the x, y, and
z axes. Such preprocessing increases training data, improves
the generalization ability of the model, and reduces model
parameters. Based on the Atlas segmentation method, this
study used automated segmentation software MIM (MIM
Software, Inc., Cleveland, OH, USA), and randomly used 80
patients to build a library of maps, and 20 patients to verify.

Model training

To minimize the training period, V-Net and Dense Net net-
works were trained separately and then frozen when they
reached optimal training. The fusion layer was fine-tuned to

achieve the best fusion effect. The training process is shown in
Figure 2. The CNN algorithm proposed is based on implemen-
tation of the Keras deep learning library, and all budgets are
on NVDIA graphics cards to accelerate network training. Model
training, evaluation, and error analysis were performed using
Tensorflow (Google Brain, Mountain View, CA, USA) and then
compiled using the cuDNN compute kernel. The initial learning
efficiency was set to 0.0001, the learning rate attenuation fac-
tor was 0.0005, the attenuation step size was 1000, and the
number of iterations was set to 50,000 for model training.

Evaluation indicators

The accuracy of automatic segmentation was evaluated
quantitatively using three parameters: Dice Similarity
Coefficient (DSC), Hausdorff Distance (HD) and Jaccard dis-
tance (JD).

(1) The Dice similarity coefficient is the degree of similarity
between the automatic segmentation result and the physi-
cian’s manual segmentation result. A and B are used to rep-
resent the point set contained in the two regions. The
calculation formula of the DSC is as shown in [4]:

DSC A, Bð Þ ¼ 2 A \ Bj j
Aj j þ jBj (4)

where jA\Bj represents the intersection of A and B. The
value range of the DSC is 0–1, and the higher the value, the
better the segmentation effect.

Figure 1. The structure of Networks. (a) Dense Net, (b) V-Net, (c) Dense V-Network.
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(2) The Hausdorff distance reflects the largest difference
between the two contour point sets. The calculation formula
is as shown in [5]:

HD A, Bð Þ ¼ max h A, Bð Þ, h B,Að Þð Þ (5)

where h(A, B) represents the maximum distance between
the point in set A and the point in set B. hðA, BÞ ¼
maxai2A minbj2B |ai � bj|, hðB, AÞ ¼ maxbi2B minaj2A |bj � ai|:
The smaller the HD value, the higher the segmenta-
tion accuracy.

(3) The Jaccard distance is used to measure the difference
between the two sets. The larger the Jaccard distance value
is, the lower the sample similarity is. The formula is as shown
in formula [6]:

dj A, Bð Þ ¼ A [ Bj j�jA \ Bj
A [ Bj j (6)

Results

Segmentation accuracy and quantitative evaluation of
dense V-network algorithm

Results of model segmentation algorithm, including the DSC
value, Hausdorff distance value and Jaccard distance box

pattern, are shown in Figure 3. The segmentation result is
ideal, but the Hausdorff distance of the small intestine is
somewhat larger.

To more clearly see the effects of automatic segmenta-
tion, the average of the three quantitative parameters of
each endangered organ is shown in Table 1. The DSC values
of the bladder, small intestine, rectum, femoral head and spi-
nal cord are all above 0.85 (average value 0.9) and the
Jaccard distance is within 2.3 (average 0.18). With the excep-
tion of the intestine, the Hausdorff distance values are all
within 9.0mm (average value 6.1mm).

Figure 4 shows the segmentation effects of CT images of
cervical cancer, in which the red line indicates the outline of
the threatened organ, and the blue area is the result of auto-
matic segmentation by the Dense V-network algorithm. The
automatic segmentation result of this model is in good
agreement with the manual delineation results.

Figure 2. The model training process.

Figure 3. The box plot of three evaluation parameter results.

Table 1. Segmentation results of pelvic organs at risk (Mean).

OAR DSC HD/cm JD

Bladder 0.95 0.65 0.09
Intestine 0.87 1.75 0.023
Rectum 0.87 0.79 0.22
Femur-R 0.92 0.50 0.14
Femur-L 0.92 0.57 0.15
Cord 0.87 0.57 0.23
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Evaluation of segmentation effects of each model

After training and testing, the three structures of V-Net,
Dense Net and Dense V-Network and comparing them with
the MIM software automatic segmentation results, the seg-
mentation effects of the fusion model were evaluated.
Evaluation is based on the Dice coefficient value, which is
most commonly used to evaluate the accuracy of automatic
and semi-automatic segmentation methods. The results are
shown in Supplementary Table S1. DSC > 0.7 means that
the automatic segmentation area and the manual segmenta-
tion area have a high degree of repetition and the segmen-
tation effect is satisfactory, as previously described [20].
Supplementary Table S1 reveals that the automatic segmen-
tation results of the three models are acceptable, and the
Dice value of all organs of the fusion model is better than
that of the single model.

Discussion

In the present study, a Dense V-Network model was pro-
posed for automatic segmentation of pelvic organs and satis-
factory results were realized. Accuracy of automatic
segmentation was evaluated based on (1) the degree of
deviation of contours by deviation of centroid, minimum
average distance and HD, and (2) the differences in volume
were evaluated by deviation of volume, sensitivity index,
inclusiveness index and JD. Results of the present study have
shown that, except for the poor Hausdorff distance of the
intestines, the evaluation indexes of the other organs(blad-
der, rectum, femoral head and spinal cord)were excellent.
Also, the delineation effects achieved were significantly bet-
ter than those of the commonly used Atlas method.
Nevertheless, the method of model fusion described in this
study requires more time for training and testing than the
original models, which is equivalent to the time exchange
effect. The total time to perform this method is within three
minutes of the original, including segmentation of all organs
and post-processing of the results given to the model using
an image processing-based method.

Dense V-Networks have been proposed and used for
organ segmentation in published studies; however, they are
applied only to organs with a simple structure and with a
large difference in CT density from neighboring organs such
as lung lobes and abdominal organs. However, a better seg-
mentation method has not been established for the pelvic
organs owing to their complexity. In particular, the size,
morphology, gray scale and relative position of the intestinal
tract are affected by individual differences, disease states and
previous treatment, making it difficult to create an efficient,
effective segmentation method. The Dense V-Network algo-
rithm we developed is based on multi-model fusion for auto-
matic segmentation of endangered organs in radiotherapy,
combining the advantages of Dense Net and V-Net network
models. Although we developed the Dense V-Network algo-
rithm independently, other authors have introduced a similar
model for abdominal organ segmentation [18]. The fused
model not only reduces the number of parameters that need
to be adjusted in the network and shortens the training
time, but also solves the problem caused by the increase of
network depth, which improved accuracy and enhanced the
training. Overall, the Dense V-Network model quickly and
accurately delineated pelvic organs at risk when the training
sample was small. However, the results we obtained for the
small intestine were poor, likely due to the following: 1. The
CT boundary is unclear, making it difficult for the marking
physician to sketch; 2. Several physicians drew the intestine
and colon together; 3. Some data did not cover the entire
intestine, only the part that is closest to the target area,
which needed to be dose-evaluated; 4. The shape of the
intestine changes due to the degree of organ filling. 5. The
small intestine is relatively large so that it magnifies the devi-
ation. These are common problems associated with other
auto-segmentation results of soft tissue organs, and solutions
must be explored in subsequent research.

Our results for the segmentation effects of all four models
(as shown in Supplementary TableS1) shows that the Dense
V-Network algorithm has certain advantages compared with
the commonly used Atlas method, especially for structures of
the bladder and rectum. Quantitative evaluation by DSC
value shows that the fused model is superior to single

Figure 4. The automatic segmentation result of CT images. (a) Bladder, (b) intestine, (c) rectum, (d) femur, (e) cord.
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models, the Atlas segmentation method and many inter-
national reports. However, if the model is applied to the clin-
ical work of radiotherapy, supervision by physicians will be
needed and results will vary accordingly. Then, as the algo-
rithm structure is optimized and the training data increases,
the expected results will be improved further.

Several international reports on pelvic endangered organ
segmentation have been based on deep learning. Kazemifar
et al. [21] used 2D U-Net to directly train the 2D CT grad-
ation transformation to the corresponding feature map of
the endangered organ segmentation image, and Dice values
of the bladder and rectum were 0.95 and 0.92, respectively,
which are better than our results. However, U-Net based on
2D image segmentation does not conform to the 3D charac-
teristics of medical images, and cannot guarantee the infor-
mation exchange between the upper and lower layers of CT
images, which may cause certain deviations in practical
applications. Balagopal et al. [22] used the 3D U-Net network
to segment the bladder, rectum, and left and right femoral
heads in pelvic CT images with Dice values of 0.95, 0.84,
0.96, and 0.95, respectively. The segmentation result of the
bladder is comparable to results in the present study, in
which the Dice value of the rectum was 0.87, only slightly
better than that of Balagopal et al. [22]. Men et al. [23] used
the deep dilated convolutional neural network (DDCNN) to
automatically segment the bladder, small intestine, rectum,
and left and right femoral heads; with Dice values of 0.934,
0.653, 0.62, 0.921, and 0.923, respectively. Results of the pre-
sent study, especially for the intestine and rectum, are super-
ior to those achieved by DDCNN. In the present study, the
fusion model Dense V-network algorithm automatically seg-
mented the pelvic organs-at-risk. Except for the Hausdorff
distance of the intestine, our results exceeded those of most
other reports.

Convolutional neural networks based on multi-layer super-
vised learning are said to have good fault tolerance, adapt-
ability and weight sharing [18,21–23]. The trained model is
simple to operate, provides reliable results, and is suitable
for clinical applications. However, convolutional networks
have certain limitations that may jeopardize organ segmenta-
tion, and meeting clinical requirements can be difficult.
Therefore, we attempted to integrate different networks to
improve the effects and accuracy. Overall, CNN has achieved
satisfactory results in the fields of two-dimensional image
segmentation and image recognition. Convolutional net-
works are reported to be substantially deeper, more accur-
ate, and efficient to train if they contain shorter connections
between layers close to the input and those close to the out-
put. Therefore, we used the Dense Block, as previously
described [17], in which each layer gets additional input
from previous layers and passes its own feature map to all
subsequent layers in a feed-forward fashion. The Dense Net
network is usually used for segmentation of OARs in radi-
ation therapy. Gibson et al. [18] used dilated convolutional
networks with dense skip connections to segment the liver,
pancreas, stomach and esophagus from abdominal CT with-
out image registration, showing the potential to support
image-guided navigation in gastrointestinal endoscopy

procedures. Nasr-esfahani et al. [24] also used Dense Net in
lesion segmentation in non-dermoscopic images and
acquired a perfect Dice score, outperforming state-of-the-art
algorithms in segmentation of skin lesions based on the
Dermquest dataset. Other investigators have adopted dense
connectivity to help the learning process by including deep
supervision [25]. Highly competitive results were obtained
when evaluating their approach compared to data from the
MICCAI Grand Challenge on 6-month infant Brain MRI
Segmentation (iSEG).

V-Net network can be regarded as a three-dimensional U-
Net network, which is widely used in 3D medical image seg-
mentation. Casamitjana et al. [26] segmented brain tumors
with a cascade of two CNNs inspired by the V-Net architec-
ture, reformulating residual connections and making use of
ROI masks to constrain the networks to train only on rele-
vant voxels. In addition, V-Net is used to segment prostate
[19], infant brain [27], white matter hyperintensities [28], and
so on. Different models have different effects on endanger-
ment of organs with different structures and we cannot
expect a particular model to delineate all organs better than
other models. Drawing on the idea of using multiple weak
classifiers to realize a strong classifier, we combined well-per-
forming single models to construct an even better, more
effective combination model. The merged Dense V-Network
model realizes the complementary advantages of the two
included network structures, which reduces the need to
adjust parameters, reduces redundancy, saves memory space
occupied by training, and reduces over-fitting. The combin-
ation of the two effective structures solves the problem of
gradient disappearance or explosion when training three-
dimensional data, improves the convergence time, and
simply increases the network depth to improve network per-
formance without increasing the training set.

Limitations

Several limitations must be noted. First, our efforts to valid-
ate the model may have been influenced by the participa-
tion of all authors, without blinding, in the manual
segmentations while the algorithm was being developed and
tested. Also, we did not optimize the algorithm parameters
for Dense Net and V-Net separately from development of the
combined Dense V-Net, and performance data may have
been underestimated for the two component methods. We
could not evaluate the clinical utility of the method directly,
only in the research setting, especially the use of the algo-
rithm for segmentation in image-guided endoscopic naviga-
tion in the pelvic region. Additional prospective studies are
needed to confirm our initial findings regarding efficiency
and accuracy of the method, and to directly compare per-
formance with other methods so that performance can
be optimized.

Conclusions

In conclusion, the Dense-V-Network algorithm can be used
to automatically segment pelvic OARs accurately and
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efficiently, while shortening patients’ wait time and accelerat-
ing radiotherapy workflow. Overall, the optimized algorithm
structure and increased training data are able to improve the
clinical results of segmentation.
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