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Automatic Hybrid Deep Learning Network
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1 Introduction

Liver is the biggest part in the abdominal region. Liver cancer is one of the subtypes
of hepatocellular carcinoma (HCC). HCC is the major cause for primary liver can-
cer and leads to major health issues. Early stage of HCC prognosis and diagnosis is
more benefited to patients to attempt earlier treatment and to live peacefully. HCC
can be caused by non-alcoholic fatty liver disease, steatohepatitis, alcoholic liver
disease or hepatitis B and C. During the course of disease, tumours from the breast,
pancreas and colon can readily spread into the liver.

Manual segmentation of liver cancer in the radiological images is a time-
consuming process. Deep learning combined with image processing techniques can
be used to detect tumours automatically. The tumour usually originates in the other
parts of the image and spreads to the liver. Tumour usually is the abnormal growth
in the liver. Tumours can be cancerous or non-cancerous part.

The main goal of liver segmentation is to classify the pixels into two groups: the
pixels which belong to the liver and the remaining pixels which belong to non-liver
parts. Based on the conventional approach, other ways are employed to segment the
liver, such as level sets or deformable models, clustering, region growing, graph
cuts, probability atlases, statistical shape models and deep learning methods.
Figure 1 depicts the details of abdominal CT image and various internal parts are
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Normal abdominal CT image Liver lesion image

Fig. 1 Liver, heart, stomach and tumour in CT slice and presentation of normal and lesion image

marked. Also, this figure represents the CT image of liver in normal and lesion
cases. Table 1 explains the different stages of liver cancer. Various stages are stage
1, 2, 3 and 4 based on the penetration of tumours into the inner human body parts.
From the given dataset or data acquisition, the liver part is segmented using mor-
phological operations or with efficient image segmentation algorithm. Then from
the segmented liver lesion/tumour features are extracted. Then the various perfor-
mance measures listed in Table 2 are computed and evaluated.

Generally, the liver image segmentation applies various algorithms and is
explained as follows. In spatial and geometric shape model, prior knowledge pro-
vides the statistical shape model. This method creates a probabilistic model with
prior knowledge. Local image features can be extracted using B-spline transforma-
tion. Grey-level method is utilized for intensity distribution. Morphological filters
and intensity distribution are utilized for extracting pattern features. Also, graph cut
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Table 1 Various stages of liver cancer

Various stages of liver cancer

Stage 1 | Primary tumour not grown into any blood cells

Stage 2 | Primary tumour grown into blood cells

Several small tumours are present

Tumours’ diameter less than 5 cm

Not spread to nearby lymph nodes or distant sites
Stage 3 | Stage 3A

Several tumours were present with more than 5 cm
Not spread to nearby lymph nodes or distant sites
Stage 3B

Several tumours were present

At least one tumour is growing into a branch of the portal vein or the hepatic vein
Not spread to nearby lymph nodes or distant sites
Stage 3C

Tumour has grown into the outer covering of the liver
Not spread to nearby lymph nodes or distant sites

Stage 4 | Cancer has spread to nearby lymph nodes and may have grown into nearby blood
vessels

Table 2 Evaluation parameters

Parameters Formula

Accuracy (true positive [TP] + false positive [FP])/(true positive [TP] + false
positive [FP] + true negative [TN] + false negative [FN])

Specificity True negative [TN]/(true negative [TN] + false positive [FP])

Sensitivity (recall) True positive [TP]/(true positive [TP] + false negative [FN])

Precision (Pr) True positive [TP]/(true positive [TP] + false positive [FP])

F-score 2 (precision (Pr) x recall)/(precision (Pr) + recall)

Dice similarity DSC (A, B) = (2 x IAnBI)/(IAl + IBI) x 100%

coefficient (DSC) A is the segmentation result, B is the ground truth

Volume overlap error | VOE (A, B)=1—-1AnBIIA UBI

(VOE)

methods help to separate background and liver. K-means clustering and region
growing segmentation methodologies were applied over the image followed by con-
touring algorithm in semi-automated method and the parameters (liver, heart, stom-
ach and tumour) of CT slice and presentation of normal and lesion image.

After segmenting the liver, the following step is to segment any tumours that may
be present in the image. The current research work contains a summary of several
liver tumour segmentation methods, which are described as follows. Thresholding
method is an effective tool used to separate tumour and background. Histogram
analysis method is used for thresholding. Spatial regularization method depends on
the morphological operations. Level set method is applied with numerical computa-
tions to segment various tumour shapes. Graph cut method, watershed segmenta-
tion, Bayesian classifier, SVM, fuzzy C-means clustering and hidden Markov
models are used in the semi-automated method.
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The paper is coordinated as follows. Section 2 portrays the connected works con-
nected with liver disease anticipation and analysis. Section 3 presents the proposed
technique. Section 4 makes sense of the outcomes and conversation of the proposed
work with correlation of the new examination works. Section 5 presents the results
and future improvements of the proposed work.

2 Objectives

The major contribution of the proposed work is given as follows:

* Hybrid liver image segmentation for lesion detection is proposed with morpho-
logical segmentation operation and two-fold cascaded CNN networks for liver
and lesion segmentation.

*  Morphological operations provide the effectiveness in liver segmentation from
the abdominal CT and MRI images.

e In the cascaded FCN U-net architecture is experimented to reach the faster
computation.

3 Methods

Men et al. [1] have worked on the 3D computer tomography images and avoided the
time-consuming manual interpretation. But this method is less effective for multiple
lesions. A fully automated fully convolutional network was experimented for 20
patients and received 0.86 and 0.6 true positive rate and false positive rate, respec-
tively, with three-fold cross-validation [2]. Vivanti et al. [3] developed a convolu-
tional neural network with a robust classifier for the detection of liver tumours. With
global CNN, this approach generates high-scoring examples while discarding low-
scoring cases. Multi-scale candidate generation with residual network [4] was
applied with liver tumour segmentation. Initially U-network segments the liver and
fractal residual network segregates the tumour. Finally, contour method refines the
tumour refinement. A semi-automatic segmentation [5] of liver was performed by
Voronstov et al. This work combines both deformable model and machine learning
algorithm for segmentation. Support vector machine classifier precisely classified
and validated the metastatic liver tumour for 27 tumours. A two-fold multi-voxel-
based liver tumour segmentation was implemented using the method proposed by
Conze et al. [6]. Random forest technique is applied for multi-voxel-based feature
discrimination and hierarchical multi-scale fashion to deal with heterogeneity. Jiang
et al. [7] have discussed a cascaded network for liver localization, segmentation and
tumour identification on 3D datasets. This cascaded network outperforms the exist-
ing U-net and Res-net for various datasets. Hierarchical convolutional and
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deconvolutional network-based live tumour prognosis and diagnosis method was
implemented by Yuan [8]. This model was experimented over LiTs 130 training
datasets and the best Jaccard function was calculated. Two different fully convolu-
tional layers are applied separately for liver and lesion classification [9]. The perfor-
mance of these two FCN layers outperforms the single FCN network. Bellver et al.
[10] implemented cascaded stages of network for liver segmentation and lesion
detector. Here the segmentation network operates in pixel-wise manner. The lesion
detector applies constraint-less detection. Pancreas cancer detection is implemented
on PET/CT images. Linear iterative clustering method is implemented for pancreas
segmentation. Then principal component analysis is applied for feature extraction.
This method was finally evaluated over public datasets which include 82 three-
dimensional CT images. Deep neural network with combined networks [11] of
U-net for long-range concatenation and short-range residual network was proposed
in this methodology. This DCNN has the limitation of long computation time for
lesion detection. Larsson et al. [12] introduced a macro architecture based on self-
similarity without residuals. This architecture includes sub-paths of various lengths.
The majorly contributed fractal networks show better performance on CIFAR data-
sets. This deeper network brings quick answer with more accuracy. Trivizakis [13]
has extended the 2D CNN architecture to 3D and achieved improved performance
for MRI liver datasets. This architecture includes 2048 neurons with ReLu activa-
tion function with softmax binary classifier. Hu et al. [14] has applied three-
dimensional CNN deep learning methods for detecting the liver. Here deep learning
is trained to extract probabilistic map. This method is validated on 42 CT images.
Lu et al. [15] developed a fully automatic method for liver segmentation. This com-
bines graph cut and deep learning procedure. Deep learning method extracts liver
surface. Refinement method [16] uses graph cut technique to map the liver probabil-
ity map. Christ presents an automatic fully connected CNN for segmenting liver and
its lesion. HU windowing/N4 bias correction method is applied in the pre-processing
step. Then from the abdominal images liver part is segmented with FCN.

4 Proposed Work

The proposed work depicted in Fig. 2 uses the public dataset 3DIRCADSET and
CIFAR set. The liver image is converted into luminance (Y) channel and then the
artifacts are removed using median filter. Then the liver image is segmented using
morphological operation including erosion and dilation operation.

Next from the segmented liver image the tumour is detected using fully con-
nected convolutional layer together with deeper U-net architecture which enhances
the classification accuracy. The experimentation is tested over the computer tomog-
raphy image slices and MRI images as shown in Figs. 3 and 4.
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Fig. 3 Liver segmentation using morphological operations (a—e)
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| (a) Input (b) FCN lesion detection (c) U-net output

Fig. 4 Blue colour is the lesion ground truth, red colour indicates the tumour ground truth, yellow
represents the predicted liver and green represents the lesion detection

Table 3 Performance measures comparison of the proposed method with existing methods

Performance measures

Methods DSC % Precision % Recall %
Adaboost 74.62 80.22 74.26
RF 79.37 91.37 74.11
SVM 79.77 83.53 81.06
Proposed 80.05 82.79 84.34

S Results

The proposed method applies morphological operation for the liver segmentation
from the abdominal images and the performance measures of various parameters
for MRI Images are shown in Table 3 and Fig. 5. Then the two-fold lesion segmen-
tation for lesion classification is further enhanced using fully convolutional network
with U-net architecture. The proposed hybrid method enhances the sensitivity and
true positive rate with highest value compared to the existing methods. The evalua-
tion can be extended for 3D slices in the future.
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Fig. 5 Performance measures of the various parameters for MRI images

References

1. Men K, Chen X, Zhang Y, Zhang T, Dai J, Yi J, Li Y. Deep deconvolutional neural network
for target segmentation of nasopharyngeal cancer in planning computed tomography images.
Front Oncol. 2017 Dec 20;7:315.

2. Ben-Cohen A, Klang E, Kerpel A, Konen E, Amitai MM, Greenspan H. Fully convolutional
network and sparsity-based dictionary learning for liver lesion detection in CT examinations.
Neurocomputing. 2018 Jan 31;275:1585-94.

3. Vivanti R, Ephrat A, Joskowicz L, Karaaslan O, Lev-Cohain N, Sosna J. Automatic liver tumor
segmentation in follow-up CT studies using convolutional neural networks. In: Proc. patch-
based methods in medical image processing workshop, vol. 2; 2015 Oct 9. p. 2.

4. Bai Z, Jiang H, Li S, Yao YD. Liver tumor segmentation based on multi-scale candidate gen-
eration and fractal residual network. IEEE Access. 2019 Jun 14;7:82122-33.

5. Vorontsov E, Abi-Jaoudeh N, Kadoury S. Metastatic liver tumor segmentation using texture-
based omni-directional deformable surface models. In: International MICCAI workshop on
computational and clinical challenges in abdominal imaging. Cham: Springer; 2014 Sep 14.
p. 74-83.

6. Conze PH, Noblet V, Rousseau F, Heitz F, de Blasi V, Memeo R, Pessaux P. Scale-adaptive
supervoxel-based random forests for liver tumor segmentation in dynamic contrast-enhanced
CT scans. Int J] Comput Assist Radiol Surg. 2017 Feb;12(2):223-33.

7. Jiang H, Shi T, Bai Z, Huang L. Ahcnet: an application of attention mechanism and hybrid con-
nection for liver tumor segmentation in ct volumes. IEEE Access. 2019 Feb 25;7:24898-909.

8. Yuan Y. Hierarchical convolutional-deconvolutional neural networks for automatic liver and
tumor segmentation. arXiv preprint arXiv:1710.04540. 2017 Oct 12;



Automatic Hybrid Deep Learning Network for Image Lesion Prognosis and Diagnosis 133

9.

10.

11.

12.

13.

14.

15.

16.

Vorontsov E, Tang A, Pal C, Kadoury S. Liver lesion segmentation informed by joint liver
segmentation. In: 2018 IEEE 15th International Symposium on Biomedical Imaging (ISBI
2018). IEEE; 2018 Apr 4. p. 1332-5.

Bellver M, Maninis KK, Pont-Tuset J, Gir6-i-Nieto X, Torres J, Van Gool L. Detection-aided
liver lesion segmentation using deep learning. arXiv preprint arXiv:1711.11069. 2017 Nov 29;
Li S, Jiang H, Wang Z, Zhang G, Yao YD. An effective computer aided diagnosis model for
pancreas cancer on PET/CT images. Comput Methods Prog Biomed. 2018 Oct 1;165:205-14.
Larsson G, Maire M, Shakhnarovich G. Fractalnet: Ultra-deep neural networks without residu-
als. arXiv preprint arXiv:1605.07648. 2016 May 24;

Trivizakis E, Manikis GC, Nikiforaki K, Drevelegas K, Constantinides M, Drevelegas A,
Marias K. Extending 2-D convolutional neural networks to 3-D for advancing deep learn-
ing cancer classification with application to MRI liver tumor differentiation. IEEE J Biomed
Health Inform. 2018 Dec 11;23(3):923-30.

Hu P, Wu F, Peng J, Liang P, Kong D. Automatic 3D liver segmentation based on deep learning
and globally optimized surface evolution. Phys Med Biol. 2016 Nov 23;61(24):8676.

Lu F, Wu F, Hu P, Peng Z, Kong D. Automatic 3D liver location and segmentation via convolu-
tional neural network and graph cut. Int J Comput Assist Radiol Surg. 2017 Feb;12(2):171-82.
Christ PF, Ettlinger F, Griin F, Elshaera ME, Lipkova J, Schlecht S, Ahmaddy F, Tatavarty S,
Bickel M, Bilic P, Rempfler M. Automatic liver and tumor segmentation of CT and MRI vol-
umes using cascaded fully convolutional neural networks. arXiv preprint arXiv:1702.05970.
2017 Feb 20;



	Automatic Hybrid Deep Learning Network for Image Lesion Prognosis and Diagnosis
	1 Introduction
	2 Objectives
	3 Methods
	4 Proposed Work
	5 Results
	References


