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Abstract: One of the leading causes of mortality worldwide is liver cancer. The earlier the detection of hepatic tumors, the lower the mortality rate. This paper introduces a computer-aided diagnosis system to extract hepatic tumors from computed tomography scans and classify them into malignant or benign tumors. Segmenting hepatic tumors from computed tomography scans is considered a challenging task due to the fuzziness in the liver pixel range, intensity values overlap between the liver and neighboring organs, high noise from computed tomography scanner, and large variance in tumors shapes. The proposed method consists of three main stages; liver segmentation using Fast Generalized Fuzzy C-Means, tumor segmentation using dynamic thresholding, and the tumor's classification into malignant/benign using support vector machines classifier. The performance of the proposed system was evaluated using three liver benchmark datasets, which are MICCAI-Sliver07, LiTS17, and 3Dircadb. The proposed computer adided diagnosis system achieved an average accuracy of 96.75%, sensetivity of 96.38%, specificity of 95.20% and Dice similarity coefficient of 95.13%.
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1  Introduction

The liver is one of the most vital organs in the human body. It is responsible for at least 500 essential functions for the body, such as regulating blood clotting, filtering blood from waste substances and medications, and raising immune factors to fight infections. Hence, early detection and diagnosis of liver problems are critical tasks. The morbidity of liver cancer has increased three times when compared to 1980 [1]. Over the last decade, the percentage increased by about 3%. Men are significantly more likely to be more morbid to liver cancer by three times than women. Liver or hepatic cancer is expected to be responsible for about 31,780 deaths per year (21,600 men and 10,180 women). Hepatic cancer was ranked the 5th most common death causes in men and the 7th in women [2]. Early detection, diagnosis, and accurate staging of liver tumors are essential issues in radiography.

Chronic liver disease (CLD) development is identified through many phases; each has physiological and pathological features. The early phase of liver cancer starts when fats are increased in hepatocytes. This phase is called fatty liver infiltration or steatosis [3]. In the liver damage phase, fibrosis appears. The evolution of fibrosis relies on the source of hepatic failures, such as chronic hepatitis. The late phase of CLD is cirrhosis, and it refers to a deficiency of liver functionality due to long-term damage. Cirrhosis is classified into two categories, namely decompensated and compensated cirrhosis. When cirrhosis reaches late phases, the patient is diagnosed with primary liver cancer [4,5].

The staging and detection of CLD are achieved using medical imaging modalities with computer-aided diagnosis (CAD) systems [6]. For liver cancer diagnosis, computed tomography (CT) imaging modality is used. CAD systems are computer methods that extract hidden knowledge from acquired medical images to enhance disease diagnosis accuracy. The hepatic CAD systems are mainly concerned with developing methodologies and techniques to enhance medical images’ quality, improve the diagnosis accuracy, and detect or segment liver tumors [7]. Liver tumors CAD systems have common implantation stages; the liver segmentation, tumors segmentation and tumors classification or diagnosis.

Manual liver and tumor segmentation from CT scans is tedious and prohibitively time-consuming for a clinical setting. The primary automatic liver segmentation challenges can be summarized as follows. First, the liver has high intensities values overlap with its surrounding organs, especially the heart, right kidney, and spleen. This overlap makes it more challenging, especially for the automatic liver segmentation process. Second, the liver has various shapes across subjects. Finally, the presence of tumors or other abnormalities may result in severe intensity inhomogeneity [8]. The task of automatically segmenting liver tumors is considered immensely challenging due to various factors. The liver stretches over 150 slices in each CT scan file, with indefinite tumor patterns, low-intensity contrast between tumors and the rest of the liver tissues, variance in liver shape and size through CT slices in a single subject as well as between different subjects, and intensity intersection between liver and other abdomen organs [9,10].

Tumor classification systems aim to classify hepatic tissues into either normal, malignant, or benign. Classification accuracy mainly depends on the quality of the extracted features. Features extracted from medical images refer to quantitative measurements beneficial in the structure or tissue pathology classification process. Features can be extracted in both spectral or the spatial domain. A subset of the most robust features is selected for enhancing classification quality and reducing processing complexity. Feature selection methods use search strategies, categorized as exhaustive, heuristic, and non-deterministic approaches [11]. Extracted hepatic features can be either textural or statistical features. Texture-based features measure appearance and textural changes between healthy/unhealthy hepatic tissues. Textural features include Gabor energy, homogeneity, energy, contrast, and correlation. Statistical features may include uniformity, entropy, and mean grey-level intensity between healthy/tumor tissues [12]. The advanced classification systems aim to classify the liver tumors into more specific categories, such as normal, cyst, hemangioma, and HCC [13].

The proposed CAD system is comprised of several stages. The first stage is CT scans quality enhancement stage. At this stage, the CT image is converted to greyscale, contrast-enhanced with histogram equalization, and filtered with median filtering. At this point, the input CT image becomes uniform, homogeneous, and more suitable for the segmentation process. The second stage is the liver segmentation stage. This stage aims to segment the liver from the rest of abdomen organs using the fast-generalized fuzzy C-means (FGFCM) method. The third stage is tumors segmentation at which the segmented liver is passed to an adaptive thresholding method to segment detected tumors. The final stage is the diagnosis stage at which the segmented tumors are classified into malignant or benign using support vector machines (SVM) classifier.

This paper proposes a CAD system framework for differentiating benign and malignant liver tumors. The proposed system was able to reduce the effect of impulse noise from the CT scanner on the quality of the segmentation process using adaptive median filtering (AMF). It was also able to solve the problem of high intensities overlap between the liver and the rest of abdomen organs by selecting CT slices at which the liver can be differentiated and enhancing contrast using the adaptive histogram equalization (AHE) method. High-quality segmentation of the liver was achieved using FGFCM since it has high ability to preserve correlation between image pixels. The diagnosis of the hepatic tumors was implemented using a combination of statistical intensity-based features such as mean, standard deviation, and skewness and textural-based features such as gray-level difference matrix (GLDM). The performance of the proposed method was evaluated using three bench-marks datasets and different performance metrics were calculated. The main contribution of our proposed CAD system can be outlined in the following points:

•   Proposing a comprehensive framework for differentiating benign and malignant liver tumors from various datasets.

•   The effect of impulse noise from CT scanner on quality of segmentation process was reduced by using adaptive median filtering (AMF).

•   The liver and abdomen organs intensities values overlap were solved by first selecting only CT slices at which liver can be differentiated, and enhancing contrast using adaptive histogram equalization (AHE) method.

•   Using FG-FCM for the liver segmentation to solve the problem of noise sensitivity with high details-preserving abilities to provide high quality segmentation.

•   The proposed method aims mainly to classify segmented tumors into benign/malignant tumors using a combination of statistical intensity-based features and textural based features. Intensity features include the mean, standard deviation, and skewness. Textural features include GLDM.

•   The performance of the proposed method was evaluated using three bench-mark datasets. Different performance metrics were calculated.

The rest of this paper is ordered as follows. Section 2 reviews the related work. Section 3 discusses the proposed CAD system for the liver/hepatic tumor segmentation and diagnosis. Section 4 presents experimental results and further discussion. Section 5 summarizes the most important findings of this work.

2  Related Work

Several techniques had been proposed to efficiently solve the problem of the liver and tumors segmentation from abdominal CT scans. Those techniques can be classified into two categories. The first category is the direct approach that focuses solely on tumor segmentation by segmenting tumors alone without segmenting the liver as an intermediate stage. The second category is the indirect approach that first segments the liver and then segments the tumor.

Moltz et al. [14] proposed a hybrid method to segment liver tumors. This method first segmented the liver by using a rough segmentation based on the adaptive thresholding approach. Then, tumors were segmented using model-based morphological processing. The main drawback of this method was that it required the user to specify the center of the region of interest (ROI) for tumor segmntation algorithm. Huang et al. [15] proposed an automated liver segmentation hybrid method. First, the liver intensity range was determined in regards to the input liver volume data. The ROI was then identified using an atlas-based affine and non-rigid registration. To achieve high-quality segmentation, primary -liver tumors were segmented based on grey level and distance prior knowledge in the final stage. The results demonstrated that this method had the capability to be used as a clinical tool. However, this method had high computational complexity. Wong et al. [16] proposed a semi-automatic method based on region growing segmentation. They used CT scans as the primary imaging modality. To guarantee that region's shape and size were grown within acceptable limits, knowledge-based constraints were used. This method required ROI to be identified manually by selecting two CT images points before the region grew. Pohle et al. [17] proposed an adaptive region growing technique. This method had the advantage of automatically learning about the homogeneity criterion from the characteristics of segmented regions. However, if the segmented region is heterogeneous, this method was inefficient and resulted in under segmentation.

Li et al. [18] proposed a hybrid method for liver tumor segmentation. This method integrated two segmentation approaches, which are fuzzy C-means (FCM) and level set segmentation. They first used FCM for segmentation. Then, they implemented the level set for fine delineation. The output of those two steps was integrated using some morphological operations. This method had a high processing time due to the use of the level set approach. Zhou et al. [19] provided a performance benchmark study for three semi-automatic liver tumors- segmentation methods. These three methods involved region growing with knowledge-based rules, propagational learning for tumor pixels classification, and region growing based on the Bayesian rules. The results showed the superiority of the first two methods over the third. Abdel-Massieh et al. [20] proposed an enhanced threshold-based method for segmenting liver tumors from CT scans. They started by improving the grey level intensity contrast of the input image. The main drawback of this method was its severe sensitivity to noise.

Kumar et al. [21] proposed an automatic and effective liver tumors segmentation method from CT images. The method used confidence connected region growing technique to segment liver and alternative FCM clustering to segment tumors. This method was validated using 10 cases of CT scans. Zhao et al. [22] proposed a hybrid liver segmentation method based on FCM and multilayer perceptron. They used a dataset of ten subjects with 40 slices per subject. The quality of CT scans was enhanced using a threshold method. The initial liver edges were marked using FCM clustering and morphological reconstruction filter. Then, the segmented liver results were used to train a multilayer perceptron neural network. The process was stopped when the network was able to segment the liver through all slices successfully.

Danciu et al. [23] proposed the usage of tumor volume, diameter, and size as the main texture features. This paper selected tumors features based on the concept of minimum redundancy/maximum relevance. This helped in the selection of unique textural features with lower redundancy as possible. Also, the dependency of extracted features was maximized.

Ji et al. [24] proposed the usage of structure and context properties to segment tumors from surrounding liver tissues in 3D CT scans. This method had the advantage of automatically acquiring implicit tumors shape characteristics using the active contour model (ACM) method. Besides, it showed good segmentation performance due to its ability to combine multiple atlas scans that enhanced segmentation accuracy. Finally, it improved the classification performance by using enhanced mean shift method and reduced segmentation time. However, this method required ground truth (GT) to be specified manually by the user. Smeets et al. [25] proposed a tumor segmentation method based on the level set technique. The algorithm started with a seed point placed inside the tumor to apply a spiral scanning technique. The level set evolves according to a seed image obtained by statistical pixel classification with supervised training. This method was highly user-dependable since it required the user to specify the seed point at the center of the tumor and clarify a maximal radius by placing a point in the surrounding liver tissue.

Moghe et al. [26] proposed an automatic liver tumor segmentation method from CT images. This method was based on the threshold segmentation approach. They used statistical moments and texture measures to select threshold values. However, the process of selecting threshold values is still a very challenging task. Yussof et al. [27] proposed a liver/tumor segmentation method. First, the liver was segmented using morphological method. Then, the tumor was segmented using anisotropic diffusion, adaptive threshold and connected component algorithm. The results showed liver's over-segmentation near the muscles and liver's under-segmentation when lesions were near the liver boundaries. Hame [28] proposed a method for liver and tumor segmentation. This method first used morphological features and thresholding techniques to segment the liver from the rest of the abdomen organs. Segmentation quality was enhanced using a fuzzy clustering approach. Liver tumors were segmented by fitting a geometric deformable model based on the membership function generated by the clustering method. This method achieved high accuracy when rough segmentation process was successful. However, rough segmentation had a low robustness which affected the overall performance of this method.

Adcock et al. [29] proposed a method to classify different liver tumors: cysts, metastases, hemangiomas, hepatocellular carcinomas, focal nodules, abscesses, and neuroendocrine neoplasms. Their proposed CAD system integrated 2D persistent homology, bottleneck matching and SVM. The output of this method had the advantage of being suitable to be passed to machine learning algorithms. However, this method suffered from difficulties presented when large tumor pixels were normalized. It led to misclassifications. Huang et al. [30] proposed a technique to categorize tumors into either benign or malignant. The tumor region was segmented using the FCM clustering method. Features were extracted using Fast Discrete Curvelet Transform (FDCT) from the segmented tumors. Feed Forward classification method was then used to label tumors as benign or malignant tumors. This method had the advantage of not requiring any user interaction to correct any poor segmentation.

Li et al. [31] proposed a hybrid method to solve the haptic tumors’ classification issue. This method started with some prior knowledge as radiologists identified tumor regions on the CT scan images. This prior knowledge reduced the time consumed during the segmentation process and eased the feature extraction process. Extracted features included spatial grey scale metrics such as dependency, run length, and different metrics. Multiclass Support Vector Machine (MSVM) was then implemented to label haptic tissues into either primary hepatic carcinoma, hemangioma, or normal tissues. MSVM used one-against-all (OAA) and one-against-one (OAO) techniques to decompose the three-class classification problem into a series of binary classifications.

Automatic liver segmentation is still an open problem. It often fails when the liver is in a complex shape, and it typically time consuming in the training stage. In the case of semi-automatic liver segmentation, user interaction could complement computer capabilities to recognize the liver region and its boundaries through CT scans. This made semi-automatic superior when it comes to accurate liver segmentation. The main limitation of semi-automatic liver segmentation methods is the dependency between the quality of segmentation output and the operator user skills, which may be affected by the user's errors and biases.

Despite the significant advancements in liver medical image analysis research, there were some significant challenges. The first challenge was the sensitivity to the noise. Segmentation methods with high noise sensitivity might fail to contour the liver and tumors accurately. The second challenge was that the discussed automatic approaches might consume long computational time in the training stage to learn different liver shapes through CT slices. This may result in high implementation complexity.

The proposed method was able to solve the main challenges of the liver medical image analysis. First, it used the AMF method to reduce segmentation sensitivity to impulse noise imposed by the CT scanner. It also used the FGFCM segmentation method, which had high noise robustness with high detail-preserving ability. Second, it solved automatic liver segmentation challenges resulting from different liver structures through CT slices. This was achieved by selecting only CT slices at which the liver was differentiable and discarded the rest. Finally, the proposed method solved the liver and its neighboring organs’ problem with the same range of intensities values. These organs made segmenting the liver automatically a complex and challenging task since they might have the same pixel intensity values as the liver. The proposed method solved this problem by enhancing liver-to-abdomen contrast using the AHE method, making the liver region easier to segmented.

3  The Proposed CAD System Framework

The proposed CAD system aims to assist radiologist decisions by accurately classify hepatic tumors into either malignant or benign tumors. It uses statistical and textural features from extracted tumors to utilize the classification process. The overall performance of the proposed system was evaluated using three benchmark datasets with different characteristics. Fig. 1 illustrates the basic structure of the proposed system, which has three main stages: liver segmentation, tumor segmentation, and tumor classification. Algorithm 1 list the pseudo-code for the proposed framework.
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Figure 1: The proposed CAD system for liver tumor segmentation and diagnosis framework
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3.1 CT Scans Input

CT scanning is an imaging technique that uses X-ray beams and rotates around the body to generate cross-sectional images (i.e., slices) of the imaged body organ. After acquiring a sufficient number of successive slices, the CT scanner computer creates a 3D representation of the imaged body organs by stacking together the acquired slices. CT scanners, as opposed to X-ray scanners, use detector arrays rather than a single X-ray film. Those arrays are placed in the opposite direction of the beam source. CT imaging is considered the best imaging modality for detecting any potential tumors or abnormalities in soft tissues, such as the brain, heart, liver, and lung. CT scans of internal organs such as the liver have the advantages of providing greater clarity, revealing more details, and minimizing radiation exposure compared to regular X-ray exams. In standard X-rays, a beam of energy is aimed at the body part being studied. A plate behind the body part captures the variations of the energy beam after it passes through the skin, bone, muscle, and other tissue. While much information can be obtained from a standard X-ray, a lot of detail about internal organs and other structures is not available [32].

In this paper, CT scans were acquired from three benchmark datasets; Computer-Assisted Intervention Society (MICCAI) liver segmentation challenge (Sliver ‘07 dataset, 2016) [33], Liver Tumor Segmentation Challenge dataset (LiTS17) provided by IEEE International Symposium on Biomedical Imaging (ISBI-2017) [34] with MICCAI-2017, and 3Dircadb dataset provided by Research Institute against Digestive Cancer [35].

3.2 Preprocessing

To enhance the accuracy of further processing steps, CT scans were gone under the preprocessing stage. This stage aims to reduce computation complexity and enhance further segmentation processes. In MICCAI-Sliver07 and LiTS17 datasets, computation complexity was reduced by selecting only the most significant slices at which the liver is dominant and discarding the rest of them. After that, the quality of selected images was enhanced by color mapping their intensities to be in the range of [0 255]. For the 3Dircadb dataset, the pixel values range from −1000 to 4000 on the Hounsfield scale [36].

3.3 Contrast Enhancement

The quality of color-mapped images was enhanced using AHE [37]. AHE achieves a higher contrast version of the input image by spreading out its intensity values and the total range of values within it. This technique is effective when the image is represented by similar intensity values, such as when the background and foreground are both bright at the same time or both are dark at the same time. The histogram of a digital image I with L discrete intensity levels is defined by Eq. (1). AHE enhances I by using the transformation function E which is defined by Eq. (2).

H(Ik)=nk(1)

E(Ik)=I0+(IL−1 −I0)c(Ik)(2)

where c(Ik) is the cumulative density function (CDF) of the input image.

3.4 Noise Reduction

The impulse noise imposed by the CT scanner highly affects the segmentation process, since segmentation methods have high noise sensitivity. The proposed system reduced its effect using AMF method [38]. AMF detects pixels that were affected by impulse noise using spatial processing. AMF uses an adaptive window to label pixels as noisy pixels. It compares each pixel in the input image to its surrounding neighbor pixels in the window. An impulse noise-affected pixel has a different gray-level value than most of its neighbors and is not structurally aligned with the pixels to which it is similar. It replaces noise pixels values with the median value of their similar neighbor pixels and it has the advantage of preserving the edges and detailed information of the image. By the end of this stage, the CT scans are uniform, homogeneous and more suitable for the segmentation process (see Fig. 2).
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Figure 2: The experimental results of the proposed method for steps 1–4 (a) Original CT scan, (b) Color mapped, (c) Contrast enhanced using AHE and (d) Filtered scan using AMF

3.5 Liver Segmentation from Abdomen Organs

The main goal of this step is to segment the liver from the rest of the abdominal organs. FCM [39] is a method by which a single data point can belong to all clusters with various degrees of membership. This method begins by dividing n input metrics into C fuzzy clusters, computing the center of each cluster, and finally maximizing the similarity index value of the objective function. Optimizing the objective function guarantees that all data points at the same cluster have same characteristics. FCM takes fuzzy partitions to make each given input value between 0 and 1 to determine its degree of membership to a class. After normalizing, the combined membership of a dataset is represented as in Eq. (3). Let X be a set of n values of X0, X1…., Xn, and V be a set of c centroids V0, V1……., Vc, the FCM will cluster X points into C cluster by minimizing Eq. (4).

∑i=1c⁡ui,j=1,∀j=1,2,…n(3)

J=∑j=1n⁡∑i=1c⁡(uij)m∥xj−vi∥2(4)

where 1 ≤ m ≤∞ is the fuzzifier, vi is the ith centroid corresponding to cluster βi, uij [0,1] is the fuzzy membership of the pattern xj to cluster βi.

FCM has several main disadvantages. First, it doesn't consider any spatial dependency between pixels in the image and treats each pixel as an individual point. Second, the FCM membership function is based on intensity values similarities between pixels and clusters centers. This means that when segmenting noisy and inhomogeneous CT scans, the sensitivity to noise is increased, resulting in inaccurate segmentation. Last but not least, the original FCM, with its two extensions FCM-S1 and FCM-S2 [40], suffered from being sensitive to noise and outliers when there is no prior- knowledge of the noise. To make a trade-off between noise sensitivity and preserving image details, the new parameter α was added to the equations. The selection of α value was a very complex and time-consuming process. The segmentation process with FCM-S1 and FCM-S2 versions was dependable on image size (i.e., the larger the image, the more time it takes to segment it).

FGFCM [41] was proposed to solve FCM problems and take local spatial information into account during the segmentation process. This was achieved by replacing parameter α with the new parameter Skj. This parameter incorporates two parameters Ss,kj and Sg,kj which indicates local spatial and local grey level relationships, respectively. It is defined by Eq. (5).

skj={ss,kj×sg,kj,j≠k0,j=k(5)

where the kth pixel is the center of the local window with a size of n × n, and jth pixels are the neighboring pixels within the window area. The local spatial Ss,kj defined by Eq. (6).

Ss,kj=exp⁡(−max(|pj−pk|,|qj−qk|)λs)(6)

where (pk,qk) represents the spatial coordinates of the kth pixel, λs represents scale spread factor for Ss,kj which indicates its change characteristics, and Ss,kj represents the damping range of the neighboring pixels with spatial distances from the central pixel. The local grey-level Sg,kj is defined by Eq. (7).

Sg,kj=exp⁡(−∥xk−xj∥2λgσg,k2)(7)

where xk represents the central pixel's intensity value within the window, xj represents jth pixel's grey-level value within the same window, λgdenotes the global spread scale factor of Sg,kj.σg,k is a function that represents the local density of the neighboring pixels and is defined by:

σg,k=(∑j∈Nk∥xj−xk∥2NR)(8)

where σg,k represents the homogeneity degree of grey-values within the local window. The smaller it gets, the more homogenous the local window is. σg,k reflects the damping in grey-level values by automatically changing with respect to different grey-levels values of all image pixels. FGFCM objective function incorporates both spatial and grey-level values is represented by Eq. (9).

J=∑i=1C⁡∑k=1q⁡γμikp(ξk−vi)2(9)

where vi indicates the fuzzy membership of pixel k with respect to class i, γk is the count of the pixel with the same grey-level value as pixel k, where k is 1, 2,……, q. The q value represents the count of all grey-level in the input image and is much smaller than N. The output image is generated by Eq. (10).

ξk=∑j∈Nk⁡skjxj∑j∈Nk⁡skj(10)

where xj represents grey-level values neighboring pixels with respect to the window's central pixel xk. Nk represents a set of all pixels in the range of local window, skj is the similarity score of two-pixel k and j. skj can be used to represent jth weight, and ξk is the weight of kth pixel in the weighted summed output image. The clustering/partition matrix and clusters centroids, respectively. They are iteratively updated using Eqs. (11) and (12).

µik=(ξk−vi)−2/(P−1)∑j=1c⁡((ξk−vj)−2/(P−1))(11)

vi=∑k=1q⁡γkμikpξk∑k=1q⁡γkμikp(12)

By incorporating both spatial and grey-level similarity into its objective and membership functions, FGFCM has high noise sensitivity robustness and detail-preserving abilities. It also eliminates the need for the adjustment factor α. Since FGFCM depends on the number of image grey-levels q rather than its size N, it achieves fast segmentation with low time complexity.

3.6 Tumor Segmentation

Segmentation methods based on the thresholding approach are considered one of the simplest and fastest segmentation methods. Those methods work by the assumption that images are composed of different regions and each region has different pixels intensities. The optimal threshold value is usually selected visually, leading to poor segmentation results (i.e., over or under segmentation results). To solve the problem of optimal threshold selection, some methods were proposed, such as the OTZU method to automate selecting the optimal threshold value [42].

The proposed CAD system uses OTZU thresholding to segment hepatic tumors. OTZU method aims to compute the optimal value global threshold for the whole input image. OTZU method starts by presuming that the input image has two-pixel classes or a bimodal histogram. Then, it computes the optimal threshold that minimizes the intra-class variance (the variance within the class) for the two pixels classes. The intra-class variance could be defined using a weighted equation of each class's variance, as Eq. (13) presents.

σω2(t)=q1(t)σ2(t)+q2(t)σ22(t)(13)

where the weights qi can be calculated by Eqs. (14) and (15), and they represent the probability for each class i. Finally, the variances of the two-class are given by Eqs. (16) and (17).

q1(t)=∑i=1t⁡p(i)(14)

q1(t)=∑i=t+1I⁡p(i)(15)

σ12(t)=∑i=1t⁡[i−μ1(t)]2p(i)q1(t)(16)

σ22(t)=∑i=t+1t⁡[i−μ1(t)]2p(i)q2(t)(17)

The process can be terminated at this point. The algorithm can continue by calculating inter-class variances for all thresholds t, and selecting t value minimizes variances. OTZU exploits the correspondence between the inter-class and intra-class variances given by Eq. (18) to reduce calculations complexity. Minimizing the intra-class variance is equivalent to maximizing the inter-class variance. The threshold value that maximizes the inter-class variance is the optimal threshold value.

σb2(t)=σ−σw2(t)=q1(t)q2(t)[μ1(t)−μ2(t)]2(18)

where σbrepresents the inter-class variance and σw represents the intra-class variance.

3.7 Features Extraction

After completing tumors detection and before tumors classification, the features extraction step must be implemented. Features extraction methods fall into three categories: intensity, textural, or shape features [43]. Tumor intensity features indicates the statistical correlation of pixel's grey-level values within the tumor area such as histogram, mean, variance, skewness, entropy, kurtosis, and tumor area energy. Textural features indicates homogeneity, contrast, energy, and the correlation between tumor pixels such as Gabor-Energy, GLDM. Shape features include tumor area, smoothness, solidity, compactness, and sphericity for the tumor. Generally, features from different categories are combined for sophisticated hepatic tumor classification. For instance, if the tumor is not growing and tending to have sharp boundaries and a homogeneous structure with low-intensity colors, it is classified as a cyst. If the tumor is growing peripherally or nodular, then it could be a hemangioma. Hemangioma is considered the most common liver tumor. If the tumor is not a hemangioma or cyst, it is classified into either hyper-vascular or hypo-vascular tumors [44].

The proposed CAD system classify the segmented tumors into either benign or malignant tumors using a combination of statistical and textural-based features. The used intensity features include the mean, standard deviation, and skewness while the used textural feature is GLDM. For each image tumor, the mean (μ) represents the average of all tumor pixels intensities and is calculated by Eq. (19).

µ=1M∑(a,b)⁡L(a,b)(19)

where L(a,b)is pixel (a, b) intensity value within the tumor area. M is the total number of tumor pixels. Standard deviation (σ) refers to intensity dispersion and is calculated by Eq. (20).

σ=∑h=0L=1⁡(h−h¯)2⋅P(h)(20)

where h is the histogram values for tumor intensities. The histogram represents the number of all grey-level values within the tumor area. As the CT scan is a color-mapped 8-bit grey-level image, the number of its grey-level ranges from 0 to 255. The histogram is calculated by first initializing the histogram values to zero. Then, counting the number of pixels with the same intensity value as a particular value. The counts are then returned as the 2D histogram (a vector of the count values). Histogram symmetry degree is referred to as skewness and calculated by Eq. (21).

γ1=1σ3∑h=0L−1⁡(h−h¯)3⋅P(h)(21)

GLDM [45] is a textural feature extraction method that depends on the occurrence of two pixels with different absolute grey-level intensities, with displacement value δ. GLDM calculates the probability density functions (PDF) for the tumor area. For any displacement vector δ within tumor area, the estimated PDF D(i,δ) is calculated by Eq. (22).

D(i,δ)=Prob[sδ(x,y)=i](22)

where sδ(x,y)=|s(x,y)−s(x+Δx,y+Δy)|. Five textural features are calculated from D(i,δ), which are contrast, entropy, mean, homogeneity, and correlation. The contrast is calculated by Eq. (23).

Contrast=∑x⁡∑y⁡(x−y)2P(x,y)(23)

where p (x, y) is the GLDM-PDF for pixels x and y. The total energy is also referred to as angular second moment, is defined by Eq. (24). Entropy is calculated by Eq. (25). Variance is used as an indication of image homogeneity and is calculated by Eq. (26).

TotalEnergy=∑x,y⁡(P(x,y))2(24)

Entropy=∑x,y⁡p(x,y)logP(x,y)(25)

σ=∑x⁡∑y⁡(x−μ)2P(x,y)(26)

where μ is the mean of GLDM. The correlation is calculated by Eq. (27).

Correlation=∑x⁡∑y⁡(x−μ1)(y−μ2)P(x,y)σ1σ2(27)

where μ1, μ2, σ1σ2are the mean and the variance of GLDM, respectively, after the first component and second component. Extracted statistical and textural features are used to input SVM to label detected tumors into either malignant or benign tumors.

3.8 Tumor Classification

In this paper, classification stage aim to predict class labels (i.e., malignant/benign) of unknown data (i.e., segmented tumor) using extracted features. The classification process was implemented based on the radiological charactersitics of different hepatic tumors in [46]. SVM is a binary classifier, and it divides the input points into two classes by constructing an N-dimensional hyper separation plane [47]. The input data points must be transformed from their dimension into a higher dimension since input points may not be linearly separable in their own space. This can be achieved by using Eq. (28).

TX=ϕ(x)(28)

SVM maintains lower computational complexity by using kernel functions. The most commonly used kernel functions are radial basis function (RBF), linear, sigmoid, and polynomial kernel functions [48]. This paper used the RBF kernel function. RBF kernel of two points f and f~ which denote features vectors in the input space is defined by Eq. (29).

RBF(f,f¯)=exp⁡(−∥f−f¯∥22σ2)(29)

where ∥f−f¯∥2 is the square of the Euclidian distance between feature vectors f and f~. RBF(f,f¯) value is in the range of 0 and 1. It has the value of 0 when two features’ vectors are different (i.e., large distance) and 1 when the two vectors are the same (i.e., f = f~). The RBF feature space has an infinite number of dimensions, and to simplify the equation, σ is set to value 1. The new simplified RBF is represented by Eq. (30).

exp(−12∥f−f¯∥2)=∑j=0∞⁡(fTf′)jj!exp⁡(−12∥f∥2)exp⁡(−12∥f¯∥2)(30)

4  Experimental Results

This section is divided into two sections. The first section discusses the used datasets and the hardware specifications at which we implemented our experiment. The second section discusses the experimental results in detail.

4.1 Datasets Description and Hardware Specification

Performance of the proposed CAD system was evaluated using three benchmark datasets, which are MICCAI-Sliver ‘07 [33], LiTS17 [34], and 3Dircadb [35] datasets.

MICCAI-Sliver07 consists of 30 CT volumes with 512 × 512 in-plane resolution, 20 volumes are the MICCAI-Sliver07 training set, the rest volumes are the MICCAI-Sliver07 test dataset. The pixel size ranges from 0.54 to 0.86 mm, slice width from 0.7 to 5 mm, and number of slices per CT scan from 64 to 502 slices. MICCAI-Sliver07 CT scans come in RAW format.

3Dircadb dataset is composed of 20 CT volumes, 10 CT volumes are for women and the other 10 are for men. The hepatic tumors were presented in 75% of all volumes. Each CT slice has an in-plane resolution of 512 × 512. The number of slices per CT volume ranges from 74 to 260 slices. 3Dircadb CT scans are in DICOM format. Labeled images and mask images can be used as ground truth for the segmentation process.

LiTS17 dataset contains 200 CT volumes, 130 CT volumes as training CT volumes and 70 volumes as testing CT volumes. The CT slices have various in-plane resolutions. The pixel size is in the range of 0.56 mm and 1.0 mm in axial-direction and 0.45 mm to 6.0 mm in the z-direction. The number of slices per CT scan are in the range from 42 to 1026.

The experiments were implemented using MATLAB R2017a under the processing environment of Intel Core I7 with 12 Gigabyte RAM under windows 10.

4.2 Performance Evaluation

Several performance measures were calculated to verify the applicability and the efficiency of our CAD system [49]. Performance evaluation measures include accuracy (ACC), sensitivity (SEN), specificity (SPE), the area under the curve (AUC), and the Dice similarity coefficient (DSC). ACC is calculated by Eq. (31).

ACC=(TP+TN)/(TP+TN+FP+FN)(31)

ACC is the rate of true results and it calculates the degree of validity of the proposed system. True positive (TP) and true negative (TN) indicate the system ability to correctly label input image pixels. False positive (FP) and false negative (FN) indicate the system inability to correctly label image pixels. SEN is the ratio of true positive (TP) and it indicates the magnificence of the system at segmenting or classifing the liver and tumors. SPE is the ratio of the true negatives (TN), and it represents system's ability to correctly label abdomen and benign tumors. SEN is identified mathematically using Eq. (32). SPE is identified mathematically using Eq. (33).

SEN=TP/(TP+FN)(32)

SPE=TN/(TN+FP)(33)

In the segmentation stages, DSC measures the similarity score between segmented ROI and GT. It has a value between 0 and 1. The value of 0 indicates poor segmentation or classification with no intersection between the system result and specified labels in the dataset. DSC is defined by Eq. (34). AUC represents the area under the receiver operating characteristics (ROC) curve. AUC is mainly used to evaluate the performance of a given classification. It can be graphically illustrated in terms of the false positive rates (FPR) as the x-axis and sensitivity as the y-axis. The higher the curve in the left upper corner, the higher the classification quality is.

DSC=2×TP/(2×TP+(FP+FN))(34)

4.2.1 Liver Segmentation Experimental Results

As mentioned in Section 4.1, we implemented our experiment using MICCAI-Sliver07, LiTs17, and 3Dircadb datasets. The MICCAI-Sliver07 dataset has GT for liver segmentation as well as LiTS17 and 3Dircadb datasets. Therefore, we applied FGFCM to segment the liver on all subjects within the used datasets and compared the original FCM. The experimental results of the liver segmntation using FGFCM and FCM are illustrated by Fig. 3 FGFCM achieves higher quality segmentation than FCM. Tab. 1 shows FGFCM based liver segmentation's experimental results, while Tab. 2 shows the segmentation results when original FCM is used.
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Figure 3: Liver segmentation (a) Enhanced abdomen image, (b) Liver segmentation using FGFCM, (c) Liver segmentation using FCM
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According to Tabs. 1 and 2, FGFCM results in more accurate and reliable segmentation when compared to the original FCM. The mean segmentation accuracy, sensitivity, and specificity were improved by almost 8%, 10%, and 12% respectively when the FGFCM was the segmentation method. This improvement is the consequence of considering pixels’ spatial and grey-level local correlations in the membership function and low noise sensitivity and detail preserving abilities. To reduce the segmentation time, FGFCM reduces the complexity of the segmentation process. This can be achieved by considering the total number of grey levels on the CT scan rather than the size of the scan. The proposed CAD system doesn't require user interaction to identify the trade-off between efficiency and noise suppression. This proves the reliability and automation of the proposed method.

4.2.2 Tumor Segmentation Experimental Results

Tumor segmentation experiment was implanted 3Dircadb and LiTS17 datasets only. This because MICCAI-Sliver07 dataset is mainly concerned with the liver segmentation and doesn't include tumors nor their GT. The experimental results for tumor segmentation are demonstrated by Tab. 3. The results in Tab. 3 show that the proposed CAD system achieved high segmentation accuracy for tumor segmentation from CT scans. Fig. 4 illustrates the tumors segmentation from the segmented liver.

[image: images]

[image: images]

Figure 4: The experimental results of the segmntation processes (a) Outlined liver, (b) Segmented liver using FGFCM, (c) Outlined tumors and (d) Segmented tumors binary masks

4.2.3 Tumor Classification Experimental Results

The tumor classification process was implemented in terms of statistical features only. Besides, it was implemented in terms of statistical and textural features using the SVM classifier. As illustrated in Tab. 4, statistical features fail to characterize tumors well. When those features were combined with textural features, they succeeded in characterizing the detected tumors and helped in raising the accuracy for labeling tumors as either malignant or benign.

[image: images]

The proposed system used mean, standard deviation, skewness as statistical features, and GLDM as textural features. Tab. 5 showed the experimental results for tumor classification when statistical and textural features were combined. Fig. 5 shows the ROC curves for classification with statistical features only and with statistical and textural features combined.
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Figure 5: The ROC curve for tumors classification using statistical and textural features

4.3 Comparison with Other Methods

The performance of the proposed method was evaluated in comparison with other related studies which evaluated their work using MICCAI-Sliver07, 3Dircadb, or LiTS17 datasets. The average DSC results of the proposed CAD system in terms of the liver and tumor segmentation are listed in Tab. 6. The overall performance of the CAD system in comparison with other CAD systems is demonstrated in Tab. 7. The experimental results in Tabs. 6 and 7 prove the superiority and applicability of the proposed CAD system.
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4.4 Discussion

The liver segmentation task from CT scans is considered a very challenging and complicated task due to various factors. First, the liver has high intensities values overlap with its neighboring organs. Second, CT scans are highly affected by the impulse noises imposed by the CT scanner. Last but not least, the segmentation methods have high noise sensitivity. As a result of all those factors, the segmentation quality decreases resulting in under or over segmentation and the segmentation method will fial to correctly contour the ROI. They may also consume long processing time due to the noise.

The proposed CAD system used AMF with contrast enhancement technique as a pre-segmentation stage to reduce the noise effect. Besides, FGFCM was used as actual liver segmentation since it had high noise robustness, details preserving abilities with low complixty implemmtation. FGFCM resulted in high quality segmentation because of two factors. First, the FGFCM algorithm consider the spatial relationship between CT scans pixels. Second, the usage of color mapping, AHE and AMF to enhance the quality of the scans. The processing complexity was much reduced by selecting CT scans where the liver can be differentiated and using them for further processing.

Luo et al. [60] segmented liver using discrete wavelet transform (DWT) with a sensitivity of 94.1%, but their method suffered from being relatively complex due to DWT coefficients computations. Hameed et al. [61] proposed a CAD system to classify CT scans liver tumors into either malignant or benign. This method was unable to deal with high-order features and resulted in a sensitivity of 84%. Chen et al. [62] proposed a CAD system to diagnose hepatic cirrhosis tumors. This method achieved abnormal tumors diagnosis accuracy of 90% but failed to deal with large datasets. Edwin et al. [63] proposed an enhanced tumor segmentation method based on the thresholding approach. Their method achieved 93% sensitivity but suffered from over/under segmentation with complexity in threshold value selection. Das et al. [64] proposed an automatic CAD system to diagnose tumors using adaptive thresholding and achieved 89.15% accuracy. The proposed CAD system achieved an average ACC of 96.75%, SEN of 96.38%, SPE of 95.20% and DSC of 95.13%. It had the advantage of being fully automatic and robust to noise. It was also able to achive low complexity implementation by being implemented using CT scans at which liver can be differentiated and discarding those slices with heart or other abdomen organs. Our CAD system could deal with large datasets and was verified using three benchmark datasets, 3Dircadb, LiTS17, and MICCAI-Sliver07, with total cases of 250 subjects.

5  Conclusion

We developed a new CAD system that can be applied to different datasets to diagnose malignant and benign liver tumors from CT scans. We used three different public datasets, MICCAI-Sliver07, LiTS17, and 3Dircad. The proposed system starts by selecting CT slices based on liver clarity. Then, it enhances the quality of CT scans using filtering and contrast enhancement techniques. Next, the preprocessed CT scans are segmented into liver and abdomen regions using the FGFCM algorithm. Then, the segmented liver is passed as input to the OTZU thresholding method to segment tumor regions. After that, the system extracts four features which are the combination of textural and statistical features. Finally, the extracted features are passed to SVM to label tumors as either malignant or benign. To validate the proposed system, different performance metrics were calculated. The proposed CAD system achieved an average ACC of 96.75%, SEN of 96.38%, SPE of 95.20% and DSC of 95.13%. In the future, we are focusing on incorporating artificial intelligence techniques into our method, providing classification method that can label detected tumors into more sophisticated classes such as HCC and Cyst, enhancing the tumor classification process by using more features that can best characterize each type of liver tumors while maintaining low computational time. In future, we are focusing on incorporating artificial intelligence techniques into our method, providing classification method that can label detected tumors into more sophisticated classes such as HCC and Cyst, enhancing tumor classification process by using more features that can best characterize liver tumors with lower computational time, providing segmentation methods that can handle features with high order and building our own dataset and using it for our implementations.
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Table 1: The liver segmentation using FGFCM experimental results

Dataset ACC SEN SPE DSC

MICCAI-Sliver07 98.48% 97.53% 95.93% 95.88%
LiTS17 96.72% 96.01% 93.79% 95.24%
3Dircadb 94.89% 93.90% 92.00% 92.40%
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Algorithm 1: The pseudo-code for the proposed framework

Input: Abdomen CT scans volumes
Output: Label of livers’ tumors
Process:
1. Start
2. /I Create 2D abdomen images using CT volumes
3. Fori= 1: number of volumes
4. Forj = l: number of slices in each volume
S. Read image < CT slice
6 Color mapped image < colormap (CT slice)
7. End
8. 2D image <« combine each volume slices
9. Return 2D abdomen images
10. End
11. // Enhancing 2D abdomen images quality
12. For p = 1: number of 2D abdomen images
13. Histogram equalized image <— Apply AHE (2D abdomen images (p))
14. Median filtered image <—Apply AMF (Histogram equalized image)
15. Return Median filtered images
16. End
17. /I The liver segmentation from abdomen organs
18. For s = 1: number of median filtered images
19. Apply FGFCM (Median filtered images (s))

20. |

21. Update partition matrix using Eq. (11)
22, Update clustering centroids using Fq. (12)
23. }

24. Return Segmented liver images

25. End

26. // Tumors segmentation

27. For t=1: number of segmented liver images

28.  Apply OTZU clustering (Segmented liver images (t))
29. {

30. Find the optimal clustering threshold using Eq. (18)
31. }

32. Return Segmented tumors images

33. End

34. // Tumors features extractions

35. For f = 1: number of segmented tumors

36. Tumor <« Segmented tumors images (f)

37.  Calculate mean (Tumor) using Eq. (19)

38.  Calculate variance (Tumor) using Eq. (20)

39.  Calculate skewness (Tumor) using Eq. (21)

40.  Calculate contrast (Tumor) using Fq. (22)

41.  Calculate total energy (Tumor) using Eq. (23)

42.  Calculate entropy (Tumor) using Fq. (24)

43.  Calculate GLDM’s variance (Tumor) using Eq. (25)
44.  Calculate GLDM’s correlation (Tumor) using Eq. (26)
45. Return Tumors features

46. End

47. /] Tumors classification

48. For c= I: number of segmented tumors

49. Label < Apply SVM (segmented tumor (c), features (c))
50. Return Labels

51. End

52. End
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Table 3: Tumors segmentation performance evaluation

Dataset ACC SEN SPE DSC

LiTS17 97.59% 96.44% 95.12% 94.27%
3Dircadb 97.09% 96.65% 94.80% 95.34%
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Table 6: The DSC of the liver and tumors segmentation for different methods

Method Liver seg. Tumors seg.  Mean

Kaluva et al. [50] 92.3% 62.5% 77.40%
Bietal. [51] 95.9% 50.0% 72.95%
Lietal. [52] 95.3% 72.2% 84.15%
Chirst et al. [53] 94.3% 56.0% 75.15%

Moghbel et al. [54]  91.1% - -
Our method 93.17% 93.61% 93.71%
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Table 4: The tumor classification using SVM with only statistical features experimental results

Dataset ACC SEN SPE DSC AUC

LiTS17 77.32% 77.46% 71.11% 73.67% 78.80%
3Dircadb 81.58% 79.34% 76.85% 77.44% 78.02%
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Table 7: The comparison of the proposed system with other systems

Method ACC SEN SPE DSC

Lietal.[52] 86.12% 87.67% 87.90% 88.85%
Doron et al. [55] 91.72% 91% 92.61% 90.50%
Vorontsov et al. [56]  87.62% 89.99% 85.66% 86.76%
Chlebus et al. [57] 88.13% 85.43% 87.33% 87.52%
Zhang et al. [55] 89.92% 90.25% 88.63% 89.42%
Foruzanetal. [59]  80% 79.61% 81.90% 82%

Our method 96.75% 96.38% 95.20% 95.13%
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Table 2: The liver segmentation using FCM experimental results

Dataset ACC SEN SPE DSC
MICCAI-Sliver07 88.23% 85.61% 83.90% 84.71%
LiTS17 89.87% 86.27% 80.44% 81.52%

3Dircadb 87.15% 84.63% 79.45% 80.01%
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Table 5: The tumor classification using SVM with combination of statistical and textural features
experimental results

Dataset ACC SEN SPE DSC AUC

LiTS17 95.57% 96.23% 95.83% 95.47% 98.20%
3Dircadb 96.88% 97.32% 97.65% 96.66% 98.64%
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