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Abstract— Nowadays, medical ultrasound images is required to classifying different types of liver tumor. 

Therefore, the doctor must be able to determine accurately diagnosis and evaluation of liver tumor diagnosis. 

The main problem in a liver tumor disease is in determining the correct classification of tumor. Thus, an 

important challenge for researcher is to produce systems that can continually improve different types of liver 

tumor pictured in a given image. Therefore, this paper develops a hybrid deep learning architecture with 

harmony search algorithm for medical ultrasound images in liver tumor diseases in order to  classifying 

different types of liver tumor pictured in a given image and improved accurate diagnosis and evaluation of 

liver tumor diagnosis. The proposed method is evaluated by experimenting a number of liver images obtained 

from NCTRlcdb and also from Radiopaedia portal and the results shows better and more effective analysis 

and provide better and more effective identification. 
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I. INTRODUCTION 

The liver is one of the important internal organs in the human body, as it consists of different types of cells. 

The liver may be exposed to tumors or growths that start in its cells, which can develop as benign or malignant 
growth (cancerous). It may be detected in medical imaging, or it may be present in patients as an abdominal 

mass or pain, hepatomegaly, jaundice, or some impaired liver function [13,14]. 

Medical imaging techniques help doctors and medical practitioners view inside the human body and analyze 

internal activities. There is a number of medical imaging techniques are used for different tumor diagnosis. The 

liver imaging techniques can be categorized into two types: i.e., structural and functional imaging [1,2]. 

Structural imaging consists of different measures related to liver structure, tumor location, injuries and other 

liver disorders. The functional imaging techniques detect metabolic changes, lesions on a finer scale and 

visualize liver activities.  [3,4]. 

Intelligent techniques can make a quantitative assessment by recognizing imaging information automatically 

instead of such qualitative reasoning. Therefore, these techniques can help doctors to make a more accurate and 

reproductive imaging diagnosis and significantly decrease doctors' effort. There are two types of intelligent 
techniques widely used in medical imaging currently, one is traditional machine learning algorithms, and the 

other is deep learning algorithms [5,6]. 
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Hence, this paper suggests a development of algorithms for medical ultrasound images enhancement in liver 

tumor diagnosis, and for classifying different types of liver tumor pictured in a given image. 

II. RELATED WORK 

The liver disease has been a menace to humans for a long time. The incidence and mortality of the liver 

disease grow yearly. The ultrasonography is one of the most common techniques to detect the liver disease. 

Many researchers have attempted to employ deep learning technology to support the doctor diagnosis by liver 
ultrasound image. 

 Hassan et al [7] utilized the sparse autoencoder to acquire the representation of the liver ultrasound image 

and utilized the softmax layer to distinguish different focal liver diseases. Compared with support vector 

machines method, the method proposed in [7] reaches higher accuracy. 

Liver fibrosis classification is one of the researchers' interests. Meng et al. suggested new method based on 

transfer learning (TL) technology using VGGNet and a deep fully connected network (FCNet) to identify the 

level of liver fibrosis, they identified three levels status  that are normal, early stage fibrosis, and late-stage 

fibrosis. The accuracy of their method reached most accurate prediction when compared with other methods [8]. 

On the other hand, Liu et al. proposed method based on deep convolutional neural network (CNN) as a tool to 

extract features from ultrasound images while support vector machine (SVM) is applied to identify the status 

level of liver that are normal liver or diseased liver and they showed that the results are significantly improve the 

accuracy of liver diseases diagnosis [9]. Byra et al. adopted Inception-ResNet-v2 deep convolutional neural 
network for nonalcoholic fatty liver disease assessment in ultrasound. Their method was compared with the 

hepatorenal index technique and the gray-level co-occurrence matrix algorithm and concluded that their 

approach is efficient [10]. However, Dutta et al. applied image processing techniques to identify cancer cell of 

the liver and used ostu’s method enhancing the MRI image and watershed method to segment the cancer cell 

from the image, they resulted that their approach is efficient [11]. On the other hand, Parimala et al. utilized 

invasive and non-invasive methods to identify stage of Chronic hepatic disease (CHD) from Ultra Sonographic 

images (US), and also they focused on segmentation and classification methods based on medical liver images 

to diagnosis many liver diseases [12]. 

III. DEEP LEARNING ALGORITHMS 

Deep learning is a class of machine learning algorithms based on a artificial neural network structure, it is a 

bio-inspired due its emulation of the human brain structure. It uses complex structure consist of multiple 
processing layers in learning input data, therefore, the input data must be prepared carefully before performed 

deep learning process in order to reduce the risk of overfitting during training data. For example, in image 

processing there are different types of input data such as a vector of pixel intensity values, a variety of edges, 

and regions of a certain shape. The output from the previous processing layer is used as input for each next 

processing layer. The two major learning paradigms in deep learning are supervised learning and unsupervised 

learning [15,16]. 

There are several types architectures of deep learning, such as CNNs, auto-encoders and deep belief networks. 

These architectures are used in different fields such as natural language processing, computer vision and speech 

recognition. On the other hand, these several deep learning architecture can deal with labeled data and unlabeled 

data [17,18].  

According to the types of learning paradigms in deep learning, the CNNs generally implement end-to-end 

supervised learning through labeled data, while other architectures implement unsupervised learning through 
unlabeled data [19,20]. 

 

IV. HYBRID DEEP LEARNING ARCHITECTURE 

A hybrid deep learning architecture is a technique that improves analysis of the medical ultrasound images in 

liver tumor diagnosis such as classification, segmentation and detection. In the deep learning architectures two 

types of learning paradigms are used, there are supervised and unsupervised. 
However, the deep learning architecture can be classified into three classifications are generative, 

discriminative, and hybrid architectures. 

A. Generative deep architectures 

In this classification, the high-order interconnection of the visible data is described in order to perform 

effective pattern analysis such as auto-encoders deep learning architecture. 

B. Discriminative deep architectures 

In this classification, the rear allocation of classes is described based on the visible data in order to perform 

pattern classification such as CNNs deep learning architecture. 
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C. Hybrid deep architectures 

It is a combination of the above two architectures. Where the optimized outcomes of generative architecture 

help in the discrimination process. Such as the hybrid type of the deep belief network with the CNN deep 

learning architectures. 

Since in this paper the proposed system is based on a hybrid deep learning architecture with harmony search 

algorithm for medical ultrasound images enhancement in liver tumor diagnosis, where harmony search is 

applied to optimize weighted connections, number of neurons in hidden layer, and to overcome problems of 

long training time, local minimum trap and large number of parameters. 

V. HARMONY SEARCH 

Harmony  search  is a meta-heuristic optimization algorithm inspired  of a musicians' improvisation of the 

harmony. The main concept is a music-based process used by musicians to make a near-optimal solution 

according to some fitness function in which each possible solution represent a harmony, and each musical 
instrument represent  a variable. In optimization three corresponding components are used these are harmony 

memory, pitch adjusting, and randomization [22]. 

The harmony memory is used to choice the best-fit individuals, this determined by a harmony memory 

accepting or considering rate parameter raccept  [0,1]. If this rate is too low, indicates to slow convergence due 
to a few best harmonies are selected, however If this rate is too high (near 1), indicates to fast convergence due 

to full use of all the HM members [22]. 

In pitch adjustment, pitch bandwidth brange and a pitch adjusting rate rpa are determined the probability of a 

candidate to be mutated. In practice, the pitch can be adjusted linearly as follows [22]:   
 

  X new = xold  +  brange  *  ε  (1)

where 

xold : is the existing pitch from the harmony memory.  

X new: is the new pitch after the pitch adjusting action. 

ε : is a random number generator in the range of  [-1,1].  

The randomization is used to increase the diversity of the solutions to explore various diverse solutions.  
 

The probability of randomization is derive as follows: 

Prandom = 1 – raccept          (2) 
 

and the actual probability of adjusting pitches is    

Ppitch = raccept * rpa                (3) 

VI. PROPOSED METHOD 

Liver tumor is one of the most common diseases in the world. As technological advancements are made, 
algorithmic diagnosis of liver tumor is becoming more important. Therefore, to improve the medical ultrasound 

images to increase accuracy of classifying different types of liver tumor, this paper introduces an effective 

method for classifying different types of liver tumor. 

In the proposed method, a multilayer CNN architecture as shown in Fig. 1 consists of input layer, hidden 

layer, and output layer, where the hidden layer contains convolutional layers, pooling layers, and fully 

connected layers.  

 As mention previously the input and teaching data of CNN must be prepared carefully to reduce the risk of 

overfitting, on the other hand, the number of CNN parameters based on the data size of input images. 

The images dimension of the input layer is 64 x 64 pixels that are the input of convolution layer, The 

convolutional layer consists of a plurality of feature maps, each feature map includes set of neurons, each 

neuron connect with a local region of the upper feature map by the convolution kernel that represented a weight 

matrix which comprises of the 16 x 16 pixels kernel and 16 features and it will be get the output of dimension 
16 x 16 that pass to activation function. The activated output then fed to the pooling layer. The pooling layer 

consists of many feature maps. In this layer, the neurons are connected to the local accepted domain of the 

convolutional layer and their neurons do not overlap. However, general methods of pooling have patch of 

dimension 16 x 16, maximum pooling for better classification performance, mean pooling, and random pooling 

for avoiding overfitting due to randomness, then the output of pooling layer applied as input to harmony search 

algorithm that running to get the best candidate which is then fed to the input of the fully connected layer which 

consists of fully connected neurons, it is integrate local information from the convolutional layer and the pooling 

layer. 

 

 

 
 



Dr. Saeed Mohammed Baneamoon et al, Int. Journal of Computer Science & Mobile Computing, Vol.9 Issue.8, Aug- 2020, pg. 50-55 

© 2020, IJCSMC All Rights Reserved                                                                                                    53 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 
 

 

Fig. 1  Flowchart of the model construction steps 

VII. EXPERIMENTAL RESULTS 

To evaluate the performance of the proposed a hybrid deep learning architecture with harmony search 

algorithm, an extensive experiments has been performed on image classification tasks. In this paper the database 

of NCTRlcdb and also from Radiopaedia have been used to evaluate the performance of the developed system. 

A total of 500 liver tumor images with 250 malignant ultrasound and 250 benign ultrasound have been used in 

this ppaper. Moreover, a total of 500 normal ultrasound are employed. These normal ultrasound have been 

generated randomly from various places inside the studied liver tumor images. For evaluation purpose, each 

experiment was repeated ten times and the dataset was randomly split into three set i.e.40% training set, 40% 

validation set, and 20 % testing set respectively. 
The effects of the number linear of the hybrid type of the deep belief network with the CNN deep learning 

architectures in each layer with respect to system performance, complexity, computational time were 

investigated. In the experimental study, one to three linear a hybrid deep learning architecture with harmony 

search algorithm classifiers were used. Three performance indicators were computed, i.e. model complexity, 

computational time, and model accuracy. Each experiment was repeated ten times. The average and standard 

deviation of the performance indicators were computed. As indicated in Table 1 that the complexity of the 

system has been increased from adding more multilayer CNN architecture. This is expected because the number 

of multilayer CNN architecture is increased from increasing the number of classifiers in each layer. 

 

 

On the other hand, the number of feature in each layer remains unchanged because all the classifiers in each 

layer are trained with the same features selected by harmony search algorithm.  For the computational time cost, 

it could be observed that the consumed time by feature extraction operation was not much affected since all 

classifiers use the same features. However, recognition time has a moderate increase from adding extract 

classifiers. Finally, it could be seen that when more classifiers have been added to the system, the specificity 

TABLE 1 

 ANALYSIS THE EFFECT OF THE NUMBER OF CLASSIFIERS ON SYSTEM PERFORMANCES 
 

 

System 

Accuracy (%) Computational time (sec) Complexity 

Sensitivity 

(std.dev.) 

Specificity 

( std.dev.) 

Feature Extraction 

(std.dev.) 

Recognition 

(std.dev.) 

Total SVs 

(std.dev.) 

Total Feat 

(std.dev) 

1 classifier 
84.75 

(6.11) 

30.93 

(11.76) 

1.84 

(0.18) 

0.03     

(0.01) 

65.0   

(15.52) 

210      

(0) 

2 classifiers 
77.40 

(4.89) 

44.10     

(5.09) 

1.93 

(0.16) 

0.05     

(0.01) 

118.67 

(9.71) 

210      

(0) 

3 classifiers 
72.88  

(3.56) 

64 

(2.39) 

1.95 

(0.46) 

0.06 

(0.01) 

201.40 

(14.33) 

210 

(0) 

Stopping 

Condition 

N 

The Constructed multilayer CNN architecture Model 

Fitness Evaluation 

Harmony Search Initialization 

Pre-Processing of Training Data 

Update Harmony Search   

Extract particle parameters 

 

Y 

Train ensemble of multilayer CNN 

classifiers with the current parameters 
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rates have been improved. This implies that ensemble of multilayer CNN architecture enables the system to 

eliminate these false alarms with cost of decreasing the sensitivity performances. The effects of the numbers of 

training features (F) and negative training instances (N) were investigated. The Centre Composite Design (CCD) 

technique was utilized to analysis the performances at three levels i.e. low, middle, and high.  Accordingly, the 

F and N values were set at three different levels, i.e. low, medium, and high, as shown in Table 2. 

 
Each experiment was repeated ten times. The mean and standard deviation of the numbers of features, feature 

extraction time, recognition time, sensitivity rate, and specificity rate were computed, as reported in Table 3. 

The minimum model complexity in terms of the total number of features was achieved in Experiment 1. This 

was because the number of features and negative training instances were set to 5 and 10, respectively. However, 

when the number of features increased from Low to High, the feature extractions time increased. In addition, the 

recognition and specificity rate were improved by increasing the total number of features and negative training 

instances from Low to High, as shown in Table 3. These improvements resulted from the ability of the 

developed model to identify the true target patterns with higher numbers of features and negative instances. 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

VIII. CONCLUSIONS 

This paper is concerned with the developments of a hybrid deep learning architecture for medical ultrasound 

images in liver tumor diseases. It aims to improved accurate diagnosis and evaluation of liver tumor diagnosis. 

In addition, it discusses the challenges and directions of clinical application in the future for classifying different 
types of liver tumor pictured in a given image. Therefore, the developed system has been evaluated with a total 

of 500 liver tumor images. The reported results positively show a superior performance of the presented system 

over other variant models. Additionally, from the statistical point of view, the proposed system was able to 

achieve significant results as compared with other models. Further work could be conducted by adopting the 

proposed model for different images such as MRI and mammographic. 
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