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Abstract 
 

Diagnosis based on Medical-image is a challenging task and in different 

medical images, medical experts may overlook the small lesions because of 

human visual system‟s limited attention span. However, through an effective 

Content-Based Medical Image Retrieval (CBMIR) system, similar cases in 

previous medical database are explored for resolving this problem. Accurate 

detection and identification of brain tumor is highly a challenging problem. 

Using an artificial Intelligence technique, brain MRI medical images 

retrieval system based on classification is proposed and it is termed as an 

enhanced Deep Residual Convolutional Neural Network (DResCNN) with 

Harmony Search Optimization (HSO). Initially, median and mean filtering 

are used for removing noise from brain MRI images. Next ROI segmentation 

stage is performed for image representation is simplified or changed as a 

something, which is easy for analysis. In segmentation step, foreground and 

background subtraction is performed. For extracting features, through a 

DResCNN model, segmented image is passed from last convolutional layer 

in third stage. Obtained the deep feature vector, where, for a specified input 

image, hidden complex structures-high level representation are represented 

as feature vectors-low-level representation. At last in classification stage, for 

detecting brain tumors, according to minimum distance, specified input  
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images are assigned with a class label. Fossssr enhancing accuracy of 

classification, aDResCNN is introduced for brain tumor detection with HSO 

optimization algorithm. On Magnetic Resonance Imaging (MRI) brain 

images data set, for quality and performance analysis, DResCNN-HSO 

proposed classifier‟s experimental results are validated and evaluated. 

 

Keywords: Content-Based Medical Image Retrieval (CBMIR), Region Of 

Interest (ROI), Deep Residual Convolutional Neural Network (DResCNN), 

Magnetic Resonance Imaging (MRI), Harmony Search Optimization (HSO). 

 

 

1 Introduction 

 
A heterogeneous central nervous system neoplasm group is called brain 

tumor, which arises within or adjacent to brain. Surgical resection may cure 

some tumors but current treatments may not eradicate, when they are 

neurological injury, disabling.  Moreover, tumor location within brain has a 

profound effect on patient's symptoms, surgical therapeutic options, and 

likelihood of obtaining a definitive diagnosis. 

The area of the tumor in the mind additionally notably adjusts the danger 

of neurological poison levels that modify the patient's personal satisfaction. 

At present, mind tumors are recognized by imaging simply after the 

beginning of neurological manifestations. No early identification techniques 

are being used, even in people known to be in danger for explicit kinds of 

mind tumors by goodness of their hereditary cosmetics.  

Quick headways in clinical imaging innovation are valuable for clinical 

conclusion, treatment arranging, dynamic, and patient social insurance. In  

medical clinics, a lot of clinical imaging information is created each day, 

which is useful for clinical choice help and can be utilized for exploration 

and preparing in the field of clinical science [1].  

In the course of recent decades, Computer-Aided Diagnosis (CAD) 

apparatuses and methods have been generally received for better clinical 

treatment [2]. These cutting edge apparatuses uphold clinical specialists in 

numerous zones, for example, clinical determination and treatment for a 

particular infection or injury. 

For treatment and diagnosis, visual information is provided by various 

computer-aided tools like Positron-Emission Tomography (PET), nuclear 

medical imaging‚ optical endoscopy, ultrasonography, colonoscopy, Optical 

Projection Tomography (OPT), digital mammography, Computed 

Tomography (CT), angiography, X-ray, Magnetic Resonance Imaging (MRI) 

[3], in current medical science era. 
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For various hidden body organs, visual insight is provided by different 

medical imaging modalities, which enables enhanced treatment and 

diagnosis. Because of body organ‟s complex structure, analysis of medical 

images are highly difficult and for accurate interpretation, it is required to 

have medical experts [4]. Various medical experts explores past relevant 

cases for arriving at a better decision about series medical condition.  

Better treatment and diagnosis is facilitated using this practice. However, 

relevant cases retrieval is highly difficult and time consuming task because of 

huge amount of generated medical visual records.  

Manual MRI recovery from a huge document of imaging information 

with comparable structures or appearances is a troublesome and testing task 

for radiologists. It relies upon the accessibility and skill of the radiologist, 

who inspects MR pictures and recovers the important pictures from the filed 

information. 

For a large archived data amount, manual retrieval technique is time-

intensive, non-reproducible and impractical [5-6]. With minimum 

intervention, for archived images indexing and for solving this problem, an 

automatic CBIR is used by radiologists. 

A set of techniques used for attempting to index images according to its 

visual content characteristics are defined as CBIR and similar queries 

expressing some characteristics are used for image retrieval. Characteristics 

like location, size, shape, texture, color, intensity or their combinations are 

included in this. 

In brain tumor diagnosis, central role is played using imaging [7]. The 

Picture Archiving and Communication System (PACS) is a medical image 

database, where, various patients images obtained for diagnosing are 

maintained by hospitals. 

A decision support for physician is provided by medial image retrieval 

system for diagnosis using retrieval of relevant cases and it is a highly 

demanding application. Image‟s text based retrieval is adopted in various 

hospitals in recent days, which uses disease type, name and patient id. It is 

subjective and laborious to use retrieval based on text [8]. 

Image‟s visual contents like texture, shape and color are extracted for 

retrieving image from database in CBMIR system for a specified query.  

Integration of PACS with CBMIR for enhancing radiologist‟s diagnosis 

decision is mainly focused in recent years. An effective imaging modality is 

MRI, which is used very often for evaluating brain tumors [9]. 

If brain tumor is diagnosed in early stages, it can be cured without much 

risk. If physician is having doubt about his brain tumor diagnosis, he can 

query CBMIR system for retrieving similar cases from medical databases. In 

a non-invasive and faster way, diagnosis can be performed using this. For 

patient management, it is required to discriminate malign (cancerous) and 

benign (non-cancerous). 

 



 

 

 

 

In such a CBIR development, existence of highly correlated features 

between various classes possess huge challenge in classification of images, 

which leads to low retrieval performance.  

Advanced machine learning techniques and tools can be used for solving 

these problems and better classification performance can be produced using 

this. Hidden features which are highly difficult to identify using Human 

Visual System (HVS)are explored using this and it produces better 

performance [10]. In Artificial Intelligence (AI) and machine learning 

technique including deep learning framework, significant advancements are 

made in recent few years. 

Human brain operation forms base for this deep learning, where multiple 

transformation layers are used for processing the information. In general 

CBIR application, significant performance enhancement is shown by deep 

learning techniques. 

In different medical domains like Diabetic Retinopathy (DR),blood flow 

quantification and visualization, various cancer detection applications and 

brain tumor detection, significant contributions are made by deep learning 

models in recent decades. Due to medical imaging technology‟s rapid 

growth, for content-based medical image retrieval (CBMIR) tasks, these 

techniques are still in development phase [11]. 

For tumor detection, in brain MRI medical images, various deep learning 

models are analyzed in this paper. An enhanced Deep Residual 

Convolutional Neural Network (DResCNN) with Harmony Search 

Optimization (HSO) is an artificial intelligence technique, which is proposed 

here for brain MRI medical images classification. Following are the major 

steps of Proposed DResCNN-HSO classifier. 

(i) From brain MRI images, noises are removed in pre-processing stage 

using median and mean filtering techniques. For better recognition and 

understanding, features are kept intact. For ROI segmentation, resized 

the specified medical images. 

(ii) Image representation is changed and/or simplified in ROI segmentation 

stage for producing meaningful as well as easy representation for 

analysis. In segmentation step, for detecting brain MRI image accurately, 

performed the background and foreground subtraction. 

(iii) For extracting features, through a DResCNN model, segmented image is 

passed  from last convolutional layer in third stage in feature extraction 

stage. Obtained the deep feature vector, where, for a specified input 

image, hidden complex structures-high level representation are 

represented as feature vectors-low-level representation. Comparison is 

made between these extracted features and labelled feature vectors of 

database via Euclidean distance measurement. 

(iv) In classification stage, for detecting brain tumors, according to minimum 

distance, specified input images are assigned with a class label. For 

enhancing accuracy of classification, introduced aDResCNN for brain  
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(v) tumor detection with HSO optimization algorithm. HSO is used for 

tuning bias and weight parameters of DResCNN classifier model. 

In research, medical education and routine clinical diagnostic aid, an 

active research area is CBMIR and it has significant applications. With  

comprehensive treatment details and patient record, in CBMIR or in PACS, 

various solved cases having relation various diseases can be stored.  

The rest of the paper is organized as follows: Literature review on brain 

tumor detection existing schemes are briefly discussed in section 2. The 

proposed methodology on brain tumor detection system using deep learning 

DResCNN-HSO classifier in section 3. The results and discussion are briefly 

explained in section 4. The conclusion and future work is described in 

section 5. 

 

2 Literature Review 

 
In medical field, for detection of brain tumor, commonly used technique 

is CBMIR followed by other screening techniques. In this section, literature 

survey on brain tumor detection techniques based on Magnetic Resonance 

Imaging (MRI) is presented and these technique‟s outcomes, reliability and 

affordability are analyzed. Clear discussion about various brain tumor 

detection techniques merits and demerits are also presented. 

Figure 1 illustrates the generic CBMIR system‟s basic block diagram. 

From large databases, retrieved the images according to derived or extracted 

feature representations from image content in CMRR. In any CBMIR 

system, there are two phases, namely online and offline phase. For 

establishing a local feature database, from large image collections, extracted 

the features and are used for system training in offline phase. 

More time is consumed by this phase and its results are depends on the 

training images count used for training the system. From query image, 

extracted the same features in online phase and for similarity measurement, 

between database image‟s features and query image‟s features, distance 

metric is computed. The retrieval results presented to the user corresponds to 

the images with low distance of high similarity. In both phases, same feature 

extraction and pre-processing procedures are used. 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

 
Figure 1: Block Diagram of a Generic CBMIR System 

 

In Magnetic Resonance Imaging (MRI) images, for brain tumor 

detection, Support Vector Machine (SVM), Gray Level Co-Occurrence 

Matrix (GLCM) and Gaussian filter are proposed by Amin et al [12]. For 

making easy differentiation between brain‟s non-cancerous and cancerous 

MRI, an automated technique is proposed. Due or spatial resolution, high 

contrast and low radiation, in MRI, detection of tumor is highly effective. 

Information about brain tumor size and location are provided by MR images 

and tumor grade cannot be categorized using these images. 

There are three major steps in the proposed technique. They are, pre-

processing, feature extraction and classification analysis. For segmenting the 

region of interest, pre-processing technique is used.  For candidate lesion 

segmentation, applied various techniques. Tumor can be described using a 

texture features in feature extraction with intensity and shape features like 

intensity, shape and texture of lesion. For classification, better discrimination 

information is shown by lesion intensity. 

Using intensity, texture and shape, for every applicant lesion, feature set 

is selected. At that point, for comparing proposed framework‟s precision, on 

feature set, with various cross validation, applied the Support Vector 

Machine (SVM) classifier. On local and publicly available datasets, to 

evaluate suggested technique, used the performances metrics like Accuracy 

(ACC) and Area Under the Curve (AUC). 
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Three benchmark datasets namely, Local, RIDER and Harvard are used 

for validating proposed technique. Before complications phase, at an early 

stage, tumor detection procedure can be enhanced using suggested technique. 

When compared with available techniques, in less processing time, tumor 

can be identified accurately using proposed technique.  

In Magnetic Resonance (MR) images, to detect and segment brain tumor, 

Conditional Random Fields (CRF), Support Vector Machine (SVM) and  

Gabor wavelet filters are introduced by Wu et al [13]. In MR images, brain 

tumor like Glio Blastoma Multiforme (GBM) are detected and segmented 

using this model. Developed and tested a robust segmentation technique to  

brain tumor MRI. For alleviating sampling issues and for increasing sample 

representativeness, algorithms are used for segmenting Multimodal MR 

images into super-pixels. 

Next, using multi-level Gabor wavelet filters, from super-pixels, 

extracted the features. For rectifying previous generative models limitations, 

trained an affinity metric and SVM model using these features for tumors. In 

a maximum a posteriori fashion, tumor regions are segmented by applying 

CRF theory according to spatial affinity and SVM model‟s output with 

predefined smoothness.  

In spatial domain, "structural knowledge" like tumor‟s continuous and 

symmetrical characteristics are used for removing labelled noise at last. In 

the final stage, false positive regions are removed effectively by using 

symmetry axis and continuity characteristics based structural denoising. With 

BraTS challenge data set and 20 GBM cases, evaluated the system. 

Comparable performance with other state-of-the art algorithms are 

demonstrated by model-aware affinity based brain tumor segmentation 

technique. 

In Contrast Enhanced MRI (CE-MRI) images, for classifying brain 

tumor, Bag-of-Words (BoW), Gray Level Co-occurrence Matrix (GLCM), 

intensity histogram and region of interest (ROI) model are developed by 

Cheng et al [14]. Instead of original tumor region, image dilation based 

augmented tumor region is used as ROI segmentation because for tumor 

types, important clues are provided by surrounding tissues of tumor. 

In second stage, increasingly fine ring form sub-regions are formed by 

slitting augmented tumor region. On a large dataset, proposed technique‟s 

efficiency is demonstrated using three feature extraction techniques called 

BoW model, GLCM and intensity histogram. In T1-weighted CE-MRI 

images, brain tumor‟s three types called pituitary, giloma and meningioma 

are classified using this technique.  

Use of tumor region ROI instead of augmented tumor region will 

enhances the accuracy as follows, for intensity histogram, from 71.39% to 

82.31% , for GLCM, from 78.18% to 84.75% and for BoW model, from 

83.54% to 88.19%. Accuracy upto 91.28%, 89.72% and 87.54% can be 

enhanced using ring-form partition in addition with region augmentation. For  



 

 

 

 

 

 

 

brain tumors in T1-weighted CE-MRI‟s classification, effectiveness and 

feasibility of proposed technique is shown by results of experimentation. 

For brain tumor different grades Giloma classification, Genetic 

Algorithm (GA) and Convolutional Neural Networks (CNNs) are proposed 

by Anaraki et al [15] using Magnetic Resonance Imaging (MRI) images. In 

existing techniques, deep neural network architecture is selected and it is 

based on trial and error technique or predefined common structures are 

adopted. But, here GA is used for evolving CNN structure or architecture. 

On best model evolved using GA, bagging is used as an ensemble 

algorithm for decreasing prediction error‟s variance. Around 90.9% accuracy 

in Giloma grades classification is obtained in one case study and around 

94.2% accuracy is obtained in Pituitary, Meningioma and Glioma tumor 

classification.  

In brain tumor classification, proposed techniques effectiveness is 

revealed using results via MRI images. In early stage, brain tumor can be 

diagnosed using this proposed technique. 

In MRI images, for diagnosing brain tumor, Convolutional Neural 

Networks (CNNs) based automatic brain tumor segmentation technique is 

proposed by Zhao and Jia [16]. Local features are only focused in traditional 

CNNs and global regions features are ignored, which plays a major role in 

pixel recognition and classification. In patients, in any brain place, brain 

tumor can appear and it may take any shape and size. 

Image sizes, optimum top-three scales are detected automatically using a 

designed three-stream framework termed as multiscale CNNs and around 

that pixel, information from various regions scales are combined. Testing and 

training are done using a dataset given by Multimodal Brain Tumor Image 

Segmentation Benchmark (BRATS), which is organized by MICCAI 2013. 

From FLAIR, T2, T1-enhanced and T1 MRI images, multimodal features 

are combined using designed multiscale CNNs framework. In brain tumor 

segmentation, high robustness and accuracy are shown by proposed 

framework when compared with traditional CNNs and other two best 

techniques.  

In MRI images, for segmentation and detection of brain tumors, K-

means,K-Nearest Neighbors (KNN), SVM and Gabor wavelet are proposed 

by Nabizadeh and Kubat [17]. A fully automatic technique is presented for 

detecting slices including tumor and for delineating tumor area. 

With low computational complexity and high accuracy, brain tumor are 

segmented successfully using proposed technique and on single contrast 

mechanism, proposed techniques efficiency is shown by experimental 

results. Moreover, various classifiers are used for evaluating statistical 

features efficiency over Gabor wavelet features and a study regarding this is 

presented. With respect to accuracy, specificity and sensitivity, demonstrated 

the experimental results.  
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In FLAIR and T1-e images, tumor tissues can be discriminated from 

other tissues using statistical features as proven in the observations. They are 

more than adequate. For tumor segmentation application, a comparison is 

made between features. 

In MRI, multi-grade brain tumor classification based on Convolutional 

Neural Network (CNN) is developed in Sajjad et al [18]. At first, a deep 

learning technique is used for segmenting tumor regions from an MR image. 

In second stage, proposed system is trained effectively using extensive data 

augmentation. For multi-grade brain tumor classification, while dealing with 

MRI, data problem lacking are avoided. 

At last, for brain tumor grade classification, augmented data is used for 

fine tuning pre-trained CNN model. Proposed CAD system based on CNN‟s 

effectiveness is shown in experimental results. For multi-grade brain tumors 

classification into four grades, precise decisions are made by radiologist 

using this CAD system. Both original and augmented data are used for 

evaluating proposed system experimentally and better performance is 

produced using proposed technique. 

For tumor detection process in MRI brain image, Morphological 

Operation, Watershed Segmentation and Average Filter are introduced by Oo 

and Khaing [19]. Tumor location computation, tumor area calculation, 

morphological operation, segmentation, skull stripping, image filtering, brain 

image process are included in this system. Image filtering and input MRI 

brain tumor image are included in pre-processing. 

Image is smoothened using Average filter. Next system step is operated 

quickly using this smoothed image. In biomedical image processing, an 

important process is skull stripping. For every image, skull tissues threshold 

value and normal brain tissues threshold value are computed manually in 

threshold value based skull stripping. A type of gradient-based segmentation 

technique is Watershed segmentation. 

In this relief map corresponds to image‟s gradient map. Dam is formed 

by segmenting the image and segmented portions are termed as catchment 

basins. In this system, tumor is detected by applying erosion algorithm‟s 

morphological operation. Using MATLAB, implemented the detailed 

procedures.  

From brain image, tumor region are detected effectively using this 

proposed technique as indicated in experimental results. In this system, brain 

tumor region expression can be applied effectively to any tumor region 

shape. 

In MRI images, for detecting brain tumor (Glioblastoma) automatically, a 

skull stripping and Multi-Thresholding Segmentation (MTS) is proposed by 

Chaddad and Tanougast [20]. From MRI, for axial slices, skull stripping are 

derived. Then, histogram analysis based MTS is  used for detecting brain 

tumor. Adaptive morphological operations technique is used for applying 

skull-stripping technique.  



 

 

 

 

Brain tissue area is computed iteratively for considering this as empirical 

threshold. On non-contrast T1-weighted (T1-WI) registration and on its 

respective fluid attenuated inversion recovery sequence, it is applied. Then, 

Otsu proposed MTS technique is applied. For patients (n = 120) with tumor, 

similarity coefficients based performance metrics are computed.  

The skull stripping adaptive algorithm produces 92% Dice similarity 

coefficient and 0.3% false negative rate, while segmented tumors MTS 

produces 80% Dice similarity coefficient and 25.8% false negative rate. 

Robust stripping results are provided by adaptive skull stripping and for 

medical diagnosis, MTS computes the tumor area.  

For soft tissue delineation, commonly used medical imaging technique is 

Magnetic Resonance Imaging (MRI). In specific, it is true for classification 

of brain tissues. For DResCNN-HSO classifier, used the MRI images.  

 

3 Proposed Methodology 

 
An enhanced Deep Residual Convolutional Neural Network (DResCNN) 

with Harmony Search Optimization(HSO) is an artificial intelligence 

technique, which is proposed here for brain MRI medical images 

classification. There are three major steps in proposed DResCNN-HSO 

classifier, namely, pre-processing, segmentation of Region of Interest (ROI) 

and extraction of features and classification. For classification, the 

DResCNN-HSO‟s overall procedure is shown in figure 2. 

 

1. From brain MRI images, noises are removed in pre-processing stage. For 

better recognition and understanding, features are kept intact. For ROI 

segmentation, resized the specified medical images. 

2. Image representation is changed and/or simplified in ROI segmentation 

stage for producing meaningful as well as easy representation for 

analysis. In segmentation step, for detecting brain MRI image accurately, 

performed the background and foreground subtraction. 

3. For extracting features, through a DResCNN model, segmented image is 

passed  from last convolutional layer in third stage in feature extraction 

stage. Obtained the deep feature vector, where, for a specified input 

image, hidden complex structures-high level representation are 

represented as feature vectors-low-level representation. 

4. In classification stage, for detecting brain tumors, according to minimum 

distance, specified input images are assigned with a class label. For 

enhancing accuracy of classification, introduced aDResCNN for brain 

tumor detection with HSO optimization algorithm. HSO is used for 

tuning bias and weight parameters of DResCNN classifier model. 
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Figure 2: Overall Procedure of the Proposed Method for Classification 

 

 

3.1 Preprocessing 
 
There are various unwanted and irrelevant parts in scanned medical 

image‟s actual format. An image composed of pixels or also termed as 

picture element is called as digital image. Every pixel is having a finite 

discrete quantity, which represents its gray level or intensity and it is an 

output of two-dimensional functions given with spatial coordinates x on x  

https://en.wikipedia.org/wiki/Function_(mathematics)


 

 

 

axis and y on y axis as input. Median and men filtering are the conventional 

spatial filtering methods used for removing noise.  

 It is classified as raster or vector type based on its fixed resolution. 

Spatial filter can be used for reducing Gaussian noise. But high frequencies  

are blocked by this filter. Because of that, in image smoothing, fine-scaled 

image details and edges may be blurred as a result of it. Gaussian  

smoothing, median filtering, mean or average filtering are the conventional 

spatial filtering methods used for removal of noise [27].  

Image quality enhancement is mainly focused in pre-processing, which is a 

major objective of this. In MRI image background, surplus and unrelated 

parts are removed for further processing. Interpretation of medical images is 

a highly complex one. Computer foreground markers, where pixels blobs are 

connected within every foreground object for removing noise. 

A "closing-by-reconstruction" and "opening-by-reconstruction" are the 

morphological techniques used for noise reduction. Erosion followed by 

morphological reconstruction computes opening-by-reconstruction and 

dilation followed by a morphological reconstruction computes "closing-by-

reconstruction". 

 

Mean Filtering 
 

A simple sliding window spatial filter where, average value of all the 

window pixel is used for replacing center pixel value is termed as mean 

filter. Square shape of kernel or window is used in general case, but it may 

take any kind of window. Within a local image region, all pixels average is 

used for defining arithmetic mean filter [21]. 

In a rectangular subimage window with     size, assume coordinate 

set is represented as    , which is centered as point        In an area defined 

by    , corrupted image       ‟s average value is computed using arithmetic 

mean filtering process. At any point      , restored image value will equals 

arithmetic mean of pixels in the region shown by S. 

 ̂      
 

  
∑       

         

 

 
Median Filtering 
 

A nonlinear signal processing method is median filtering which is 

statistic based. Median value of neighborhood is used for replacing digital 

sequence or images noisy value. Based on gray levels, mask pixels are 

ranked. Noisy value is replaced by storing group‟s median value. 

                                  is the output of median filtering, 

where, original image is represented as          output image is represented 

as       , two-dimensional mask is represented as W, size of the mask 

is    (with n as an odd value) like         . Cross, circular, square,  
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linear shaped mask  an be used [22]. Under normal distribution, image 

having zero mean, median filters noise variance can be approximated as,  

    
  

 

       
 

  
 

  
 

 
  

 
 

 
 

 

Where, input noise power is represented as   
 , median filtering mask 

size is represented as n, noise density function is represented as      ̅ .  

Average filtering noise variance is represented as, 

  
  

 

 
  

  

In reduction of random noise, better performance is exhibited by median 

filtering when compared with average filtering performance. But less 

effective performance is exhibited on impulse noise of narrow pulse with less 

than n/2 pulse width. If average filtering algorithm is combined with median 

filtering algorithm, then its performance can be enhanced and based on noise 

density, mask size is varied adaptively. The removed image is resized for 

using it in ROI segmentation. For ROI segmentation, specified medical 

image is resized as           image. 

 

3.2 ROI Segmentation 
 

Partitioning process of digital image into various segments like pixel set 

called image objects is termed as segmentation in computer vision and digital 

image processing. Image representation is changed and/or simplified into 

something, which makes analyses process as a simple one. In images, 

boundaries like curves, line, etc., and objects are located using image 

segmentation techniques. In an image, each pixel is assigned with a label in 

segmentation process, where some certain characteristics are shared by pixels 

having same label. 

With respect to same characteristics, there will be a significant difference 

in adjacent regions. For extracting features and measuring images, 

segmentation is required. Image pixels are classified as anatomical regions 

like blood vessels, bones, tissues and tumors using segmentation. For image 

processing, segmentation is an important tool. 

From brain‟s surrounding area, regions corresponding to MRI images are 

separated using segmentation process. From entire brain MRI image, 

segmented image‟s region of interest (ROI) using image morphological 

operation with optimum thresholding are done [23]. 

Thresholding: Gray scale image is converted into binary image using this 

and image‟s threshold value are computed, where image is divided into two 

parts, namely, background and region of interest. High contrast MRI image is 

used for ROI extraction, which is easier for extraction and distinguishing 

brain. 



 

 

 

 

 

3.2.1 Foreground and Background Subtraction 
 

In general, from background, image is segmented and for image analysis, 

only front region image pixels are used. Various techniques like gradient 

analysis, local gray-value range‟s global histogram analysis are used for 

background regions and brain MRI images segmentation. 

Without analysis, background are segmented from foreground using these 

techniques, if image analysis process requires background pixels. Necessary  

information are contained in the mammogram‟s background pixel‟s and in 

body, cancer cells presence are detected using this information [24]. Regions 

having variance value less than threshold are assigned with a zero gray value 

for forming final segmented image. For block of R*R size, gray scale 

variance is defined as, 

 

     
 

  
∑ ∑              

   

   

   

   

 

A block is assigned as a background, if global threshold is greater than 

variance, else it will be assigned as a foreground. Where, block „s variance is 

represented as     , at pixel      , gray level value is represented as        

and for a block, mean gray level value is given by     . 

 

 

3.2.2 Binarization 
 

Image thresholding is used for achieving Binarization, where, pixels 

having less gray level than specified threshold are grouped into foreground or 

background and balance pixels are grouped into another class. Selection of 

threshold (T) for extracting an object or various objects having similar value 

is a basic concept of thresholding.  Every block‟s mean gray value is 

computed as threshold T. Below mentioned expression is used for the same. 

Performed binarization by making a comparison of mean value with every 

pixel in a block. 

       {
            

             
 

 

Where, gray scale pixel values are represented as        and binarized 

image is represented as       . Peaks of histograms must be split by deep 

valleys for selecting good threshold. Some pixel points may get damaged 

after binarization and image may have zero and one gray values. So, for 

enhancing quality of an image for extracting more information, thinning 

process is required by binarized image. 
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3.2.3 Thinning 
 

From binary images, selected foreground pixels are removed using a 

morphological operation called thinning algorithm. Original region‟s 

topology called extent and connectivity are preserved and most of the 

original foreground pixels are thrown away. Minutiae extraction speed 

increases using this thinning process. A matrix is used for defining binary 

digitized picture, where every pixel         is either 1 or 0. Based on small 

set of neighbors of point       values, in a point by point manner, iterations 

are applied. 

 

3.3 Feature Extraction and Classification 
 

In the proposed Medical image classification and retrieval framework, 

conventional ResNet CNN model is modified, where          

convolutional layer is used for replacing its last     average pooling layer. 

Following are the major reasons of using          convolutional layer. 

The high inter-class similarity problems are there in brain MRI medical 

images classification, when compared with general image classification. So, 

from CNN, extracted more features which are highly useful in classification.  

From previous          feature map,          feature map is 

obtained using original ResNet via average pooling layer with one     

filter, which leads to useful features loss.  

From previous          feature map,          feature map is 

obtained using revised DResCNN via additional convolution layer (Conv6) 

with 2048,          filters for solving this problem and it minimizes 

useful features loss. In addition, there will be fixed average pooling layer‟s 

filter coefficients in original ResNet.  By training, in revised DResCNN, 

additional convolutional layer‟s optimal filter coefficients can be obtained. 

For proving this, experimentally compared original ResNet accuracies 

using average pooling layer with 1    filter with those revised DResCNN 

using additional convolution layer with 2048          filters. Figure 3 

illustrates CNN‟s modified structure with complete layer configuration. 

 

 

 

 

 

 

 

 



 

 

 

 

 
Figure 3: Deep Residual Convolutional Neural Network (DResCNN) 

 

Architecture used for Feature Extraction and Classification 
 

 

There are multiple residual units in Modified Deep Residual CNN 

(DResCNN) network which are basic building blocks of it. The     

convolutional-mapping-based and identity-mapping-based shortcut 

connections are included in these residual units. Without changing size and 

depth, in identity-mapping-based residual unit, input feature map is mapped 

as it is by shortcut connection. On the other side, in     convolutional-

mapping-based residual unit, input feature map‟s depth is increased by 

shortcut connection. 

There are 16 residual units in DResCNN as illustrated in Figure 3. It has 

four     convolutional mapping units and 12 identity mapping units. The 

training time and complexity are decreased by identify mapping via large 

number of residual units. In both backward and forward directions, smooth 

information propagation is ensured by both     convolutional and identity 

shortcut connections [26]. 

The stack of convolutional layers is represented as Conv1–Conv6, where 

convolutional layers group is represented by Conv2–Conv5. There are 

multiple residual units in every individual group and multiple residual units 

based on identity mapping and one     residual units based on 

convolutional mapping are included in this, which are representing using 

iterations count. 
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In addition, in a feature map‟s sub-region, which are defined using kernel 

size, maximum value are selected using a subsampling layer called max pool. 

It mainly focuses on minimization of feature map size while preserving key  

features information. At last, from previous convolutional layers, extracted 

features are classified using classification, SoftMax and FC layer. 

 

3.3.1 Feature Extraction 
 

Extraction of features are done using convolutional layer stack, where 

traditional 2D convolution operation is employed via various filters count 

with various sizes. There are learnable parameters in these filters and are 

computed in training procedure. While applying convolution, based on filter 

movement range, vertical and horizontal direction stride values, filters count, 

filter size, changed the output feature map size using padding options. 

These parameters are termed as hyperparameters and during construction 

phase of the network, they are defined. So, efficient model construction is 

based on these parameters. There are 64       filters in Conv1 in Deep 

Residual CNN (DResCNN) and with a two pixel units stride, in vertical and 

horizontal directions, specified input image    of           is explored 

by this and in both directions, three pixel units padding are used. 

There is one     pixels filter in max pool layer. With two pixel units 

stride for every input channel, in vertical and horizontal directions, Conv1‟s 

output feature map     is explored by this filter and      down-sampled 

feature map is generated.  

The multiple convolutional layers group is represented as Conv2–conv5, 

which has multiple residual units. In every group, at the start, there is only 

one convolutional mapping and multiple identity mapping units are included 

after that. First residual unit based on convolutional mapping is presented by  

Conv2–1 in first group Conv2 and there are four convolutional layers 

including filters                    . 

In a parallel fashion, fourth and first three convolutional layers are 

connected in this residual unit, which is illustrated in Figure 4b. For a 

specified input   , in sequential order, convolution operation are performed 

in first three layers using filters               and intermediate feature map 

is generated as         . 
The specified input    is converted as          using fourth layer by 

    filter       application for equalizing   ‟s depth size based on 

        .At last,          and          are added for computing 

          sized output feature map   . First residual unit based on 

identity mapping is presented by Conv2-2, where, three convolutional layers 

are included in this as illustrated in figure 4a. 

 



 

 

 

 

In a sequential order, output    is processed further using these three 

layers via three various filters               application and intermediate 

feature map          is generated. The previous output feature map    is 

added with          for generating           sized final feature map 

X4. 

Likewise, second residual unit based on identity mapping is Conv2–3 and 

operation of Conv2–2 and Conv2–3 are similar and           sized 

feature map    is generated by this. Similarly, as in Conv2, all other residual  

units based on identity mapping and convolutional mapping in groups 

Conv3, Conv4, and Conv5 are performed.  

The major difference in every group is variation of filters count and 

residual units based on identity mapping. There will be an increase in input 

feature map depth, because of various filters count in every group. Further, 

after passing through every successive group, there will be a decrease in 

input feature map size by a factor of two. 

This is because, in every group, a two pixels unit stride is considered in 

first residual units based on convolutional-mapping. After convolving Conv5 

output with last convolutional layer Conv6 via           filter, obtained 

a       optimal feature vector x. 

Based on data‟s standard deviation and mean, after every convolutional 

layer, rectified linear unit (ReLU) activation function and batch 

normalization are applied. Further, final feature vector x is given as an input 

to FC layer. 

 
 
Figure 4: The Residual Building Block of Modified DResCNN with(a) Identity-

Mapping-Based Residual Unit, and (b) 1×1Convolutional-Mapping-based Residual 

Unit 

 

3.3.2 Classification 
 

In testing and training phases, two classification architectures are 

considered separately, in Deep Residual CNN (DResCNN) technique. Using  
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Conv6, extracted features from input image class which is matching with 

2048 features based on Euclidean distance. Same amount of testing and 

training classes are used and for this operational mode, there is no 

requirement to have separate classifier. In training phase, utilized the 

modified CNN model‟s PC part in this manner. 

For retrieval based on class-prediction, deployed this proposed Variable 

Node Classification (VNC) framework based on deep-feature-in testing 

phase, where, in both testing and training phase, same feature extraction is  

used. There are classification, softmax, and FC layer stack in a fully 

connected part of training phase, which is illustrated in Figure 3. 

Nodes count which is similar to total classes count is included in FC layer 

and feature extraction part‟s last convolutional layer Conv6 follows this 

layer. Across  the image, all learned features are combined using this layer 

for identification of larger patterns. 

From Conv6, feature vectors are derived and weight matrix is multiplied 

with feature vector. With respect to probability, FC layer output are 

converted using classification part‟s next SoftMax layer using softmax 

function application. 

In all configuration modes, for classifying input query image, 

implemented a VNC framework based on deep-features in testing phase. 

Figure 5 shows the proposed VNC framework‟s simple flow diagram. In 

proposed VNC framework, two operational phases are included as like 

general CBIR system, which are termed as online and offline phases. 

From available training dataset, K mean feature vectors database is built 

in offline phase. Obtained a single mean feature vector for every individual 

class. In mixed world and open world configurations, offline phase is used 

very often in proposed work, where, without repeating training process, for 

new classes, reference feature database can be updated. 

For a specified input query image, feature vectors are extracted and 

compared with mean feature vectors set using L2-norm for performing 

classification in online phase. At last, based on minimum distance, assigned 

the final class label. From selected class label, required images are retrieved 

for performing effective image retrieval based on class-prediction in this 

manner rather than exploiting entire dataset. 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 
Figure 5: Proposed Deep-Feature-based Variable Node Classification (VNC) 

Framework 

The Stochastic Gradient Descent (SGD) algorithm is used for training 

Deep Residual CNN (DResCNN) [27]. For CNNs optimum training, most 

commonly utilized algorithm is SGD and in discriminative linear classifiers  

learning with convex loss function, it is very effective. In this, learnable 

parameters like biases and filter weights are optimized using HSO 

optimization model using loss function‟s derivative.  

For enhancing accuracy of classification, biases and weight parameters 

are tuned using HSO optimization algorithm. Optimum features are extracted 

using correctly labelled data samples in training phase. In CNN, through 

feed-forward stage, passed these labeled training data samples and computed 

loss between desired and actual label.  

The parameters are updated further for optimizing loss function, if a 

certain threshold is less than loss value. Mini-batches are formed by splitting 

training dataset using SGD technique, for every mini-batch, iteration is 

performed and then for completing as one epoch, time consumed by all 

iterations are defined for leaning. Using HSO algorithm, DResCNN model‟s 

bias and weight parameters are tuned for enhancing classification accuracy.  

 

3.3.2.1 Harmony Search Optimization (HSO) 
 

An improvisation process used for musicians is a Harmony Search 

Optimization (HSO). A kind of beautiful sound combination is a music 

harmony, which comes from aesthetic view. Music performance is computed 

for finding optimal state, which computed using aesthetic evaluation. After 

applying optimization problem, decision variable‟s objective function is 

represented using musicians and optimum state is computed using a heuristic 

algorithm called Harmony Search (HS),  which is done via objective function 

value [28]. 
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The improvisation process of music players in searching a perfect 

harmony state is mimicked in developing a meta-heuristic algorithm called 

Harmony Search (HS). Limited mathematical requirements are imposed by 

HS algorithm, when compared with previous meta-heuristic optimization 

algorithms and initial value settings are not affected by this. Harmony 

memory, notes harmonics and musicians are the key concepts in HS 

algorithm. 

Functions decision variable‟s corresponds to musician. Notes played by 

all musicians are there in harmony and termed as solution vector, which has 

one value per variable. Harmonies played by musicians are stored in 

harmony‟s memory and it is used as a storage place of solution vectors [29].  

The note that a performer plays is the estimation of each choice variable. 

Concordance memory comprises of the amicability which is played by the 

artist, or is an extra room for the arrangement vector. Specifically, the 

amicability memory is a two-dimensional lattice, in which the column vector 

portrayal concordance (the arrangement vector), and the quantity of lines 

speaks to the size of the congruity memory. Every section stores the 

agreement that is played by various artists, that is, the congruity edge of 

every artist. 

 

Real performance function f(x) and generating solve vector, which is 

acting as a memory are used for forming Harmony memory in a random 

manner. 
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Where, DResCNN model‟s weight parameters are represented as   
 
   

  

and bias parameter is given by    and accuracy of classification are enhanced 

using these parameters. 
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the     decision variable, random value is represented as      which lies 

between 0 to 1.  

Number of single-objective sub-problems are formed by decomposing 

fitness function and objective values are formed by solving this in a 

collaborative manner. 



 

 

 

 

 

Fitness function is expressed as 

           |
 

 
|∑      

   

   
 

                       
A heuristic HSO solution is applied in three stages. Any famous music 

piece, which is a pitch series in harmony, is played from her or his memory. 

A known piece which is similar to previous one is played by adjusting pitch 

slightly and random or new notes are composed. With selected solution, 

applied the random harmony heuristic for forming new solutions set. 

Compare the new random harmony solution and analyse them based on 

its properties like configuration for deciding it to include in existing solutions 

set or for terminating from it for including new solutions obtained in next 

iterations. One or more solutions are considered and new solutions set are 

formed by modifying or combing them. Various search based operations are 

used for forming this solutions.  

There are five steps in HSO: 

Step 1: instead of      in below mentioned expression. 

                            

Computation of parameters value: Number of Improvisation (NI), Pitch 

Adjustment Rate (PAR), Harmony Memory Consideration Rate (HMCR), 

Solution vector count in harmony memory, Harmony Memory Size (HMS). 

Step 2: Harmony Memory is shaped and created according to below 

mentioned matrix. 
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Generating solve vector and Real performance function f(x), which is 

acting as a memory are used for forming Harmony memory in a random 

manner. 

Step 3: In harmony search algorithm, it is a highly important step, where 

all the changes in present harmonics are done here. Using below mentioned 

expression, amount of inner harmony memory used are clarified using 

HMCR and new random harmony creation probability is shown using 1-

HMCR. 

  ́  {
      

    
      

           ́

   ́              
            

It is not recommended to use the value of 1 for HMCR. For offering best 

solution, in harmony memory, saved values are used for enhancing the  

solution. From inside the memory, if one value is selected, according to PAR 

probability, this value can be changed as,  

  ́  {
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If pitch adjustment decision for is   ́ YES,   ́is replaced as, 

  ́            ́  
Where, arbitrary distance bandwidth is represented as BW and a random 

number is represented as x and its value lies between 0 to 1.  

Step 4: In this step, in memory, if worst number is worst than New 

Harmony, old one is replaced with New Harmony. Then, worst harmony will 

be eliminated. Also, at the top, according to best member, harmony memory 

are sorted. In this way, memory can be updated.  

Step 5: Algorithm is terminated in this stage. Steps 3 and 4 will be 

repeated, if termination is not satisfied. However, termination condition can 

be adjusted to a certain optimum value, so, till the end, algorithm steps are 

repeated. 

 

3.3.2.2 Softmax Classifier 
 

For     class, softmax operation is expressed as, 

         
     

∑       
   

 

In convolution blocks, various convolutional layers count are used for 

evaluating this DResCNN model and according to time step t, layers count  

 

are computed. A model with two convolutional layers are used in brain tumor 

recognition in the beginning input layer so called mix pool layer and it has 

five convolution layer blocks which is followed by a model of classifier with 

fully connected layer, hidden layer and at the end, it has softmax layer. 

Data are classified using this last hidden state. Following shows the 

expression used for classification, 

         (  
 
      ) 

            
        

Where, predicted gait type is represented as  , output weight is 

represented as   
 

, input weight is represented as   
  and output bias is 

represented as   . Image pattern are recognized using softmax classifier. 

Trained feature vector is obtained as an output from classifier. A fixed-length 

trained feature vector  ̂ is formed by transforming breast cancer image  ‟s 

every patch. Classification results are obtained by feeding softmax classifier 

with this hidden layer. A class of multiclass classifier is softmax classifier 

and logistic regression is used in this classifier for data classification. 

Every class probability to which the data is classified is estimated using 

this. Hence, this will leads to the sum of probability as one. Normalization is 

done using softmax function and class probabilities are computed using 

exponentiation process. After training all network layers, the next training 

stage is termed as fine tuning. In classification process, final stage is a fine 

tuning stage, which is used for enhancing model performance. 



 

 

 

 

4 Results and Discussion 

 
From publicly available sources, brain MRI Image dataset is taken for 

using it in DResCNN-HSO classifier tumor detection method. There are 100 

brain MRI images in MRI image dataset [30]. Two sets called testing dataset 

and training dataset is formed by dividing brain tumor image dataset. Brain 

tumor images are detected using training dataset and proposed technique‟s 

performance is analyzed using testing dataset. For training 70 images are 

used and for testing 30 images are used. 

Available techniques like Residual Network (ResNet) and Convolutional 

Neural Network (CNN) , proposed DResCNN-HSO classifier framework are 

compared. To analyse DResCNN-HSO proposed framework‟s performance, 

metrics like mean Average Recall (mAR), mean Average Precision (mAP), 

F1 score or F-measure and accuracy results are used. Table 1 shows the 

confusion matrix, which forms base for metrics used in two classification 

techniques. On a test dataset, for describing classification model or 

classifier‟s performance, this confusion matrix is used very often. Algorithm 

performance visualization is allowed using this [31]. 

A confusion matrix has two columns and two rows as indicated in Table 

1is used in predictive analysis and it has the values of True Negative (TN), 

True Positive (TP), False Negative (FN) and False Positive (FP). To examine 

classification performance, most popular as well as well-known measure 

called accuracy is used. In this study, it is applied for recurrence prediction. 
 

Table 1: Confusion Matrix 

 Predicted 

Positive  Negative 

Actual 
Positive  TP FP 

Negative FN TN 

 

Accuracy=
 

 
∑

       

               

 
    

(1) 

F1.score=  
       

       
 (2) 

mAP=
 

 
∑

   

       

 
    (3) 

mAR=
 

 
∑

   

       

 
    (4) 

Where, true positive is represented as    , which indicates correctly 

classified images count from class k, false positive is represented as    , 

which indicates images count misclassified as class k, true negative is 

represented as    , which indicates, images count correctly classified as not 

belonging to class k and false negative is represented as    , which 

indicates, misclassified image count, that belongs to class k. Total classes  
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count is represented as K. Table 2 summarizes overall performance results 

comparison of various classification techniques with respect to evaluation 

metrics. 

 
Table 2: Performance Comparison Metrics vs. Classification Methods 

Methods Metrics 

Accura

cy(%) 

F-

measur

e (%) 

mean Average 

Precision 

(mAP) (%) 

mean Average 

Recall (mAR) 

(%) 

CNN 75.67 74.67 71.77 77.56 

ResNet 82.14 82.56 81.45 83.23 

DResCN

N-HSO 

83.16 85.22 84.45 85.98 

 

 
4.1 Accuracy Result Comparison 
 

 
Figure 6: Accuracy Performance Comparison in various Classification Methods 

 

Figure 6 shows the Accuracy metric performance comparison between 

available ResNet and CNN technique and proposed DResCNN-HSO 

classification technique. Around 83.16% of accuracy rate is produced by 

proposed DResCNN-HSO technique, which is a high value. Good detection 

rate is shown by proposed DResCNN as indicated by obtained high accuracy 

results. But, only 75.67% of accuracy rate is produced by CNN and 82.14% 

of accuracy rate is produced by ResNet as indicated in comparison. When 

compared with available techniques, better detection results are produced by 

proposed technique as indicated in results. 
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4.2 F-measure Result Comparison 

 
Figure 7: F-measure Performance Comparison in various Classification 

Methods 

Figure 7 shows the F-measure metric performance comparison between 

available ResNet and CNN technique and proposed DResCNN-HSO 

classification technique. High F-measure value is produced by proposed 

DResCNN-HSO technique. Good detection rate is shown by proposed 

DResCNN as indicated by obtained high F-measure results. But, only  

74.67% F-measure value is produced by CNN and 82.56% F-measure value 

is produced by ResNet as indicated in comparison. Better detection can be 

done using proposed technique than available techniques as indicated in 

results. 

 

4.3 Mean Average Precision Result Comparison 
 

 
Figure 8: mean Average Precision(mAP) Performance Comparison in various 

Classification Methods 

Figure 8 shows the correlation metric performance comparison between 

available ResNet and CNN technique and proposed DResCNN-HSO 

classification technique. Around 84.45% of mean Average Precision rate is 

produced by proposed DResCNN-HSO technique, which is a high value. 

Good detection rate is shown by proposed DResCNN as indicated by  
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 obtained high mean Average Precision rate in results. But, only 71.77% of 

mean Average Precision rate is produced by CNN and 81.45% of mean 

Average Precision rate is produced by ResNet as indicated in comparison. 

For predicting short-term diseases, proposed model produces meaningful as 

well as effective results. 

 
Figure 9: mean Average Recall (mAR)Performance Comparison in various 

Classification Methods 

 

Figure 9 shows the mean Average Recall metric performance comparison 

between available ResNet and CNN technique and proposed DResCNN-

HSO classification technique. Around 85.98% of mean Average Recall rate 

is produced by proposed DResCNN-HSO technique, which is a high value. 

Good detection rate is shown by proposed DResCNN as indicated by 

obtained high mean Average Recall rate in results. But, only 77.56% of mean 

Average Recall rate is produced by CNN and 83.23% of mean Average 

Recall rate is produced by ResNet as indicated in comparison. When 

compared with available techniques, better detection results are produced by 

proposed technique as indicated in results. 

 

5 Conclusion and Future Work 

 
To retrieve heterogeneous medical images, proposed a medical image 

classification framework, where deep learning methods are utilized. There 

are three major steps in proposed DResCNN-HSO classifier, namely, pre-

processing, segmentation of Region Of Interest (ROI) and extraction of 

features and classification. In the first stage, median and mean filtering are 

used for removing noise from brain MRI images, for better recognition and 

understanding, it features are kept intact. 

In second ROI segmentation stage, image representation is simplified 

and/or changed as a something, which is highly easy as well as meaningful 

for analysis. In segmentation step, for accurate detection of brain MRI, 

foreground and background subtraction is performed. 

 



 

 

 

             

For extracting features, through a DResCNN model, segmented image is 

passed  from last convolutional layer in third stage. Obtained the deep feature  

vector, where, for a specified input image, hidden complex structures-high 

level representation are represented as feature vectors-low-level 

representation. 

From images, discriminative features like low and high level features are 

explored directly in proposed framework based on deep learning for bridging 

semantic gap. Image retrieval tasks based on class-prediction are performed 

using these extracted features. In classification stage, for detecting brain 

tumors, according to minimum distance, specified input images are assigned 

with a class label. For enhancing accuracy of classification, introduced 

aDResCNN for brain tumor detection with HSO optimization algorithm. 

In brain MRO medical database, high inter-class and intra-class similarity 

problem are solved using DResCNN and accuracy of classification is also 

enhanced. With respect to mean Average Recall (mAR), mean Average 

Precision (mAP), F1 score or F-measure and accuracy, measured the 

performance of state-of-the art classifiers and DResCNN-HSO classifier. 

When compared with other available techniques like ResNet and CNN, 

around 83.5% accuracy rate can be achieved using DResCNN-HSO  

classifier, which is a higher value. Accurate brain tumor detection can be 

done effectively using DResCNN-HSO classifier. 

For exploring moving sequences, video-based MIRS can be implemented 

in future and number of layers can be reduced for further network and other 

parameter optimization, which makes the system more effective. 
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