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Abstract—Recently, various techniques are developed to analyze 

and classify the Electrocardiograph (ECG) signal to know the 

threaten results. Many real time development tools such as VLSI, 

DSP, etc., are available to carry out this analysis process. During 

the implementation process, the problems addressed are circuit 

complexity and time computation due to the separate operation of 

training and classification. In existing works, the training of 

features of an ECG signal performed and stored in the database, 

the arrival of new data perform the comparison process to show 

the status of signal. But, in proposed work, parallel computation 

of training and classification optimize the circuit complexity and 

time consumption. Moreover, the integration of MATLAB with 

XILINX platform assures the suitability of proposed system in 

real time medical diagnosis applications. In this paper, a Discrete 

Fourier Transform (DFT) is used to extract the features of an 

ECG signal. Then, an approximate multiplier architecture in 

XILINX modifies the exponent processing element architecture 

with Gaussian Kernel (GK) function in QRS detection strategy 

optimizes the complexity level. Finally, the Support Vector 

Machine (SVM) classifier is used to classify the extracted features 

with the maximum accuracy. The proposed algorithms reduces 

the components used leads to power and time reduction. The 

comparative analysis between proposed integrated framework 

and existing methods confirms the effectiveness.  

 
Index Terms— Butter-Worth Filter (BW), CORDIC, Discrete 

Fourier Transform (DFT), Electrocardiograph (ECG), Gaussian 

Kernel (GK), Support Vector Machine (SVM).  

 

1. INTRODUCTION 

 
Electrocardiograph (ECG), most important physical parameter 

to describe the status of patient. An electrical signal in which 

the generation of bio-potentials by the heart muscles referred 

as ECG. The challenging task in ECG signal analysis is that 

the detection of QRS complexes arises from the measured 

signals. Due to the overlapping of frequencies between fetal 

and maternal ECG and the various types of noises makes the 

QRS detection is complex. The QRS complex detection 

provides the lead to estimation of heart rate, abnormality, 

deviation between the normal and abnormal status effectively. 

Feature extraction and classification of ECG signal plays a 

vital role in cardiac monitoring devices. Research works 

introduces the multi-lead Principle Component Regression 

(PCR) to remove the maternal ECG and supports the multi-

channel correlation.  

 The analysis of fault occurred in ECG signal peaks describe 

the status of cardiac patient. Faults classified into single and 

multi-faults. The combination of features of multiple single 

faults in the single fault framework raises the difficulty in 

diagnosis applications. Simultaneous fault diagnosis analyses 

the multi-faults effectively. But, the time dependent patterns in 

ECG signals affects the simultaneous fault diagnosis. The 

automatic recognition of arrhythmic in an ECG is an important 

research topic.  

 The evolving of feature extraction and classification 

methods effectively analyze the ECG signal to describe the 

patient status. The morphological features extracted by the 

transformed approaches are QRS complex, QRS in time T, 

RR-interval, duration (T), segment and flag of wave (P) as 

shown in fig. 1. 

 

 
Fig. 1 ECG signal. 

 

 The raise up of machine learning techniques in classification 

process contains involves dense computation steps and hard to 

implement in hardware. The power consumption and time 

consumption are more during the implementation. Hence, 

heterogeneous architecture comprises the data management, 

Machine Learning (ML) processor and crypto-processor. 

Block Sparse Bayesian Learning (BSBL) and Extreme 

Learning Machine (ELM) are some of the machine learning 

models for the support of ECG analysis.  

 The assumption such that the relation between the 

respiration and ECG as linear. Thereby, signal variance is 

minimized.  To tackle this problem, a kernel based function 

raises in research work. The relation between the input vectors 

and labels defined the features of an ECG signal. The 

introduction of Support Vector Machine (SVM) defines the 

task that process the function handles the relationship 

estimation process. But, the utilization of SVM in machine 

learning based features classification raised the time 

complexity due to the large number of support vectors. Hence, 



                                P-ISSN: 2347-4408  
                                            E-ISSN: 2347-4734 

2| Page                                      October 2015, Volume - 2, Issue - 5 
 

reduction of support vectors will reduce the time. The 

computational burden in SVM leads to the development of 

specific VLSI design. Multi-class SVM design using FPGA 

involves two mechanisms. First, the utilization of logic 

elements and the second uses the soft-core processor and logic 

elements. The problems observed is that the kernel function 

evaluation or decision function evaluation performed 

separately. In this paper, the parallel process of training and 

classification of DFT based feature vectors in MATLAB 

reduces the number of support vectors in XILINX leads to 

reduction in computation and power consumption. Also, the 

integration of MATLAB with the XILINX optimized the 

complexity and time consumption. 

The rest of the paper is organized as follows. Section II 

presents a description about the previous research works which 

is relevant to the ECG signal analysis. Section III involves the 

detailed description about the proposed method. Section IV 

presents the performance analysis. This paper concludes in 

Section V. 

 

2. RELATED WORK 

 
This section deals with the works related to 

Electrocardiograph (ECG) signal analysis using machine 

learning tools an associated limitations. RanjanandGiri[1] 

reviewed the integration tools, fuzzy logic systems and neural 

network based ECG signal processing and interpretation. They 

categorized the QRS complex detection approaches into 

syntactic, non-syntactic, hybrid and transformative 

approaches. The difficulty arises in those approaches due to 

presence of different types of noises and frequency 

overlapping between maternal and fetal ECG signal. 

LipponenandTarvainen[2]introduced an augmented multi-lead 

Principal Component Regression (PCR) for maternal ECG 

removal and correlation. They used an algorithm called an 

envelope algorithm used to remove the maternal ECG from 

abdomen signals with high accuracy. The practical diagnosis 

applications faced the number of independent faults referred as 

single faults. On the basis of observed data, multiple fault 

diagnosis predicted the most probable single fault. If the 

multiple single faults appear at the same time called as 

simultaneous faults. Vong et al [3] resolved the constituent 

single faults by using the combination of feature extraction, 

probabilistic multi-label classification and threshold 

optimization. To provide the accurate treatment, the 

classification and recognition of arrhythmias were essential. 

Recognition and classification required the proper feature 

extraction techniques. Kutlu and Kuntalp[4] presented the 

description about the feature extraction methods on the basis 

of Higher Order Statistics (HOS) related to Wavelet Packet 

Coefficients (WPC).  The HOS of WPC was highly 

discriminative for effective classification of arrhythmia. Data 

migration from one location to another affected by the 

problems of high cost and time. Zhang et al[5] presented two 

online learning algorithms namely, an Online Lazy Migration 

(OLM) and Randomized Fixed Horizon Control (RFHC) to 

optimize the cost and time consumption.  

The feature extraction and classification process extended to 

the various real time applications. One such application is the 

design of the robust speaker. Rao and Sarkar [6] reviewed the 

feature extraction categories for Speech Recognition (SR) 

tasks in robust speaker verification. The generalization of SR 

tasks dependent upon the common features of Linear 

Prediction Cepstral Coefficient (LPCC), Perceptual Linear 

Prediction (PLP) and Mel Frequency Cepstral Coefficient 

(MFCC). Among these, the modification of LPCC is used in 

this paper. An analytical representations of ECG signal 

processing in previous works addressed the several challenges 

as follows: detection of specific states during the presence of 

variances, the expression of target state of varied from patient 

to patient and changes of patient’s physiology status with 

response to events. The listed challenges converted the 

analytical into data driven modelling. The adaptive modelling 

of data driven approach raised from the techniques called 

machine learning techniques. Lee et al [7] presented the 

flexible processor with the specialized machine learning signal 

analysis for various clinical applications. The development of 

telemedicine applications consumed more amount of energy. 

To overcome this problem, the Compressed Sensing (CS) 

evolved in research work to compress and reconstruct the data. 

Zhang et al[8] used Block Sparse Bayesian learning (BSBL) 

model for compression and reconstruction of raw fetal ECG 

readings. The large flexibility and dynamic structure of signals 

were the advantages over the conventional CS algorithms. Due 

to the extension of mobile health care applications, higher 

order analysis required. Hsu et al[9] designed the Machine 

Learning (ML) assisted cardiac sensor architecture enabled the 

higher order analysis which suppressed the active duty of 

system and leakage power dissipation. The accessing severity 

and assigning the priority to large number of patients required 

the accurate analysis of outcome of patient. Liu et al[10] 

presented the Extreme Learning Machine (ELM) for 

prediction of clinical vital signs. They used segment method 

for calculation of Heart Rate Variability (HRV) measures from 

non-overlapped regions in ECG signal.  

Research works proved the wavelets are suitable to extract 

the discriminative features for classification. Daamouche et 

al[11] used the poly-phase representation module of wavelet 

filter bank and formulated on Particle Swarm Optimization 

(PSO) framework. The non-linearity of data was not 

considered in traditional research works. Widjaja et al[12] 

improved ECG Derived Respiration (EDR) model based on 

the kernel function was presented. They used correlation 

coefficients which were derived from the comparison between 

EDR signals with the respiratory signal. The automatic 

location of QRS complex was the important challenge 

observed in EDR model. HaghpanahiandBorkholder[13] 

developed an algorithm to overcome the Non-invasive fetal 

ECG challenge. The proposed algorithm is based on iterative 

sub-space decomposition and filtering of maternal ECG 

components. Classification in kernel based machine learning 

models was most important process. The raise up of various 

classifiers such as K-Nearest Neighbor (K-NN), Relevance 

Vector Machine (RVM) and Support Vector Machine (SVM) 

governed the classification process. The number of support 

vectors in SVM were more leads to run time complexity. 

Geebelen et al [14]formulated the approximation of solution 

and classification in separate manner. The design of hard 



                                P-ISSN: 2347-4408  
                                            E-ISSN: 2347-4734 

3| Page                                      October 2015, Volume - 2, Issue - 5 
 

margin SVM on the basis of separation called Separable Case 

Approximation (SCA). They presented smoothed SCA 

algorithm for commonly used kernels to reduce the number of 

support vectors. The removal of part of data during the 

training phase called sample methods. The error estimation in 

SVM based sample methods provided the satisfactory results. 

Anguita et al [15]reformulated the SVM to support the sample 

approach. The framework provided the accurate classification 

for the limited number of samples. The high dimensionality 

leads to degradation in classification accuracy.  

 

 Object recognition evolved in various real time 

applications such as signal processing, medical applications, 

traffic sign recognition applications.  Park et al[16]proposed 

the robust traffic sign recognition system for various 

illumination conditions. Optimization of memory redundancy 

and power consumption achieved by using the SVM classifier. 

To perform the numeric operations in digital environment, the 

logic compression was required. Khan et al[17] implemented 

the digital SVM classifier on the basis of Logarithmic Number 

System (LNS). The multiplication and division operations in 

LNS performed faster with the less hardware utilization. The 

training phase in LNS type introduces the complex calculation 

and more number of steps were required. Kuan et al[18] 

proposed the sequential minimal optimization algorithm for 

training in SVM. They designed the Application Specific 

Integrated Circuit (ASIC) based SVM to the standalone system 

with retraining flexibility. The heterogeneity and the various 

diversities of data limits the speed of SVM classification. 

PapadonikolakisandBouganis[19] presented the fully scalable 

architecture to accelerate the SVM classification. On the basis 

of specific properties of heterogeneity, they introduced the 

first FPGA oriented SVM classifier architecture. The static 

hardware faults in FPGA devices raised the computational 

errors during run time. Wang et al[20] used kernel theory to 

construct the fault free model. They used Embedded Learning 

Framework (ELF) for construction of error aware models. The 

CORDIOC structure in VLSI based SVM consumed the more 

number of components leads to excessive power consumption 

due to the separate executions of training and classification. 

This paper overcome the problem by parallel execution of 

training and classification optimize the complexity and power 

consumption.  

 

3. PROPOSED METHOD 

 
The main idea to implement the speed up integrating 

framework is to perform the training and classification parallel 

manner. The proposed method contains various sequential 

processes namely, preprocessing, approximate multiplier, 

weight updation unit, QRS complex detection, SVM based 

Gaussian kernel and CORDIC exponent based Processing 

Element (PE) architecture. Initially, the Electrocardiograph 

(ECG) signals are retrieved from the database. The noise level 

in the signal interrupts the extraction and classification 

process. The Butterworth filter effectively reduces the noise 

level in ECG signal. The extraction of signals and the noise 

removal processes are implemented in MATLAB 

environment.  

The Discrete Fourier Transform (DFT) are used extract the 

features of an ECG signal. During the DFT process, the weight 

is updated and then multiplied with the sequence of samples. 

To perform the multiplication, approximate multiplier 

architecture is used. The QRS complex feature is detected after 

the implementation of DFT. Based upon the status of QRS, the 

features are classified by using the Support Vector Machine 

(SVM) classifier on Gaussian kernel function and CORDIC 

exponent Processing Element (PE) architecture. The PE 

architecture depends upon the Euclidean distance measured on 

the basis of difference of test vector and support vector.  

Preprocessing 

(Butterworth Filter)

Approximate multiplier

Weight Updation Unit

(DFT based feature extraction)

QRS Complex Detection

Gausssian Kernel Unit

(SVM Classifier)

CORDIC Exponent based PE

(SVM Classifier)

Life Threatened Results

M
A

T
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A
B
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Fig. 2 Block diagram of proposed method. 

 

The proposed method implemented using various processes. 

 

3.1 PREPROCESSING 

 

Diagnosis applications required minimum number of image 

processing steps. The optimization in the steps achieved only 

if maximum and constant quality of the image is analyzed. 

Various filtering techniques such as low, high pass are applied 

in preprocessing. In this paper, one of the low pass filter called 

Butterworth filter is used to remove the high frequency 

random noise component in an image. The projection of 

images with noise (𝑁) on spatial frequency domain with the 

frequencies of (𝑢, 𝑣)described by 

𝐼𝑜 𝑢, 𝑣 = 𝐼𝑜𝑏𝑗  𝑢, 𝑣 + 𝑁(𝑢, 𝑣)                                          

(1) 
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The increase in image count decreases the high frequency 

noise component and objects are separated from the noise 

components. Butterworth filter is considered as the 

preprocessing filter reduces the high frequency component 

before passed to further processing. The Butterworth filter 

with the cut-off frequency (𝐷𝑜 ), and the order (𝑛) is described 

as follows: 

𝐵 𝑢, 𝑣 = 1/  1 +   𝑢2 + 𝑣2 1/2/𝐷𝑜  
2
𝑛                          

(2) 

The higher frequency components are suppressed at the cut-

off frequency (𝐷𝑜 ). The counts of projected image governs the 

separation of noise and object frequencies. The visual image 

interpretation required the optimization of filter function. 

There are two indices defines the visual quality of an image. 

They are Mean Square Error (MSE) and visual evaluation of 

image quality. 

a. Mean Square Error (MSE) 

 The relationship between the final preprocessed images 

(𝑔𝑥𝑦 ) with the high quality image (𝑥𝑦 ) with the pixel 

coordinates (𝑥, 𝑦) defined by Mean Square Error (MSE) 

𝑀𝑆𝐸 =   (𝑔𝑥𝑦 − 𝑥𝑦 )2                                                        

(3) 

     The MSE value describes the similarity of two images 

(𝑔𝑥𝑦 , 𝑥𝑦 ) and the minimization of MSE predicted the 

optimal cut-off frequency.  

b. Visual Evaluation 

This measure is defined by the experienced visual observers 

with different cut-off frequencies. The best cut-off 

frequency is the required high quality image. Total counts 

and optimal cut-off frequencies for individual cases 

reasonably estimated.  

 The ECG image with and without noise is depicted in fig. 

1 (a) and (b) respectively. 

 

 
(a) 

 
(b) 

Fig. 3 ECG signal with and without noise 

 

3.2 APPROXIMATE MULTIPLIER 

 

The structure of approximate multiplier is grouped into two 

parts namely, accurate part and approximate part. Accurate 

part contains Most Significant Bits (MSB) whereas the 

approximate part contains Least Significant Bits (LSB). The 

contribution of LSB to the multiplication is less compared to 

MSB. In our proposed work, the classification is based upon 

the DSP based process. Hence, approximate part is used rather 

than the accurate part. The design of approximate part contains 

Approximate Product Generators (APG). The APGs are 

cascaded to produce the output of lower order terms (P0-P7).  

 

APG APG APG APG

A3,B3 A2,B2 A1,B1 A0,B0

P0P1P2P3P4P5P6P7

Fig. 4 Approximate multiplier architecture 

 

 The APG part contains NOR gate with an inverter circuit. 

The APG accepts the A0-A3 and B0-B3 serially, the sequence 

of inputs are multiplied together and produced the partial 

products (P0-P7) as an output. The implementation of APG 

based on the principle of high signal propagation. From the 

Fig.4 it is observed that, if the bits A3 and B3 are zero means 

the product term P7 is zero. But, if the product term in the next 

block (P6) is one then the propagation of this term makes the 
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other terms are high. This way of high signal propagation 

improves the performance of multiplication operation.  

 
3.3 WEIGHT UPDATION UNIT 
 

The finite discrete number of frequencies are handled by the 

Fourier transform called Discrete Fourier Transform. This 

DFT is applied in feature extraction process. The discrete 

number of frequencies defined by 

𝜔𝑘 =
2𝜋

𝑁
𝑘                𝑘 = 0,1,2,…… ,𝑁 − 1                             (4) 

The N-point DFT of the discrete number of sequences are 

defined by, 

𝑋 𝑘 =  𝑥(𝑛)𝑒−𝑗
2𝜋𝑘

𝑁𝑁−1
𝑛=0                                                    (5) 

The term associated with the transform is called weight 

coefficient described by, 

𝑊𝑘
𝑁 = 𝑒−𝑗

2𝜋𝑘

𝑁                                                                       (6) 

 

The weight function is periodically updated and multiplied 

with the input sequences to produce the corresponding 

transformed product. The number of samples for this weight 

updation unit is taken as (N=10). The proposed DFT 

architecture in this paper contains 0-7 weight sections of 10 

point DFT. The updated weight values are multiplied with the 

sequence single path transformation bit values and to generate 

the real multiplier section level.  

 

3.4 QRS COMPLEX DETECTION 

 

Digital analysis of amplitude, time and slope of an ECG 

signal referred the QRS complex detection. There are three 

stages in this process. Learning phase I, II and detection. On 

the basis of detection of signal and noise peaks, detection 

thresholds are initialized in learning phase I. In II, 

initialization of RR interval is performed by using two heart 

beats. Finally, the detection phase performs the recognition 

process and raises the pulse if QRS complex is detected. The 

change of characteristics in ECG signal adapted in this paper 

by thresholds and associated parameters. The event analysis in 

the ECG signal provides the status as follows: 

 The event is called noise if more than 4 crossings 

 The event is called QRS complex if 2-4 crossings.  
The threshold value setting in event analysis determine the 

number of crossings. Two types of thresholds are used for this 

purpose namely, Baseline Threshold (BT), Decision Threshold 

(DT). The basic time for DT settings are defined by BT and 

the variable time used for comparison purpose termed as DT. 

The critical time is reached without QRS complex described 

by, 

BT<= 0, 5 x BT 

DT<=BT 

The threshold to indicate the QRS detection is defined by, 

BT <= (0, 75xBT+0,25x (QRS peak)) 

DT <= max (0,5x (QRS peak), BT) 

 The event of ECG signal is QRS complex if the following 

parameters are identified in signal shown in fig.1. 

 RR interval is more than 200ms. 

 Time interval is in between 16ms-100ms 

 Amplitude in the range of 10% to 600 %. 

The SVM based classification process of ECG status is 

implemented in this paper.  

 

3.5 SVM BASED GAUSSIAN KERNEL 

 

In general, the Support Vector Machine (SVM) decision 

function for Lagrange multiplier with the number of support 

vectors of unknown point is described by, 

𝑓 𝑥 = 𝑤𝑥 + 𝑏 =  𝛼𝑖𝑡𝑖𝑦𝑖 . 𝑥 + 𝑏
𝑁𝑆
𝑖=1                                      (7) 

 

The dot product of point vectors in feature space is defined by 

the kernel function as  

𝑘 𝑥𝑖 , 𝑦𝑗  = 𝜑 𝑥𝑖 .𝜑(𝑦𝑗 )                                                         

(8) 

The utilization of large number of support vectors provided the 

satisfactory result in classification process. The computation of 

kernel function is the difficult task in hardware 

implementation. To simplify the operation, the VLSI based 

SVM Gaussian kernel function is defined by,  

𝑘 𝑥, 𝑦 = 𝑒
−
 𝑥−𝑦 2

2𝜎2                                                                     

(9) 

Here the term 𝜎2 is the variance of support vectors. The 

Gaussian Kernel (GK) unit contains GK Processing Elements 

(GK-PE) and serial to parallel units. For each test vector, GK-

PE performs the Kernel evaluations and the respective 

outcome is sent through the other serial to parallel units. The 

GK-PE contain two modules namely, Norm PE and exponent 

PE. The norm PE architecture used to calculate the  
 𝑥−𝑦 2

2𝜎2  

term in the kernel function. The Linear Predictive Cepstral 

Coefficients (LPCC) test vector is defined by 𝑥 =
(𝑥1, 𝑥2 ,…𝑥10) and the corresponding support vectors are𝑦 =
(𝑦1 , 𝑦2 ,…𝑦10 ). The norm PE architecture initially evaluates 

 𝑥 − 𝑦 2 and estimated the standard deviation and 

corresponding division sequentially.  

GK-PE

Norm PE

Exponent PE

x1, x2  … x10

y1, y2  … y10

K(xi, yi)  
Fig. 5 Gaussian Kernel Processing Element (GK-PE) 

Architecture 

 

3.6 SVM BASED CORDIC EXPONENT PE 
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The SVM implementation using hardware is provided by 

CORDIC unit. The utilization of several adders and shifters in 

CORDIC improved the operation speed and also occupies 

small area. The CORDIC exponent architecture is shown in 

fig. 6. 

 

CORDIC

Exponent PE

+/-
K

0

Z

Exp(z)

sinh(z)

or

Exp(-z)

cosh(z)

Fig. 6 CORDIC exponent architecture. 

 

The exponent architecture CORDIC and adders/ sub 

tractors. The CORDIC circuit is responsible for angle updating 

operations. Two Read Only Memories (ROM) are used for 

storing the pre-calculated constant (K) and 𝑡𝑎𝑛−1(𝑧). More 

number of iterations are used for calculation of cosh and sinh 

evaluation. The value of z lies in the ranges of -1 to 1. Due to 

the exponential form, the high value of z raised the error. To 

solve the problem, the function transformed to following 

manner, 

𝑧 = 𝑧1 + 𝑝𝑙𝑛 2                                                                      

(10) 

The values of 𝑧1 lies in the ranges of (-1, 1). The 

exponential function is transformed to  

𝑒𝑧 = 𝑒𝑧1 . 𝑒𝑝 ln 2 = 2𝑝 . 𝑒𝑧1                                                  

(11) 

This type of new exponent architecture speed up the 

classification process provided the life threatened results. The 

optimized architecture performed the training and 

classification in parallel manner to yield the satisfied results. 

The corresponding status of ECG signal when the clock pulse 

is applied to the system is shown in fig. 7. 

 

 

 
 

Fig. 7 Life threaten result 

 

Fig. 7 describes the cardiac effect when the clock pulse is 

applied to the system. The ECG signal is passed through the 

MATLAB-XILINX integrated platform and the features are 

detected by using the DFT and the parallel operation of 

training and classification provided the fast result to the real 

time world with minimum power consumption and less 

number of components utilization.  

4. PERFORMANCE ANALYSIS 

 

This section analyzes the power and area consumption in 

XILINX platform based SVM classification. The optimized 

exponent architecture in Gaussian kernel function limits the 

number of computations which consumes the minimum 

number of components there by optimal power consumption is 

achieved. The proposed system is implemented in the device 

XC7A100 in the package of CSG 324 of Artix-7 family.  

 

4.1 POWER CONSUMPTION 
 

The variation of power consumption on different 

temperature variation is shown in table I. The raise up of 

junction temperature provided the maximum on chip power in 

proposed method. The optimized architecture in proposed 

system yields the minimum power consumption in the sub 

components and the on-chip power is maximized. . 

 

Junction Temperature (℃) Power consumption (W) 

25.9 0.084 

28.3 0.311 

 

The variation of 3 (℃) in junction temperature raised the 

power consumption level. The exponent architecture limits the 

number of vectors in classification process.  

 

4.2 DEVICE UTILIZATION ANALYSIS 

 

The comparative analysis between the proposed integrated 

framework with the existing SVM on the parameters of 

latency, maximum frequency, Area, time required for 

classification. The device utilization for proposed VLSI based 

SVM on XC7A100 in the package of CSG 324 of Artix-7 

family for overall parallel operation is shown in table II. 

 

 

 

 Existing system Proposed system 

LUT’s count 69120 17648 

Flip Flop’s count 69120 8823 

Multiplier count 64 20 

Frequency(MHz) 100 374.8 

Power(mW) 4000 2240 

 

The graphical representation of comparative analysis is 

shown in fig. 8 and 9 respectively. 
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Fig. 8 Area utilization analysis 

 

 
Fig. 9 Parameter analysis 

 

 From fig. 8 and 9 it is observed that, the utilization level 

such as number of LUTS, flipflops are reduced in proposed 

method. The operating frequency and power values are 

reduced due to the optimized architecture.  

5. CONCLUSION 

In this work, a new Application Specific Integrated Circuit 

(ASIC) solution for Support Vector Machine (SVM) kernel is 

presented. The integrated framework of Discrete Fourier 

Transform (DFT) in MATLAB with the SVM in XILINX 

optimized the circuit complexity, time and power 

consumption. The modification of exponent Processing 

Element (PE) architecture provided with the Gaussian Kernel 

(GK) function assured the optimization.  The proposed 

architecture is validated with the Electrocardiograph (ECG) 

signal to confirm the suitability of real time applications. The 

Discrete Fourier Transform (DFT) based feature extraction 

and the parallel training and classification process combined 

with the SVM reduces the number of computations leads to 

increase in classification speed and accuracy. The comparative 

analysis of proposed integrated work with the existing work 

proved the adaptability of integrated framework.  
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