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Abstract:  We present a low-power, efficacious, and scalable 

device for the detection of symptomatic patterns in human audio 

signals. The digital audio recordings of quite a number 

symptoms, such as cough, sneeze, and so on, are spectrally 

analyzed the usage of a discrete wavelet transform. 

Subsequently, we use simple mathematical metrics, such as 

energy, quasi-average, and coastline parameter for a number 

wavelet coefficients of interest relying on the kind of pattern to 

be detected. Furthermore, a mel-frequency cepstrum-based 

analysis is applied to distinguish between signals, such as cough 

and sneeze, which have a similar frequency response and, hence, 

manifest in common wavelet coefficients. Algorithm-circuit 

codesign methodology is utilized in order to optimize the gadget 

at algorithm and circuit ranges of graph abstraction. This helps 

in imposing a low-power system as properly as preserving the 

efficacy of detection. The gadget is scalable in phrases of 

consumer specificity as well as the kind of sign to be analyzed for 

an audio symptomatic pattern. The proposed structure of this 

paper analysis the logic size, location and power consumption 

using Xilinx 14.2 

Keywords: digital audio recordings, cepstrum-based analysis, 

Voltage scaling, Area, efficacy.  

I. INTRODUCTION 

hese systems monitor various internal in addition as 

external parameters associated with the human health, 

like temperature, heart rate, and so on. Apart from these 

parameters, it's accepted that symptoms, like cough, sneeze, 

belching, and so on. are early markers of great health 

problems, like respiratory illness, diarrhea, and respiratory 

illness, particularly among kids. If repetitive prevalence of 

those symptoms is detected in advance, it's potential for the 

patient or the health care personnel to begin remedial action 

before aggravation of the issue. 

We have proposed an algorithm and its corresponding 

circuit to detect symptomatic patterns in human auditory no 

speech signals. These include audio recordings of cough, 

sneeze, belch, wheeze, and vomit patterns. These five human 

no speech audio tracks are selected, because they are the most 

commonly observed signals. They are also known to be 

symptoms for diseases ranging from influenza, ear infection to 

serious conditions, such as asthma, bronchitis, stomach flu, 

and so on. It should be noted that apart from the identified five 

symptoms, the proposed system is scalable to other human 

non speech audio as well. In order to correctly classify the 

type of symptom, the signal needs to be processed efficiently 

to cause detection. Complexity of this processing is directly 

translated into equivalent power consumption of 

corresponding hardware implemented. In order to design an 

effective and long lasting wearable system for symptomatic 

pattern detection, it is necessary to reduce its power 

consumption without degrading the efficacy of detection. 

II. MOTIVATION 

As the scale of integration maintains growing, more and the 

use of an synthetic neural network ensures a suitable 

classification rate. However, it additionally leads to a higher 

computational load on the implemented hardware and, hence, 

greater power consumption. Apart from that, complex 

education methodology is required in order to teach the KiMS 

device for excessive efficacy. The excessive strength 

consumption also implies that the confined strength source, 

that is the battery, is drained of its power in a shorter duration 

of time. In the case of wearable products, such draining of 

battery will lead to useful failures, which are undesirable. 

Although the electricity consumption of the machine can be 

decreased by using lowering the complexity of computation, 

this may lead to a reduced efficacy of the system. Reduced 

efficacy can render the main feature of the product redundant. 

Hence, there is want for the algorithm used in the wearable 

device and its corresponding hardware implementation to be 

designed in tandem, so that it is viable to maintain a excessive 

algorithmic efficacy and suitable hardware energy efficiency. 

The machine need to be scalable to detect patterns in a giant 

range of alerts over a extensive array of users. 

Programmability of the system to user favored feature is every 

other suited feature. 

The proposed algorithm is corresponding circuit to 

observe symptomatic patterns in human acoustic non-speech 

signals. These encompass audio recordings of cough, sneeze, 

belch, wheeze, and vomit patterns. These five human non-

speech audio tracks are selected, due to the fact they are the 

most often determined signals. They are additionally known to 

be signs for illnesses ranging from influenza, ear 

contamination to serious conditions, such as asthma, 

T 



International Journal of Research and Innovation in Applied Science (IJRIAS)|Volume II, Issue X, December 2017|ISSN 2454-6194 

www.ijrias.org Page 5 

 

bronchitis, stomach flu, and so on. It need to be referred to 

that aside from the recognized five acoustic symptoms, the 

proposed device is scalable to different human non-speech 

audio as well. In order to effectively classify the kind of 

symptom, the acoustic sign wishes to be processed efficiently 

to purpose detection. Complexity of this processing is directly 

translated into equal strength consumption of corresponding 

hardware implemented. In order to graph an advantageous and 

lengthy lasting wearable device for symptomatic pattern 

detection, it is imperative to limit its energy consumption 

except degrading the efficacy of detection. This places 

stringent design constraint on the power consumed. Therefore, 

a successful sketch can be done by way of optimizing 

algorithmic efficacy and hardware power effectively all 

through the format process. 

Our major contribution, in this paper, is to tackle two 

necessary issues. First, the usage of a single input (human 

audio recording), more than one symptomatic patterns have 

been recognized with a high efficacy. Second, the carried out 

hardware has been made scalable over range of alerts and 

strength efficient. This methodology can be prolonged to 

successfully realize other symptomatic patterns the use of 

power-efficient circuits. We have used the wavelet radically 

change as a mathematical tool to unravel the acoustic alerts 

into their spectral components. Each thing can be 

subsequently identified for precise pattern. In order to 

decrease the effect of sporadic spikes and noise in the signal, 

we have utilized the statistical nature of mathematical metrics, 

such as average, coastline (CL), and so on. Using such 

methods, the dominant patterns can be detected and 

categorized efficaciously. Fig. 1 suggests the block design of 

the system. These blocks are discussed below. 

 

Figure 1: Block diagram of hardware implementation 

Discrete Wavelet Transform Block: 

The wavelet transform block is the most computationally 

intensive block in the machine and consumes a huge quantity 

of power. There are quite a number techniques handy in the 

literature to put into effect the DWT block. In this paper, we 

use Mallat‟s algorithm. The DWT block consists of 

consecutive ranges of low-pass (H) and high-pass (G) filters. 

These cascading stages are separated via intermediate sub 

sampling (Fig. 2), which is completed by way of terrific 

clocking of the filters in successive stages. The variety of 

filter stages in the DWT block relies upon on the range of 

coefficients of hobby in the system. Hence, six cascading 

levels of H and G are needed. Since the five acoustic patterns 

are detected the usage of the wavelet coefficients D3 via D6, 

we want to have 5 H filters and four G filters. All these filters 

are of the eighth order due to the use of the Daubechies 

fourth-order mom wavelet. A standard implementation of 9 

filters of the eighth order would be computationally intensive 

in phrases of number of multiplication. We make use of 

multiplier-less method of computation sharing multiplier 

(CSHM) and frequent sub-expression removing (CSE) to 

decrease energy consumption. 

 

Figure 2: Mallat‟s algorithm to compute DWT. 

Mathematical Metric Blocks: 

The block diagrams for the mathematical metric blocks are 

proven in Fig. 3 The power parameter is computed in 

accordance to (3). The block diagram for computation of 

strength is shown in Fig. 3(a). It consists of a multiply and 

accumulate operation, which adds the squared price of the 

input viz., D6 coefficient. TheD6 window dimension is 

chosen in the education phase and corresponds to 1024 

samples of the digitized enter data. The common energy fee is 

then in contrast against the threshold to detect acoustics 

pertaining to vomiting sound. Energy parameter captures the 

non-stop extend in the amplitude of the low-frequency factor 

in human auditory sign to efficiently detect this symptom. The 

CL parameter block graph is shown in Fig. 3(b). The CL 

parameter is calculated based totally on (2). TheD5 coefficient 

is the input to the CL block. The enter is delayed by means of 

a clock cycle in order to calculate the distinction between two 

adjacent samples. The magnitude of the difference is gathered 

over a prefixed window in order to calculate the trace size of 

the signal. This collected fee is then compared with the 

threshold for detecting wheezing. Since wheezing signal is 

periodic signal for time period without any widespread 

increase in amplitude, the CL parameter captures this sample 

accurately. 
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Figure 3: Block diagram for (a) energy parameter, (b) CL parameter, and (c) 

QA 

The block graph for the quasi-averaging circuit is proven in 

Fig. 3(c). In order to enable a memory less implementation 

and a constantly transferring average, the common calculated 

in the preceding window is subtracted from the sum of the 

walking window as an alternative of the character data 

sample. Since the window measurement is a electricity of two, 

the divider is implemented by way of discarding the splendid 

least massive bits. The QA is calculated over two coefficients 

viz., D4 andD5. 

The weights are used to normalize the magnitudes of the two 

coefficients. The weighted sum is compared with a prefixed 

threshold to notice occurrence of belching or burping pattern  

1. Energy Parameter for DWT Vomit Pattern: 

In the DWT resolved signal, it is seen that the coefficient, 

which represents the acoustic pattern pertaining to vomiting 

viz.D6, shows a non-stop and considerably massive amplify in 

amplitude at the onset of the vomit sample signal. Such make 

bigger in amplitude in particular frequency band corresponds 

to an increase in the energy content material of the signal. 

Hence, the electricity metric is selected to detect the vomit 

pattern. The energy of theD6 coefficient is computed over 

adjoining home windows of prefixed dimension (N). The 

coefficient is divided into windows, and the strength is then 

computed over that window the usage of (3), where x is the 

enter data (D6). 

EAVG [n] =
1

N
 E(i +  n − 1 ∗ N)

N

i=1
                    (1) 

Where E (i)=x(i)2. 

The threshold fee of the energy parameter in the end helps in 

detecting a vomit sample in the acoustic enter signal. The fee 

of N and threshold is primarily based on the coaching data. 

2. Coastline Parameter for Wheeze Pattern 

The CL parameter of the sign is the magnitude of the hint size 

of the signal. The use of CL parameter is discovered to be 

effective in the case of an audio signal, where there is a 

constant repetition of a pattern inside a sure window 

dimension (N), barring any considerable change in the 

amplitude of the signal. In the DWT resolved acoustic signal, 

we observed that the wheezing sign resolved into the D5 

wavelet coefficient was an best case for the use of CL 

parameter metric. It must additionally be referred to that due 

to lower computational complexity, the CL parameter 

consequences in a low-power hardware implementation. 

Equation (2) represents the computation of the CL parameter 

CL(k) =  x i +  k − 1 ∗ N − x[i −  k − 1 ∗ N]
N

i=1
                                                                                            

(2) 

Where x is the enter information and Nis the window 

measurement for kth window. The periodic sample 

corresponding to wheezing can be detected via evaluating the 

windowed hint length or the CL parameter with a prefixed 

threshold. 

3. Quasi-Average for Belch/Burp Pattern 

Unlike the vomit and wheezing pattern, it is determined in the 

DWT decomposition of the acoustic signal that the sample 

corresponding to belching/burping is resolved in more than 

one coefficients viz., D4 and D5. In order to detect this signal, 

it is essential to process each the wavelet coefficients with 

appropriate weights. The averaging function was once 

recognized to achieve this detection. However, windowed 

common would be hardware inefficient. Hence, an algorithm 

degree modification used to be used viz., QA. QA is 

computed by means of editing the traditional definition of 

common with an assumption that each factor of a continually 

transferring window is without a doubt represented by the 

common price of its window. Such an approximation 

outcomes in an proper error of the order of 10 −6. Equation 

(3) is the mathematical representation of QA 

< Wk+1 >=  
1

w
(Si:i+w−< Wk >  +xi+w+1)       (3) 

III. IMPLEMENTATION 

Design Overview 

Device Utilization Summary 

Slice Logic Utilization Used Available Utilization 

Number of Slice Registers 11,583 64,000 18% 

Number used as Flip Flops 11,361 
  

Number used as Latch-

thrus 
222 

  

Number of Slice LUTs 20,368 64,000 31% 

Number used as logic 19,790 64,000 30% 
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Number using O6 output 
only 

19,205 
  

Number using O5 output 

only 
5 

  

Number using O5 and O6 580 
  

Number used as exclusive 

route-thru 
578 

  

Number of route-thrus 2,359 
  

Number using O6 output 
only 

556 
  

Number using O5 output 
only 

1,777 
  

Number using O5 and O6 26 
  

Number of occupied 

Slices 
6,553 16,000 40% 

Number of LUT Flip Flop 

pairs used 
23,485 

  

Number with an unused 
Flip Flop 

11,902 23,485 50% 

Number with an unused 
LUT 

3,117 23,485 13% 

Number of fully used 

LUT-FF pairs 
8,466 23,485 36% 

Number of unique control 

sets 
31 

  

Number of slice register 

sites lost 
7 64,000 1% 

To control set restrictions 

Number of bonded IOBs 14 680 2% 

IOB Flip Flops 11 
  

Number of 

BUFG/BUFGCTRLs 
2 32 6% 

Number used as BUFGs 2 
  

Number of DSP48Es 36 256 14% 

Average Fanout of Non-

Clock Nets 
2.48 

  

 

Table 1a: Device Utilization Summary 

Performance Summary 

Final Timing 

Score: 

0 (Setup: 0, Hold: 0, Component Switching 

Limit: 0) 

Routing Results: All Signals Completely Routed 

Timing 

Constraints: 
All Constraints Met 

Pinout Data: Pinout Report 

Clock Data: Clock Report 

Table 1b: Performance Summary 

 

Figure 1: Power analysis Summary 

 

Figure 2a: Block Diagram Of Audio Biological System. 

 

Figure 2b: Internal design of Audio Biological System 

 

Figure 2c: Mel filter Block diagram 
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Figure 2d: DWT  Schematic diagram 

 

Figure 2e: Costline Schematic diagram 

 

Figure2f: Energy Schematic diagram 

 

Figure 2g: Detection of thresholds Schematic diagram 

 

Figure 3a: Output wave form of Cough 

 

Figure 3b: Output wave form of bletch 
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Figure 3b: Output wave form of burp 

IV. CONCLUSION 

In this paper, we have proposed a commonplace device 

primarily based on wavelet transform, mathematical metrics, 

and mel cepstrum based analysis, which can be used to notice 

odd human audio signals. Modifications in the algorithm and 

the use of low-power methodologies to implement the 

algorithm into circuit enable the layout of a low-power 

system. The machine can be scaled to encompass other health 

markers and can additionally be made user-specific. The 

MFCC-based processing, which is commonly used for speech 

or speaker recognition, has been shown to efficaciously 

distinguish indicators that share the frequency spectrum. The 

algorithm shows a excessive classification charge (>75%) 

with a low-power implementation. We consider that the 

algorithm-circuit co design method observed in this paper is 

the groundwork for designing an efficient low-power health 

monitoring device. 
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