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ABSTRACT: Nowadays, it isinconvenient for housekeeper parentsto constantly watch over their newborn baby while doing
their work or chores. This paper proposes a simple voice recognition system which can be applied practically for designing
a device with capability to detect a baby’s cry and informing the parents automatically.

Therearealot of similar projects and experimentswhich have been performed recently, but most of themare about recognizing
and classifying different types of crying (like for hunger, etc.) and have used complex methods of implementation such as
neural network. But in this paper our aimisto merely detect infant’s crying, and our solution isto use a fuzzy classifier which
is easy to implement and fast to execute.

The overall algorithmis to evaluate the resemblance of the infant’s voice signal with the data stored in a database, which is
already prepared by recording some cry and laughter samples, using an automatic fuzzy classifier system which can lead to
detection of cry or laughter.

This algorithm can serve as a reliable foundation on which the future creation of a portable real-time, automatic voice
detection device can be based. It is a pretty formidable task to implement complex algorithms, such as neural networks, on
common available microcontrollers, however we proposed a much simpler algorithm which enables usto develop areal-time
and low cost device.

To evaluate the algorithm, we have created a database of sample cry and laughter signals and developed a sample Matlab
programfor carrying out the real-time frequency-domain cal culations and a sample visual programin Labview programming
environment for interfacing with user.
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1. Introduction

Nowadaysit isadifficult for housekeeper mothersto take care of their newborn baby while doing house chores. There are some
monitoring devices (including awireless cameraand aL CD) to solve this problem, but their expensive price and the fact that the
mother should always watch the baby are the negative points of such solution. Our idea is to present a ssmple algorithm
applicable to create alow cost device with the ability to detect infant’s crying and call the parents.

Other researches in this area have been mostly about different methods of voice recognition and categorization such as:
analysis of acoustic features of infant cry for classification purposes[1], emotion detection from infant facial expressions and
cries[2], infant cry classification to normal and pathological cry [3], detection of asphyxiafrominfant cry [4], etc. [5, 6, 7, 8] in
which they have rather used complex features and classifierslike neural networks. Our approach isto design adetection system
(not recognition) which uses fuzzy classifier that is much simpler and can lead to create an easy structure low cost device. A
similar project has been performed which uses a Cry Unit as primary element for cry analysis and also an evolutionary-neural
approach[9].

In this project a program isimplemented to detect an infant’s crying or laughing. It can detect baby’s cry while ignoring other
sounds like human speech, music, etc. The project consists of several phases, among them is development of a unique digital
signal processing algorithm, software development, quality assurance tests and practical implementation.

Asmentioned before, the purpose of this project isto detect the sound of crying infants and make an alarm call to the parents;
so the two objectives of this project will be asfollows:

1. Detecting the crying or laughing voice of the infant.

2. Making aphone call to default number.

For the first purpose, we recorded several signals of infant laughing and crying at first, and then we designed a classification
algorithm based on the recorded signals. At last a telephone system was implemented to make a phone call to the parents.

Being familiar with the overall project, wewill describeit in detailed sections.

It should be noted that in the computer based application, parts of recording and playback sound (crying and laughing), and the
alarm system including modem connection are implemented by Labview software; whereas the parts of signal features and
processing, fuzzy theory and itsrules areimplemented by Matlab application.

Block diagram of the overall projectisasfollowsin Figure 1.
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Figure 1. Block diagram of the overall project
2. Procedureand System Sructure

2.1Signal Preparation

In this study several samples of different infants’ laughter and cry have been collected in a database. The instances have been
taken from variousinfants. Infact, by considering just one particular infant, it may only response in that infant audio frequency
system. Sowe can claim that numerous examples of other will acceptably answer. This databaseisused to traintheclassifier. The
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signals are digitally recorded and saved. Due to higher quality, recording has been performed in Mono 16bit mode of recorder
section in Labview; and the signals are recorded entirely in circumstances of noise-free places. These signalsform the training
database. In the main process of operating, the program isrunning and signals are being recorded; the procedure is running in
real-time mode and until acrying voice is detected the program does nothing.

2.2 Signal Processing
Now that the sounds were recorded and saved, we turn to the second part, signal processing, which is generally done by
MATLAB software[10].

2.2.1Investigation about Featuresof Cryingand Laughing Signals
Totraintheclassifier afeatureisneeded groupsthrough which the classifier can useto divide signalsinto two groups, laughing
and crying [11]. In this section we discuss about this criterion.

Actionstaken in this area are listed below:
a) Taking fast Fourier transform of signals(FF.T.).
b) Dividing frequency domain.

At first, becausetheinfant’s crying and laughing maximum signal frequency with noise recorded does not exceed 20 KHz, it is
sufficient to analyzeit between the low frequency range of X1, considered O Hz, and high frequency range of X2 considered 20
KHz. Then thisfrequency rangeisdivided into eight sections with the same size called levels. Thus each level of frequency is
2500Hz; and then the fast Fourier transform of the signalsistaken at thisrange.

¢) Calculating Riemann sum of F.E.T. of thesignal in different levels.

Since Fast Fourier Transform has been taken, the frequency domain signal ispointy [12]. For examplethere are 2500 pointsin the
second level (which shows 2500 different frequencieswith unit differences, such as2500, 2501, 2502 ... 4999), each of which has
aweight or coefficient. Here we determine the signal average coefficient in each level by adding the F.F.T coefficients of these
2500 pointsand dividing it by dt = 2500.

d) Obtaining criteriain order to separate signals from each other, crying and laughing.

The main thing that draws our attention to the shapesin Figure 2, is the markedly differs of the Riemann sum of the signal,
laughing and crying. Asit can be seen that the Riemann sum of signal laugh only at low frequenciesis considerable and at high
frequencies value is not; however, the Riemann sum of signal cry at low frequencies and at high frequencies has a significant
amount. So here we fell upon the criteriato distinguish signal cry from signal laughter.

2.2.2Fuzzy Theory
We have proposed acriterion to separate the signalsinto two groups. Now thereisaneed for asystem to learn how to recognize
crying. Indeed we need a classifier. Here we used fuzzy rulesto design the classifier.

Since the advent of modern science until the |ate nineteenth century, the uncertainty as a negative phenomenon that should be
avoided was considered. Gradually this manner changed at the beginning of the twentieth century with the advent of probable
mechanics.

Uptoinsofar, Lotfi Asgarizadeh developed the new theory of uncertainty in 1965 which was distinct from the probability theory.
Asgarizadeh had a passion to solve complex systems through simple modeling. Hisvarious scientific and practical experiences
indicate thisfact that traditional methods of mathematical were not proper for thisway of modeling.

His famous essay introduced the concept of fuzzy sets with non-radical and non-clear boundaries. In other words, in aclassic
set with radical boundaries each element is either amember of the set, or not inside the set [13].

Despite the radical boundaries of classical sets, fuzzy sets of boundaries are not very radical and clear. In other words, the
condition of membership or non-membership of an element in a set does not depend on the full membership or full non-
membership in the set. An element may have more degree of membership in aset, or less degree of membership than the other
element.
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Figure 2. FF.T. and Riemann sum of F.F.T. for two crying and laughing samples

One of theincentives underlying theintroduction of fuzzy setsisimprecise and vague concepts. Because an individua member
or element in a fuzzy set may be associated with uncertainty, membership of the elements is according to their degree of
membership. Each set of fuzzy isidentifiable with its own uniquely membership function and each member within aset, hasa
degree of membership. The membership degreeisgenerally between zero and one[14].

2.2.3System Training

Seeking acriterion for distinguishing the signal cry of laughter, we realize that the differenceisin the sum of Riemann of the
signal. It istime now we can draw a pattern according to this difference that would help separation of any other cry and laugh
signals. So thefirst we go to draw the pattern of cry and laugh which is called membership functionsin terms of fuzzy. Herewe
allocate Gaussian functions to the cry and laugh membership functions; because they are easy to implement and have many
applicationsin fuzzy theory. To draw Gaussian functionswe need to know two parameters; thefirst parameter isthe center of the
Gaussian and the other one is its standard deviation.

Atfirst, to draw membership function of thelaugh and cry signalsin each level, we need asymbolic signal of laugh and cry such
that if it is considered as the base signal of cry or laugh, if amembership function isdrawn of on it, for any test signal, acry or
laugh, it could be used.

To achievethisgoal, of all cry signals have recorded, half are randomly chosen as samplesand their Riemann sumiscalculated
in each level. Then average Riemann sum is calculated for each signal and saved. Same is done for laugh signals. Now to
determine membership functions we need the average Riemann sum (exp. for cry signal) to be considered as the center for the
Gaussian function with aparticular standard deviation. The SD should be away to takein all the Riemann sumsof other signals.
For thiswe cal culate the most distant Riemann sum between cry signals and average Riemann sum, and consider it asthe SD;
which hereisaround 3.6. And we do samefor laugh signals and consider the utmost cal cul ated value as SD which isagain about
3.6. In accordance with the empirical studies have been conducted, this SD isgood for analysis of infants' crying and laughing
signals.

Membership functions are now being drawing to a symbolic model is givenin Figure 3. In this section we have three parts of
input, output, and fuzzy logic; which inputs are the crying and laughing membership functions. Two test signals are at each
level; for examplethereisathreelevel seeninthe Figure 3.

At each level, mf1 represents membership function to cry and laugh membership function is represented as mf2.

Each of the Output functions below is a probability density function between 0-1. Each level will have an output that is
expressed as asimilarity percentage of its membership function to the Gaussian function of that identic level.

If asimilarity percentage of the membership functionisrelated to the cry for more than 50% the system detectsacry state. And
about laugh is the same, if a similarity percentage of the membership function is related to the laugh for more than 50% the
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Figure 3. Input membership functions

system detects a laughing state. Figure 4 shows the output corresponds to the cry signal and for the laugh signal is seen in
Figure5.

For any typical signal giventothe system, at first itsfast Fourier transformistaken, thenitisdivided into 8 frequency levelsand
ineach level Riemann sum of F.ET. iscalculated. Then on each Riemann sumin each level, aGaussian functionis created for that
level which iscompared to the cry membership function and the similarity percentage is computed and for more than 50% value
of similarity, along with reporting this percentage, the specified alarmisraised.

Following after sections described the fuzzy input and output we shift to the fuzzy rulesthat will explain it below. The Matlab
fuzzy rulesin fuzzy spacebetweenthe“Or” and“And”, theoption“And " selected [15]. Namely thefuzzy AND law of separation
has been used to cry of laughter. This mode of operation of theserulesisthat if for theall eight input, the option MF1 is selected
(meanscry), outputl correspondsto the cry will be set in mode MF1 and the output?2 related to the laugh, will be none. If all of
the eight levelsdetect cry, by AND law operation of these together, the output will be cry; i.e. the cry output will betrue and the
false output will be false. So cry state is diagnosed by system.

Because of the used fuzzy AND law, in each eight level, one thing must to be diagnosed, cry or laugh, so we can certainly claim
that the output iscry or smile. Thisfeature isthe fuzzy AND law.

-
et

Figure4. Cry output figure
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Figure 5. Laugh output figure

2.3TheAlarm System and TelephoneCalls
Now that we have achieved an algorithm to detect theinfant’s crying, we reach to thefinal step which ismaking aphonecall to
the parents and alarming them about their child. The program isimplemented using asimple dial-up modem.

If the similarity of thetest signal to the cry membership function isover 50%, the cry output will be true and multiple beep system
goesalarming. If the similarity percentage of the signal to the laugh membership function is up more than 50%, the system will
detect laughing and will not beep. Figure 6 shows a sample of a diagnosed cry signal.

Thiscan beany other desired signal inputted into the system, and asaresult of the similarity percentage compared to the crying
and laughing membership functions, which for example leads to diagnosing cry, the system will automatically beep.

In this project we used a dial-up modem to call the desired number. For using the modem there is need to do some software
implementations. Here this preparation is done by Labview application which includes 4 stages[16, 17].

1) Initializing: seria portisinitialized.

2) Configuration: configuration of the seria port will befetched from ROM using“?’ command [18, 19].

3) Dialing: tonedialing will begin by sending “atdt ” command and the number will be sent in astring of ASCII codes. Thecall
connection is established and the desired number rings[18, 19].

4) Redialing: the modem response is checked in a while block and if the phone is not picked up or the number is busy, the
operation is repeated.

In the end, this system has the ability that after the above-mentioned laws and programes, if crying is diagnosed, it records the
time and date of crying to give to the infant’s guardian.

3. PerformanceAnalisis

At this part of the essay we have designed the tables by which we discover the percentage of system error. For this reason our
data are divided into two categories: training and testing.

Thismeansthat we allocate 70 samples of 100 cry signalsto train dataand 30 to test data. And among 120 laughing signalswe
allocate 80 to train data and 40 to test data.

Then we consider 250 experimental states from different combinations of 70 cry sample and 80 laugh sample signals. In each
state we have 8 levelsfor crying and 8 levels for laughing. Each number written for alevel in acry signal is considered asthe
average Riemann sum of the 70 samplesin theidentic level. And each number written for alevel inalaugh signal isconsidered
asthe average Riemann sum of the 80 samplesin that identic level. Thistableisfor thetraining data.

Now we create two membership functions according to these averages in each level; one for cry and one for laugh. Then we
calculate Gaussian function of the test datain each level and compare it to the average Gaussian function of the train dataand
find out the similarity percentage.
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Figure 6. Thetest signal of thecry

Sowefind 8 similarity percentagesfor each signal corresponded to the 8 levels. Then we calcul ate the average of these 8 values
and the result shows the similarity to the cry or laugh. If the similarity percentage is more than 50% to cry, and crying is
diagnosed, this value is written in the “ Correct” field of another table and its complement “X ” as the error of diagnosing is
writteninthe“Error ” field.

X =1-similarity percentageto cry table 1 is consisted of 2 samples of various states showing the similarity of thetest signals
to the train signals.

In each state this processisrepeated for 3 cry signals and 2laugh signals. Finally for this 25 states average value of the correct
fieldiscalculated.

cryl | cry2 | cry3 | Cry _Ave laughl | laugh2 Laugh _ Ave
correct | 0.63 0.9 0.9 0.81 0.94 0.73 0.835
error 0.37 0.1 0.1 0.19 0.06 0.27 0.165
correct | 0.68 0.56 0.58 0.606667 0.68 0.76 0.72
error 0.32 | 0.44 | 0.42 | 0.393333 0.32 0.24 0.28

Table 1. The Similarity of the Test Signalsto the Train Signals

Thisshowsthe accuracy of the system in diagnosing correct crying. Then average of the error field is cal culated and this shows
the error of the system in detecting cry. Next the same operation is performed for the laugh signals and the average of the error
and correct fields are calcul ated.

Table 2 shows two sample states which in each state, first row shows average Riemann sum of the cry signals, and the second
row isfor laugh signals. Right side of the table shows the number of averaged signals.

Eventually by averaging of the above values, percentage of accuracy and error of the system in each case, is determined which
ispresented in table 3.

By increasing the number of samples and filtering noisesthe error rate will be reduced.

Theerror rate may stem from the uncertainty of the fuzzy theory for diagnosing the crying or laughter. Or it can be aresult of the
uncertainty of the registered SD.

4. Practical Implementation

In order to implement the presented method in apractical device, there are someimportant i ssues pertaining to electronic circuits
and programming algorithmsto consider. The overall procedure is that the signal is captured and filtered by an analog circuit,
and then amicrocontroller takes discrete samples of the signal and executes the detection algorithm. If the signal is detected to
be a cry signal, the microcontroller sends a text message or makes a phone call to a default number using a GSM modem;
otherwiseit will be continuing the sampling procedure.
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Levell Level2 | Level3 | Leveld | Level5 | Level6 Level7 Level8 | Number of signals
Avcérn::\g e 184525 | 2432601 1870791 | 1526803 | 1100236 | 7428829 | 10.72809 | 2240279 | 2,3,4,5,6,7,8
A';ﬁ;gge 9497366667 | 25.7233 | 1222437 | 8.7621 | 3.9603 | 4320467 | 4209133 | 3.1688 2,3,4
Cry
Average 184525 | 24.32601 | 1870791 | 1526803 | 11.00236 | 7.428829 | 10.72809 | 2240279 | 2,3,4,5,6,7,8
A';ﬁ;gge 9497366667 | 25.7233 | 1222437 | 8.7621 | 3.9603 | 4320467 | 4200133 | 3.1688 2,34

Table 2. Average of the Levelsin Two Sample States

Accuracy percentage identified for the cry signal %71.6 Error percentage for detection of cry signal %28.5333

Accuracy percentage identified for the signal of laughter | %67.72 | Error percentage for detection of laughter signal %32.48

Accuracy percentage identified for the system %69.66 Error percentage for the detection system %30.5067

Table 3. Accuracy and Error of the System

To implement such adevice, it isrequired to use an appropriate microcontroller with DSP capabilities. In this project we have
considered Microchip dsPIC33F family for they have a powerful DSP core and they are not very expensive. Employing this
controller and some low-cost el ectronic elements could |ead to construction of alow-cost device, affordable for many families.
The only expensive element in this set isthe GSM modem whose price could also decline in mass production.

4.1 Thelnput Electronic Circuit
First of all, an electronic circuit is needed in order to capture the infant’s voice through amicrophone. Thefirst part of thiscircuit is
shownin Figure 7. Thiscircuit primesthe voltage signal requisitefor the signa processing performed by the microcontroller.

C6
Snitched 3.3V
Cap
100pF
R2
Resl R7 R8
1K Resl
2K2
i R R6 RFot
c2 Resl c3 RS Rost 500K
Cap |IK Cop SR |50
0.1 100 100K VCC
% =
MK e Cap <
ELS < 01
G\D — 2
—_—C1 o
Micl * b 3 b e
01 (‘:;p ?&i UIA
= = 01 MCPB024
G\D G\D
[eX)

Figure 7. Microphoneinput pre-amplifier [20]

However, the output signal of this circuit needs to be filtered to ensure the correctness and precision of the FFT calculation.
Therefore we could use the circuit presented in the Fig.8 as an anti-aliasing filter.

Also an audio codec can be exerted for a higher-end audio application. The input to the audio codec will be the output of the
microphone pre-amplifier. The codec must interact with the application program running on the microcontroller device. Commands
from the application program control the codec operating parameters (such as communication protocol, sampling rate, volume
control, level control, filter settings, etc.). Command information could be exchanged over the Inter-Integrated Circuit™ (12C)
module on the device. The codec convertstheincoming audio signal to adigital signal for the Digital Converter Interface (DCI)

modul e of the microcontroller device.
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However wewill not discussthe audio codec in this project for the ADC module of the microcontroller device could sufficiently
satisfy our need for sampling.

Mc R9 R10

255K, 19%| 32.4K, 1% L(:7
3.3nF =

R11 R12
azk 6| 8K 1% |

3.30F 4

GN\D cl0 G\D
0.039 } }

MIC_SG
R13 R14 -

wWowe | LK% |

3.3nF 4

GN\D cl2 OGN
0.47 } }

Figure8. Anti-Aliasing Filter [20]

O

Second of all, the output of the filter should connect to the analog input channel of the microcontroller. A suitable model of the
FJfamily for this purpose could be dsPI C33FJ256GP506. The 64pin DSP microcontroller available TQFP packageletsusmakea
compact device. The 12-bit ADC modul e has up to 500 ksps conversion rate with auto-scanning ability which is perfect for this
application.

4.2 Microcontroller Based Discrete Time Signal Processing
Now that we have discussed the input hardware requirements, we should concentrate on the discrete time signal processing
performed by the microcontroller.

First and foremost, atimer overflow interrupt service routine must beimplemented in order to sampletheinput signal at arate of
8 ksps. The samples should be stored in an array so asto be prepared for FFT transformation and further classification using
fuzzy rules. Because the classifier needsthe last ‘n’ seconds of the input signal, the input signal in the microcontroller RAM
must be updated at the rate of 8 KHz. To achieve that, an array must be declared with the length of *nx 8000" and updated with
the definite samplerate. The only important point in details here would be the proper usage of pointersto maintain the program
performance at its utmost level. In order to update the array, instead of shifting the whole array, a pointer could be used to
replace the ol dest sample with the recent sample.
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Technically an approximate 5 seconds input signal is enough for the classifier to distinguish cry from laughter or silence. For
further convenience, we choose to store 26 = 65536 samplesin theinput array which indicates around 8 seconds of theinfant’s
voice. An external SRAM will be probably needed for the input signal is an extensive array; a 256 KB SRAM should be
abundant.

Now that enough samples of theinput signals have been collected, the FFT transformation needsto be taken of theinput signal.
Asmentioned before, dsPIC33F seriesare appropriate digital signal processors. They could calculatethe FFT of a256 samples
signal inaround 500 us[21]. Thereforethey are applicablein live DSP applicationslike this project. DSPIC compilers have apt
librariesfor digital signal processing which could lead to aconvenient and optimized programming. For example MikroElektronika
MikroC pro hasalibrary to calculate FFT of a512 samplessignal to which we refer to implement our detection a gorithm.

The important issue here is how to calculate the FFT of a 65536 samples input signal using a FFT calculator function which
calculates up to 512 samples at atime. Among all theoretical methods to solve this problem, we present a simple but effective
solution. For taking the FFT of the main signal, we break it into 128 blockswith alength of 512 samples. Then we calculate the
FFT transform for each block and finally we cal culate the sum of al 128 FFT results. Thefinal result presentsthe FFT of themain
signal. Althoughisnot freefrom error, however the error rateisnegligible and the overall algorithmisacceptable. Figures 10.a
and 10.b depict thisallege.

Consecutively, we must cal culate the Riemann sum of the spectrum. Thiscould be easily and speedily accomplished. The output
of the FFT function represents both sides of the amplitude axis. Therefore we need only half of the FFT data, i.e. 256 items. Now
wemust calculatethe 8 level s. Because the sampling frequency is 8 KHz, the maximum measured frequency by FFT would be 4
KHz

Sincethismaximum valueislessthan 20 KHz, we utilize all of the datafor Riemann sum cal culation. This summation which could
be performed quickly, will primethe 8 featuresfor thefuzzy classifier.

Thenext stepistoimplement thefuzzy classifier. At thisstep wefirstly definethemembership functions. Just likebefore, herewe have
also 8 inputs, each possess 2 Gaussian membership functions. The related Gaussian parameters are provided in table 4.

Input MF 1 MF 2

number c 0 c o}
1 192 1 16 1
2 37 1 241 1
3 485 1 182 1
4 212 1 162 1
5 375 1 9.12 1
6 464 1 819 1
7 33 1 n2 1
8 37 1 211 1

Table4. Input Gaussian membership functions' parameters

If computation of Gaussian function would take so much time by the processor, they could be easily substituted with their

Journal of Information Organization Volume 2 Number 3 September 2012 123




w0 a: Single-Sided Amplitude Spectrum of yit)
B T T T T T T T

1

0 l.._..._l....JJinLl R 1 1 i J..s Lo el
0 a00 1000 1500 2000 2500 3000 3500 4000

Freguency (Hz)

b: Single-Sided Amplitude Spectrum of yit)
‘q‘DD T T T T T T T

350 F .
300 - .
280 - &

P
EEDD- .

180 .

100 5

LR

D 1 1 1 1 1 1 1
0 500 1000 1500 2000 2500 3000 35800 4000

Frequency (Hz)

Figure 10a. FFT calculated originally. b: FFT cal culated by presented method

triangular equivalent in order to speed up the performance. Table 5 represents the triangular equivalent parameters for input
membership functions.

Although these parameters have been tested by authors, they may need to be readjusted for other platforms according to the
different parameters of the platform. Neverthel essthis algorithm could be pliable with any platform with merely some changes
in parameters.

Afterwards, we get to discussthe fuzzy rules. As mentioned before, the connection method is* AND’ with aweight of ‘1'. The
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Figure11. FFT and Riemann sum of FFT

Input MF 1 MF 2
number a b c a b c
1 1685 192 2155 1365 16 18.35

2 A5 37 03B 275 241 2645
3 25 4.85 721 1585 182 2055
4 -023 212 448 1385 162 1855
5 13 375 6.11 6.77 912 1147
6 229 464 6 5835 819 1054
7 149 38 6.2 8845 112 1355
8 135 3.7 6.1 1875 211 2345

Table5. Input triangular membership functions’ parameters

‘AND’ method is* product’, the output membership functionsare like Figure 4 and Figure 5, and the defuzzification strategy is
to compute the smallest (absolute) val ue of maximum.

Because the output transfer function is monotonically increasing and the connection method is* AND’, we could change fuzzy
rules and defuzzification method in away to decrease cal culations without gaining any error. Theideaisto calculate the value
of MF1 for each input, then compute the average of the resultsand nameit AVEL. Then do the samefor MF2 and calculate AV E2.
If the AVE2 isgreater than AVEL, the signal isacry signal and consequently the signal isalaugh signal if it is otherwise.

mf2 mf1
1+ d

0 5 10 15 20 25 30 35 40 45 50

input variable "input1”

a. Triangular membership functions
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Figure 12. Comparison of different types of membership functions
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Thesignal processing procedure should be performed in the main loop of the microcontroller program. If the signal is detected
to be acry signal, then a subroutine should be executed to make a phone call to the parents. This could be easily achieved by
embedding aGSM modem, with aRS232 or UART interface such as Siemenstc35i modem which isnot very expensive, inthe
device.

5. Conclusion

In this paper we have proposed a simple but effective method for detecting an infant’s crying. We implemented our method
using MATLAB and Labview softwares and have evaluated the results and error rates which support the properness of the
algorithm. At last we have presented the essential information for practical development of a physical device to detect an
infant’s crying and alerting the parents. The proposed method could beimplemented as alow-cost real -time operating detection
device.
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