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know how to operate the software, any more thar
sequencer makes you.algwod&lauwtehedry ddrri nnguskiitchiagm w
you to deeipdeiive anto advanced topics becomes

Why do I title this document "signal processi ng
X,y nutmeme icdaa¢tsa recorded by scientific instrume
guantity |l i ke energy or wavel enlghtihs, iass sionmetthieme
Asquiggly | ined dateatégdamblot heéat woo deych w&imt k
that you would plot in a spreadsheet wusing the

Some of thecexmampresm my own areas of meseéarch i
come & rwinde range o®@v é&fjpd urcrad,li dplagereeaisaared cp d tear
mybooksahtdwar e, c ovaeraidregnifai,elidsd ufsrtam, envir onme
earth science, space, militar yandf ienvaennc inauls,i ca garni
scieHuoelr eds hbdv e asggrets sss ons and experi memtaal da-
heddel ped shape my writing and software devel opl
document conci setadahdypwisdenstedvrgdlartmlney. reader s

At the presended imoet, ddver, wi@maadigtes rpnr orceecsosg migt i on
Fotrhedogeics and for a more rigorouscftrratmemitc o f
coverefer to the extensive |iterature on signal
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Throughout this work, a wide range of applicat:i
intriguing, such as 3s2l6pchkumamnkeodgndeiks ¢ihbeig af $a@ sl ¢
a NASA spacecraft (page 72)5D,cosddicng agrse flkiomd c
reduce and®&Hhestupdyggeg behbicbwer o Bi0dn ( ha@adgian gr dwi t h
(padgdpx x pamghe cl assi cal l i mi ts @Op a2gAg6,a stulme ment i
intelligibility of digi-togtedmispieathr 9P gmameO ams
easy way to create 3t eTThhe tdivtedtBUd n galpkisP I pjameey e
of a t fwlgy | minmgd r a n gAquickfsense pfghe masiacommomagpplications areas

can be seen ithis list of termghat appear in thpapertitles and journal namehatcite this book

This site makesMactd nashi-pleirdaibd manscse odmmer ci al anc
computing environment and "fourth generation"
(14, 17Qctlidbv,a 2f0r)ee Matl ab alternative that runs
t hbspk ®&yd hoa power f ul -stowtr cfer d ea nggrudagoeperrher e i s
Matl ab and Python have become hs€y paorpeu |paorweirnf uslc,i
relatively easy to | earlnangAi avgedrdye i mpoce@aintofashe

are-coaltfai ned modul es of code that accomplish a
process iit, and "returand gat (wehsiudh .t glbAe £ otmpas a\easle
sqguare root, and aassiOgoe @at fuaoct h e navgaasii aagoa nedt.e n ,
Functiahlse c'amal | ed” fr oncttihengs.nsMatel aod arteh aRy tf hu
functions for doing data processing tasks |ike
and deconvdliuwumteiaan ,r emgu letsis iYoru, camd wop ttiemiyDaitri @rw.n
to use in your future programming projects, anc
of usedant uwisleut ed functions. Mat |-carbs hdasloladida x € a b
created by experts in vazreido ursatfhieemadtsi cfaodr tpaesrkfso,r

computing, 6épadgop2nidc tmatlhi braries written in C,
i t' s exrmediesd sbel de fdeos idgymeamb € d ddendl sAy sctoempsani on pi e
Si mui sn& graphical programming environment for

mul ti domai n dyPnyanhiocnalalssyos theanssf.are eo mmadidedr &t eesar r

Most of the techniqgues coveredmmamnedads woetks cau
Mi cr &xaedert Opemh ObteO&i{dde 22, 2Z&A)N. behdolwatl toeard e d
cost from thhediprs:wéebs osuirtceed oa met. tnpest://p/rwow we..cl ti sb/roecot f

You can dowmnwyMatadahbhlobc tPéiwdn @ pfdusnct i o nssp,r eaandds htehea
templfathatst,p: / / ti nyat|l nob®&ysk g ® ewhercaeoi nvadeidn & i ivley
feedback .fFfomouserg to run one of my scripts or
function” error, |l obktpofr/ theymideswmlgd &dac gidir Wwihrotr
Matl ab/ Ocpatigpeedhehp patho forsenomm@h imdtolm mat i

| f d/ounotMaknreelpd dénd f of d owa ngwpMak | apaicsf i cally
sui tredmdroi calmamet kodneani pul ati ons, cpleatttiiomg odf f
al gorandsms | nmtagri fda peantdetpy piymgnt t o portable de
essenti al Inyunbehrei cnaele dcso nopfut i ng .byMastsloaeba@ldgt s and
dynamit y@lelldgss ssstwrei¢dt ured in a formalitseshdsebéhan
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https://www.computerhope.com/jargon/l/looslang.htm
https://www.computerhope.com/jargon/l/looslang.htm

more favored by scientdskedabg eogpnonéeerssandgnt ¢
progr akManetshstreamlined integrated wohldddiwngdg,s

vi sualization, debugging, and data analysis in
1. Rapid Prototyping: Quickly write code, Vi suz:
tool s.
2. Data Analysis anidn Vi cwlag i aad i ©otnrr aiBght tor war d
simple to analyze and visualize dat a.
3.l ntegrated Debugagiihgbi Debuggveg wnthkl tool s
through code, and view results in real ti me.
4. Tool boxes: Prebuilt, specialized tool boxes f

save time and reduce complexity.

5. Ease ofat@sédl abMguage and i nter f afcrei eanrdel yd ewsoirgk
with everything accessible through the Comme

While | anguagesnmakfelhedgitbhiolni toyf &eert ds bsscianpalbiicliittyy

make it particularly effective for researchers,
everything just works without needing to manage

Python is didfeffa@riessthamdenantyo i nstall, amrdn requi
fipackadm,gesut girte ah a sa dtvhaeaf tr.alple v @ t ndBreaiicnogn da  éGinglt r i but
SpydeMNote: youckhanbosetancdédnvert Mat ld4adp2. t o Pyt h

There are several veit sandnmse olsdwWat badnt i,aofdud i oyme
functional ver i ovred stereatgsm@auwprni ¢ b e loonw)i,P aadnsd aanpdp
i Phon&s e ps: / / www. mat-hwoeksfogmhppmtesngnd restr

o % @ sused :
WSSO | =y

C 1400 450 8
aussian  Min. Width = 0.5  Error = 3.658% R2 = 0.98254

Best of 10 fits
dk®  Position Height Width Arel

40 0.2507 576
1502 ., 0.02981° 53

15.373

Matl ab Online runningpfyprrdglEi e maat W madweves k PICi |
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https://packaging.python.org/tutorials/installing-packages/
https://repo.anaconda.com/
https://www.spyder-ide.org/
https://www.mathworks.com/products/matlab-online.html
https://itunes.apple.com/us/app/matlab-mobile/id370976661?mt=8
https://itunes.apple.com/us/app/matlab-mobile/id370976661?mt=8
https://www.mathworks.com/pricing-licensing.html

There are al t:@rcrnatviehée € ht 0o sMatlsalnh@rad |$ysidadNsga | a
FreeMat, Jul i a, anodr Ssaogneepwipehtt c hl ar i mbst hg MATL
a discussion of hdttiper/ /pvovsns idisiplgiutr heel sopmresseles p/ | i nk

Il f you are roemddinoey & #rciolsimieemmeedt compboet k€t DU ca
any of the http Web addresses or on the names ¢
downl|l oad Ftomata ictoenp.l ete | i st 4d®hat b: mMytsahyuwhr e

ERDUcOWE!I Raq6UuDagRH

The most basicopémga@ileopshadses ihrag | nv ol vpeb ysnitmp | e
point addition, subtraction, multiplication, ot
Despite their mat hemat actaimdé nrboei melriyciutse,f ut hedeor
ot fer gure below (Window 1) the topf caumr veextirsadthe
sampl ehaffepi & Isi nad odurrme koft hmdt ri sl eum.

Window 1 Window 2
131 point2. 20 4.de+2 T.0e+z Too-0.5e-3 3.6e-] 131 pointz. X 4d.de+2 T.0e+2 Woo-2.0e-2 &%
xint x1p
] .00

200 ]
5.00

200 4.00 -

] 2.00 4
1.00 4 ]
0.00

I:I'I:":I_l----r----|----r---|----| rrr rr 1 1 rr 1

450 5.00 5.50 £.00 E-.SI::l 7.00 4.50 5.00 5.50 £.00 £.50 7.00
x 102 x 102

A si mpbegopmitntsubtraction of two signals all ows
be subtracted from a complex sample (top curve
really in theaxsiasmpd ewafvrenaehitgt.+ (Xbsor bance)
This optical spectrum exhibits .t Wd eskes gorefatkeso h ol
class of mol ecul ar Pposphy sn@irse hculiig eodr noaashkge rbs £ al | e
exploration. These bands are superi mposed on a
sol vent s-pord hlyy imaommbompehatde. The bottom curve
of ap omromibyerairn ng shale, showing only the backgroc
the shale extract without the backgroundtheéhe I
sample spectrum (top curve). The differetnlte i s
Yaxis scale). Il n this case, the removal of the
spectrum i s measured owrevarsepdea mdorgks hswdeg d 8 a mp h ¢
the two bands more clearly and it is easier to
( Thantkhse Rlo@tf e Davdfd tFhree eUraind .oro ft hMarbypleeen tbrad otf s )

I n this example and the one bel ow, |  &mmes xumir
axis -val weadher words, that both spectra have be
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(0]

or dividing two spectra would not I
vel ength ranges or with diffeaegnst valeesgsamast
int for point. | n cparsac twicteh, dtahtias siest sv earcyq uo frtee
e instrument, but you must be careful i f you
om two experiments or two instruments. It 1 s
t er ptool acthiasnagnep Itihneg x ir @t ieonttf{foxrevgaud @l i z e »yanxeigsual |y
terval.sh®fr essuglntasindayr eappr d XxXiematcd olsilet emough in
n peaf ocumat ngos Heansctt i on. Matl ab-i anfiu®@ctavash
t er pol atiimtne )y fdnecahnuidl r enlpahniedx a malreazp hi c

ng

meti mes one needs to know whee hampdtrpoa rsiingn alhs
gnal of an unknown to a stored reference sigr
fferent. Therefore, a direct overlay or subtr
t o compbwp @ir iattod opg chientt iwbt segnhéage the same sh

nstant . For example, examine this figure:

Window 1 Window 2

125 points. X:

3.0e+2 5.5e+2 ¥ 0.0e+0 2.7e+| 128 points. ;. 3.0e+2 5.5e+2 ¥ B8.7e+0 1.2e

x 10t

L I e e B L L A B B AL B B R L
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Do
simply
right

the two
be
part

that t

signals on the | eft have the same s
because one is much weaker than|the
(Window 2),tasd44@Imam, vwil {0h Qa n\ddhlause nd

he shape of these two -axigs®atangeg. ver

The |
But
signal s,
val
over
Above

(0]

Wh e n
progr amiwiitsh oan
not
avoi deddibryg
s mo o t(hpi asgpe f

f

eft
do

part (Window 1) shows two superi mposeoc
they halvte itdhehasmadet ¢ htaplel?. hlet dtsif onubb & Tt Wwe
shown i n whiicdn irgehlta tpiawe!l y Wi snrdsotwa 2t) ,f r o
ue -0f 210 THhHhi s means that the shape 02 %hese |
-axhiiss rxange, and btohuett it mest mpreurveense tha
Xx=440 the ratio is hAot ieveoiuser dki mat € hy

¢ pa2gie on
de

nt ehxet

you di vi t we veac t@ao 1sisnn pfbhieen tzdeclhnpowpi bnl antsotro pv et
by Azemaoishioagly small but finit

program but will genemate@saahltge br
a-zemal tonsnant t oapgpmleyidreqh oani snmad lolr @

the demolmy nasiomg t he Mar{embyz2®cbaye

stop the
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which r epl atchees mzecareessotwnrudmb er s . T hmen ameemimavteesd N auNisc
(ANot a Number o)f momd Vvedtson sl nif é mli d @iomiwnawe t . n e

Onl im&l cul ati on8%ohhdamlsh taWwdbn gs.i tsenaa n ¢ htmnaen aipsp a
extremetygmpeeadaul onal tool and inforsnambhoini sour c
mat henpaltotctsvegmatr axdmastit ptul ati o8B s,anadn dib anreanrya n a |
t op(ifcrsom t hdMamaleenatp@zEt at pagaern . mengf orm a huge r

statistical <calculations and tests. There are

Pl oan@r apklelr of these require a reliable I nterne
arweor ki ng on a cnoonbpiultee rd etvhiacte doores notnshavdd etdhe It
PDF versi onyoou Caal socnk otorkkese | inks to open them

ERNDUCIWBUREGO DgRHEG J1Jqt
Popul ar spuelrdsas®@edn ,hK Of farcee adamecd mai nly at busi

applicat imawse-i bwitluts traindyosmdé or mat h oper atx,ons, n
plotting, texmatbymatcti nGel mavtaclaure sc,o ntteaxi tn, nnuantehr

expressions, or rYeuecamceepreseonkenr sceleks mauwmo &
= ——=—————] canh represeonit spectra as
bl ock Yducedn sassign you
namese i ndiviaduradngeeldllssf o
antdhentiobéd®eenr mat hemati cal
expressi oYlouby amame.py
ma t aet iecxeplr essi ons acr oss
cell s, with etshe haelgli nrge f
as desired.| 0bs o&anvmake
types (i ne¢ilnupdorygarntthe al |
scagtaph) by memuasal eet
video demoms®eter athiiean You Tl
http://www. yout ube. c o B tk tcaeni@avo=t nf Téfl ri rkabh QalMp 8/ik g n
capabilafulyl wseéeh of wuser interface objectosd such
can usteo tchreesaet e attractive -gsaphapgp@al i coaeeiso mnl & theasv
created for teaching aAbhapyfitelrpcbemest rTvhredo e d ¢
| atest versions of Cladctam Bxeeal aarndd s@pen @fiftihceer s

(.xl's and .ods, respectively). Simple spreadshe
progr am. However, there are o mael batrdeb fi netreernpcreest ei
that reason | supply moBxqamidnmy oQ@m) &fdars mGdextgsl ei r

"Di fferences bDeotcweneenn tt hSep rGpaedns heet (. ods ) .f or mat
Basi €alclaghp al mostExxoceamny d@®aihdg utr ee t o downl oad ¢
Wi ndewandard i mnfdeemims &k cldokys naanrfdef éisMieba btehoaf nt
| f you haBx¢alccessommeBrodEhucaani@iglac B adbften updat ec

I f you are working on a t atbhXd cecdl omoNmimbae bgghp Pa d, )
or sevemoabli loet hseprr eTalgphepdsene td o basi ¢ tasks but do n
capabil irteigesdo agpfu ttehre ver si ons. By saving their d
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http://products.wolframalpha.com/mobile/
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http://itools.subhashbose.com/grapher/
http://www.microsoftstore.com/store/msstore/pd/Excel-Home-and-Student-2010/productID.216446900/vip.true
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SkyDrive), these apps automatically sync change
desktopcompluaptrep making theWwWheamsefrulddbpppdgdgedld

442 Its knowledge of nerdy technical detail s 1 s
ERNUC¢ U WdtlUR ol YapRFR U N WR U W~ ¢ g G ¢ H

| Mat (abd in | Ost@BM&r ci,anBPybmenhic is much I i ke
(a+b)/ c. I n Matl ap,saandylien vRayti hadr e( pcaagne r epr esen
val we,cadorval ues (such as a smpeée¢axumcoangubthr omi
val ues, such as a muédtitmaptlreSlpesttirea)st aomrd aar & ema tohf
functions adjTass goematghfacilitates mat hemat i
subtracti onaaonty tavo 4 gmagdesbe performéd ki mpWwiysé
the ratioionf Mawa ssbibdinplag &€ So,"/ "means dhwodet poir
and ".*" mearmspanurdtt.i pThye p*omiabbhynuiltt s @ll fi cmegamsnn, whi
to perform repeated multiplications without wusi
A=[1:100]*x  ;

creat esAian mahtircchxk each column is x multipltioed by
writing a " forbatl anop el ickodnptatttoegetxoe cwrtiet e and

for n=1:100;

A(:,n)=n.*x;

end

Pl otti.nglofdabhave signal amplydwdeasn iml dthei tvajrusatk
"ploty) "And i f you ateb hlaheesameelcéwmgth containing
val uyevacsf obt ai nedy s$lyyut ywhatioy) ¢ I"'Gtwvo siyagmzaclasr be

pl otted on the same ti maot(itax itz )f.OMatcloanlp aa uts@ma tbi
assigns differeotu cahorcontt o oéadihel icoé or and | i
sy mh oolFs e x dphot) Ixg,T1., x,zb -)" wilybsxwi oh r edv ®wittsh and
abl ueYounean divide up one figure window into m
re— — Subplot(m,n,p) before the

B 0| O | et Oty CotrarTom

neee .l command to'Beoti on
' | ofnmbyn grid(of plohaot
are readingyobhisaponn
cl ihek ere xaannmpfl2ea?2
subpl You saheap),o
and peasstleycagr and dr
any of -t heesdnamqteel t

code examples into
e — = Octave editor or di
: e ST command | i Bettamd pr
' e o ‘ I| execute itlnmmedi at
Ko © - LRV === Matlab, type "help

pl otting optimnpornmatplotiib.pyplotRyptt hon, didoevsat dlkeb pl otting

Pagle7 |


https://terpconnect.umd.edu/~toh/spectrum/SignalArithmetic.html#Octave
https://terpconnect.umd.edu/~toh/spectrum/QuadFitToGaussian.png
https://terpconnect.umd.edu/~toh/spectrum/QuadFitToGaussian.png
https://matplotlib.org/2.0.2/users/pyplot_tutorial.html

Fopubl i gatailgormay hs, click on aFFl gurpeEwpocthowset k¢
si ze, rceoslodrut ifoonnt &€ x peaimded. ,s etl heect dlhiec K i | eYofuor mat
can aPsot,@sédownl|l oadabl e elaislyr,aioy owkragriesatf féexi!l
choosi ng garnadp hcgrdesittaei &l isngvi g ha mh Mat | adn ELP Sexport
PDFPNG and TIFF withHedpepussaklitagmpampl et ( on.

The fumady) iren urns t he maxmniy nr estad rures otfhe mi ni mur
el ements i n a vaeacntdoerx anouBmbeerf{l®p i sd tthe HKHYt h el em
t, &I0®0) i s the vectforomft veml uG®tsh otfo the 20t h en
number of the entry cl osesinyvtad 2af ngdi.onteinornv.al ier i e

t(val2ind(y,max(y))) retuhesti me of t Hvelindit®30k mum vy, and
val2ind(t,560)) i's the vectmet wdern a3 5u@® sa foacfo bt M A swallmu e
wi tthh at r anmgiet)s. t Ad et | thvee cdtacdtra c onu trdhi ebreo saevg d rhd 9,9
milliseconds, hours, any time units.

A Matl ab varimat,eia asnetalosfo vbeectaor s of the same
array. For example, intensity readings of 10 di
wavel engt hs ,i nceadu li dn tboe tchoe®i®t)0 wwb@0 dmater it heS.t hird
an®(540) would be the intensitytheotecttirarmd GtTth evpadhad Il
pl ot t(ilrmegfnh ot t { niggmaew how to plot multiple sign:
Selei me Trfiocrl .detttawillsl. h-a&ll poc &t ¢ ome moAEya t I p &xc d yf @rd c
t he s tAsZeres(b@,noD) before the | oop. Even then, the
| oop.

Plotting a single Gaussian curve Gaussians with 10 different heights subplot(2,2,1) showing y=n*x subplot(2,2,2) showing y=n*sin(x)
1 A 60 10 -
& g
[
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Gaussians with 10 different positionsaussians with 10 different widths  subplot(2,2,3) showing y=n*sqrt(x) subplot(2,2,4) showing y=n*x2
ave 30 400
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Il n Matl ab/ Octave,\" "/ Tymisngvo'th t bream greetkd v'h, 8 e "n"

effect the weighted average ratio @efqgutahet sarhmlsitt
salti.onMhe poi Mathearme dioe st matt require you to dea
collectionsllkhows mbees you are dealing with mat
cal cul ation wil/ be a matrix, and it adjusts c:
https://www. mat hworks. com/snati-@p anadtl iadrd snaht mlb _pr
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http://masumhabib.com/blog/plotpub-publication-quality-graph-v2-0-released/
https://terpconnect.umd.edu/~toh/spectrum/InbuiltPlotVersusPlotPub.txt
https://terpconnect.umd.edu/~toh/spectrum/LastPeakTwoGaussiansPlotpub.png
https://terpconnect.umd.edu/~toh/spectrum/GaussVsExpGauss.m
https://terpconnect.umd.edu/~toh/spectrum/PLotPub.png
https://terpconnect.umd.edu/~toh/spectrum/val2ind.m
https://terpconnect.umd.edu/~toh/spectrum/plotting.m
https://terpconnect.umd.edu/~toh/spectrum/plotting2.m
https://terpconnect.umd.edu/~toh/spectrum/TimeTrial.txt
http://www.mathworks.com/help/matlab/ref/arithmeticoperators.html
https://www.mathworks.com/help/matlab/matlab_prog/array-vs-matrix-operations.html

Probably the most common errors you'/|l/ make in
up periods, commas, colons, and semicol.onmse or
"hel p"panct he Matkald phempeéel pgouliétallle ashlienegps. c:
|l atn Matl ab. Another common error is getting th
up. (Ful | sdmdked oaslulr et:hdse ki nd&l ibchki mix $tthéakt & sg i avlels
exampfesommon vector and matrix operations and
t his, |l recommend that wotheeadamplesft her andWr
tr-amdlrr or process, ewir®trat hesemphgsiegeamnidti nt & tweq

There are many code examples in this text that
Octave commamidc H iine a Igwr etante wPaDyF tvoe,rlse @aosne looefo tt, h
copy, angelpdarsdtge ,anodd dr op-| i apy dadfnmuitewidei rexlaeanp | e s
Matl ab or Octave editor or dEnrtécot lexeicute 1 hei ena
This is especi alulny Maotn vaebn iaenndt riefady oy web site
Position the windows so that Matl ab shares the
we bowger onast hseh erlogle®@re,n bett erc o mpsmeaeirdvms Kit DO

& c @ re | hitps//terpconnectumd.edu, caw (o0 |
B Figures - Figure “ 0 X Wordkspace sumulated signal CoNSISTNg O Up 10 6 oVerlappig LGaussian bands plus random Wiite noise.
\ &3 L -3 08 a EDEED x Bms %S W 8
Jo * s - -h =
do|k D s 0E =@ 0 2x Matlab and Octave have built-in functions that can be used for for calcr measuring and
Name gnals and noise, including mean. mas. miw, std. ky skey lot. lust. hustfit. rand
peakfit m Version 8 No baseline comection | HeightErrort help” and the fu

o = &:19:;5:;:( o apply 101 Fodsxaniple, ifyoi
. dw;m have a series of results 1n a veetor returns the
200 EH MeasuredPosition of all the values m y. For vectors You can subtract a scalar
2 EH MeasuredPosition2 number from a vector (for example, v = v-min(v) sets the lowest value of vector v to zero). If you have
3 10 ] Measuredwidth a set of signals i the rows of a matrix S, where each column represents the value of each signal at the same
s &:;mundw'am» value of the independent variable (e.g_ time). you can compute the ensemble average of those signals just
. B i by typing "mean(S)". which computes the mean of each column of S. Note that function and variable
50 | names are case sensitive
D ” Hs
0= = ] N + 3 — EH widthEron As an example of the "randn" function in Matlab/Octave. it is used te 100 normally-
Pesks=1 Shape=Gaussian Min Width= 067587 Emor = 1.785% R2=099762 &;\hmhnm | distributed random numbers. then the “hist" function computes th
: those random numbers. then the downloadable function pez
Single fit & il red line) to that distnbution
Peak#  Postioh  Heght'  Vadth s Hrepe |
1 002152 2723 232 6708 H noise 0 size(1:100)));
5 EH positiont 85 ] 45
[ positionz . 60 )
. £ rnge1 5 350 lf\mulnnve the 100 to 1000 or a higher number, the distribution becomes closer and closer to a perfect
o . o EH rnge2 7 ® v|! Gaussian and its peak falls closer to 0.00. The "randn” function is useful in signal processing for predicting
“o e x uncertainty ofx asurements in the ple»emeof ndom noise. for example by using the Monte Caglo or
1! the bootstrap methods that will be described in a Jater 1. (You can copy and paste. or drag and drop.
- | these two lines of code into the Matlab or Octave editor or mto the command line and press Enter to
| execute it).
2 1 0 1 2 3 PARE L%s |
Residual Plot hold on H
24), Height1. *gaussian (x (1:24), Posationi, ¥ads || The difference between scripts and functions. You can also create vour own user.defined scripts and
1tionErrorl) | functions in Matlab or Octave to automate commonly-used algorithms. Scripts and functions are simple
| Commend Wndery | text files saved with a ".m" file extension to the file name. The difference between a script and a function is

po || that a function definition begins with the word ‘function’: a script 1s just any list of Matlab commands and
| statements. For a script, all the variables defined and used are listed in the workspace window. For a

100.# (posicioni-Neasureapossciont) ./po || fisnction, on the other hand. the variables are internal and private to that fimction; values can be passed to
ittonErrort) ! the function through the inpur arguments, and values can be passed from the function through the ourpur

arguments, which are both defined m the first line of the function definition. That means that functions are
! a great way to package chucks of code that perform useful operations in a form that can be used as
components in other program wirhout worrying that the variable names in the finction will conflict and
I cause errors. Scripts and functions can call other functions; scripts must have those functions in the Matlab
path: functions. on the other hand, can have all their required sub-J
fumetion itself and thus can be self-con d. (If you run one of my icnp's and get an error message that
says "Undefined function...”, you need to download the specified function from functions html and place
1t 1n the Matlab/Octave path).

For writing or editing scripts and functions. Matlab and the latest version of Octave have an internal

¢
ul!!ll( [(X:N]); , a
editor. For an explanation of a function and a simple worked example. type “help function” at the command ~

vl >

out puts, so you can usteo tewop ammodn itthoer sd essikniuolpt ahnoerc

Hi dtf: you try to run one of my scripts or funct
for the imir@eitmg /i/ttemy,urdowmlmd askeyadtrcphhregnamt ht ry ag

One thing that you wilVenyptiy®es adboadetMatd adbcriisp
anant he first time, there is a smal/ del ay befo
machine | anguage. H o wfeivtreis.lpe Atehra tt hoantl,y thhaep peexnesc uttt
(For the fastest exedMdt lomh @& dedpsisleggoar asthalrye agwv ai
st anldoanpep | i cas eparsate from tMat IMah | @ddigentve myo@unke n
build C/ C++ shared | ibraries, Mi crosoft . NET ac
Mat |l ab p¥Yoougrcaams ewvermigdeosdmerg i n eMatd@akgle/ Oct ave
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https://terpconnect.umd.edu/~toh/spectrum/help_punct.txt
https://terpconnect.umd.edu/~toh/spectrum/RowsAndColumns.txt
https://terpconnect.umd.edu/~toh/spectrum/RowsAndColumns.txt
https://terpconnect.umd.edu/~toh/spectrum/CopyPasteintoMatlab.png
http://tinyurl.com/cey8rwh
https://www.mathworks.com/help/matlab/matlab_env/what-is-the-matlab-search-path.html
http://www.mathworks.com/products/matlab-compiler-sdk/index.html
http://www.mathworks.com/products/matlab-compiler-sdk/index.html
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You icnmmport your kwutas ifimgpddaanbd abdb Cl earm tna ttahoe
Homeab gl stheaenp orftudnacttai ons on the command | ine o
i mported from plain text files (.txt), CSV file
sound formats, 6&orfegmmppeeatbbhbeédbsl owing | ine:c
of t hefSaspl| i 50O ptmhe svyurrent folder and assigr
the independent and dependent variables, respec

mydata=xIsread('Sample_5.0ppm.csv");

x5=mydata(:,1);

y5=mydata(:,2);

Data cleaning funt¢tt xmings iimg Mand adutilnicd ruddckat a, s
stacking and muefsd)dehked esgcir8 gpi b & D ep(no.gm ctheps eaex amp |
readmokctod smm eads heeRorfi xnhosrxed cfonmpelMax | aapvredrayd s lme e
uselfmport (Wikialked > | mpbobhtatDgtaes you a preview

data file |l ooking for columns and rows of numer
sel ectl adbred rveari abt @ si mpar tt ot tcdhmmoas®e vectors, mat
click on the Ilittle arMawl akbxwitb Wi mperyvosehest
t hos et ioprewhai ch you can modify for other file ty
& Import - C\Usersi Tom' Dropbox\MATLABEpS\wehrlig5.txt - O x
IMPORT VIEW ®
~ Delimited Coll..lm.n delimiters: Range: W Output Type: Qy
Delimiter M . _ |EH Table 7| UNIMPORTABLE CELLS | Import
O Fixed Width © Delimiter Opti... ~ Variable Names Row: |1 2 [ Table . Selection =
DELIMITERS SELECTION E‘ gc*'“"‘_” Vh:do.rs IMPORT
= = umeric Matrix
. (=R =tr) String Array ©
wehrliB5.bet 11} Cell Array
A B C
wehrliB5
nmW smnmW sm
Number  *MNumber ¥ Number <7
I TEEEEEEEE TINEEEEEE Lit i
1 m W sm/nm  W|/sm ~
2 189.5 0.005 5.498E-3
3 200.5 0.007 1.253E-2
4 201.5 0.007 1.971E-2
5 202.5 0.008 2.758E-2
6 203.5 0.009  3.629E-2
7 204.5 0.009 4.57SE-2
8 205.5 0.010 5.531E-2
g 206.5 0.010 6.549E-2

JCAMPXi s a standard ifnidgnd rfacred fsprecax ahamgl r el at
i nformation between specmapomébabBbaubdabBassyscsammse &
can i mport such HBeaadalc Fop Eletoadipiméssmih bd ee t o i mpor -
approxdiarhat d rom gr aphi gal@glhisnd yp ket s goirtniper t B uif lutn
obtains numehe cadordaitmatte®smoft mouse clicks, or
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http://www.mathworks.com/help/matlab/import_export/recommended-methods-for-importing-data.html
https://terpconnect.umd.edu/~toh/spectrum/xlsread.txt
https://terpconnect.umd.edu/~toh/spectrum/importdata.txt
https://www.mathworks.com/discovery/data-cleaning.html
https://terpconnect.umd.edu/~toh/spectrum/xlsreadDemo.m
https://terpconnect.umd.edu/~toh/spectrum/xlsreadDemo.m
http://www.jcamp-dx.org/
https://terpconnect.umd.edu/~toh/spectrum/ReadJcampExample.m

s uc hDatsa fidddkieqgur e iDm gtihhe zMatl ab Fil e Exchange.
be as accurate as having accesMattd abh&R2®r1i3qi mal
carmmead t hen syemwsrorisPhonevioa-F WindToama gpodtpgnieg o &1 s

ol der anal og i nsatnradtnoegndgist,a |y odaonmhweéendto eatmi cr g c @mirt r o
aUSB volMantehtweorr ks @iatasepaquitert i MudtiedToh ebgaxddi t i o
subtraction, multiplication, or divssamennaoainbewc
dat a .polifntnsecessary, you can remove some points
shorter one (usually zeros, which is called 0ze

Pyt hon cani n npeoxrtt, d&a@SV, JSON, Matl ab,aandbbkever
Explmareel Sppndéebkt op, or through R&aredass pBatad eArnya
package.

~caqlicHWS I+ RYUt
The stcaonmdmeervdertr al on i@fx pMatsliavle (overstaadé@@d mout t
versi onsnufcllheass co st

I R I 10:05 AM  Mon Mov 5 F100%. (.
as I tt e as . i
( ® | 4\ Files v > 44 s
student uveitadiv
MATLAB Drive Derivative Demo.m
all the capab
) function DerivativeDemo
an y (0] f t h e mean 2 % Dﬂri'fat'_\-'cber'c-.r' is a self-contained | o= BlackbedyDataFit
Ma Detave function that uses the emissivity =
1 3 Signal and plotit.m to sy -
t h I s a b 00 k mp ar demanstrate an application of Terpg;g?jﬁe
B 4 % differentiation ta guantitative k =
e X e C B p E.d_lﬂ'l 9 r e analysis ot & peak buried in an 4. 8458483
. unstable P
a I Sat I a b , Ow H] I @@ =5 =% background. To run it, just type .
_ DerivativeDemo at the command prompt. ]
runs I n a com 6 % Ygu can change s L af the P
internal variables (e.g. Moise, in £
7 % line 12 or Backgroundfmplitude in I
br owsseere t he g line 131, ete. ? 3
g clf (=114
1 . Yo u do NOoO1l ¢ xincrement=.1; s
B | 18 x=l:xincrement:256; e
r e u ar compu 11 SignalWidth=38;
g p 12 Npise=.082; »= DerivativeDemo
H 15 Back diémplitude=.03; .
fr M a M ® bit | 14 a?hﬁ?ﬂﬂﬂup?gé ‘{03; o3 TGN iyl Enpted ket Sind
15 Backgroundwidth=600; o A | P
rayns a Matl ab 16 SignalAmplitudes=(0 .085 .01 .62 .83 . o e
4] ; -_Wl"'-'?.
| nt ecromentect ed 17 DerivativeMode=2; 2
18 SmoothMode=3; 2
1 I 19  SmoothWidth=201; i
and i Pads ( i 70 SmoothRatio=201/ (SignalWidth/ 3
. . xincrement); a1 2 _
riphtThis reqy . e b bt a] e b
. . 22
b asl C I S| tmﬁdm d 23 yl=randi{1l)*BackgroundAmplitude.*gaussi | ==
B - = A O P AR

all the stand¢¢123456739°”.';*=
plus any of m —— S WD W W W - ) S S

scripts (or a| o ¢ 0
that you have
|l oadedyour acf{ 9 w e r 't 'y u_ i o p
Matl abh ®&Illadud h . return
versions have
speeds that a|l® , + ¢ v b n m . = &
a factor of 2| ' '
showidi meTr.i al

M3 @ O 7123

"
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https://datathief.org/
http://www.mathworks.com/matlabcentral/fileexchange/11077-figure-digitizer
http://blogs.mathworks.com/pick/2013/08/09/reading-from-sensors-on-your-mobile-phone/
https://www.google.com/search?q=analog+to+digital+converter+device&sca_esv=9c3862cfc17cffc5&source=hp&ei=KuUyaauXB-SPwbkP7oPfsQo&iflsig=AOw8s4IAAAAAaTLzOm97hAs-KhGn5WPDcf6hgun0N24d&oq=analog+to+digital+converter&gs_lp=Egdnd3Mtd2l6IhthbmFsb2cgdG8gZGlnaXRhbCBjb252ZXJ0ZXIqAggEMggQABiABBixAzIFEAAYgAQyBRAAGIAEMgUQABiABDIFEAAYgAQyBRAAGIAEMgUQABiABDIFEAAYgAQyBRAAGIAEMgUQABiABEiErwFQkwlYhFJwAXgAkAEBmAF8oAHlFqoBBTE5LjExuAEByAEA-AEBmAIeoAKvFqgCCsICChAAGAMY6gIYjwHCAgoQLhgDGOoCGI8BwgIREC4YgAQYsQMY0QMYgwEYxwHCAgsQABiABBixAxiDAcICBBAAGAPCAg4QLhiABBixAxjRAxjHAcICCxAuGIAEGNEDGMcBwgILEC4YgAQYsQMYgwHCAg4QABiABBixAxiDARiKBcICDhAuGIAEGLEDGIMBGIoFwgIFEC4YgATCAhUQLhiABBixAxjRAxiDARjHARgKGAvCAg8QABiABBixAxiDARgKGAvCAgYQABgDGArCAg4QLhiABBixAxiDARjlBMICBRAhGKABwgIIEAAYFhgKGB7CAgsQABiABBiGAxiKBcICCBAAGKIEGIkFwgIIEAAYgAQYogTCAgUQABjvBcICChAAGIAEGLEDGA3CAgcQABiABBgNmAMF8QX0cpW17GV5gpIHBTE3LjEzoAe43wGyBwUxNi4xM7gHqhbCBwYzLjI2LjHIBys&sclient=gws-wiz
https://www.google.com/#q=Arduino+microcontroller+board
https://www.google.com/#q=USB+voltmeter
https://www.mathworks.com/products/data-acquisition.html
https://www.tutorialspoint.com/importing-data-in-python
https://pandas.pydata.org/
https://www.mathworks.com/products/matlab-online.html
https://itunes.apple.com/us/app/matlab-mobile/id370976661?mt=8
https://www.mathworks.com/cloud.html
https://terpconnect.umd.edu/~toh/spectrum/TimeTrial.txt
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https://www.w3schools.com/python/module_math.asp
http://en.wikipedia.org/wiki/GNU_Octave
https://cvw.cac.cornell.edu/matlab/octave
http://en.wikipedia.org/wiki/GNU_Octave#MATLAB_compatibility
http://www.dspguru.com/dsp/links/matlab-clones
http://wiki.octave.org/FAQ#Porting_programs_from_Matlab_to_Octave
http://wiki.octave.org/FAQ#Porting_programs_from_Matlab_to_Octave
https://www.google.com/search?q=Key+Differences+Between+Octave+%26+Matlab&oq=Key+Differences+Between+Octave+%26+Matlab&aqs=chrome..69i57j33i10i22i29i30.1334j0j4&sourceid=chrome&ie=UTF-8
https://www.google.com/search?q=Key+Differences+Between+Octave+%26+Matlab&oq=Key+Differences+Between+Octave+%26+Matlab&aqs=chrome..69i57j33i10i22i29i30.1334j0j4&sourceid=chrome&ie=UTF-8
http://sourceforge.net/projects/octave/files/Octave%20Windows%20binaries/Octave%203.6.1%20for%20Windows%20MinGW%20installer/
https://www.google.com/search?q=GNU+Octave&aq=f&oq=GNU+Octave&sugexp=chrome,mod=0&sourceid=chrome&ie=UTF-8
http://www.youtube.com/results?search_query=GNU+octave&oq=GNU+octave&gs_l=youtube.3..0l2j0i5.18053.19469.0.20453.4.4.0.0.0.0.52.167.4.4.0...0.0...1ac.1.UrtIQXZNZoQ
https://www.google.com/search?q=signal+processing+octave&ie=utf-8&oe=utf-8&aq=t&rls=org.mozilla:en-US:unofficial&client=seamonkey-a
https://www.google.com/search?q=signal+processing+octave&ie=utf-8&oe=utf-8&aq=t&rls=org.mozilla:en-US:unofficial&client=seamonkey-a
http://wiki.octave.org/Octave_for_Windows
https://www.octave.org/
https://terpconnect.umd.edu/~toh/spectrum/TimeTrial.txt
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For signatcompotessi Mggluab®d®OcIPykfaosnt earr eand mor e
t han wusing ai tslpirlkeechldys hept cadeheets are more comil
wor ker s c o mp uWicd rasy etPhyat fh oNha tolneeb t hareea s i €epr ¢ ad gl e
witalmd they offer fl exi bl e pr eseenettast iaornes iamgul tesesre

manual da&ata ceamdeepasoiydmnt pemt abl e devices such as
(e. g.Gouosgil negiC3 hoeuedt sNourmiiehcegp)Spr eadsheets are-concr
|l evel, showing every $hngbdawviashhOdxPyenootel ar e

hif¢gevel and abstractcameltaus enwamisze m,@alned weeadihmrb,l
punctaatfonction Tcham dos svoermyucphoower f ak ,.f bluret i t
Matl ab anhdnGanawecri-ptl esbegsaf(dmjusii. mobaent eaxs
(or A.pyo in ,thséboc@esdéi dfesPytamome openedevaerrd i n:
on devices thatsed@rnosgtraalmaerde h faci |l itates the 1t
functions 1 ntlon o#@ dhdeird el fsseamgeuda of eusnoctttbeorn Bt oanusak |
defined functions, which in turwoolamiolcé@dl up ot direy
compl elxe e lg hf an t.aayFeonrst un aa red yR g aMmad & aesbilByxyce kol s
anfd x 6fsixl es and i mpodrutmntshe nrtoowsv eactdord matri x var |

Using the anal ogy of elecdirvnrietce¢etenmpasentsp,r ewu
every resistor, capacitor, inductory,ouand nt rsaeres i
mani pdiilrag et | y-baAefdumpectoigommmi ng | anguagmi br &e Ma
el ect,r omhiebrsen da thibeenid | es” t hat begin with "functi
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(unl ess yoat ctahe whodcdh o g bdup Feoekewamwpheah55 = nt i8mer "
pin timer, pulse gener awdpac@mdl D52 85| Btk Cchi ps
antdas becnoonse tphoepul ar i ntegratA dmocitr @adilt réwern r m:
done with dchepsiebetausprderstand the rel atfi vely
a chi pddalatnveatopr eat er number MiUMand&bd @Dci adremo 15
in Matl ab/ Octave itself, using more basic funct
functions of yowrxtewmnd tthet | eeamngaimtgiealilhy @Bgpat ever

The bottom |Iine is that fopr enjod eh e®@tynp beme t asKiser
Mat | ab/i®otmpwea ati onally faster, can handl e much
efforMthis i s demonstrateldatbfyonung i comparniegndn sgfe c
coveredl®@®eprges xdvseDresruos. Mat | Glb3)Om t Eavwednr anm@ant @ c
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https://www.apple.com/mac/numbers/
https://www.apple.com/mac/numbers/
https://itunes.apple.com/us/app/microsoft-excel-for-ipad/id586683407?mt=8
https://en.wikipedia.org/wiki/555_timer_IC
https://terpconnect.umd.edu/~toh/spectrum/CurveFittingB.html#spreadsheets
https://terpconnect.umd.edu/~toh/spectrum/RegressionDemo.xls
https://terpconnect.umd.edu/~toh/spectrum/CLS.m
https://terpconnect.umd.edu/~toh/spectrum/PeakDetectionAndMeasurement.xls
https://terpconnect.umd.edu/~toh/spectrum/findpeaks.m

SpreadMaeétad/ OandpRPyytgh@ams have a huge adsamt age
programs and compi lo#d cfaeecd warned prmodgdams mieme t h.

for specific needs. Simple changes are easy to
example, you could easily change the | abels, ti
Octave poogyams owshkei pgepaseh: for "title(", "I a
Mat cabeaicom@mmment s that indicate pkhaeageasmhhbarceh ya
t he Medradlgei nvite you to modify myhsafrtiwdrse alnidc d
embedded in the comments of my Matl ab/ Octave cc
ERDUcOGt WcUI WUYRYE IJ

Experi ment al measurements are never perfect, ev
typenseacsur ement errosgshemairmcwlgne lae@gverny) measu
consistently | ess than or greater than the corr
random erwlir¢ch there are unpredictable variatia
moment or from measurement to measumceilmmt. Thi s
anal ogy t o Tahceorues tarce nmainsye .sour ces of noise in p
vi brations, air currents, electric power fluct
static electricity, interferenceae themfitawi of age
l iquids, random t her mal motion of mol ecul es, bz

the basic quantum nat Wreaidfi zridiréoslingoorucsherstoar gy |
fixed number of digits)andiic o s mi &f rroany sout er sPplaemro f{ steheal st N E

everesent "human error", which can be a major f
adjusting, recording, calibrating, or controlli
Il f random error i ®apr engasn uidineoe tsd ad agdeatnigb ff yoire p d
results that are not all theasama gl uwhatcahe hier tvhe

of the values divi ded noySumidjylengtidy mbenr oirheamdapm v al
Matl ab/ Oct.akhe mosatcommon way to measure the ar
set of data valsiuasndiag dtid ewlldimg i toies t hiee square r oo
squares of the deviations fntbem nheebaveodgdadiavi
sgrt(sum((d - mean(d)).”2)./ (length(d) - 1)) , in Matlab/Octave notatiomhese are most

easily calculated by the builh functions mean(d) anstd(d) where d is the data vectérbasic fact of

random variables is that when they combym) mustcalculatethe resultstatistically For example,

when two random variables are added, the standard deviation of the surigisathetic sum (the

square root of the sum of the squares) of the standard deviations of the individual vdnaib&tab,

the functian randn(1,n) returnsn random numbexwith a standard deviation of 1. Therefore:

ioéi O0IQME PE o

I Eli oQoe Q1 G Qi i 1ico

Thisisdemonstratedby he seri es of Maal abh@stt lavek commands
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The Gemomah thwow eme.annlitrhges mor e gener adn tdareae, it

recording, including t heexnporiefsea iaongsrb gohtahreer parrotci ef s
applied. But 1t deasn oalbshoe mpteegiatnt oofn | tyhwehdeat lay i ndpes
that you sege@&astionmehbes uteopir €8.siAd nfiudnddiagmeanit al pr o
measurement is distinguishingFtolme exame laelp desmulpypi
want to measure the average of the signal over
peak that oclchuhres aibns otrhpet mdoanthésgpredc ghnaulnf of 1dhe f i ¢
t hiempoopaarntts of the data are probably the absor

height or the position of either of those peak:s
cati on. | n t hi s e X mnl o t hoe hoai nht n f t h e
l argest peak is ab|m oo

uniBtust. how t o meas U,y }
the exceptiyonmahava 50_\‘—’/,\_‘\\_
physi cadnas ynsetassmr i n

i nstrwhmecnifteo t b mp| et § "2 26 3 38 4 45 5 55 & 65 7
st abkefeggt t he randd, _ Secondmeasuement m2

easy way to isol at - |
i sreoord two signa

samérysi callf sysu esnu SDVX\
those two recordin| % 25 3 35 s 5 5 55 5 55 7
be canfcheelnl etdne st an . | | _ Diference between mi and w2

of the noise i ngitwe

bywqrt ({m2d)d@mere dsl '

the square root an|?=®

deviation. (The de 5 25 3 35 s 45 5 55 : 55 7
eXxpr esbsaisoend riash etsh & o

mat hemati cal @&m dwoarrskperidompoaugtat i on

https://terpconnect.umd)éE€kde/ Mabhadkpect aven/ Der i g
iSubtract Two Médes o resntetnldits® npr ocess quaabhaveativel.)

Busuppogsgdet metasur ements are not t dm@ree croerpdriondgu coifk
spectrum and nnd hattheraskat y ou could try to est.i
based ascms utmpé atont Is & evetrsm bflleuat o & et mer glniatlt | e r and
superi mposed onatneobeassainomdth pamgmmadf the true und
on some knowledge of the origin of the ssitigneal é
previ ou(p algle ttehaemt ababr pti on spectra of | iquid s
range of 4. nThh & so® 7DOInwatriidrys exhi bit broad smoc
order of 10osol 1001 Bmwiiog.gsléers tmuist daeslkkaae hose f
standard deviation of about 0.001. Ofetgeront lhe b e
signal on the baseline where the signaelg.iio3nhf b at
i s easy to do with a computer i f the signal i s

| ti mportant to appreciate that the standard dev
can be much higher or mudévbawef ®Bhaargbe aambe
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measur ement s. For examptltaedn(l,f)he Mihest abdhOchbaegerf |
nrandom numbemnsavaamegamvoeef zero and aniss anamage.
(I'n Python, t heprandamrdnd(mp f)Bmudniiisd nstnhast b ndar d devi a
wi || be different each otFi megaynphledy aslt aatdar tdh ate vf
std( randn(1,5 )mi ght vary randomly fr omhl&.ws otfo LZaraqre
Numb g p a3g6elt Itihse unavoidabl e natur e toHtahssniaa nld asredt s
devi ati omeriys roonudgyh aa@ ptrloe dmeedlyong fApopul ati ono

A quick but approxi mate way to epddimatm@ntglee amg

which is the difference between the highest anc
The pepalklk rreli@®d® ofarnmalrliyut ed irsanadboonu tn ubmbteirnse s
devi,atassncan be proved by running trMi08 | i ne of
rn=randn(1,n);(max(rn) - min(rn))/std(rn) .For example, the data o

figuaghas a pedlkri wittthe acehnrfhgeghpepefmkamoutsel od. t
baseline is also about 1.0, so'bhetésnbipderdode.

that ratio variesandgiih thenskdda @ain@immioé ®0 AGvthG®.n | 1
contrast, the standard deviati omi hbecaémbetstEeDsSEC
computandaredsdeviation i f possible.

n addi st amdl@ovidathe@bso pdsusti mloeb meaamepe tabeol ut
evi atmad"). The standard deviation is |l arger t
tandard deviation weights ndiremdliab tgrei amuetwant t i o n
variable, the mean absolute deviation is on ave

n o —

Theuabftg signal i's oftenseéexpadssad(dSIgNI ama tpiNd t | Vv
which is the ratio of the true underlying signe:a
height) to the standar
noise. Thus, the S/ N r
spectrum in tlMes fi gur e
about 0.08/d0th®1l s% g&h@,
pa@édasS/aM ratio.of 1. (
Soyowmoul d s agyu alhiatty tohfe
firsits obneetd eri belcass a
S/' N Mawaisoaring the S/ N
much easier i f the noi
separately, asn gtnlae . ab s
Depending on the type
may be possible to acc

45000

40000

20000

15000

10000

the noise alone, for e
; segment of the baselir
250 300 350 4::tb‘deh 450 500 550 600 t h e O C C ur r e n C e Of t h e
o the magnitude of the
e t he | eevesli gonfalt,h t hen t

1experi menter must try
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nstant signal |l evel to all ow measur eunseent of t
terative caP9eofdiettith@d sipagé amoonadthelmath  al
nctionpdlsyrdimiatsh ea wei ght e ds isnupne aokf fsahrampudihlee s ) o f
icsaen hhenheinsol at edt hbey nsoudbetlr-saford@mmigtelde exmp eor ment al
amphe gt aphe tbhoda tprme wifo urse-gpbatgee esxhpewsi( mamtka b | i
twhose noi se i st hbaatr enleyv ewri sgiobelse aand t he way to
| owed easy nhoi se measurement) . But rede¢l singnal
nsisting in this case of 5 2d0MerThepdinigf Snansaceé
e raw ddetbdanoadred ,t sehown in | ight blue, is the

andard devi atisahd o i gnboa uste 1rOali,ig e anbofirsdeDi0Dos o f

ientific signals ca® 8¥mdet mesobeusedni hi bhaegr
hi eve aSpgp\N oda@®)i@®galwlho wsk i goiang processiwngryechn
nsitive to noise, BYWchndsFpernkes hthddoemv migu t{ ipe

[ | Dhue JUR! MinRH ¢ IURE & qURY Rt 1J

Someti mes the signal and the hoiegeeanay : . océ mpantl
example, the signafregyenonpntaeaompmnenty &aod the
hi gher frequencies or spread out ovefri lataenrdicnhg wi
smoot(hpiadhgpd n t heabfowvgeu,r et he peak ifselqueacnyt @iomp o
wher ease tihee (haopgmar ediitdtyni bwatheldb movaeard a much wi de
frequency of noi sfer @ ggu ecrhcayr ascft ecer hi rzdeeds chrpiidsetddso i n  t
Whinoceiisse r and oem uaanld [pr~=r= "

w9 0O 0O FTO YD O ® S5 IO
O 0O 0O+ 0 — 0 X oc T o0

White noise Fink (1/f) noise
over the rangeltofd 15 15
name wWhibtmeg hwhi ch ha3 1 1
brightness at all w 11 e
region. Ther edoaespil” " - 0o
signal s amadfi nt hehef 0 0
t he rwhgihtté n st he aco ;s 05 .
white noisadissumds [+ i ne o 100 § >0 100
measurement scienceryldn mepamplse, guwadmdiogat § bn
(t her maphotnoon seegids ¢ he sionpgsdeenmaadsep ibkyag e whi te fr
distri batilotmaaveamaedh common their origin in disc
the flow of individual el ectrons or photons
A onnse that -hasgadémopmetleow t hat is, that has mo
hi gh fr equenc I&SI'],k i ) Proportional noise i Square-root noise

nol"seln the acoust.
sounds moao.grAl ¢t e mmar '5 !
encount-epedi ssbof p. ; -~ 05
"1/ f "noiwsheer e t hse noc

. . 04a 0

inversely proportic

|!Iustrated I n .the 05 = o 95; =5 o0 t he
figure on the right X x
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troubl esome thatgwhenesnandar dedawisat maon of pir
the accuracy of most smaadwuramaretvd aft & somd ¢omh @ nwshia me
by the Matl abn/oOcsteatveeshtf.ahc gearr ated the figure ¢
appl i camo otahniad-gl acbws | t(eprafigheggo r educe noi se IS mor e
noise than for pink noise. When pink noise is j
techniques,pptocaépnamppeengt hi moadutliaddlonmeasur en
contde meewrtr ent g Di@lttaeirgrmadli ng urtrlreeite {YACI)n sri gansail
frequency of the signal to a frequency region \
usd och amplarfitehre digital equivalehtthbeeseghal't
Anot her tfyrpeeq ucefn clyo wv eBir gohwt meiods merasonie <l éh if sbeort ani st Rot

Brown. I't i s also call ed "nrrealn chomh svedvlhk ¢ byhasaht
power itnhveetr siesl y p rsoguwerfte fornedghui esnoctyy bcea no fo oncouirs e
experi mesatnadl csaingnsaelr i ously interferepadt:®@ accur
Random wal ks and. baseline correction

Conversely, noisehitthlae g hearsc indsl eiespodcliabli Iseed ype of
|l ess commonly encountered inperapeas gemaahtsalt hwor k,
subject tadiddme pnorftpabgienr t hat deava viboréaem esdo me
bl urorri nogr opdede®alglpd Bl ueeastiwder aduce (bpa2gfanocaontdh i n
it has |l essqgehfestfons|l edaan the .equivalent amol
2 0qUHQRYULWGORGRGQq
Thedetection | imit®" i
' small est signal that
detect in the presenc
guantchamamal ysi s, it
usually defined as th
that produces the s ma
signal (Bef Artshmagte ads
bel ow the detection |
reliabl.yh@tetiexc,t eidf t h
measurement i s repeat
wi || often be "l ost i
- reported as zero. A s
4 . detection | iydiett ewitleld
and will séledcpmordre dn e
40 1clru zclru 3[er 450 SEIIID sclru ?clru aéru 950 1000 Zzer o. The ma botfe c o mmo n
Target SNR=3 SNR of peak =3.1 RSD of est. height = 4.7% Points averaged = 0 S i g—tn-md) i sef orratried i abl e

detecsi ®d8n This is inltulse rlagfetd ( airOcdtaevdki gy rtepe N

Signal-to-noise ratio (SNR) of a peak signal
T T T T T T T

Observed signal

SNRdemo. fiihgssreews a noi sy signal indehenéormeofs
as the average signal magnirteudd el idriuer ¢ mgide ham@ wi s
the "noise" as the standard deviation of the r&é

which | srabghlty 11 6t5peodk thas @leilake)kTnhbeirgedis r =i, gn al
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tooise ratio (SNR) i naddmmor abdeSNRI tadbeahgtioetfd ,o nwH |
This means that signals | ower than this shoul d

But there. heBi gmegn® bdleenar | v Jdrel feasdhtalmlitietploy sepé e t

vi sual | pwdiegnreaclts t han btehiTsh.e Haows wean itshi"saver agir
this sigmadognyoiuowmsley esti mat i nogn tthhee aswa egrhaag e pouf
t he b,adgaenyiome detection ability is enhanced by
| ooki ng ndan Iwiadaalpoi nts in the signal, only abou

the SNR=3 criterion.abYtvieatansevee ail nptoh altagwedrmh it ¢
than somegdztra hppoi nts on the baseline. But this
properly written software wil/ include averagirtr

I n th&8N&demptihe number of points averaged is ¢
in Lindd ®H%ou sreds(@bhdavin boe [5omet hef t) showg etaltdt a
of which is now the averabeveftherhWhiiescsmgr@aophet
morcd osel y hrogmpjua dagpt s

Signal-to-noise ratio (SNR) of a peak signal

signal l i ke that in tF

which has a cl ear sepe
) l and balsheel iS?NeR of t he p

| mproved fromh8.1 to 7
7 1 detekctmon wil |l be corr
=, reducédé a r ufloer otfh et hnuor
81y 1 common type otfhae ama om
@]

decreases by roughly t
" the number ofi mpotimits ¢
cas@,rt(5)=2.2). Hi ghel
b 1 further I mmamave etdlue eSN
relative standard devi
Si gn alurte stphoenisweh itcihmei s
the time it takes for
t he averwiglel viaé¢ aeme s
and sl ower as the numbdrhicf i paismhtogveathegt agad O0i nc
points .Wivtehh agemduch | ower si gnanoteqgrugablt etbal glb.l Ce, t
visyuabiuy with a 190gmpal npr awviddiiatgael, i avhegroaogli ng be
averagingSimithkirsbeadsaei or would be observed if
than a rectangl e.

_2 1 1 1 1 1 1 1 1 1
0 100 200 300 400 500 600  FOO 800 900 1000
Target SNR=3 SNR of peak =7.7 RSD of est. height = 4.5% Points averaged = 5

| 8NRdemotmme noise is constant ahdwhindRepiesdeiht e
I n t heSNRdenmonHettehe. moi se in the signal iog dire
to its ,sqaumd eagoadtresult the detectiogrhpmit de
See D8 et heSNRdeamnAr ed. mar ¢ mat peskmeasured ratht
hei ghtrcdhsutilme IBeNiRnmgppr oved by t he squar egrraophi oof

Anexampl e of a practi ctahialalppd thrcaathed hiwgiuld ds bebowa
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turn on a warning | i ghtdsotrkarbeuszhzbeurd Tlhofif stlhwed ud idg mal
woriK yotuhreasved naviegmaghphde vpaogbs€Ere i s no threshol
would never be exceeded by the baseavienrea ghgudtala | \
would reliably turn omnftédedahaver abbtvevathe itthrl
Yowi dllso hedalki mihte o fr @etwhrincihn aitsi otnhe | owest si g
achievesmaamcepmabl e precision, defined as the
ampl iTthuednei.t of deter minati on itso adieda nreat iad, as amu
depending on the requiAvemagitegosugbuasagphechert
ofs mootohiwmhlgi ch is coverne@addglen t he next chapter
EUt DOHGUYWeE 2131 ¢NRUN

One key thing that really distinguishes signal
measurement of the signal to itdheeadpeygducwhéreea S
signal can be measured more than once, use canh
repeatedly, as Bhdsdi mdd upsheprmecatbiyoraa me na rstd hpeoni ndti v
the number of si gnaednss eanwbelrea,gacada d alghti nsg s so fuwda | d fe dt

me tdhso f or i mproving signals, when it can be app
random, and the signal mustLockuat at hé hex am@mmlee t
Window 1 wWindow 2
=06 polnts, X 1.0e+0 ENETEE T -1.8e+0 =.3e{ 256 points. X 1.0e+0 =.be+2 T -6.2e-1 1.6
- 1.50—:
100
1.00 ]
0.50
0.0 ]
0.00
-1.00
.50
D.SIU 1.II:III 1.5IIII 2.II:III l 2.5:0 III.SIIII 1.II:III 1.5:0 2.UIIII 2.5IEI
x 102 x10%
Window 1 (1l eft) is a single measurement of a Ve
this signal, but it is difficult to measure it
i's very poor. Wi nadgoew 02f (9 irgehpte)a tiesd tnmeea sauvreerme n |
showing the peak emerging from the nosscuwar & hreoa
of 9). Often it is possible to average hundr ec
i mprovement. The S/ N ratio in the resulting

The Mat | ab/EWcsteanvbel esAcvreidpatgne De mo ames t hef oecami qu
ensemble of | 50Qosi @gama&l scda dcikn o )obthh gsr aosl issempel wen
in the vi deotdreBEma#d nmikesAv eorEangseelmbw nevAv e rvalgieddre mo .
shows the ensemble averaging of 1000 repeats of
You can alisga triedycd eem seonb$leutavenmlayiinfg,smal |l amo
noi se are present .ienpa®@®8 added to, the signal

Vi sual ani mati on oTfh cesnuddégeelcloen dEwe relaadpil rAv ¢ r age 1.
demonstrates the ensemble averaging of 1000 r ey
itself consists of three peaks |l ocated at x = I
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signal peaks amei Parwlkadse nstramdlamd devi ati on i s
small est peaks is 0. %eaewhiigrhali,s mwah tloeos d ome & ou
the accumul ating average signal as 1000fmeasur e
runthe noise is reduced (on average) by the sgq
smal |l est peaks ends up being about 3, fj uysotu eanro L
reading ,tlthicktendiowmelbvsadéo (2 MByte) in WMV for.

2G0T JUusPIWYUW RNUcOGWEOGGUIRaagel 1J

Noi se can al so be characterized Goyn stithaem ¢vkagyr oiutn d\
noise Iis independent of the signal ampl iwhu dceh. i
a behavisomftlRat obser ved mans se ns psesinalno itIcpedgdyter nocsyc o |
spectra.Tohfteecsihgmaameas for t hese t vho noyspreashasft ilce ha

o P12 Linearbaseline <utraction | heterosrcedmedtiicve
10000 11 One way to obseryv
g ol llselect a segment
mr llover which the si
, | : ,
= w gy e (| tomwl tpepahked e |
A o 1 (pa2g0p4d and obser ve
o | o L | | Nl ampl iTtheke.er i ment &
- - i - e si gnmdeowm t he | eft
the top panel, shhoavisffletéemnee vh st W & rundo)idsaen. s i tghe
beftt morded)fl(ritofnee agu amuefyviet t i ng( mgagdpd &t isdhirown i n t
bottom panel, | eaving the bhbesienmecrnwat ysvigndl e
ampliithnudd.i 8 oaber cmisght ithmer @@asasewi th the squec:

mi ghitndependent of ashei nsitghnealeX®@mpplie uodne page

Often, there is a mix orfdpntoiicsae s swiétthr rede sfcfoeprygeanne
types of noise are recognized, based omhdthen r
noidet ect,ordmibclser (flLuPthwatoinompinsei g@ften the
nstruments that usewlpitméedo mwsl tpir plEiaeutairdeeh ta docotityanrt 4 )

[

i ntePDsi ¢égtor noise (often the | i-snmiattien gp hnootiosdei oidr
deteciodepemsemte | ight intensity and therefore
the |ight intensity. FI'icker noise, caused by |
errors, sample turbepended paghtcbeattdusnhg bul
proportional to the piingghtth ewh ftéheasiiot t h(eardd iick eus t
decreased by iigmdr.e algnemumpridtdytei ce, t he tot al noi se
contribution of all three types of amplit.ude de
Only in a very few special cases is,yiou possi blce
satisfied by i nacsr enauscihn ga st hpeo sSs/iNo Irea.t iTohe key i n
understand the possible sources of noise, breatl
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generated by each part separately, then seek toc
as possi bl e. For example, in optical spectroscoc
el iminatedelkeybaskngt@amodsizrmad i @nbet tienrt drtiregatid a rsd L
or specialized i ndd u-hubnednuta bdveesliegengsi psautwmd ealsengt h
modul @pa3gt0 The effect of photon noise and det ec
l ight i ntensity at the detector, and el ectronic
the detector FRinxgpeadb t e eilnre cdorireaeyl cdkset ect or s can be
Photoncaonike predicted d43 oinishfalswes ¢s pprmei andcsi hphl eetss  t |
photon noi s+ -oloiimiet dodelhslivgawai boi [belte s peftt wopdot ® me ¢
Sspectrosmaaepy C emi Ssion spectroscopy
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Anot her property that dgoirobiabgdi $ lyetshies af nudndcu ti moanin
describes the probabililhiyn od @enmtaaidiomr vy 2 iadd lev
measurements, the most amommaln adussot eciald U teido ma si sa ¢«
Ahaystacko curvelGaas@uiaay de®oy B &4 ghdad )
(sgmwy Li*y mavimeirse t he mean (aveghhge) heabttandadd d

this distribution, the most commednramids d her req Ir:
become |l ess common the greater their deviation
common? The noise observed in physical measur er
random events, each ofbavwbhilciht yh adsi sstormeb uutni konno wne |
kinetiicepropegasesher quaquuthe maeth afouchd ment al p
such as photons or electrons. But when mamy S U
observed quantity, the resultinmg mad dlaabilsityed:rk
Gaussian function. This com@emt rodls elriviaitti ohhe cr &

As i mulcaatni odne monstrate how
arises.nanut bkl gxgygmpul e o
start with uwnisfedar mify 1di0s tf
random numbers that have
having any value-bet ween
bet ween 0 and +1 in this
function in moisMatslpalk/ads|
Octave). The graph in the
figure shows the probabil
ahfi stogram that ,rahdarh v

Single random variable Two random variables
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Four random variables Normal distribution
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e > o di vi dleGsO ,nCoCedb e r se q md lol Yy 0
ContralLimitDomo m spadbdomfsdabout 20Q0 numbe

Ne xyto@mo mb i nseu stewiasn @é pendeintor mly di strs bhlttreac triam
thesem that itdentaevreadagaet zer o). The result (showr

figure)yilaagywdtari but-1 caande+weewi t h t.heThadghsessét p
there are many ways for the differencoenwagt Ween
the differedAcdtthatbdappemst onl y ainfdhenet hembées |
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http://en.wikipedia.org/wiki/Feedback
http://en.wikipedia.org/wiki/Internal_standard
http://en.wikipedia.org/wiki/Internal_standard
https://terpconnect.umd.edu/~toh/models/UVVisSNR.html
https://terpconnect.umd.edu/~toh/models/DualWave1.html
https://terpconnect.umd.edu/~toh/spectrum/Differentiation.html
https://terpconnect.umd.edu/~toh/modspec.html
https://terpconnect.umd.edu/~toh/modspec.html
http://en.wikipedia.org/wiki/Fixed-pattern_noise
https://terpconnect.umd.edu/~toh/models/UVVisSNR.html
https://terpconnect.umd.edu/~toh/models/FluorescenceSNR.html
https://terpconnect.umd.edu/~toh/models/FluorescenceSNR.html
https://terpconnect.umd.edu/~toh/models/AES.html
http://en.wikipedia.org/wiki/Probability_distribution
http://en.wikipedia.org/wiki/Normal_distribution
http://en.wikipedia.org/wiki/Gaussian_function
http://en.wikipedia.org/wiki/Gaussian_function
http://www.wolframalpha.com/input/?i=plot+y%3Dexp%28-%28%28x-mu%29%2F%28sigma%2F%282*sqrt%28ln%282%29%29%29%29%29%5e2%29+for+mu%3D0%2Csigma%3D1
http://www.wolframalpha.com/input/?i=plot+y%3Dexp%28-%28%28x-mu%29%2F%28sigma%2F%282*sqrt%28ln%282%29%29%29%29%29%5e2%29+for+mu%3D0%2Csigma%3D1
http://www.wolframalpha.com/input/?i=plot+y%3Dexp%28-%28%28x-mu%29%2F%28sigma%2F%282*sqrt%28ln%282%29%29%29%29%29%5e2%29+for+mu%3D0%2Csigma%3D1
http://www.wolframalpha.com/input/?i=plot+y%3Dexp%28-%28%28x-mu%29%2F%28sigma%2F%282*sqrt%28ln%282%29%29%29%29%29%5e2%29+for+mu%3D0%2Csigma%3D1
http://www.wolframalpha.com/input/?i=plot+y%3Dexp%28-%28%28x-mu%29%2F%28sigma%2F%282*sqrt%28ln%282%29%29%29%29%29%5e2%29+for+mu%3D0%2Csigma%3D1
http://www.wolframalpha.com/input/?i=plot+y%3Dexp%28-%28%28x-mu%29%2F%28sigma%2F%282*sqrt%28ln%282%29%29%29%29%29%5e2%29+for+mu%3D0%2Csigma%3D1
http://www.wolframalpha.com/input/?i=plot+y%3Dexp%28-%28%28x-mu%29%2F%28sigma%2F%282*sqrt%28ln%282%29%29%29%29%29%5e2%29+for+mu%3D0%2Csigma%3D1
http://www.wolframalpha.com/input/?i=plot+y%3Dexp%28-%28%28x-mu%29%2F%28sigma%2F%282*sqrt%28ln%282%29%29%29%29%29%5e2%29+for+mu%3D0%2Csigma%3D1
http://www.wolframalpha.com/input/?i=plot+y%3Dexp%28-%28%28x-mu%29%2F%28sigma%2F%282*sqrt%28ln%282%29%29%29%29%29%5e2%29+for+mu%3D0%2Csigma%3D1
http://www.wolframalpha.com/input/?i=plot+y%3Dexp%28-%28%28x-mu%29%2F%28sigma%2F%282*sqrt%28ln%282%29%29%29%29%29%5e2%29+for+mu%3D0%2Csigma%3D1
https://en.wikipedia.org/wiki/Central_limit_theorem
http://en.wikipedia.org/wiki/Histogram

1o F1) . Ngotwo mbfionendependent randomhearieahbl eésngl dy
notwas a tofalt or a2g elbealfiskietl yi st heavte nt h2e arnedsnuohet@ yb e

ways for the result to be small, so the distri!l
tbookalmd&remal Gausgeaardisdrbputtsiomgghbhbeninfandn
reference i n ytdoeonbewenr ei ghtdeppehtient wunihfeor m r &
combined probability distrtihGeat s, shafvwecomemmart DS e

the botThbhbee rmpbtt athte npeai@Gato giss atnh adti ys darbi sbeurtvieo nh etr
i s not forced by prior asMawumpadamndowmltched ,a i Ma ts
si mul athtotnp :f/r/otmer pconnect.umd. edu) ~toh/ spectrun

Remar Kahbkel yd,i stri buti on aornfatitagd.isavM bduu acl o uel vde nntosd i hf ayr
di stributions duwbdthiitsuatdidmge lttalioeno o yb ysaudihf iaessd v er
sgrt(rand), sin(rand)o, orbatead ™2 golitdhgagaidiavnidd yalt c

di stri butt isoenesms Buhtati no matter what the distrib
by the time you combine even as few as four of
t oornmal -wo Rieadcd r 0 sodbspeirai ant iscanreenwcdé&ehley r ens U lotboialél i ons
of ndi wmmicvaolevepit s, so whatever théendr eemilsi,t yt h
combimaed oscopi cofothgsner e at h oa sn omrenagle ryd iescttrl iybutlit o
common adherence to nor mal di stribution® wé€atot
t hnee asmt andar di,|ldeadgtadi @esn f iidretnecreveatlcs. , are al | b a:
assumepfti@annor maButi stdosbusuahly a very good ass

Even so, experimentallweys vmaile tainrde 1 0oti Iseer ear &r en o e
that fall wel/l beyond the Anormal 0o range. They
effect on the standpod cchancivhmit@®ar gluer HUBQHR)C anB g e
defined as the difference (bieptaewers)n iphten28)ppEr an-c
instead of the stahdardtrdaenggaadfiifseiteoecthl e b y.u akdfre wa
normwalstri bution, the interquartile range is eqg!
way to check the distribution of a | arge set of
deviation and t.Helhenteoguolhé¢3tht he dasgei but.i on i
If the standmudhidger ati bd ydgtosmtsadtnsproautdb er s an
deviwtt hdet outliers can be better estimated by

The i mportance of tihse trhoaartmalf dyiosut rkinlmim i$dime st an
measured value, then you can predict the Iikeli
certai nMbaonaunt8. % of values drawn fr admwaynbdr mal t
mean5% of the v2abhuonds 9Di & wBuErthd iswii tsh ik3vsd vyrmaB g tutl tee
the real pr actsitcaanld aprrd® kddeeven aitarod htt ¢ : measure accu
| arge numbe®Sasdbi® kEawmpbtsb@eade)INwutnmbtehres st andar d
is usually glocahl|l ede sy gpmalo. i

Ththree characteristics of noheefdieguesnsgddistr
amplitude distributi eare amut ualel wiNigneddmpaaregpemigp e i
have any combination of those properties.
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https://terpconnect.umd.edu/~toh/spectrum/CentralLimitDemo.m
http://en.wikipedia.org/wiki/Mean
http://en.wikipedia.org/wiki/Standard_deviation
http://en.wikipedia.org/wiki/Least_squares
http://en.wikipedia.org/wiki/Confidence_limits
https://en.wikipedia.org/wiki/Interquartile_range
https://en.wikipedia.org/wiki/Normal_distribution#Standard_deviation_and_coverage
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calculating, measuring and plotting signals anc
Ga u s Pie a mmplitude*EXP( - 1*((x - position)/(0.60056120439323*width))"2) ,

where ' ampltihteudnea'xi mum peak height, ' pos-axisen'
"wi dt h' i s t hmea xfi mMulm wiFdAMHM) a to f h & Ihfes | pgemaakne 6 wWB L 8 B 5
and ' x' is the value of the indepéeondenpewanb@niabl
amplitude/(1+((x - position)/(0.5*width))*2) . Ot her useful functi on:

MA X, MI N, VARRDAEN\D,, and MbASRT IsLpEr e ad s hueneitfso rhnalvye o n
di st rridbrudoend number funchoomdil RIAMNIGHudeoendl nruartb ear
buittmush more reali sti cndromeiisrurlBabduetnséokrrroyr, s ytohua tc
ustehe Central Limit Theroagrenm ity rcirabautiiossd & pmpbe x is méb
combining sever,aF RAXNDwopidena kixhmpean eSGR(TBN * ( RAND ()

RAND() +RRNDNDEYrates nearly nor mal random numbe .
deviation very close to 1, andpaemdsxihmem madegeé :
Ssimul ate the operat i(olnh eo fe xBREREYstiIROBAIM - i nstr ument
RANQO+r RANQ-RANOt RANQP-RAND) wor ks similarly but has
rangdge)create random number s mli,t hs nmpstbygmlidyhad d e\
numbemlfcreate random numbenzerwi talmliddimpt g nembge . ot |

Thient erqguaftt QRr camglke calculated i amuaprnedddsH
the fiQUBWARTIeL BGB74:QB8ARTI L B(5B7:, 1)

The spr Radsiedlumbefrosr. xERanedlomNaumthh er s Opeé s Of €en e,
i malmeel)ow and t he MaRANMNDt ORA NeDtle macirs tprtat e t hese f
technique 1 s usSidnulna ttehdeS isgpnr,ael addGEaudsestd amp Ktl sx  an

simulated signal consisting of up to .6 overl apfg
A B C D E F g H 1 J K L
1 |standard deviation (STDEV) 1.013263 Tom O'Haver (toh@umd.edu), 2013
2 |Interquartile range (IQR) 1.339356
3 |Ratio of IQR/STDEV 1.321824 Press F9 to get another sample of randem numbers.
4 |peak-to-peak value (PtP) 5.489251
5 |Ratio of PtP/STDEV 5.417399
6 Normally-distributed random numbers approximated by
7 |Column of random numbers 0.155137 1.73*(RAND()-RAND()+RAND()-RAND())
8 0.355279 4
9 -2.05102
10 0.231055 :
11 -0.55256 2
12 0.183557
13 -1.07684 B
14 -0.41887 o
15 -0.92242 il IR e el (e ol bl b el slad apaba iAo
16 1.766194 1
17 -1.09515 N
12 -0.90051
19 -1.25545 3
20 -1.17234 .
21 0.27817 Histogram
22 1422721 180
23 0.55425 150
2 -0.28575 w0
25 -0.7067 o
100
26 -0.33184 a0
27 2.175868 50
28 1.30887 40
29 -0.67297 zg
30 -1.32881 4 3 2 -1 0 1 2 3 4
31 -1.44145
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http://www.microsoftstore.com/store/msstore/pd/Excel-Home-and-Student-2010/productID.216446900/vip.true
http://www.microsoftstore.com/store/msstore/pd/Excel-Home-and-Student-2010/productID.216446900/vip.true
http://en.wikipedia.org/wiki/OpenOffice.org_Calc
https://terpconnect.umd.edu/~toh/spectrum/SignalsAndNoise.html#PDF
http://terpconnect.umd.edu/~toh/models/
http://terpconnect.umd.edu/~toh/models/
https://terpconnect.umd.edu/~toh/spectrum/RandomNumbers.xls
https://terpconnect.umd.edu/~toh/spectrum/RandomNumbers.ods
https://terpconnect.umd.edu/~toh/spectrum/RandomNumbers.png
https://terpconnect.umd.edu/~toh/spectrum/RANDtoRANDN.m
https://terpconnect.umd.edu/~toh/spectrum/SimulatedSignal6Gaussian.xlsx
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Mat lasnfict dawvwe e -imuifluthcti ons that can be used for
signal s and meama.,mn,i,sitkdol ydicevgpd shd st orgarnadm @ah d n
Just type "help"™ and thheprompti oe Mgame el phreaeed

funcapphg to vectors and matrkFaresexammled | iafs ya
resul ts i n ameada(gtroeat wramrs atbhsed(y)d weert aug entsa nt dhaer d
deviatiahl tyhe Fwal stde< 0iop sgrt(ensan(y.”2)) . You can sub

a scalar number frwmvamin¢ecstedrs (tfher | eoxwarsmol es,al ue
zerlof) .you have a set of Ssighate eéach heolroms wo0é&p

each signal at the same value of the independer
average of those sianals just bv tvpina
. akfit.m Version 9.2 No baseline cormrection
"mean(S)" , whi ch compuj| sof pet™ - i
each coSluMot efthat N
vare abhd mes-sanes.i t(aWoagm' / .
open the code for a*,,l ) \\ hg
its name and sel ect e N
Th'erandn"™ function i 2 - o ! 2 3
i . Peaks =1 Shape = Gaussian  Min. Width = 0.66429 Error = 2.323% R2 = 0.995
gener atedi sbrmhut gd Single fit
- L Peak # Position | Height "Width Area
n u mb e r S WI t h a me an 1 1 . -0.01056 27292 ) 2.249 649.9 .
deviation of 1: e. g s} B a
vector of 100 such oL ]
after i mporting fAnu a X
5 8
i s s inpmandom.randn(100) ) . , , , ‘ ,
2 -1 0 1 2 3
Il n the foll owiinsg uesx Residual Plot
generate 100 r aMatolnalmgmiaai sncttihemhicompagnt &@m t he
(probability distributi myp)eadkfffidtrhaftgiedghethmw olmo adi mt

| i)h katGaussian functiop(l ot t erde dv)ittttihlmast di.str i buti on
[N,X]= histogram (randn(size(1:100)));
peakfit([X;N])

|l f you chhege 1060 1&dWegmember, thef dikBosebontmba
becoaless ecrl odsiedra per feercd iGlau spsa akn Hat éasi #MPdser t

ani mdthiadn demonstrates the gradual emergence of
Arandno sampl es | Moneadheow frmaom Zatmpl eG00.t t ake
di stri buft oomedes "wWwealmldn'l on i s wuseful in signal p
uncertainty of measurements in the pMoead enoclaradfo

t hbeoot met Apds t hat willalt ebd pehdy®BB)ONE@de i nl m t he P
version pfyboseladmpy,k ange lpdarsdtge,, aonrd dr op, n@&nyro:
mu Htiine code examples into the Matlab or Octave
Entted execute it 1 mmediately.

Pag3®5 |


http://en.wikipedia.org/wiki/MATLAB
https://terpconnect.umd.edu/~toh/spectrum/SignalArithmetic.html#Octave
http://en.wikipedia.org/wiki/MATLAB
https://terpconnect.umd.edu/~toh/spectrum/SignalArithmetic.html#Octave
https://terpconnect.umd.edu/~toh/spectrum/mean.txt
https://terpconnect.umd.edu/~toh/spectrum/max.txt
https://terpconnect.umd.edu/~toh/spectrum/min.txt
https://terpconnect.umd.edu/~toh/spectrum/std.txt
https://terpconnect.umd.edu/~toh/spectrum/kurtosis.txt
https://terpconnect.umd.edu/~toh/spectrum/skewness.txt
https://terpconnect.umd.edu/~toh/spectrum/plot.txt
https://terpconnect.umd.edu/~toh/spectrum/rand.txt
https://terpconnect.umd.edu/~toh/spectrum/randn.txt
https://en.wikipedia.org/wiki/Standard_deviation
https://en.wikipedia.org/wiki/Standard_deviation
https://terpconnect.umd.edu/~toh/spectrum/peakfit.m
https://terpconnect.umd.edu/~toh/spectrum/peakfit.m
https://terpconnect.umd.edu/~toh/spectrum/peakfit.m
https://terpconnect.umd.edu/~toh/spectrum/RANDNGaussianFit.png
https://terpconnect.umd.edu/~toh/spectrum/RANDNGaussianFit1000.png
https://terpconnect.umd.edu/~toh/spectrum/Histogram1000.mp4
https://terpconnect.umd.edu/~toh/spectrum/Histogram1000.mp4
https://terpconnect.umd.edu/~toh/spectrum/CurveFitting.html#Monte
https://terpconnect.umd.edu/~toh/spectrum/CurveFitting.html#bootstrap
https://terpconnect.umd.edu/~toh/spectrum/CurveFitting.html#Reliability
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|l f you find that you are writing the sarmeptaer i e
f unctthiaotn wi Il save your code to the computer so
typographical errors or clumsytcopygti eagyand @armst
defined scriipn sMatRdath omraut omate commonly wused :

| n Maddiapt s sandj usutmptl ieo t & xa rtdh'iel le"s fsialvee.d ™Wh e hdi f
bet ween a script and a function is t hast ra pftu nicst
just any Il ist of Matl abscadmataln dtsh ea nwa rsit aalt leemse nd &
|l isted in theawdr&bkbprnede wi tFHbamtat eaadoxnstclhrd patsher h
vari ablnegsranmrad and pr.iaWwautees tcoa htohbaet pfausnscetdioonn t hr c
i nprwatr i abl eag gucoeinlaeed v al uefsr cime benphisswtdp bt oug
var i,abwhisch are both defined in the first I|ine

[output variables] = FunctionName(input variables)

That means that functi onkss aorfe cao dger etahta tw apye rtfoo rpm
a form that can bet esredpas avwidiphbauuate tveoornraytienrgn atlh
vari ablwaitmamée function wiWheaoryfolui avtr i d ed ac d wan
save it to the computer,-ianffunctcamsbé hasedajme s
can upload it to your Matlab account, where it
simpl eeexamplnction that <calcul atesrshdemrel ati v

function relstddev=rsd(x)
relstddev=std(x)./mean(x);

I n Python, the samd ifkenctoi:on would be coded

def rsd(x):

return np.std(x)/np.mean(x)
(The i ndemitfandc Bpttdhssnnot required in Matl ab but
clarity whem®screpdisngndodehncti onsncahdeal vVeosthe
scripts must  hsatvoer retdi dee eMian ch Rathpcattnilso ns, orm atnhe ot
have theirfureqtuiicgred deafbi ned within t hecomatiani nfeudn

Il f you write a script or function that call s or
someone el se, be sure to include all the custor
funcsedbdrst avimdd al | -fruengcutiiroendd fSiumbmleu déd nagns secrrrioprt s
me s s age Urdefibed mreetios., " ", you need to downfpopamoh th

http://tinyant. pbmtMealatel BarbowhOct a\WNeotee ar dMatp atbh R20
|l ater, you CAN includgt fphateonBemi athiinhesecemnegt g
additional Nfendod statSement to each function ad:c
https://www. mat hwor ks . c o ni/uhneclipd amast d.tas./ hmamll ab _pr

To grtexplanation ofuactuonothbomehet gpewihledlepr o mg
FunctionName is the name of the fRorctwrinti g, or
scripts and ,t heattd sotn sv, e rivsaiaohnd boPfy t&ahtdiens eSepiyrdtesgr n a |
When you are writisgryptus, owouflsantosuialfn 'l opaanynse nat ¢
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http://www.ugrad.cs.ubc.ca/~cs302/MatlabGuide/node11.html
http://www.ugrad.cs.ubc.ca/~cs302/MatlabGuide/node11.html
https://terpconnect.umd.edu/~toh/spectrum/rsd.m
https://www.mathworks.com/help/matlab/matlab_env/what-is-the-matlab-search-path.html
http://tinyurl.com/cey8rwh
https://www.mathworks.com/help/matlab/matlab_env/what-is-the-matlab-search-path.html
https://www.mathworks.com/help/matlab/matlab_prog/local-functions-in-scripts.html
https://www.gnu.org/software/octave/news/release/2021/10/30/octave-6.4.0-released.html

beginning wi%boti he Pgthhhaota getxeprl ai n sYowh ami lils bgeo ign ¢
di d .| altheer first group of comment | ines, up to t
usedhas "help file" for thRunsestirompdnmpbchonsncetrto n
l i nesatfumrcttiton or script in the commarddnwitnadnws,
scriptos. al so a great idea to add one or more e
i nto the cTohmnsammwd |1l3 cwmed.kped sy ainrd f uncti ons much ea
both by other peopl e Raemsd sy tyhceu rt seedpst ayta uotnd etvod lusd
custom functions for your own work, you wil/ b e
yourmwoadkers, or even itb yourgeadfbeomrmdsyey ftutius ef,r
personal (lexgied i mmtceal ways). foll ow my own advice

Mat | asb vhearsy hdédwmndy flualovhéeemnyou type a function ne
yompmause formafaemomgmi ng the open parenthesis i mr
wi |l | di suppl ay sa ipnogp alvartihaeh | pgossr sEilmbi Iied wion kst even f
downl oaded functions and f or @&lntye sngeewc ifaul nl cyt i hoannsd
t he f unsa iman yhiamausasrii dallbbeéhtthsarsd t o remember al | of
staytsheonscreen Rhisglyloiugdinyiipaalgltemarhr emi nd you wher

fi »: peakfit| vl
< peakfitisignal,center ,window, NumPeaks,peakshape  extra,umTrials, start,autozero, fixedparameters,plots, bipolar, minwidth, DELTA, clipheight]
More Help..
This feature isie¢eassyyhaveytl hh®lkiMok € hgldiogk .t. h e
right displays the help fNoteha®ctfanetd oeas i mota

f Uql ¢cAqR2IUMBR BRI HURGG Gt a LU

Mat |Payt hoaMat he naahlavwet er act i vteo aclotnevrennatiiiovneasl S csrcirpit
i naMlaa® interactive documents thatandombiepeacod:
contrionl laerssi ngl e environ(enwt &iniwed dtahbe el iivne MA
R2 0 laenbd )ISeetee @@ B¥Yt halupyt er Wihoitaertbeo oukssed t o creat e
narrati ve arMaurmde njauadgépadcloalse nbuinltter atchheami pul ab e n ¢

functi omakeThietseeasy to create sharable interact
devices gdwovm ame npuwssl,l check boxes, and sliders t
Matl ab, you can simply open di tcornnvseendti oftnhael i(n.tne)
devices dir eonhley ei nthe tnluenbsarsi pth assi gnment st
you save it, it becomes an . mlx file.

Live scrieppe cnaasdhkpdryiMatdt abcusa&tres custom tools fo
An exampl e of a portiomn tdfe aekitive axca mplk ei Sh e We
interactive controll ers.filiené hlawshadwso ws byuotut otno
specific file, in this case a datca efciklboowtelsah W
used to enable or disable optionsali,deahsiiaornes uosfe
to control continuoudksramwnaimées . aLl oes lhubbiowke
pull ed down in the screenshot bel ow.
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https://www.mathworks.com/help/matlab/matlab_prog/what-is-a-live-script-or-function.html
https://jupyter.org/
https://terpconnect.umd.edu/~toh/spectrum/DenomAddDemoLiveScript.png
https://terpconnect.umd.edu/~toh/spectrum/DenomAddDemoLiveScript.png

Fourier self-deconvolution 0025 0rigina| data

Tom O'Haver 4/5/2023 | Original data
| Self-Decorvoluted
. . . . i s . ) 0.02
1 Open data file |file= uigetfile('*.csv;*.x1sx");% Click this button to load data |
2 mydata=xlsread(file); % from disk in xlsx or csv format. |
0.015 I
] Il
4 FrequencySpectra=H/ ; % Check this box to display frequency spectra 0.0
5 PlotAllSteps= 3 % Check this box to plot intermediate steps '(“
& NumPoints=length(mydata); 0.005 \/(\‘
% Set the x-axis scale expansion beginning and end points (@ - 1@e%) ) | \
g startpc= 21.4 ; % Percentage of data points to start data selection [ e ! \‘,‘"-u---—vw._.
e endpc= 72.5 ;% Percentage of data points to end data selection
1 startpoint=round(startpc*NumPoints./1€@);
i * i 3 -0.005 s
2 endpn1nt=mund(e.ndpc NumP§1nts./1aB), 2400 2600 2800 3000 2000 2400 3600
5 x=mydata(startpoint:endpoint,1); Area recovery: 97.0858 %
4 y=mydata(startpoint:endpoint,2);

Frequency spectra

% Deconvolution function shape

7 Peakshape=(GL blend - |;
3 PCGaussian{ Gaussian
Lorentzian 102
% dw = f-widt| ] i i 3
% dw = Decy GL blend 11f-width of deconvolution function df)
1 dw= 25.9 T H
ogistic
% Percent L_.g_._._.. —
3 DA= 3 5 10
% Percentage of entire spectrum included for Fourier filter
5 FrequencyCutoff= 14 3
% for Fourier filter 108
CutOffRate= 3
Denominator addition only
L] if PeakShape=="Gaussian" Filtering only
a df=gaussian({x,min(x),dw)+gaussian{x,max(x),dw); 108 Orignal signal
1 ydc=ifft(fft(y)./ffr(df)).*sum(df); % Deconvolution by fft/ifft Both filtering and denom. addition
2 end - - -
» 10° 10! 102

Live Scripts produce graphic output in small wi
where you can copy, pan and zoom and export to
convert any Live Script grédphicdiickti mgai stsamagared
which can then be exported to other graphic for

Ot her examples of LivdaBSar smbedthawmigudm® ofhdgee 0k r f§
di ffer emptargpet iseddconvol ushownsabbd6 alppdaagee det ect
toopa2geek3. These Live scripts are surprisingly ea
modi fying a c¢onwemtki dn alb i sptgtdeBte Ea6f8h ge mor e det a
aboavedoping Matl ab.LiSee8 7/ Pagiemt £ abone Appd i ng o
and their cor rdersipvoennd i.fnugn ckteiyoprrse s s

Pag38 |



O @l INMRUNT Wiid G ™dR YUGtY Wt RNDUc Gt We UT WU YF
HereomeeegsampHdesi nedtfhanctli dvmy es icgpeaatced sfi mrg my
These ar-ennfou.ndb¥uiimuwst downl oad them and put the

Data plpodtoti mgrime@sasyf unction for plottinongsaanod
sepavreactteoFsr Wwanylishi mopd s mobd 0 & x e(psyyilengem

= plotxrange(x,y,x1,x2 extracts and plots values of Ve
bet ween speciSéqgped@wxaisadot(xy,Numsegs,seg )

di visdga a'l NuSmemgtsd -l eqgah s egnmeengmne mtnsd mpd rokkesd by
| i nesl,abeealcehd IWi tshe gamesnmta number at the bott om,
segmentanaddekessuypsedf valmembem 'tdheg'segment

Peak shheesode examples in this book often u
that for aHgrethee bhaksi.ntca isoenwse rfaolr Npaetalka s hf
encounteln e@Gacuendioa ® nit @ g & g enearl seaxmp 051 emrt 0 ad é rye d
Gaus,exponemitoaderyed,elxpromretnzsi eagid iZguyos
Gaussian/ Loywerdtuzicarn eluil feGrardicsastieadd oli ayrt e, mptr oifd d e
triangdéear7Patgdideol | owi ng for a moacentcaimpddectxeci
Sech2ShapeCoommp&nessian, Lorentzian, and se:¢
the sech2 pulse in intermeddradjhibet ween Gaus

peakfunpctai dru.nmti on that generates any of th

ShapebDemonst rébtaess ct lpegaka pshh agaddwi ng-sthhla@evar i .
peaks as mMuGrtaphded@dmes.

Noi se gehlearadeoadsealkt isdamsu ldaiatifregr ent types of
(wWhit e,phokshhlou e ,gnroa psoer t i, o rsagldi anroei sreo o t noi se

Mi scell aneous Matlab functions:
st decva mp u tsetsa ntdhaer da ndds witi. laee il @t iawmelar d devi ati on
Percent Di, f fsearmgpndye.cml cul ates the percent di f

| Qr ancgoempmut es t he (exeol quartdi adovange
hal fwfoerhmmasuring the full wi dtf h aanty khsalafp ems:

ExpBr oaadmeml.imes exponteomtamy e tbires dveend tnogr .

r mname mo v easn u'mboetr " entr, ehifaolh m v ecd eofr sl for
filrengyemoves zeros from vectars, o membacisng w

val 2irred.umns the index and the value of the

valudhis is a simple function that i s more

document for fival 2indo to find several examg
These fawrmesefohsin modeling and simulating anal
t echn(ipgadgkdssn t he PDF veyowam off i-ctlkiicskr booo kilhese |
inspect the cededa ckr aynau scedrecrti ghStave | i nk as.
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https://terpconnect.umd.edu/~toh/spectrum/functions.html
https://terpconnect.umd.edu/~toh/spectrum/functions.html
https://terpconnect.umd.edu/~toh/spectrum/plotit.m
https://terpconnect.umd.edu/~toh/spectrum/plotxrange.m
https://terpconnect.umd.edu/~toh/spectrum/segplot.m
https://terpconnect.umd.edu/~toh/spectrum/gaussian.m
https://terpconnect.umd.edu/~toh/spectrum/lorentzian.m
https://terpconnect.umd.edu/~toh/spectrum/lognormal.m
https://terpconnect.umd.edu/~toh/spectrum/pearson.m
https://terpconnect.umd.edu/~toh/spectrum/expgaussian.m
https://terpconnect.umd.edu/~toh/spectrum/expgaussian.m
https://terpconnect.umd.edu/~toh/spectrum/explorentzian.m
https://terpconnect.umd.edu/~toh/spectrum/exppulse.m
https://terpconnect.umd.edu/~toh/spectrum/sech2pulse.m
https://terpconnect.umd.edu/~toh/spectrum/sigmoid.m
https://terpconnect.umd.edu/~toh/spectrum/GL.m
https://terpconnect.umd.edu/~toh/spectrum/BiGaussian.m
https://terpconnect.umd.edu/~toh/spectrum/BiLorentzian.m
https://terpconnect.umd.edu/~toh/spectrum/voigt.m
https://terpconnect.umd.edu/~toh/spectrum/triangle.m
https://terpconnect.umd.edu/~toh/spectrum/Sech2ShapeComparison.m
https://terpconnect.umd.edu/~toh/spectrum/Sech2ShapeComparison.png
https://terpconnect.umd.edu/~toh/spectrum/peakfunction.m
https://terpconnect.umd.edu/~toh/spectrum/ShapeDemo.m
https://terpconnect.umd.edu/~toh/spectrum/ShapeDemo.png
https://terpconnect.umd.edu/~toh/spectrum/whitenoise.m
https://terpconnect.umd.edu/~toh/spectrum/pinknoise.m
https://terpconnect.umd.edu/~toh/spectrum/bluenoise.m
https://terpconnect.umd.edu/~toh/spectrum/propnoise.m
https://terpconnect.umd.edu/~toh/spectrum/sqrtnoise.m
https://terpconnect.umd.edu/~toh/spectrum/stdev.m
https://terpconnect.umd.edu/~toh/spectrum/rsd.m
https://terpconnect.umd.edu/~toh/spectrum/PercentDifference.m
http://terpconnect.umd.edu/~toh/spectrum/IQrange.m
https://terpconnect.umd.edu/~toh/spectrum/halfwidth.m
https://terpconnect.umd.edu/~toh/spectrum/ExpBroaden.m
https://terpconnect.umd.edu/~toh/spectrum/ExpBroaden.m
https://terpconnect.umd.edu/~toh/spectrum/rmnan.m
https://terpconnect.umd.edu/~toh/spectrum/rmz.m
https://terpconnect.umd.edu/~toh/spectrum/val2ind.m

Once you have downl oaded t hesar t,bnypoau bcnasn aunsde ptl
|l i ke any-i othencbuoht For example, you can pl ot
x=[1:256]; y=gaussian(x,128,64) + whitenoise(x); plot(x,y) . The droitgti ng. r
shown in thelghs egsgramhsesh amagreon t o demonstrate tl
hei,pbsi t iammlotfh a Gaussi anSicamaleGecTahlreladsasreivpetr al o
downl oadabl e functions togemeatae eandimlinat avin dz
a variable baseline opd umsi gvhatr itarbyl et o amaddoinf yn oti hsee
pl aces to make it |l ook |ike your type of dat a.

t

[

Oct wv &€ houtF arhaam geea mpydeotwen | loiasdta bdfe f uncti ons and
t hi s prpoadedc®tr, osnee itet Web/ ®atnyurl|l . com/ cey8r wh
The Matl ab/ Ocaiasved efmdmesttircarnt es t he appearance an
types. It plots Gaussian peaks with four differ
pink (1/f) noise, proproorthiiotnealn omhs e ,e tnhoda rs ef,i tasn c
noi sy data set and computes the average and t he
and area for each noise type.prioyda t" iMlyl/l Ocn @aivee t
Subtract Two Md pa2gbdeemeomtss .rmt es t he techniqgue of
measurements of a waveform to extract the randc
except for the noise).

i Si dnaa@ &6 i s one noulptair gdooswenpl ocoafd a mb d ulMalkd vaeb dev el
t haadmbi ne many of thei Sieghal gpbet ksebygpargebsdsmi eetdh
and zoom controls, measure signal and noi se amg
the S/ N ratio of peaks. 1t is operated by si mpl
smoot(hpiadgpe di ff er ent i atainodrt,d epdeeackg nsvhdale @ptgimoamn,g s p e
measur e mdrct

Ot hers in this group bPem&®&5 axhtiicvhe ffoucrnucsteiso nosn i
anidpf . malg®e whi ch focuses on iterative curve fitt
explorations of complex signals because they me
by simple key pressesMatThabsien eneo rvke be vieuno wisfle eyyo ud or
wor kMaotnl ab. MBNbt et hat i pbé 00O peew&k mddgasganartsgct a v
anidf i 't eyucscet avhee. @ and > keyor(wialmh aamdd zwiotmh o u't

For signals that contain repetitive waveform pez¢
nominally the same shape except fioR e(apkadge3® ,h atsh e
amnsemble ave@Sagihng amurotmpan e the average of a

works by detecting a single reference peak i n e
therefore does not require that the r egreance be
signal ). To wuse this function, oénrptomae psaktihm
repeat, paddmrinn to isolate any oné&he tfThesaveenp
waveform is displayed in Figure 2 and saved as

i PeakEnsembl e Awer ag elReSeqear@ B ditciacmur i ng-t lbes8i gna
Rati o of Cdnoprl emxor&i deixalngpib@esalof i n Matmpald./a®d toanwse
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https://terpconnect.umd.edu/~toh/spectrum/plotting.m
https://terpconnect.umd.edu/~toh/spectrum/gaussian.m
https://terpconnect.umd.edu/~toh/spectrum/SignalGenerator.m
https://terpconnect.umd.edu/~toh/spectrum/SignalArithmetic.html#Octave
http://tinyurl.com/cey8rwh
https://terpconnect.umd.edu/~toh/spectrum/noisetest.m
https://terpconnect.umd.edu/~toh/spectrum/SubtractTwoMeasurements.m
https://terpconnect.umd.edu/~toh/spectrum/iSignal.html
https://www.mathworks.com/products/matlab-online.html
https://itunes.apple.com/us/app/matlab-mobile/id370976661?mt=8
https://terpconnect.umd.edu/~toh/spectrum/ipfoctave.m
https://terpconnect.umd.edu/~toh/spectrum/ipeakoctave.m
https://terpconnect.umd.edu/~toh/spectrum/isignaloctave.m
https://terpconnect.umd.edu/~toh/spectrum/ifilteroctave.m
https://terpconnect.umd.edu/~toh/spectrum/PeakFindingandMeasurement.htm#ipeak
https://terpconnect.umd.edu/~toh/spectrum/PeakFindingandMeasurement.htm#EnsembleAveraging
https://terpconnect.umd.edu/~toh/spectrum/iPeakEnsembleAverageDemo.m
https://terpconnect.umd.edu/~toh/spectrum/CaseStudies.html#SNR
https://terpconnect.umd.edu/~toh/spectrum/CaseStudies.html#SNR

201l RHAC I HMGIIIUR YIUHBY n Wt RGea 0 ¢ qRY U L¢
Asi mul atmineint atsi on of t-werbpgepabrcessobrasyeadakem o
require mohle |l woepafesenmptorcthr@aentact eri stics or behayv
system or pr osiemsuwslractpincenrseas st héae evol ulthieon of t |
Wi kipedia articseso2d7swimdéhbyi onfferent areas wh
applied. I n the context of scientific m8&aSur e me
or of signal processing techniques have been wi
using mat hemati cal modd7R9d € oimbi neidgmwalt hslappespl p:
random n@isebopogdbased on the common character.]

't is i mportant to realize that ansestmuihaeadesi ¢
decei Rat her, you can use simulated signals to t
processing technique, using simulated data whos:s
the case for real signals)ndMoepovduci poli tanof
technique by creating multiple signals with the
i mperfectdwmnhs raadmecdme noi aed «linfting baselines,
di stortion, et c.CrFeoart eeSxi amupl babt pewdsShi bgonsaclt.onpt r eat e
of a-pmalktisi gnal that is based on the nYemaswirleld

fimany applications &fl®dnH3I s idea, e.g., on page

Si mul ated signals that you create should al ways
is not visible in plots. This is not only becaltl
processing temhsileads ngi lyl i mpdledapiptae egle t foo rpmaa rec
generated signals that are | imited o034 by the
Examples of such-or@dehnidgqide77gmepkhal oethafdgpeprg@indgg
deconvol ultl)4on (page

Simulation is also applicab3@&3iln dmarce i Dep i Ptuibc
commercial technical report that contlaiguad a dc¢
chr omatwigtrdaipaghdye ar nt oy sekeetaegatt®er t hree similar <che
i nformation | wasdabhBhesidnulcatciadre ofeatthestdat @a ob
experiment, which all owed me t odiffrfeepheeanttd st né >
and with different chromatographic and spectr o:c
applicability of that method to other potenti al
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https://en.wikipedia.org/wiki/Simulation
https://terpconnect.umd.edu/~toh/spectrum/CreateSimulatedSignal.m

EGYYgq6RUDN

In many experiments i n sci-axnicse,v alhuee st)r uceh asn ggen arl ¢
functioaxo$ vhkbues, whereas many kinds of noi se
amplitude from point t ot tpeori nsti twiatthiionn tihte nsa yg nbael

attempt to reduce tdmoobhismgbmoat pragessheadhbec
modi fied so that hndhlkeamdutathe piommedi athalty aa@) ace
because of noise) are ooweranetdheaadj poent spbobhats

naturally I eads to a smoother signal (and a s/l c
underlying signal i's smooth, then the true sigrt
frequency noi se wil If rbeequreenccwycedd.mplan egneadms a fs md
oper at i olnopaacstss fas daeci-hygegqhendy ghomponents and |
frequency components with |ittl e fadrlalngfer. ed d e n die
t henitghnemdi sewirlat iboe i mproved by smoothing, by a

frequencyodi $ hédiSommiodk dn ng camwalvel et n tdmpadsft@ed ntgo
61 which also reduces noise but does not neces:«

EGYYq6RUNWeONYI Raé Gt

The sismploashti ng al gori shm$taméddbhbasaddi qhgt he n" wh
adjacent pointssuhttpkebywydi pbnbly dasat of number
defines the smooth shape, the products are adde
becomes one point of smoothed dat aal dtihgen otrh e i ;e
data and the preocmpkest s mpeshriceticgt adnhgguobrai rt hbmo x ¢ a
unweight-adesbagditdgoomphy replaces each pomnt in
adjacent moisntas powhen e as momt é&og eFRiodd el xl aepup Itehte f or
s mo om=h 3() :

_ Yo+

j+l

Thi s isoavejlrk&a,tZe/\djaieErrée'ijint in the j'51Enlmtelbtq'hiendt siing n
the origamils sihgegnalot al numbkRlosbfspoeadsheat $ hat

programming | anguages have a fimeanodo or fiaver age
S=me a2 jy+y/Si mi |l ar smooth operations can bm const
Usuarilsy an odd number. I f the noise in the dat a

frequencies) and Dt g hsetnan dcder & theawdiaatdi adreviisat i on
signal after the firatvepage cfmoan hu mivd d g ébtee thhpepl
squarem@Dbodg)y of miherthe smooth wi dtth.i sDegnoiott eh iits
act waltliymam t he common problem of resduacipregtwlsitte
resp@hsek here f)dmearlecspionasle proo @afibnieesgro cthlaing ef |
has the advantage of respondingresesmph@betchmeist t
equal to the smooth widt HSnmbioihdendg Icya ntdibee i pam loi
data acquisition, by progtamwmaragetmal di gi i zera
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https://terpconnect.umd.edu/~toh/spectrum/HarmonicAnalysis.html#smoothing
https://en.wikipedia.org/wiki/Low-pass_filter
https://terpconnect.umd.edu/~toh/spectrum/SignalsAndNoise.html#SNR
https://terpconnect.umd.edu/~toh/spectrum/Smoothing.html#frequency
http://www.analog.com/media/en/technical-documentation/dsp-book/dsp_book_Ch15.pdf
https://www.dspguide.com/ch15/2.htm

only the adwden aag ea,c qauriruint"i)gn b(y" pdotri ng all the a
smoothing the stored data. The | atter requires

Thter i anguliasr Isinkoeo tthhe rectangul ar s maetig,htalove
smoot hi ng f dpnocitnito ne.amofogtrh a( 5

Vi +2Y +3Y 2+ Y,

5= 5
for | -25 3&Antdo sn milarly for ot heUnistm®aitrS)mua odttrhhss. »
both of these cases, theumndfegtehe nno dfafeinaim@miad ¢
resultsganna $smooth that has no effect on the s
preseravreesa tuhneder peaks
It is often useful to apply a smoothing operat.
signal, to build | onger and mopei compili amgeldasr

above is equival ot nt curd W ¢ Foapsedehs e oadntdh r3e ct an
smoot h r @ouhety sismaacakt &l so -spl | efddra Wilpi ch the coef
the ratio 1:3:6: 7: 6np3a:sils.evsWhoeft ppe s empatl hr ukeul st i
smoot h mwmttlh dfor exampl-gqi Bt pamc®tsh of enshu I5thso oit nh
These-pmgbkt smoot  hs are mor-erefffiesctyveoilaserieduthe
rectangul ar s moastlho,webruts ttehpe yr eesxphoinbsiet.

I n all these smootmss tcheswindttloh dfe tame osimo o tnh e
coefficients are symmetrically balanced around
preser vaexd st lpeosx anono bl eipne ft&hget usrrecsot hed si gnal

critical for analytical and spectroscopic appli

measurement objectives.

We ar e gashseurnei #aiags iiomtee¢ Realsi gnal i s uniform, th
bet weeaxitheval ues ofheadjaanece nn th r @ alighhitoss tii € hdel ssoi gans:
many of therotbkbesiasagghakthnbgplkandeistcri bed vearyl
necessary) characteristic of signals that are &

More advanced@h@dygicadlkaymog triefi s9 blased-sagmu atrtees Ifaad
of polynomials to segments onW khepCadmpmar. ed hteo atl h

slidvegage smooths of t-6el apmemwodhhi sthesSaeit
noi se, but mor e esfhfaepcet iovfe tahtd troeritiegiidmgnd lediidgerdd |a.t i
well as Bm®odlhgaormgi.t hm i s more compdygheaner tthiea

the smooth types discussed above,jsbghi@oceda nitnm d e
various | anguages .i sPavd &Myl yi natveas a catrbid Vee Faadyied tnieo n
hasSawvi-Galkagyt Annot her advancaadv ablagsteedn 0 umeits otnh g s
pad&@&hiatht empts to distinguish signal from noi s
signal

The shape of any smoothing algorithdcektta ,beandet
signal consisting of all zeros except for one j
Del t adlehset .rmesul ti mpaul sel Ired.ptomese functi on
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https://terpconnect.umd.edu/~toh/spectrum/UnitGainSmooths.xls
https://terpconnect.umd.edu/~toh/spectrum/Integration.html
http://en.wikipedia.org/wiki/Savitzky%96Golay_smoothing_filter
https://en.wikipedia.org/wiki/Savitzky%E2%80%93Golay_filter
https://terpconnect.umd.edu/~toh/spectrum/Differentiation.html
https://www.google.com/search?sourceid=chrome&ie=UTF-8&q=Savitzky-Golay+smooth+code
https://www.google.com/search?sourceid=chrome&ie=UTF-8&q=Savitzky-Golay+smooth+code
https://terpconnect.umd.edu/~toh/spectrum/SmoothingComparison.html
https://terpconnect.umd.edu/~toh/spectrum/iSignal.html
https://terpconnect.umd.edu/~toh/spectrum/DeltaTest.m

YRt dwl T er/qRYU

Smoothing usually reduces the noise in a signa
all frequencies) abd tihesn stthaen dsatradn ddaervd ad e voina tiiso
the signal after one pass of [ srgudt(ammiegu letalre s mo «
smooth width. I f a triangular smooth is wused i°rt

D* 0. 8m)sSgmoto(t hi ng operations can be applied more
Ssignale sanmbot hed agéahns ctcansbmeuscsasethiigh t here
frequency noise in the si gwhahtod He wiev elres $ hiennea
smooth. Fohmessmepsl of a rectangul ar smooth redu
appr ox Dmat emsg,granlty iampsrloivgeghme nt Fovea st ppbpepdsbest
demonstrMariioammb| es®moot hNoi seReduction. x| sx

EnnlJHdUWYelllddHI WH Rt ql RA2 qRYUWY NnWUYRY L
Thferequency di st rdielsu tgiroaits edbfo hn@odigses u b sdf d retcit &1 It yn e

ability of smoothingOtbavediNoea@sck&0$® iic DEnspea.rkbast |te
effectpwifnta RdOxcar (unweighted sliding average)
pink, red, and bl ueomiogisreal adns mdotwhe ¢ hsBtleanadeasrad
smoot hinpgass il afteptfoscmawenciyt (pilnekssand eé&tgci
hl-glnequ_ency (_bl uneo raent dh avii UldLreildi n”aUII SE€hsm 1
does white noise.
Note that the computatijon PO &WREHE See| POevii ati or
independent of Fhe prder OEmd & 6h &hdoli & e Hd gt hus
frequency. dbstngbatsen |of data does naot
change its standard dev|i at$m®|0tbﬂﬂl¢l§tear€)dér d de\
of a sine wave is indepcndci‘.t "‘d‘ "Oc luency.
Smoot hing, however, Cha§&nggr£egjfhn O ré}‘uency
di stribution and standard deV|at|on of a data ¢
YWhite noise (Red=smaoothing funciton)  Smoothed VWhite Moise Smoothed Pink (1/) Moise
2 2 2
] ” 0 ]
2 -2 2
] 500 1000 1] 500 1000 0 500 1000
Width =20 Type=1 Standard deviation = 0.21187 Standard deviation = 0.59265
Smoothed Blue Moise Smoothed Red Moise Smoothed Yiolet Moise
2 2 2
] 0 o
2 -2 2
] 500 1000 1] 500 1000 0 500 1000
Standard deviation = 0.049965 Standard deviation = 0.98334  Standard deviation = 0.030941
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https://terpconnect.umd.edu/~toh/spectrum/VariableSmoothNoiseReduction.xlsx
https://terpconnect.umd.edu/~toh/spectrum/SignalsAndNoise.html#Frequency
https://terpconnect.umd.edu/~toh/spectrum/NoiseColorTest.m
https://terpconnect.umd.edu/~toh/spectrum/NoiseColorTest1.png
https://terpconnect.umd.edu/~toh/spectrum/CaseStudies.html#RandomWalk

EUIT WnnWHqt We Ul W6 JWGE Y qWGYRUqt WGI Y
Il n the equatpoinst abevttangihlead smooih Thedefi e
enough data in the spioginnatl stnoo odtehf ifnoer at hceo nipilrestte
for the | ast pointo (dat=a np)o,i nbtesc abuesfeo rteh etrhee afrier sr
(Simil-ppol pt amboth is d€fi aaed © hlk yoepfeorraeh nao=nst & obbet
calcul ated for the first two poimmtdg hors momrt ht, h &
wil Imlbhe 2( poi nts at t he nble)g/i2n npionign tosf atth et hsei gennad
whi ch a mem mdplhetsemoot h cannot be calcul ated the
approaches. One is to accept the |l oss of point:c
the smooth signal. (That's thebaphrolaehotla&mrenarp
t o pursoregr essi vel yats mahlel eern dssmoodft htsh es mahagtwa d2 hE® o f ¢
5, 7.s .Boponanlt paindt 4.1,  ,2,a432 dNn. p,oi md sptent inv el
approach may be preferable if the edges of the
execut iMyMat i mb f @ct asfimeroc(tipiadgB8es an ut i |l i ze either ¢
met hAmsal ternative appwiotahd hariog ti onamad otivind bdd g ad
commonly done -dhnmemeobhahg(twage) dat a.

E+c0 GOt WYnwt aYYq6RUDN
The figure below shows a
smoothiThg | eft half of th

Window 1
512 points, 2; 1.0e+0 S le+z To-1.5e-1 Z.2e+

| peak. The right half is t
200 9 undergoing a triangul ar s
noi se is greatly reduced

o hardly changed. The reduc
signal chaakhcpesistoos e
width, area, etc.) to be
by visualbuitnsipte cdtoieosn not i
measur mmdat bygl @ass. met ho

————en
1.00 200 200 4.00 5.0 See bel ow

1.00 4

0.50

00

The | arger the smooth wid
reduction, but also the gredtethy hteldie osmo dti Hiing
operation. The optimum choice of smooth width ¢
the digitizati-toynpa ndiegnalls, Ftodrmmopaetrahkt i @il o & taicod ob
the smoaontamdwitdhteh number -wifdtploimnft st hen peraek .hallrf ge
smoothing ratiotampseveasudgdebat gemadad c tanoni ncnr eaansp
i n wihdet h of the peak. Be aware that the smooth
the number of dataxipoiimttseroral ( )f oas stpleectx oscop
frequency units). The twodadamaepoimpl-gxisslsampdryv t
times the incremanti sheawvemest. d Fihathieo tsaxme i n eit
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https://terpconnect.umd.edu/~toh/spectrum/fastsmooth.m
https://www.machinecurve.com/index.php/2020/02/10/using-constant-padding-reflection-padding-and-replication-padding-with-keras/
https://terpconnect.umd.edu/~toh/spectrum/Smoothing.html#NOT_smooth

Z5E points, 7:  1.0e+0  Zhe+z 1. -1.5e-l  Z.Ze+) The fh@mb@w exampl es of tr
three different smooth wioc
shaped peaks. I n the figur
a true height of 2.0 and t
hawifdth of the peak. The
uns moot hTehde pteharke.e superi mp
|l ines are the results of s
triangular smooth of widtH6fF

2.00

1450 4

100 4

030 o

T 25, and 51 points. Because

o o i . o poi ntssmootthhe fr att h @se t hr ee ¢
= 7/80. 9, 25/80 = 0.31, and

respectively. As the smooth width increases, t6F

is reduced slightly. Wiodtsh meotliaregaebslty s mocateha,s etdl

right, the original masapoflnradl haogroatiue

height of -wi.dt ha ndf a3| ,, 1

(It 1 s also | esabny

The three superi mpo| o
resul tssanodir eenet ri ang
of width 7, 25ecamnd]| "]
the peaki wi dlsihso nclays
t hsemoot hofr atthese t hr
|l ar¢Per21, O0.76, and 020 -
You can see that th

040

(redUCtion of peak D.Dnz.;ullllz.s:nlIls.nlullHs.s:ullllq.ulullllq.slu

peak width) is grea x 10 ak
because the smooth ratios are higher. Smooth re&
excessive peak distortion. Note that even in tt
(assumiartg t he original peaks were symmetrical a
shape of the peak tiismingoirnegt Hanbpeosrstiagnatia il tGhpa na floeph & a v
the advant ageeoage smoadi mg.s ilgmeahali nsa uens,h atnlgee dt
peak widths vaadga pdusbesgmesntioeadt Wlyi chnal |l ows t he s
vary across the psadg8ed all,n may sb e onstedkt , Nfsegment
divided into segments with a different smooth ¢

N6IWWG!I YAGUWAGWs RqésWt aYYqd6RUON LW
Smootihd ngften | ess benefiicimmdr tanmchten r ttyltosatn asi ngohott hti hi
results such as salb dovosutl rda theed ®icre ptehdesr afbiyegcuamgsree ¢ dhie

empl syngl eofs aanpn®i sy signal that 1 s smoothed to
to under esti matleofvrhea mnmarster,i bwhtiicohn iosf hard to es
t hereo afredw elgouue ncy Tthel €sgnal r ebceoirsdu a ITihz esd plryo brl
a few independent samples of a noisy signal cor
bel ow.
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https://terpconnect.umd.edu/~toh/spectrum/Integration.html
https://terpconnect.umd.edu/~toh/spectrum/Smoothing.html#SegmentedSmooth

x=1:1000;for n=1:10,y(n,:}=2.*gaussianix 500 150)+whitenoise(x); end;plot(y) %=1:1000;for n=1:10 ¥(n,:}=fastsmooth(2 *gaussian(x ,500,150) +whitenoise(x) 50,3); .end; plotiy’
5 T T T T T T T T T T T T T T T T T T

F A N = T T T N - -

4

0 0 200 0 40 0 &0 700 B0 900 om0 0 0 200 0 400 &0 60 70 0 em0  10m

Xx=1:1000; x=1:1000;

for n=1:10, for n=1:10,
y(n,:)=2.*gaussian(x, 500 Jy(n,)=2*gaussian(x,500,150)+whitenoise(
+whitenoise(x); X);
end y(n,:)=fastsmooth(y(n,:),50,3);
plot(x,y) end

plot(x,y)

These figures show ten superimposed plots with
plotted with a different | ine color, unsmoothec
reduction i s subst ahthhdeiaflf,e rbeustinocolbdhseed eidn sgmead tsi com
shotwlsat t hwarei datsi st iild peak position, ,henhghcth, ias

caused bfyr etghuee ncoyw noi se remaining in the smooth
woul d have a peak hei ghwi otf h 2gu spk 3ke ccaeurstee ra asti ¢f
smooth does not rmeamnr etqhueernec yi snonos en aiesnea.i ni ng i n
camt i || i ntheer éeir ee wméadsur ement ovi dgéhak position

(The generating scripts below each figure requi
fastsmooth. m béatdeopwhnl/dadmgd)firemm/ cey8r wh

't should be clear that scnoonoptlheithegicyg asie smd sflto mn @ il
out over a range of frequenciepaahdi ssnobtbdgqugnc
Only for some very specific t-wpese abi speaisnet € & n

spikes) is there hope of anythi ngdoeésoke tthhe cing
smoot hier , dedsice the standard deviationbetftehe n
measur eememtot depends on the sitwuation. Anidsdo n
good that more wild/l necessasbimgt b &e b e ybouetr nyeoBucho ¢

shodobdit judiciously

The figure on the rigfsti goredlow hast ainloltunsetrr aetxeasmps
The signal consists of two Gaussian peaks, one
have a peak hei ghwi dtfh 10f0 Jlh,d andp etdtlkei tbsadtrfeed nroarnm
noi se with a standard deviationxaki 8. S$amasi bnge:r
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http://tinyurl.com/cey8rwh
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wever, is difkiseirr eintt '

rr- theffomsx=0petaé& 102} 1

cond peak (from x=1'| 1 s t he
e first peakeinstc’thm&ua_ |
paitntheshe second pkklak

e first peak is noi %% 1 but
st anfthel s-ugbabe rat osf 1

aks is 10. The secoig | i sy
cause there are feWwD e ani
tend to underesti mi s ma |
mpl &he result of th? 1;igna
SmOOSé'\(ECdn(H Smmalk:h m'_D'dﬂ 2ID 4IE| BID BID 160 1éD 1:I10 1II5E| 18ID 200

be distoropédr thteictommg s moot h

orter and wider than the first peak. Theagfir s
a egr edeegree ofi moi aelyedutctbonh Ipeamafisane® me
rve mfei t{tpichigge9 f he of t he f i rwsitt hp etahke inso insoer ea nsdt
rameters of tBatimeakmehkhnhabdbeabBeetond peak,
mes more data points in that peak, and the me
ot of the numbef otheda&#bmspainsdeolwnt eadlT XThi s d:
ronati n MAdt F abmat

§GqRURAcqRYUWYNUW GYYq6RUN

Smoothed y

FJriginaIlsignalTeforesrr:oothingl . . AS s mo Ot h W| dt h | ncreases
ool i ncreases, noise iIis reduc
more slowly, and the peak

08
sl owly at first ,notihseen mor

redudepends on the smooth
smooth type (e.g.,.)rectan
and the noi peakoherghbure
al so depends on the peak
the d4impnasle (defined as th
peak height of the standa
Il ncreasesigueitckltyhweat reach
max i miuhm.s | s biylhhemismatt ed C
the |l eft,twhircds slhtawesf s m

0.7

0.6

0.5F

04r

0.3F

0.2

o 20 4I0 Gb SIU 1EI]0 12I0 1:10 160 180 200 GaUSS| @mwbeab( Fmroockleced by

i * Mat |l ab/ Oc)t.a vlieh es cnraixp tmu m
I mprovementt@aoi sbersgigoat
on the number of points in the peak: the more i
empl oyed and the greater the noise reduction. T
reducti omi §megqwempwynent s of t he nloefwree g wmehnecrye anso
remains in the signal even as it is smoothed.
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https://terpconnect.umd.edu/~toh/spectrum/InteractivePeakFitter.htm
https://terpconnect.umd.edu/~toh/spectrum/InteractivePeakFitter.htm
https://terpconnect.umd.edu/~toh/spectrum/udx10noiseAnimation.gif
https://terpconnect.umd.edu/~toh/spectrum/udx.txt
https://terpconnect.umd.edu/~toh/spectrum/udx.txt
https://terpconnect.umd.edu/~toh/spectrum/udx.mat
https://terpconnect.umd.edu/~toh/spectrum/SmoothWidthTest.m

Which is the bestdtepemdshonathe?purpose of the g
objective of the measurement iIs to measure the
Shoul d be Swawae-GaHagr twevel et d8Bmoseéeh sseppeaderr
the objective of the measur emarst viad uteo orhe & her @

smooth ratios can be employed i f desired, becal
(unl ess peakoln st asyimmetreasali n peak width is sao
overl ap) . I f the peak is actually formed of t wc

to be onevupeaxk fSitthheem@nl y way to measure the pa
Unfortunately, -tiole septriamum <iogma&lsponds to a sm

di storts the peak, which is why curvetHhHodtfinrg t
measuring peaks pogheiagkneahaiog h mah papeddcewibgt hc.ons
smootohpiergahl ems it changes your estimate of the
l guanti tati ve acphped miccaali oannsa Ibyassiesd on cal i bration
height reduction caused bysam@ghlalngriogsesasi ngo
applied to the samples and to the standands, 1t}

sames that of the sampbe sapaax dctdinyd. tkhmowd dile cd -
widths from 0.5 to 1.0 can be ute@odiise mnameée dna a)
the figpureviooufideaa es ranvpelrea gsel irdeicnfgaumgu.li adrm smroeaod tl

anal ytical chemistry, absolute pa€Ckbhaitglnh mgad
standard solutions is the rule. (Remember: the
signal but rather to measure the concentration
t he siagnea l processing steps to the standard sig
systematic error wil/ resul t.

For a more detailed comparison of pal® four s moc

i 60wt 6Yedl W Yewt aYYqo6Wwewt RNUC Ge WL
Ther éomeasons to smooth a signal

(ad)or cosmetic reabonkingooprempaeedaamatéec ¢

vi sual i nspectiespeci publyi clad#og@imh a ¥ oo keammth aIs
ter mor

(b)f the signahi4hhed@d mdswendbsthgi se, which ca
effect dneghenkgwsi gnal components (e.g. the
peaks) than owhite noi se

(d)f the signal will be subsequently analyze
premscé oof much noise inifthehei gprabghttononfepamg

det erwi sweal | 'y orr dorya puhsiiongl Ityhe MAX functi on,
measur eldalbfyWwindehbhi on, or i f the Il ocation of n

i hhe signal i aut ombei dat by-mbopesehegs vafn gtvhiees r «
signal . Optimization of the amount apdgeype
4% . encerally, 1 f a computer i s aviatibleadtleer ttoo m

|l esagtuar esomedrhsendessdtahad rather than graphical
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http://en.wikipedia.org/wiki/Savitzky%96Golay_smoothing_filter
https://terpconnect.umd.edu/~toh/spectrum/CurveFitting.html#FittingPeaks
https://terpconnect.umd.edu/~toh/spectrum/SmoothingComparison.html
https://terpconnect.umd.edu/~toh/spectrum/halfwidth.m
https://terpconnect.umd.edu/~toh/spectrum/halfwidth.m
https://terpconnect.umd.edu/~toh/spectrum/Differentiation.html
https://terpconnect.umd.edu/~toh/spectrum/Differentiation.html#Smoothing
https://terpconnect.umd.edu/~toh/spectrum/CurveFitting.html

dat a. I f a commerci al instrumentbédss tbediops
the smoot hing anunsmocoa.ldavh ncda ns aavlew atyhse s moot h

|l ater for visual presentation and i-dquarlds be
fitting or other processing that Y owamay pvwear
but 1t shoumdasorebpenked to

(dihe f or mal ' imit of detection andrdfienien coef
91,) 9'2ay be i mproved by smoothing or averagi

measur emadds c asb @digred demonstrated by the Ma
SNRdemo. m

You muedrme the design of algorithms that empl oy
t echnipgeuaek ffoirndi n g dainsdc ursegagsd2g3danipeara k s ar e | ocat e
d own wa rcdr ozsesrionsgnso oi fnh etdhte debutvatheeposition, heic
peak is déeeasgmanedi clupralgfggdf a segmewmnsmwmddwhadin
in the vicicmriotsyspedt@e6t heattbeo than simply taking

dat aThat way, even if heavy smoothing is necess

peaks, the peak parameters extractedumywtduwrmve f

i 60wt 6 Yaal W YelW §NW aYYqdWew RNUCG G

One common sikbuasrmhatmowhiter si gnals i s psuoh #@te s

|l esguuar efsi tctuirffhger e ar e sever al reasons (referen
(amoot hing wil/ not significantly 1 mpr-ove tF
sguares measurements between separate i ndepe
(bAJ I smoothing algorithms are at | east sl igl
signal shape and amplitude

(dt) i stmaradarat e the fit by inspecting the re
smoothed noise may be.mistaken for an actual

(d9noot hing the signal will seriously undere:c
al geprapag&®triron c alndu Ibya attdeeest { Pdlgrgl0 Even a
vi sual estimate of the quality of the signal
siglnmdk better. than it really 1is

?2UW¢iRUNWs Raé Wt GRt 3t We UT WYe qdRII T HOLW
Someti mes signals are contaminated with very t:e
intervals and with random ampl it udes, ekxuwtmpwiet, h
optical spephoobeswmoplyi plii g stulbl) e cd e tt dic dsspmid@ce sr acyas
from oupassspgcehrough the front wiGhlerwe mokiow he
radi.atiaont only |l ooks wugly, busquaraessoompeeasi
becausenarnmdis$ ynroiebrudtoend noi se. This type of intei
using the above smoothing methods without distc
repl aces each poimedifiamat heravtelamiétdiwa t ant hpoi nt s
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https://www.longdom.org/open-access/about-estimating-the-limit-of-detection-by-the-signal-to-noise-approach-2153-2435-1000355.pdf
https://www.longdom.org/open-access/about-estimating-the-limit-of-detection-by-the-signal-to-noise-approach-2153-2435-1000355.pdf
https://terpconnect.umd.edu/~toh/spectrum/SNRdemo.m
https://terpconnect.umd.edu/~toh/spectrum/PeakFindingandMeasurement.htm
https://terpconnect.umd.edu/~toh/spectrum/Differentiation.html
https://terpconnect.umd.edu/~toh/spectrum/CurveFitting.html
http://wmbriggs.com/blog/?p=195
http://wmbriggs.com/blog/?p=195
http://wmbriggs.com/blog/?p=195
https://terpconnect.umd.edu/~toh/spectrum/CurveFittingC.html#Smoothing
https://terpconnect.umd.edu/~toh/spectrum/CurveFitting.html#Algebraic
https://terpconnect.umd.edu/~toh/spectrum/CurveFitting.html#bootstrap
https://www.hamamatsu.com/resources/pdf/etd/PMT_handbook_v3aE.pdf
https://en.wikipedia.org/wiki/Cherenkov_radiation
https://en.wikipedia.org/wiki/Cherenkov_radiation
https://en.wikipedia.org/wiki/Median

el iminate narrow spikes, with little change in
points and eqmal$éeteop :o/r/ el ne.swsi kiihpaend iTeh.eo rsgc/rwipki / Me

fiTest Spi. kmdf idletmomms trates the median filter in ac
Effect of median filter on measured area a of peak with spikes
‘]ﬂ- T T T T T T T
Criginal signal, y
Median fitered, mfy
16T Signal with spikes, spy| |
141
1271
1F
==
0.8
'I’
0.6 ot
4
0.4
0.2
N
D 1 1 1 1 1 1 1
=2 -1.5 -1 0.5 ] 0.5 1 1.5 2
Delta x increment: 0.02 MNumber of Spikes: 4  Spike width: 1 MNoise: 0%

PercentAreaErrorBefore =4.5%
PercentAreaErrorMedian =0.16%
PercentAreaErrorinterp =0.004%
For another e2x9&mpl e, see page
A differena sapipkecialhiummgkiatblyepukelf i mmcates and e

the spikes by "patching over them"i ninse diilgaetl elmye a r
and aftefee herhgpi et ai |l s.

Unl i ke conventional smoot hs, pgrhiewredsfameteisord s tda:
funct@nntshe ot hepi kesdtareemasthlee sds gnal of interes
components of the signal arepa@@4«rfering with t
EUt JGHGUYW 2131 ¢NRUDN

Anot hetro waeyduce noi se i n rseete adfa btleen su mgsmmgp &g e esdu
47 is simply to conmputeembtlhee iarw barvaepri anggen, bcea |pleerdf o

very simply by tpeoMé&Rihaklepssuhotves caodreeducti on i
by about sqgrt(10)=3:t20.0iTshei sr aitmpor oevneosu gthh et os isgenea |
with Gaussian shape, which can theanebe spEPE WMe
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http://en.wikipedia.org/wiki/Median_filter
https://terpconnect.umd.edu/~toh/spectrum/killspikes.m
https://terpconnect.umd.edu/~toh/spectrum/Smoothing.html#limits
https://terpconnect.umd.edu/~toh/spectrum/SignalsAndNoise.html#EnsembleAveraging
https://terpconnect.umd.edu/~toh/spectrum/10EnsembleAverage.png
https://terpconnect.umd.edu/~toh/spectrum/CurveFittingC.html

using the Matwleak/fDe{axe) fFoipgeh dbewi hg excell ent
with the position (500), height (2), and width
gener at iomg pEafgreidMthuge advantage ofne@einse mbtl ealalve
frequiesnci egdnoeé dij @ydte qgtukeercy noi se as in smoothin
ei tthheer si gnal or the baseline drift.

9YUI WUt RUNWY21I1 + ¢cAGOGUT W RNU¢ Gt
Someti mes signals are wietclhridieghenorseamphisedg mbi ¢ ¢

x-axi s intervals) than necessary to capture al/|l
t haecessary data sizes, which sl ows down signal
capacity. To cormeat st tiasn, beverdamelded nsisi ze ei

(say, dr ospepcipnogd netv eorry every third point) or by r
t hraver,aspe € h i s bountcehni Bagmhcéhg chitgh e audsvienagt mgre ®©Hh an

di scadradtiangpoi nts, and it acts | ike smoothing to
noise in the original signal i s whfindtpeo,i na rsd tt thee
noise Iis reduced in the cmn damsievd tisaintgeeaelq uley ctyh ¢

di stri buteinbannmifregt .heThe Matlkabkt Ococteawoenesstonraitpets t h
boxcar averaghdghasacmgonhéeéo reduce noise withol
Shows thatredlhe ebox & a&rrneemaosvui rnegd rtehopiu €hel gyh baud mpharse n
little effect on -$deapefikictpiavg@ men etr fea dicaadsdars ke d
results in a, |mbowtemorfe tdd wyr eefirepenzlaspaegmat éi o d
yourself resorting to very | arge smooth widths,
Vi deo Demomhsitssalt® od, t hr eSanoMB yhiBe dweimdbearcs t f at es t |
triangular smoothing on a singl ap&alkiswii dihh pefak?
initial white noise ampltidawidee irsatdi. 8, o0fgi avb gt a3
measure the peak amplitude and peak width of ¢t
initially saré ohs¢éygnosmaefc uAR it herss atwmwehv ew4,d tthh e

twoi se ratio and the accuracypamnd poaakrobesiadtull e me |

i mproved. However, above a smooth twhiludhcof oab ol
causes the peak to be s horetnert htohuagrhn dtihfee asn agt nvaol d e
conti nuesatsthe i arpa owtvlke wi dth i s increased.
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https://terpconnect.umd.edu/~toh/spectrum/10EnsembleAverageCurveFit.png
https://terpconnect.umd.edu/~toh/spectrum/testcondense.m
https://terpconnect.umd.edu/~toh/spectrum/consense.m
https://terpconnect.umd.edu/~toh/spectrum/testcondense.png
https://terpconnect.umd.edu/~toh/spectrum/testcondense2.png
https://terpconnect.umd.edu/~toh/spectrum/testcondense.txt
https://terpconnect.umd.edu/~toh/spectrum/testcondense.txt
https://terpconnect.umd.edu/~toh/spectrum/Smooth3.wmv

EGYYq6RUNDWRUWY GI WeTt 61013qt

Smoothing can be done in spreadsheastcs i beidnm bttohve
demonsspaéeadcgaeodthsangmoadtshiscg exlns ithhaegeset of mul
coefficients is contained in the formulas that
columns C and E. Qolreetn a® gperafhor(mMs 1a 17 1 1 1 1)
per f orprostmnai &Zmsgnoloarh (1 2

% -1 -6 -5 -4 -3 -2 -1 0 1 2 3 4 5 61'133 2 1), applled t o t he d
Origine! deta can type in (or Copy and

|l i ke into column A, and

3 ] spreadsheet to |l onger <co
? PN dragging the | ast row of
: IR down as needleang®utheée sm
: : width, you would have to
: in columns C or E and co
T 03 e 13 22 320514 5 4343 40 452 58 0.1 4 47 T the entilrte eoasanonnmrmp.r act i ce
1pass di vide theumeoidl tthebyoteh

. so that the net gain is
: t he cursvneo ootfh etdhesi gnal s
: Sr———— The spreadsicaenSaonodt hs. x
: ' Uni t Gai n Sifsocortehesr). oadmad @i n
: ,:*, ri coll ectig@am nofcomwioi uti on
Dt foarectangul arpsphrimaagul a
smootfhwidth 3 to 29 in b

2 passes (column) and horizont al

o Paste these into your ow

The sprdMadsheettesSnmonod hi ng

. pm— Mul ti pl eSmsotiemagre otdhse
. ¥ | f tdemoamsdtmeermod in whic
ZM,***.W: cogfficients are.contain
47 1013161872 2528 31 34 3740 43.48.40 52 55 5561 adjacent cells (in row 5
making it easimdottho shlapre
. T and wi dtnha x(iugpfi m o7 )a j ust |
. changing those 17 cell s.
; smooplrratjiwsaait i nsert zer

unused c.orelftfhics eemptesmpti e,
triangular smooth-Ts def
and the rest of the coef
this spreadsheett,hrtehee s m

£ 7 9 USRI O S 648 4T HI51 53550 SR X

ti mens suooness columns C, E,ctanvde Gna xri emsuunint’simmogo tihn
n+1l = 49 points.Aapgpliaeddd and agel omntGe above tec
spreadsheies scumbhdhaxmeand them to very | arge s m
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https://terpconnect.umd.edu/~toh/spectrum/Smoothing.html#algorithms
https://terpconnect.umd.edu/~toh/spectrum/smoothing.ods
https://terpconnect.umd.edu/~toh/spectrum/smoothing.xls
https://terpconnect.umd.edu/~toh/spectrum/Smoothing.png
https://terpconnect.umd.edu/~toh/spectrum/UnitGainSmooths.xls
https://terpconnect.umd.edu/~toh/spectrum/UnitGainSmooths.ods
https://terpconnect.umd.edu/~toh/spectrum/UnitGainSmooths.png
https://terpconnect.umd.edu/~toh/spectrum/MultipleSmoothing.xls
https://terpconnect.umd.edu/~toh/spectrum/MultipleSmoothing.ods
https://terpconnect.umd.edu/~toh/spectrum/MultipleSmoothing.png

A more flexible andeppwer adaulytftfohnvgque | arge art
use the Ispirletadsheet function AVERAGE, which by
but 1 f applied two or tthrieean g$ enlessmadpnePds uscntaeostishsso r
best used in conjuncti 0pa3gbeBtoho ntthreo Il NaD | dRyEnCaTmifcu nr
This demonstrateWaiinabhlheSismpovwvhHidesh etete data i n c

smoothed by three successive applications of A\
width specifiedwi® ahesisgodet vt edvit Wl FéB8d d who s iht it @
resul ting smoottho wand tchovinoufhnwD 3pi@aisntas. The cel | f

smoot h opAYERAGE(INDIRECT("A"&ROW(AL7) - ($F$3 - 1)/2&":A"&ROW(AL7)
+ (BF$3-1)/2)) ) usedDt RECActi on AVE RAMHEIny ttilhoen t o t he
rows w 2ombwted 2

19 l

rowse ltohwe curren

Smooth Width {must
be odd integer)

where the wimooit Demonstration of mult-pass smoothing with the AVERAGE function
cell F3. If you ° v e e o
this formula tdq .

spreadsheets,

change all refg

he data to be

"At"o the col umn| .

t |
spreadsheet anc”Y
r 0.5

—

B Bl
i

—_—
- —
o =
P P —————
: P —

|
U

s
F‘V

eferences to
l ocation of t he
your spreadshes
dragpy down to

data points, thec—ovw—-wcr

references will take care of themselves.

The example in the graphic above shows smoot hir
change occurring at bx=ulel ltihngdi s hepti smabmbshgi (Vv
example, the smoothed signal mi ght be used to t
warning that something has occurred, whereas t|!
unsui thAhteptiopose.

Anot her set of spreadsheets that uses this same
Segment edSmoot hsegmpeimatkebdyigd telhx dat a smoot hing spr

can apply individually specified different smoc
especially wuseful I foft e ewyipdatbhess aonrd i tahl € yn caicsreo slse
version, therXi mirlear20t esremlnmetneass.coul d be constru

Segment edSmoot FExamelxea.mgllr axp twikteh tdhaatta t(he pl ot i
l' ined up with the columns containing,the smoot/
Gradi ent Smo o tohEJreambil eart teS md i@ E>afpmp Ic &€ Agrrrakdsiae n t

smootihnearly increasemagthowi debraeasbeag)the enti
stiamagn d i ewvgadl aealyt omati cally generating as many s
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https://terpconnect.umd.edu/~toh/spectrum/VariableSmoothExample.png
https://www.lifewire.com/excel-sum-indirect-dynamic-range-formula-3124100
https://terpconnect.umd.edu/~toh/spectrum/VariableSmooth.xlsx
https://support.office.com/en-us/article/indirect-function-474b3a3a-8a26-4f44-b491-92b6306fa261
https://support.office.com/en-us/article/AVERAGE-function-047BAC88-D466-426C-A32B-8F33EB960CF6
https://terpconnect.umd.edu/~toh/spectrum/SegmentedSmoothTemplate.xlsx
https://terpconnect.umd.edu/~toh/spectrum/SegmentedSmoothExample.xlsx
https://terpconnect.umd.edu/~toh/spectrum/SegmentedSmoothExample.png
https://terpconnect.umd.edu/~toh/spectrum/GradientSmoothTemplate.xlsx
https://terpconnect.umd.edu/~toh/spectrum/GradientSmoothExample2.xls
https://terpconnect.umd.edu/~toh/spectrum/GradientSmoothExample2.png

wi dt hs as are necessary. (It also enforces the
an odd numberaxit® Phiefvte nit n amhe« smoot hed dat a) .

EdYY q6RUmksid c 2 1J

ThlReud Int Aismoot hod function, in both Matlab and P\
smoothing (type fAhelp sn

7510'3 Smooth Width= 160 SmoothTypes: Blue=1 Red=2 Green=3 C o mma n d pr 0 mpt ) .
B My Maft U radita sotnsimmppltéhment s

shdanmul ti ply twypea gsheat h
recursiveiasl qaqorMattHmb f ur
o : t he dfoast s(raoom, h t)yme, edg
Ll f argument " a i's ,(‘twe i®pu

/ the smooth widtHhtyadeposi
determines the smooth ¢ty
i rectangudaaer@glei @irndg oxce
smoptylpe=2 gives a trianc
equivalent to two passes
Y0 a0 w0 am w0 e0 70 A0 o0 o antdype=3 Fp@lpvl essmead t h,

’ equivalent to three pass
These shapes are coeaenpldeSed gidnornt hae domguarei Lon t df

modes). The argument "edge" controls how the "e&e
w/ 2 points) are handled. | f edge=0, the edges :
t he smaoathh Whis gives the fastest execution ti
progressively smaller smooths the closer to the
increasing smooth widths). Thha smdat (erdusicamall
l ast two input arguments: fastsmooth(Y, w,type)

with type=1 and edge=bhseGommaoneth Bbgoonvboamst i d
simple recursiveélgl govieshmatshatr twxgpicuatdoani me:
smooth a-pb,i®@0sO@haploiwmitt skl a di n@g0O@Gversageniaan | es
standard W HdopwssP& simple example of fastsmoot
(araphic

x=1:100;

y=randn(size(x));

plot(x,y,x, fastsmooth(y,5,3,1),'r")

xlabel('Blue: white noise. Red: smoothed white noise.")

Segmented smoothing

Segment ediSssoemgtnhevnetiresdi on ofThfeastysmaxtihass ttshneo ost ahmem
except that the second i npwdc@Guooghyment " smoot hwi
SegmentedSmooth (Y, smoothwidths, type, ends) .The function divide
equlaelngt h regions defined by the | ength of the
a smooth of type "type' aredc'twmooh have dit hed . by nt |
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http://en.wikipedia.org/wiki/MATLAB
https://terpconnect.umd.edu/~toh/spectrum/SignalArithmetic.html#Octave
https://terpconnect.umd.edu/~toh/spectrum/fastsmooth.m
http://www.analog.com/media/en/technical-documentation/dsp-book/dsp_book_Ch15.pdf#page=282
http://www.analog.com/media/en/technical-documentation/dsp-book/dsp_book_Ch15.pdf#page=282
https://terpconnect.umd.edu/~toh/spectrum/fastsmooth.m
https://terpconnect.umd.edu/~toh/spectrum/SmoothingWhiteNoise.png
https://terpconnect.umd.edu/~toh/spectrum/SegmentedSmooth.m

exanpd et he ,next pa

SegmentedSmooth demo Number of segments =3 Smooth widths = 31 41 51
14

smoothwidths=[31 52 91] , 1

which divides up .
equal regions and

region with smoot lfwo} 10}

with smoot htwha tlha d
smoot hwivdu hmanmy u s g
number of smaayh ol
seqgesnof smoojhstw
you define the vedq?

Noot her <chanTgyepa s" | “w

SegmentedSmoot h" f

B

DemoSegment e d8Smo ot
demonstr athiadmstws er i , .

. . . 0 2000 4000 6000 8000 0 2000 4000 6000 8000
0 p erati on wi t h d I f Original unsmoothed data Smoothed by SegmentedSmooth.m
consisting enMi dnitdi sy akasr i abl e
t hlmaed c pmeogr es si(fvieguyr ewigdne ttfh et re gphetak wi dt hs i ncr
across the signal, you can calcul aber twhfe saenpmdn
(" NumSegmenmmtes "f)i rst valwue, "startw", and the | a

wstep=(endw - startw)/NumSegments;
smoothwidths=startw:wstep:endw;

Ot her smoot.hing functions

Di eddnisc lp u bSlaivsiteaadksygioot h function in Matl ab, whi
t hMat | ab Filldai Bxt¢@waietgke ai myi Diugaabpa@aesr eg
Pitha®em pubdoidsidfetdmgina sotfs moot h function that tole
i n the ndaatfaa sftislmo o)) h @mawyaey pe phof darn gstined datalti n g
repeatscervedaydidr®df ast smoot hAngl e(Y, w,type, tol

Most signal processing operations, including st
(Anot a number o) or I nf (Ainfinityodo). Il n such ¢
down!| oammadfhiemct i oramowéds cNaNs and I nfs from vect
nei ghboringTheadéx ammbe risel ow creates a data vec
a clean vector of the same | ength:

>>v=[1234Inf6 7 Inf9];
>> rmnan(v)

ans =
1 2 3 4 4 6 7 7 9
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https://terpconnect.umd.edu/~toh/spectrum/DemoSegmentedSmooth.m
http://www.mathworks.com/matlabcentral/fileexchange/authors/62607
http://www.mathworks.com/matlabcentral/fileexchange/30299-savitzky-golay-smoothdifferentiation-filters-and-filter-application
http://www.mathworks.com/matlabcentral/fileexchange/30299-savitzky-golay-smoothdifferentiation-filters-and-filter-application
https://terpconnect.umd.edu/~toh/spectrum/Smoothing.html#Interactive_Smoothing
http://uk.mathworks.com/matlabcentral/profile/authors/1859625-greg-pittam
http://uk.mathworks.com/matlabcentral/profile/authors/1859625-greg-pittam
http://uk.mathworks.com/matlabcentral/fileexchange/52688-nan-tolerant-fast-smooth
http://uk.mathworks.com/matlabcentral/fileexchange/52689-angular-fast-smooth-nan-tolerant
https://terpconnect.umd.edu/~toh/spectrum/rmnan.m

Smoot hWi dtsh Begdltemmanstrati on scritptont t @t desnos stt v
of smoothing on peakobéesghtatnoi 8¢, aapdagi gival

I — in line 7, the smooth ty]
4 noise in line 9. A typic:
| peak with white noplsienes m
£ ( pse@aduos simom)t h i s shown c
g s Here, as it is for most |
4 Sgnabonoise @t | s gtn@di se ratio occurs at
al llabout 0.8. However, that

Moise. Red

t osiagni ficant reduwthii@m i
coul d be a phr onwiddetldo u A s me
hat hie width of the oriagir
produces |l ess distortion
achigegomedi se reducti on.

Smoot hVsCiugs vafsitmiml ar scr

al so compae ¢ pialig®Ead 1 ga n

peak height.  Green

=
i

Blue

0 G : v 2 ~|lalternative method to me:
* Smooth Ratio = SmoothWidth/PeakWidth lwithout .smoothin g

This effect Iis exploodel mawr e wb beaxpp esrhientvegn th i . hia
Oct amat creates a Gaussian peak, smooths it, ¢«
uses t thelrmay (dtnhd( )t rapz () f preatki dires gtha , p rhiand tf wo Wt
(Notimada nfd r agprze boitrh fbwrndtti ons in Matl ab and Oct .
hal f wiTdbt H.emrn more about these functions, type
x=[0:.1:10]}
y=exp( - (x - 5).*2);
plot(x,y)
ysmoothed=fastsmooth(y,11,3,1);
plot(x,y,x, ysmoothed, ™)

disp([max(y) halfwidth(x,y,5) trapz(x,y)])
disp([max(ysmoothed) halfwidth(x,ysmoothed,5) trapz(x, ysmoothed)])

max halfwidth Area
1 1.6662 1.7725
0.78442 2.1327 1.7725

These results s bkbdwdtb gpte askmadhceti hgihngi hfcr @etas® pte@ kO .
width (from 1.n6abb ¢ @reZaflid3xtt hetp dals ar etaotiafl yaorue an
under the broadened peak. Smoothing is wuseful i
si mpl e mdthreadks, sbwmto need ttd es mmwa tste ptelmek wdatr aa ma n
are measusqdabgs| mashodsquaeesusestulhe sl @edbstai ne
data wil|l btehamwrthaccluirghtl vy (deege&)3t ed smoot hed

Ot hneorirseed u € tnohi ons.

The Matl|l ab-t®tt anedc hmedensm@ooomdense{yyrny a cpndens
in which enpohndmsoup aofepl aced by iyby awner 8a@gEeomor
x,dyata sets, ubet inldiep e u rexatnideerp e e In¢s ov atrhiaatb |teh e
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https://terpconnect.umd.edu/~toh/spectrum/SmoothWidthTest.m
https://terpconnect.umd.edu/~toh/spectrum/SmoothVsCurvefit.m
https://terpconnect.umd.edu/~toh/spectrum/CurveFittingC.html
https://terpconnect.umd.edu/~toh/spectrum/SmoothExperiment.m
https://terpconnect.umd.edu/~toh/spectrum/SmoothExperiment.m
https://terpconnect.umd.edu/~toh/spectrum/halfwidth.m
https://terpconnect.umd.edu/~toh/spectrum/halfwidth.m
https://terpconnect.umd.edu/~toh/spectrum/condense.m

featumwed |lofappeaxv adtuREsfidomawmkei t e noi se i nnthe si

but the noise color is unchanged.

The Matl ab-®©tt aedmdé dinam imedanfileenywm : performs a n
based filter operatiywnin tthhatheweaen|da aematodpohnval (¢
a positikiel liogielges fHima eesch oflidl t er f or el i minating
s y n t fg=xkillspilses(x, y, threshold, width) . Each time it finds
negative jump in the data between y(n) and vy (n-
"width" points of data wigaeanmi Ag ne(am) yescnmxi(gntipwil
Test Spickoenipadrteesr sboth spi ke filters on a Gaussi a
recover the original peak area.

ProcesisSigniat!| ab/Ocnavéuvuoocmmandt hat performs s
on theettiene data set x,y (column or row vector s
described above. Tgpet hbaetophPiaso dfeestisa®engsnnatih'e pr o
signal as a vector that has the samePsbagesad >
ProcessSignal (x, vy, DerivativeMode, w, type, er
SI ewRat e, Medi anWi dt h)

Redali sinmoot hing i n Man |padiggems ot hisyntglsesmdlescr i bed or
448LA ve (SpcaBgfepf or smoothind9i s covered on page

I Si dmaad &6 s an ikneyesriaue ki vuereadt i on fiom c IMandodost bh i tnhga tf

tiseries sabhatprevweiaana : ; ;
i . "8" key cycles through smooth types: None, rectangular, triangular, Gaussian, Savitzky-Golay,
algorithms disc ' ' ' ' ' ' ' '

. . °l i i 7
s mo atine  mesmoest { ot
e g;éj“u'w"ﬂNri*a!a'i'wﬁr%‘f‘ﬂ'ﬁ’M»‘*}h Q*TM"'W’@w‘hinwﬁmf\%@}'ﬁﬁw‘*
you t oanayd jloEs ts-mo 0 2 4 6 8 10 2 1 16 16

Press Shift-A to cycle through spectrum log/linear plot modes

ing parameters _ j _
- fPURIER SPECTRUM: x=Frequency (e.g. 1/time). Press Shift-X to change to time.

observing the e 1

signal instant|l ol

observe how dif| 3

amounts of smoo| =l ]

and signal, suc : [L“‘

width, and area 05 o N e

fu nc Df 0 n Slng;m a]ld e 1 point Gauss smooth. Ends: 0 Symf: 0 Vwidth: DA: 1 Deriv:0 Median: 0
differentiationFu.,,v.....r,,
interpol-aquames |paadk measurement, and a frequen

smoot hi ngf uanncdt iootnhsercan change the frequency spe
i Signaldeddamolresttr ates the freqguency response olf
t hemst ogdient, sapilkoewi ng you to change the smooth
frequency reWpewsthebeodewnZloR dfiitlhesampl e dat a
t es)tTihne g Oct avesvgnsal, oowmhasxeh. mas different keys f
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https://terpconnect.umd.edu/~toh/spectrum/medianfilter.m
https://terpconnect.umd.edu/~toh/spectrum/killspikes.m
https://terpconnect.umd.edu/~toh/spectrum/TestSpikefilters.m
https://terpconnect.umd.edu/~toh/spectrum/ProcessSignal.m
http://terpconnect.umd.edu/~toh/spectrum/iSignal.html
https://terpconnect.umd.edu/~toh/spectrum/iSignalDeltaTest.m
https://en.wikipedia.org/wiki/Dirac_delta_function
https://terpconnect.umd.edu/~toh/spectrum/isignal.m
https://terpconnect.umd.edu/~toh/spectrum/iSignal8.zip
https://terpconnect.umd.edu/~toh/spectrum/isignaloctave.m

You tHegredszspani ment yo8igabhhits yuses nag emxraempil ceu solf
a very noisy sifgmeaquevwi dyht (biblakd )p frodisgear i ngna per
t he ctenxdt=elr50a, -4 he8mydh=tB=Olrest , 1dSoiwgna adibodms v Smgnhta b t he
Mat sebhpathh, then execute these statements:

>>|oad NoisySignal
>> jsignal(x,y);

Use AtamBElk eys t o increase and deSkreeyasteo tchyec | semaotohtrh
avail abl e smoot hstpy psarse.0 tHthi mtn:d Kkseee pt hencr easi ng
pedlcomes(Uwnifoirbluemately, | Sign@®ttdorest niot doaes e
Web browdMat |l abi Oé¢éeépse: / / www. mat hwo r-krsl. icman/ lptr mld L

Notlef: you are r,gadi cgoltihdkg haom I-faimyee olf i mlbhe on t hi
Save Litndk Aswnl.oad them to your computer for wus

Live script for smoothing

Here is a interactiveMatlab Live Scripfor performing several types of smoothing applied to
experimental data stored on diflage368 download link:DataSmoothing.mlx It can perform spike
removal, sliding average smooths with up to 5 passes, Sadslay and Fourier lovpass filtering
(pagel2d), and wavelet denoisingp#&gel33 which requires th&latlab Wavelet Toolkjt Clicking the
Open data filebutton in line 1 opens a file browser, allowing you to navigate to your data file (in .csv
or .xIsx format The script assumes that your x,y data are in the first two cojudithghe variables

and settings appear in the Matlab workspageasualThe finished smoothed data are in the vector

sy".
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https://terpconnect.umd.edu/~toh/spectrum/isignal.m
https://terpconnect.umd.edu/~toh/spectrum/NoisySignal.mat
https://terpconnect.umd.edu/~toh/spectrum/NoisySignal.mat
https://www.mathworks.com/products/matlab-online.html
https://terpconnect.umd.edu/~toh/spectrum/DataSmoothing.mlx
https://www.mathworks.com/products/wavelet.html

Data Smoothing

with median filter, recursive sliding average, Savitsky-Golay, Fourier low-pass, or wavelet denoise
(which requires the Matlab Wavelet Toolbox). 8F

Savitsky-Golay

T
Criginal data
Smoothed data | 7

Tom O'Haver 4/18/2023

1 Open data file |file= uigetfile('*.csv;*.xlsx");% Click this button to load data

2 mydata=xlsread(file); % from disk in xlsx or csv format.

3 PlotBeforeAndAfter= [ ; % Check this box to display smoothed signal as well as ori
4 FrequencySpectra=[/ ; % Check this box to display frequency spectra

% Set the x-axis scale expansion beginning and end points (@ - 1@0%)

7 startpc= 1 5 % Percentage of data points to start data sele

8 endpc= 97.6 ; % Percentage of data points to end data selectic

16 RemoveSpikes= 3 % Check this box to use median filter to remove spikes 10 L L L L L

11 SpikeWidth= & ; % Estimated spike width, in data points 0 50 100 150 200 250 300
Area recovery: 100.0415 %

13 SmoothType =|Savitsky-Golay ~ |; % Select smoothing algrorithm

Frequency spectra

% For sliding average:

16 SmoothWidth= 41 ; % Smooth width for sliding average
17 NumPasses= 4 3 % Number of sliding average passes (1-5)
18 SmoothEnds= [ ; % Click this box to smooth the ends of the data record.

% For Fourier low-pass filter:
2 FrequencyCutoff= 3.5 ; % Fourier filter cutoff freguency

22 CutOoffRate= 4 ; % Fourier filter cutoff rate

% For Savitsky-Golay smooth only

25 SGSmoothWidth= 31 ; % Frame length for Savitsky-Golay
26 PolynomialOrder= 5 ; % Polynomial order must be less than the
% For wavelet denoising only (requires Matlab Wavelet Toolox be installed)
' i =il Original data
20 WavelatType=| biors 5 H Smoothed dala
38 Level= 4 ; % The higher the level, the lower is the frequency L
B 10° 10!
32 NumPoints=length(mydata); - Frequency

The script has several interactive controls. Stagtpc andendpcsliders in lines7 and8 allow you to
select which portion of the data range to process, from 0% to 100% of the total range of the data file.
TheRemoveSpikesheckbox applies a median filter (pesf® to remove sharp narrow spikes.
SmoothTypedrop-down menu in line 13 selects the smoothing algoritieach has one or more
controls specific to thamoothtype in lines 16 to 30. The first choice is the recursive sliding average
(fastsmooth.malgorithm(page42). The smooth width and number of passes are controlled by the
sliders in lines 16 and 17. The other controls are explained in the accompanying comment lines (in
green). Fourier filtering, Savitsk§olay and wavelet denoising are topics that will be expthinlater
sections. Th&lotBeforeAndAfter checkbox in line 3 gives you the option of plotting the original
signal (in black) along with the processed signal (in red).FrequencySpectracheckbox in line 4
allows you to show thirequency spectrumif the original and/or processed signglage94). Note: to
view the graphic plots to the right of the code, as shown abovectigkion the empty space on the
right and select "Disable synchronous scrollingéte: you can doublelick any of thesliders to

change their ranges if the initial range is insuffici&@de pag870for other interactive tools.
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Smoothing performance compari son

The Matlab/Octave functiorMultiPeakOptimizatioom" is a selfcontained function that compares the
performance of four types 6hearsmooth operations: (1) slidirmyerageectangular(2) triangular,

(3) p-spline(equivalent to three passes of a slidawgrage), and (4) SavitzKyolay. These are the

four smooth types discussallove corresponding to the four values of figmoothModé input

Peak position error Peak height
25 1.2
Moving average Moving average
9 Triangular 1 Triangular
Gaussian . Gaussian
Savitsky-Golay 0.8 : e S avits ky-Golay

Percent eror
-
o

0.6 ~o
1 ~
0.4 T—
0.5 \\-— e 0.2
] 10 20 30 40 50 60 0 10 20 30 40 50 G0
Total smooth halfwidth. Peak width: 20 Total smooth halfwidth. Peak width: 20
Standard deviation of the noise Relative standard deviation of peak height
0.06 0.05
Moving average Moving average
0.05 Triangular 0.045 s i NG laT

Gaussian Gaussian
Savitsky-Golay 0.04 — avitsky-Golay

0.04

0.03 0.035

0.02 0.03

0.01 0.025

0 10 20 30 40 50 60 0 10 20 30 40 50 60
Total smooth halfwidth. Peak width: 20 Total smooth halfwidth.  Peak width: 20

argument of th&rocessSignandthe interactivaSignalfunctions. These four smooth operations are
applied to @800C@point signal consisting df81 Gaussian peaall with aheight of 1.0 and BWHM
(full-width at halfmaximun) of 20 points( A wi d 0 , whiclh ameeall segarated by arvalue of
160.01 (line 16), plus addewbise consisting of normakgistributed random white noise with a mean
of zero and a standard deviatiomfioN 0 i s e 0 . Thax-axis geakpoBifion and yaxisheight of
eachsmoothed peais determined by the height and position of the maximum single signal point for
each peak. fAierelativestandard deviation dhe measured peak heights is recoraed function of

fi t osmaoth widtld, tsw, which is defined as the halfwidth of the impulse response of each smooth
type The results are shown thefigurebelowfor a peak halfwidth of 20 and a noise standard
deviation of 0.2 (i.e., 20% of the peak height).

The four quadrants of the graph are: (upper left) peak position error expressed as a percentage of the
peak separatigrfupper right) the mean peak height of the smoothed pf@aker left) the standard
deviation of the smoothed nojsand (lower right) the relative standard deviation of the measured peak
heights. The different smooth types are indicated by color:-ldléing-average; redtriangular;

yellow - p-spline, and purple Savitzky-Golay.

These results show that the results of these diffaraooth types are quite similar but that, the
Savitzky-Golay smooth gives the smallest reduction in peak height but the smallest regdunbse
amplitude, compared to the other methods. All these smoothing methods result in similar
improvements in thetandard deviation of the peak height (bottom right panel) and in the peak position
error (upper left panel). Moreover, in all cases, the optimum performance is achieved when the total
smooth width is approximately equal to the halfwidth of the peakc®helusions are the same for a
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https://terpconnect.umd.edu/~toh/spectrum/smoothdemo.m
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https://terpconnect.umd.edu/~toh/spectrum/isignal.m
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Lorentzian peak, as demonstrated by a similar functibultfPeakOptimizationLorentzian.m

graphig the difference being that the peak height reduction is greater for the Lorentzian. For
applications where the shape of the signal must be preserved as much as possible, theGodaytzky
smoothis a goodchoice.ln peak detection applicatiofgage68), on the other hand, where the purpose

of smoothing is to reduce the noise in the derivative signal, the retention of the shape of that derivative
is less important because peak parameters are determined ksgleass fitting. Therefore, the

triangularor p-spline smooth is well suited to this purpose and can be faster for very large smooth
widths.

The differences between these methods are even less when the abscissas in the above graphs are
changed frontotal smooth bandwidtto white noise reduction factordefined as the square root of the
reciprocal of the sum of the square of the impulse response function, as shown below.

Peak position error Peak height
2.5 1.2
Maoving average - Moving average
2 Triangular 1 \ Triangular
5 p-spline ‘-""'--., p-spline
5 —C avitsky-Golay D Savitsky-Golay
£15 0.8
2
&
1 0.6
0.5 0.4
1 2 3 4 5 6 7 1 2 3 4 5 6 7
Noise reduction Noise reduction
Standard deviation of the noise Relative standard deviation of peak height
0.1 0.06 |
Moving average Moving average
0.08 Triangular Triangular
p-spline 0.05 p-spline
0.06 — S avitsky-Golay — G avitsky-Golay
0.04
0.04 i
0.03
0.02 \
0 0.02
1 2 3 4 5 6 7 1 2 3 4 5 6 7
MNoise reduction MNoise reduction

An important detail is that these results apply only of the noise in the sigriaitégpage27). If you

smooth a signal that has been differentiated, for example, the second derivative of a Gaussian peak with
white noise @raphig, high-frequency content of both the signal and the noise are greatly enhanced, and
these results will be different, showing much poorer relative performance for the simple moving
averagedraphig. TheSavitzkyGolay smooth remains superior in this case #smore sophisticated

method of noise reduction, calladvelet denoisingwill be introduced on pagk32
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The sydnbfofflercefitfanhcbnons is a topic that i s int
courses. The numerical differentiation of digit
11 Straight red ine s the slope: the tangert to the blue cune at each point many uses in analytical S i
1t derivative of a signal i s
osf x, that is, dy/dxsl omdech w
0sf t teaeng®nt he signal at each

07} by the animation sba@lpft on
the ani mati on dableisnkhJjohe sho

simplest algorithm for com

06

06

o4 I's called a Afinite differ
0.3
02t '\.-’_z: \"G+1_\'Tlr_i — \"G+1_\'Tlr_i }{ /= ><_i+1+><_i
0.1 Slope = -2.9351e-007 ! }{J +1 - }{J .ﬁ.}{ 1
1 i 3 3 5 5 7 B 5 10 (for -1%¥.] <n
*
wheranda¥e the X and"y val
point of the derivative, ®&X =i ssutmbberdiofff @eroe mae b
values of adjacent data points. A comawmemlaygeusec
sl ope between three adjacent points:
Wﬁz:m }{f_.}{
! 2A% e

j(for A)< <n

This i <endllddf dmresg mMiodl advantage i s that i-axid®es
position of the deri vatgiawe.gmednrtii \sa tail \s®sapioirsssw bil e
interval bet ween the points i:ﬁothexgzmpb’gg(eo)(rpres

Yj_3anq4,g( etc. This is equ-avelragte (oeappbdgphgr a s
addition to the derivative.

Theecond der itvhaet ideei vati ve of t ltarderfiuuatei vsd :g ni

that is, the rate of change of the sl ope of 't he
cal cul ation twice in succession. The simplest ¢
in one step is:
\Iﬁﬂz‘\*‘jﬂ—z\’jﬂf‘j_l XJ y
2 .= o
: AX 7%t or A)s j <n
Similarly, hi gher derivative orders can be c¢o0mg

exampl-2, -#2f,or the thi rd, déed,i+vla tflioere itshaet idv & , al t
these derivatives can also be computed simply I
derivative wel wmbgeé ¢her otr i @3 ntathe si gnal at each p
curvatWhere the sign-dbwadurhweatswerce miegsg da oamiedat @ v e |
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http://en.wikipedia.org/wiki/Derivative
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http://en.wikipedia.org/wiki/Tangent
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the signaudp itshe oneccaovmod sd ¢ iFiowe a thii geheirs deri vati ves
word | abel s, .a&atE hl edeesrti viant iBregliissh ust the rate o

The&avi-Galkyyo qtpl@dghe an al so be used as a different
appropriate choiténettl gpuobmhrgemedtit §ferentiat.i
al gorithm.

Thaccuofhcygumerical differentiation is demonstr a
GaussianDe(@gi @pliinkewhimc h c o napnaarl eestxigahaels ixarcd f or
derivati vesr eoddial YGaalstsd iame { { o o imle Woadfarneasm o0AH tpahian «

the expressions above, demonstrating that the ¢
match as |l ong as the sampling interval i's not t
nume mifticearli vati ve exiwsulcyebgiappfyirsg differenti
numerical precision |Iimitation ofn tsloenec emxp wteaenre

demonstr aBdl (oAn paalgteer nati ve di f fFomuenteiraitlTiramsme
pa®d can calculate any derivative order but ha:

7¢t RHWAI YGUI qRIJt WYNW?2 Wl R2¢qR2IJWERNU
e I ——TFF T The figure on thi
T EERg st R e the results of t|
di fferentiation
compgeeer ated
Gaussian peak. TI
in each of the f
e first der.|
eh@rteiist
w 2 is the |
ative of Wi
w 3 is the |
ative of Wi
w 8ec¢ond he
ative of Wi
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Bl e S S recalling that t|
is simply the sl ope of thaporiitgt daek | vsigrad id whe
signaldosMnoiptess der i vahW rve da ss,ihgrgaslt idee i vati ve 1 s
(Mat |l ab/ Odtoavd hasdd i gure.)
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Thei gmaei dalal shown iinnfWi eedt¢itvthre paismtanwhere t he
maxi mum) at tHhaiscemidamgeof Tthimsm xx ammmea ¢ po fd g stto dtel
(Window 2)zexmd sf(spanighe where thaxissggalngreistskesr
positive wvocrgga@&tnismdheorsecond derivative in Wini
for precisely |l ocating the inflection po-int in
crossing in its secbodateonvaliinvbd pReakistihagmlay, ct
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http://en.wikipedia.org/wiki/Savitzky–Golay_smoothing_filter
https://terpconnect.umd.edu/~toh/spectrum/GaussianDerivatives.m
https://terpconnect.umd.edu/~toh/spectrum/GaussianDerivatives.png
http://www.wolframalpha.com/input/?i=second+derivative+of+gaussian
https://terpconnect.umd.edu/~toh/spectrum/CaseStudies.html#Numerical
https://terpconnect.umd.edu/~toh/spectrum/derivdemo1.m
https://en.wikipedia.org/wiki/Sigmoid_function
https://terpconnect.umd.edu/~toh/spectrum/PeakFindingandMeasurement.htm

computed precisely by cempwstsiimgy time iltosc dtiirosn af
shapes have different derivabewviesatthaee®lsape bemd
demonstrates the first derivative fpargmsAnny 16
smooth peak shape with a single maximum has sec
alternating maxima and minima, the totallTheumber
evemder derivatives have a maxi mum-oorrd ear nd enriinvua
have -araesiong at (Mahé apeé Oic)t @eomut ecrmadch alt he Naeneh e rc

magnitude of -ahties deali vas) vies mmych | ess than t he
aredt heelretheweeesn adj acent y values, divided by t
same r emdsomettéhgreour car wusually displays a much
(unl ess your car is very new, and you drive ver
of the odometer).
e e e eE 1 An important pro
the differentiat
#00 1 type signals is
t he wiedatkh t he
amplitude of der
The figure on th
o shows the result
T e e e || e e e e w3l |successive diffe
Window 3 = window 4 = of t wo -gempuaEed
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non amplitude (peak
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oteh . As you <can
wi dpeera k shmeasl |aer

derivative ampl.
the effect becomes more noticeabl ¢iaudRilgiernr hee
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derivative of a peak itHoweveonsSeiyspwopdohti boal s
shape and amplitude. Thus, di fferentiation i n e
the order of differentiation the greater the di
anal ytical applications for detecting peaks t he

broader backvwartduwrhd Odea@akvsd. hd(sd & i gure) . The ampl i
peak al so dcédppiedshenpehlk and i s diheegthBau pgiogpror
Lorentzian peak shafpiessssleavda dd Iviag htvley sdiafpfeesr eaemtd

amplitud@eoi veheve of a Gaussian peak of heighi
empiricaHl* eg@ato.om2-D* B13 nN)*WWh5er e W is the full
maxi mum (FWHM) measured in the number of x,y dze

Al t hough differentiati ormpeadynppelgentpelsyi ocdhlainkyes smpntah e
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https://terpconnect.umd.edu/~toh/spectrum/DerivativeShapeDemo.m
https://terpconnect.umd.edu/~toh/spectrum/DerivativeShapes.m
https://en.wikipedia.org/wiki/Odometer
https://terpconnect.umd.edu/~toh/spectrum/derivdemo2.m
https://terpconnect.umd.edu/~toh/spectrum/FirstDerivativeGaussVsLor.png
https://terpconnect.umd.edu/~toh/spectrum/SecondDerivativeGaussVsLor.png
https://terpconnect.umd.edu/~toh/spectrum/DerivativeScaling.m

sine swagwnea | behaves very differentl yi.splhdaes eder i v
shi éted waovsei,npgorovhamb e f raengqdu emnictyhn an ampl it gde tF
as can be dWonofnrsatmr aXleh ad enr i vati ve of a periodic
components of dis$ferkentohtegonenbgputvi vd mér farl & gu 6
and phases. For this reason, when you take the
speech is still completely recognizable, but wi
to the | ovanfdr eapueanaciess,l t, itpa@®a&faars dn he mnd mplre.
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A simple example of the application of the diff
bel ow. This signal i s typancpaelr oonfie ttriaecdttyw [ eneaotk i osni
t her malamdakiymetsi c exper i-lmemd sse@ameretrs esf odi fsfte
objective is to determine how many segments t he
sl opes of each segment. Thi s el st hdei fsfliocpuel td itfof edrc
and the resolution ofthéenifcaanpidmer taskeensn cushpl
first derivative (sl ope) of the signal i's cal ct
separate steqaxwBoval be)ghtxifshamowl amk.esTlaea VW he
thatsiexampl e the steps in the derivative signaea
segments in the origiaabhsigmhl swesemonset pekekEky
the original signal. Although this noise was nc
noticeable in the derivative.

Window 1 Window 2
128 pointz. 2; 1.0e+0 1.3e+2 ¥ooo1.5e-2 1.1eq 125 points. X 1.0e+0 1.3e+2 ¥oo-2.0e-1 1.78
w103 , =int
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The signal on theoil ess steemsgho biena, deude viatt 3 vi
(dx/ dy) , plotted on the right, shows-ltimagt t he
segments with distinct-lgfidnédebeadaks| opgweam

't is commonly observetdhsd ptntnd d s €Ef eaenbi ahl ensdt
algorithm indlpaddped ag moost wiamgeful ly optimized fo
algorithms for differentiation are as numerous
siginmdirsaddiegr afl pa’gke n
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https://en.wikipedia.org/wiki/Sine_wave
http://whatis.techtarget.com/definition/cosine-wave
http://www.wolframalpha.com/input/?i=deriv%28sin%28f*t%29%29
https://terpconnect.umd.edu/~toh/spectrum/iSignal.html#sounds
https://en.wikipedia.org/wiki/Amperometric_titration
https://en.wikipedia.org/wiki/Thermal_analysis

A classic use of second di f flercerntiioant iodn eind paoh enr
potenti ometdinc moisttr datitormti ons, the titration ¢
point, the point where the slope Is maxi mum anoc¢
derivative of t he hteertelf imraegin@tcnutr vee iwnflllecti on po
second deri vazeweo wstil mtgheaxth ipboiitnta Maxi ma and ze

much easier to |l ocate precisely than inflectior
Window 1 Window 2
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The signal ol ther b#eff mniveeutyheveak aci d witlh a
mL on-atxhe Xnd -goxH so.n Tthhee eYnd pgdgeme a ti eshtThse!l ipspean ts o

inflection point, where the curvature of tlhe si
| ocate this point precisely from the origipnal t
t seecond deshoani ve therobsghnhg.as t{the z

The figure above shows a pH titration curve of
on t-d@axi X and - s.n Tthhee Wol umetric equivalence p
mL. The endpoitriger e ast d ditd sploasmdal sfo an i nfl ecti on
of the signal is zero. Wi th a weak acid such as
original titration curve. The second HdieghtvatTlhe
zexoossing of the second derivative correspond:
measurabl e. Note that in @akeé ssaagind héemgl eat haec
EMG peak, sigma= 0.5, tau= 0.2 expandadaowt o-beogzeiroweg point more
\ dotted | ines -csrhoosws itnhga tf atlhles zaetr oa
close to the theoretical value

|
o \ Derivatives can also be used to
\ apparseynmimeyt r i c al peaks. For exanm
- = = g are symmebthrei craela l peaks encount e
X (time) sometasnyensmet ri cal . I f the degree
: Second derivative came di fficult ttohatetiesxctwhvd rseu adiil
/\ can Thlkeé pMat | ab /DCecrtiavvaet isvcerEEMGEDe mo
S (r aphsbowbsht bethetr iSvati ves of a
| asymmeGauxiha Tsaeeond atcilveea rnhoys t
|| shows unequal positive peaks t h;

5 for a purely symmetrical peak.

=

d2y/dx®
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http://zimmer.csufresno.edu/~davidz/Chem102/Derivative/Derivative.html
https://en.wikipedia.org/wiki/Potentiometric_titration
https://www.khanacademy.org/test-prep/mcat/chemical-processes/titrations-and-solubility-equilibria/a/acid-base-titration-curves
https://terpconnect.umd.edu/~toh/spectrum/DerivativeEMGDemo.m
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clear advantage and are mor eAnsautshceerp bef xbaanspyltreme tv h |
occiuff sa Gaussian peak i s hewivtil ya osvleird ratplpy dd ibfyf
The Deriiptat i vePe fgk Gupenrslbaopisenntob @thehr i5v att wor es o f
overl apping Gaussians where thetismepodi Iplea kt o0 sd
visually, skacaobndgdeni vhéei ve sbgwsomparasgmmaer
t wo posi DewvievatnksPhkatkedOotes |tatpe nmi ni mum extent o
and second derivatives, | ooking ofForeatcthe tpoiant sc
prints out the separation, resolution, and the
derivatives.

Derivatives ceorpeek bsymmetryp by adding a wei
derivative to the original peak, as83escribed i

Aldct W DagldHqRYU

A veoymon use of differentiati on eisspeicn atlhley deot

automatically determine thetolimberfobmpehksbant
described in the previous secti on -gtoh antgc tzbeersof n g ¢
at the peak maxi mum, whvalhue amf bteha spalak ,0 d 0 csah
(schHi.ptl fno heione stehse signal, then any data point
wi || be a peak maxi mum. But there is always at
will cause -mnoysinangsesimpby dtuhei st op rtaghlwelp endoa rsoen.e
techsimgowée hs the first derivative ofgoihneg szegrnoa l
crossings, and then takes only those zero
crossings whose s| oj "ectmeriemeymediepes the sy zao corngs o e e Fvte (=
predetermined mini my

threshol d") at a poi

signal amplitude exd | 1 n
(called the "ampl it

carefully adjusting 1+ e
thredhoand amplitudgqg

possible to detect ¢ over
a wide range of pekaK

that are too small |, w.
Moreoversmbetchiusg c a ol " |

peak sigedlsing peak L/—/ﬁ

i ncreasi no ppaéghek t i bt '

techni que can be e xt 3 10 g 30 0 iu & 70 0 ey 100
position, height, amo Wraotm OT €acn peacxk y

| edgtuar efsi tcaufir vag s eogrmeguibnsacid ot hreelars i tgmea | t owh eorfe t h
the d4impnasle ratio is usually the best). Thus, e
reliable discrimination against noise, the peal
and the effect of random noise in the signal [

peak. This techniguMathlaasb /6@ aigk\nahpp raene d Predgeeti N
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https://terpconnect.umd.edu/~toh/spectrum/DerivativePeakOverlapDemo.m
https://terpconnect.umd.edu/~toh/spectrum/DerivativePeakOverlapDemo.png
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https://terpconnect.umd.edu/~toh/spectrum/Smoothing.html#Optimization
https://terpconnect.umd.edu/~toh/spectrum/Smoothing.html#Optimization
https://terpconnect.umd.edu/~toh/spectrum/CurveFitting.html
https://terpconnect.umd.edu/~toh/spectrum/PeakFindingandMeasurement.htm
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Peak detection algorithmeclhi kbisa i dessceaarrec hwi del y
envi r onmoenn tt abilrni annge,a layinsai gge,0 c e Ns U M@s eh yeniceaem t @md al
sci ephceemi stchyomadosgeaphaydproodce 6§ sehgrence 100) .
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Il n spectroscopy, the differentiation orfeds,pew.tw.z
vi sabs$erfpltummesaedd esp eamtcreo ph orted needtereyd vabi &g
spect rbesrciopayti ve met hods have been used i.n anal

@Spectral discrimination, as a qualitative fincg
di fferences between nearly i1 dentical spectra

b)Spectral res ol (pdak shanperengghas cameaeatchni que for i ncr
resolution of overl apping spectral bands in or
t heir wavelengths

(©Quantitative analysis, as a technique fbo the
f aictidt e mul t i c o(nBpeocnaeunste adniaflfyesriesn.t i ati on i s a |
derivative is proportional to the amplitude of
applications esmpanmgamnd aalyi (lopfsdgoph.e nMd stc hona mmesrsc |
spectrophotomet#einsderowvhavee capability. Some i
measure the spect ualdudachrvievl setwmigwebs eonpgttihd aroidgd sa.t i

Because the diiplitvade wsafaptfenda spegalal i s inVer sel
power of the width of the peak, differentiatior
against broad spectral features in favor of nar
di fferentiation as a med hsoidg noafl sc oirnr eqcutai notni tfaotri vk
analysis. Very often in the practical applicat:i
samples, the spectral bands of the analyte (1 .¢
broadpagtsg curved baskgonadusdti sBaghger camdbe red!

T _ i Thi dies

IR N S illustrated b

\ : N =l “|figurethe | ef:

N iy \ S 1& e Vo which shows a

» _,\\ I I\ ) o0 W simulated UV

HU“ e spectrum

T T w wa w A w w w | e w T hal (absorbance v
wavelength in

with the green curve representing the spectrum

spectrum of a mixtur e ocompaibnhiatg gtihvee anasley tteo ptl

fibac k gdgadbusnodr pti on. The first derivati v.eosd ocfa nt hsees
that the difference between the patrreumn(arl egd)e isg
reduced. This effect is consi deroanbltyh.ee rhagthtte d t

the spectra of the pure analyte and of the mixt
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necessary that the background absorption be brc
spectr al peak, but this turns out to be a rathe
against broad backgr ocewnedh, hsi egchoerrd o(radned )s odneertiivnaet ¢
such purhbesiesvat iSeeDeamoMat | ab/ Oct ave.

't i s sometimes (mistakenly) said that differer
how it would be tempting to say someitthl diage d i Kkeee
that the signal amplitude of the derivatives i ¢
graphically). However, it is not wvalid to compae

thbgve dif.f eydeaenit siutns tesf t he oarbisgoirnbdsdin asepietcs r arfm ta

deri vaabwer marecearmpert men units ofabtshe baetewvgedemn
cannot compare absorbance to absorbance per n m

houlrtme(ani ngless, for instance, to say that a s
of 20 micla@showeywair ,s icogamipdacrkeg rtohem dl sri dpmi@mcb | se r at i
For instance, in the above examplhekgrouwdulkeat b e

(hi ghnert)he derivati ves.

Loosely tshpeppkhbsntgge of differeaotiaktdyidrisei sd e rnitveagtrie

signal, youbmi ghlttgenge att et « he ori gi nal (zeroth
However, theéfe cionnsd aeodrticga rnmli mi gnal (i ke a f
l ost i n dinfifegmrariti ioaat icamnot restore it. So stri
| oegfs i nformation, ansihohlededwldei e §F euanht oasi wh
term in the original signal is not of interest.
There are several ways to measure thehampliatl ud:e
analysis: toéd datheoldetre vadliwe at a specific wav
(such as a maximum), or the difference between
techni quecrios stihreg zraeradsium g meemd di ngs de rwavadli evreg tal
where an interfering peak crosses tihti nzgorot aomnt t

measure the standmptdssand tAiles og a kibeeocwaauyssea t he am
derivative of aomealk sdaevpngrodg asitr o mglcyntrol envi
mi ght change spectr al peak width subtlety, suct

NIl ¢cIW Ucd!t Rt

One of the widest uses of the derivative signal

t he measur e(netnrtarmaefwond malolf substances in the pre
potentially interfering materials. I n such appl
noi sy, and superimposed on | arge backagerdoubnyd si ¢
sampiseampl e basel i nsepeschiiffitcs bdrucea d boaemd oaadbusca rbg tei ocn
(sampll)e pcoesli ti oni ng, dirt or fingerprints on th
mat chi ng, and solution turbidity. Baselitne shif

independent (Il ight Dbl ockage rctaiucsleas )b yo rb udxH iebsi tc
wavel engt h dempaermntdiemlicee t(wrmmdadan yeixhpacihteln d ff emrent i o
gener al help to discriminate relevant absorptic
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benefit of the suppression ofvhr oadthi deéek gprackmgyd

amplitude from sample to sample are also reduce
measurement i n many i nstances, reeslpdetxiivadi d yb avdhleqr
orf there is a | ot of wuncontrolled variability
detect trace component in the presence of stror
Window 1 Window 2
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Thabsorsppecotnrum on the | eft shows a weak shol

concentration of the substance t hagthairanatce ulia cr
prepasdahegeowak i s obscured by the strong backgr
sampl éouThé oérithasi e@pectrum is shown on the r
compl etely suppressed and the analyte peak nc¢

The spectrum on the | eft s(hotwsxdaledvd)ak thleoanadéy
Ssiginmdi se ratio is very goo,d hienbtloiasl, speéotpi mm,
obscures the peak and makes quantitative measur

spectrum is shown on the right. The background
anal yte peak noyw sftaacnds toauti nogl eneerasur ement . An
bel ow. This is essentially the same spertaofunm he
analyte is ten times | ower. The question is: 1|
This is quite Iimpossible to say from the nor mal
shows thatyebhe&aoameswieasivsadsldysnt her e, butt-onoeivseer t he
ratio is sufficiently good for a reasonabl e que
Window 1 Window 2
256 potnts, ;. 1.0e+0 Z.be+2 T: 9.de-2 1.0e+ Zﬁﬁpnmw.x_é 1.0e+0 2.be+d T -d.1e-8 0.6
1.00 *10
4.00
0.80 +
2.00
0.60 +
0.00
0.40 +
=00 4
0.20 +
L L L LI B L -4.00
0.50 1.00 1.50 2.00 2350 050 1.00 1.50 2.00 2.50
= 102 x10%

Like the previoud hfei gpleraek, i lsudtoeinmetdi kmetsh atoosvestr ¢ a
seen in the spectrum on the | eft. The fourth d
reduced i n ampl i tauxdies @ésncdatleenjt-te@igseaenbr d teiro .y
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This use of signal diff ergaumtnitdttiadn vheapsa pbtetdcaunben ¢\
gual ity cpmarrmdcadut.itchas tihhadtiulsap miniad ayttieomwoul d t vy

active ingredient in a pharmaceutical preparat:.
presence of fillers, emul sifikeirlsi,zdrl sa,voarOhgt loer
course, in trace analysisesptaipmi z etat b e as0,fg atéhifee ml
instrument as much as possi bl e.
Al 't hough it will eventually be cshowe (PpihlgHkd mor e
can al so perform many of these grREDBtithe i der mea
techniques have the advantage of conceptual anc
graphical way of presenting dat a.
2101 R2¢qR21t WeUT W YRY WaWNSWWf aGY!l q¢ UHIIWY n
—_— 0 — l't is often said th
Ty T L T e increases the noise
but it is not the n
fact , computing the
first derivative of
numbers increases i
| | | o | W deviati armeby qumlre r
o v " @ Jof, 2si mply due to t
AL R A R propagat imfn tofe esum
or difference betwe
numbers. As an exanm
standard deviati on
numbers generated b
Mat !l ab/ Octave randn
T e w w w3 1.0 and the wotfandar
its f i r sstd( derevr (randa(bize(¥:1©000)))) ,equals about 1. 4. Bu:

of s mo(optadgbenpgp | i ed t o the derivative wil&a-2educe
point smooth appl i edstyastsindote (fledvs(randn@ioeot h f unct i or

(1:10000))),2,3)) ,equals about 0. 4.

More importantsiginadies dodrcaarrt hcade téheeat i ve i s aln
much | ower (poorer) than t hattheofn utnheer iocrailg iannapl!| is
derivative I s (asayVby manhseeamafberyourself i n e

smoot hailnmagiesd i n any practical a pipabtp t sstmeotort hti an gg
t he d4iopnasle of aeddmirwattthieme tchaen uns moot hed ori gi
application of differentiation in quantitative
in combination with sufficteani semoathiabhgedhia oI}
figure oMattlhaell daeofdtdri § fi gure.) Window 1 shows a

of added white noise. W ndows 2, 3, and 4, shov
smooth widthswi Aroywisgnloma thh enggd logon asle rati o of t h
can be substantially .potbaveav drh,anwitthhe aodd qu antad &
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http://www.google.com/search?hl=en&client=firefox-a&rls=org.mozilla%3Aen-US%3Aofficial&hs=TM1&q=derivative+spectroscopy+application&btnG=Search
http://www.google.com/search?hl=en&client=firefox-a&rls=org.mozilla%3Aen-US%3Aofficial&hs=x1L&q=derivative+spectroscopy+pharmaceutical&btnG=Search
https://terpconnect.umd.edu/~toh/models/AbsSlitWidth.html
https://terpconnect.umd.edu/~toh/spectrum/CaseStudies.html#comparison
https://terpconnect.umd.edu/~toh/spectrum/ErrorPropagation.pdf
https://terpconnect.umd.edu/~toh/spectrum/deriv1.m
https://terpconnect.umd.edu/~toh/spectrum/fastsmooth.m
https://terpconnect.umd.edu/~toh/spectrum/derivdemo3.m

t he diopnasle rati o of tihe nsunedcho tbhee dbest e sabnkdh yceame tehvae
that of the unsmoothed original

Thi s oeff fsemcotot hi mg @e&rinv atoir seexstdmidk ivag i ivre , t ms s hc
i gvatt l(ab/ Odtoavd hdsdd i gur e}t.-mdins & hri ast ica scef, tthe

]

econd der i v atpg=Liwwi————"nn Window 2

206 ponts. Mo Z.0e+2 EREE ¥ -2.2e-2 1.0e+0 256 points. 3 Z2.0e+Z q.Be+Z ¥ -36e-z 3 1e-Z
2

S SO poOOTr Yy OUl s

he signal Vi g ]

S
i
t
smoot hed secon
I
n
)

0.60 A

ook sDiffifneer.e nt

ot actually s

i gralt here we|
all in the orif| = G = s s N
the derivative Window 3 _ Window 4

256 points, X Z.0e+Z ERE T -Z.Ee-3 1 1e-3 256 points. 3 Z2.0e+Z q.Be+Z To-12e-3 5 Ge-d
x 10 108

No noise (page:
3 4)0.

What is partic
about the noi s
derivative siisgw!
the Tolve This | vt
nowthiRag het,| uietP s "
that is, it habki gnveduemwmcicepowlranawhi te noise. T
t he nohda & fiementi ated si gnasimoiost heiaassgi d ey ma redturcaetde c

0.40 100

-1 o0

Becauseawdrialgengs moot hing and di ffemakebBahbon ar
di fference whether the smooth operation is appl
i mportant, however, is the nature of the smoot't
of the original p eeask )t,h ea nsdi gtnhael niusmbsemmotodtfen etdi.m T h
smooth ratio for derivative signal swapsp laipcpa toixa n
a simplaemgrud dwvegampeoth (or one application of a
For a secondraget i catiwvweas of a simple rectangul
triangulagaed squat d. Thtehigfrmétdahievambesmpotbhet hat
equi vaatenteaosft n+1 applicaTh®awsi-®dlkaay rinesctthadndgaul | af
computing smoothed derivatives because it combi
The Matl ab si gnailSipgrodcilesscouiangg® 6o uosngs atmmhi s appr oac

|l f the peak widths vary su-fotraretxiaanpllye,adrfogdsetl
wi der -aal tadei-tbeerasesmay Ise ghmesnpdeddip 230383 wks iec @
the smootsh maiddrtyh cacr oss the signal

Smoothing derivative signals wusual | yamplsiutl it se i r
the figure on the right above, the amplitude of
much | ess-stmban hietds vlieess on (Wi ndow 3). However,
guant it ata pvpel iacnaatliyosni ss, if the standard (anal yti
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https://terpconnect.umd.edu/~toh/spectrum/derivdemo4.m
https://terpconnect.umd.edu/~toh/spectrum/SignalsAndNoise.html#Frequency
https://terpconnect.umd.edu/~toh/spectrum/Smoothing.html
https://terpconnect.umd.edu/~toh/spectrum/SavitzkyGolayHelpFile.txt
https://terpconnect.umd.edu/~toh/spectrum/iSignal.html
https://terpconnect.umd.edu/~toh/spectrum/Smoothing.html#SegmentedSmooth

derivative, smoothing, and measurement procedur
di fferentiati on Jlainme armotodtdineniga maelsel tbuodteh of a s mo
exactly proportional to the amplitude of the or
applications empanwmgand aali(opfedgogbehf t gobamppky t
Ssigmradcessing technigues to the standards as we

Because of the different kinds and degrees of ¢

computation of digital differentiation of exper
di fferent instruments ahdtbepercmeptusatnbassat
commer ci al i nstruments and software packages, t
obtain both the original (zeroth derivative) si
from t he usmeenmet ionrstsoft ware package, t hwemi dhewitlel
beovdraggdedan be used to discover and duplicate
|l nterestingly, neglecting to smooth a derivati\

Spacecd\NASSIAt' sofMar icrerJ plryogd2a,m 1962, whi chl was r e
infamous s"o.f tlwa rhei sb hlg9%s@8d obmd ke Mrft IBprac@. Cl ar ke

mi ssion as "wrecked by the most ex pe @ssucpreer shcyrpihp
bar over the symbol for velocity (the first der
overbar conventaivemadimogstfhgimicd i es , aslholmihede f or mu |
calculamedvihédee of the ti m¥Vi taohiey astmovoet ha fn gp o suint
mi nor variations would cause its derivative to
kick i n prematurely, causi ng¢lot lbe rfadkett'os tfhloisgt
engineers, It was quite early in the history of
Vi de Demonstrations

0
The f-sesbond3 1. 5SnvBoyttheD evriidyebsd morre2t. rwantve s-t @b e sbug
rati o i mprovements that are possi bjJlae 4dwihemnes meat

The seconsevodep, IDEe¥ i MEavttiev,e B@d kgemomd2 rames t h
r

measurement of a weak peak buried in a strong ¢
video, the amplitadpubSetawe)e no fO tahned pOe.alk4 ,i sbut t h
t hatc htamepeesa knm! iltoucdaet e d a=rhe@ 08|y vi si bl e. Then th
(Order=4) is computed, and the scale expansion
8 8. Finally, the amplitude (Amp) of the peak i ¢
in gmeal siare now quite noticeable and easily me:

The di ff eraennatsioagtm @aims lod per f oromedr awi it bnal sampl ief
Two or more such circuits can-obhe@ecasceadedtti veshb
noi se problems described above apply tpoasanalidag
circuits that are analogous to smoothing.
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http://en.wikipedia.org/wiki/Linearity
https://terpconnect.umd.edu/~toh/models/Bracket.html
https://terpconnect.umd.edu/~toh/spectrum/Deconvolution.html
https://terpconnect.umd.edu/~toh/spectrum/Deconvolution.html
http://en.wikipedia.org/wiki/Mariner_program#Mariners_1_and_2
http://www.infoworld.com/d/security-central/epic-failures-11-infamous-software-bugs-891?page=0,1
http://www.infoworld.com/d/security-central/epic-failures-11-infamous-software-bugs-891?page=0,1
http://www.amazon.com/The-Promise-Space-Arthur-Clarke/dp/0425075656
https://terpconnect.umd.edu/~toh/spectrum/SmoothDerivative2.wmv
https://terpconnect.umd.edu/~toh/spectrum/DerivativeBackground2.wmv
https://terpconnect.umd.edu/~toh/ElectroSim/Differentiator.html

2RnNIJI JDUqR¢c qRYUWRUWEGI W¢Tt 61313qt

Di fferentiation operations such as described at
Excel or OpenOffice Cal c. Both the derivative e
by t ha&nmulitfitpl y met h ocdh admetrsesro 0 t kpdasighdnn t phrei nci pl e,
possible to combine any degree of <@dinfdiietrepltyat:i
coeffiaci entluu3@t ridmbdehét exi bl e and easier to ad
der i vaand veessch stage of smoothing separately 1in
Derivati veSnoorotCpienngQfofRdiesc ¢ v@ali v e & ma o thahhic redh., xsinso o t |
t he dat a anfdi rcotmpdiereisv aBhiewa tahf__ Y (col umn

respect tA) ,X t(hceanl larpmp | i es t ha{- T e
di fferentiation process succeé- mput e
and third derivatives. The, s4q- coef f
c ol ukitnksr cAllg har e appl i ed succe |- ach s
di fferem¥i@aamoenter any set of. . _ _ —~—— le (pr
symmetrical about thSp. c¥mu ec a ot oot umn

paste your owsAamBt(a iamtdo 8)@8 .u..

o oooz

DerivativeSmootxriipgohWietmoMcit s e i

cccccc

of smoothingoonseheasi ofmak akldg-~
e e s bt peak |l ocated at|
sl opi ng blats eulsien,. Second Dettve
daada®@erivat i v.exSl N
but saidndwsl at ed W
t hedaYau can <co

amount of adfed ™ - o = . -

Anot her example of a derivative ¢
SecondDeri vdltgfvtewNRPcRl demonstrat e

measuring changes in the second ¢
lor accel er athiaomm)i ngf sa gtniathe Thi s
the apparent increase in noise ¢cC:é

2nd derivative of twice-smoothed data (Column 1)

extent toissbdicanthbhe meduced by s
by two paesosienst afriaansgul ar smoot h)
derivative shows a | aageepenhktt be
changes (at x=3M0) ,eiadtert hdasdieaa k| i
dlstlnctsﬂ‘yovwmmmajmlgdaelacceleratlomezﬂal&ei:braendanzd af
respec@®t hveerl ye xdinfpfl eerse motfi at i o'ns ha nfrdu IstmoIt yh"i ngo rbwo |
incliMuwd e i pl eConvol uti onanMud ttDerl ievCaotnivwod Md ma.n¥lt sh D

?RNNIJI WUqR¢ afRYPALRW W~ ¢ qt ¢ Hwe UT W
Finite diffffeareemdeatd on functions such as descr.i

Octav@&ome simple derivapaved fuinokd mieaasi féiorrdta gduearl
usi ngpdihret -dad €rfterrelnd er,imeinh awuch,s moot hed first der.i
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https://terpconnect.umd.edu/~toh/spectrum/smoothing.html
https://terpconnect.umd.edu/~toh/spectrum/CombinedDerivativesAndSmooths.txt
https://terpconnect.umd.edu/~toh/spectrum/DerivativeSmoothing.ods
https://terpconnect.umd.edu/~toh/spectrum/DerivativeSmoothing.ods
https://terpconnect.umd.edu/~toh/spectrum/DerivativeSmoothing.xls
https://terpconnect.umd.edu/~toh/spectrum/DerivativeSmoothingWithNoise.xlsx
https://terpconnect.umd.edu/~toh/spectrum/DerivativeSmoothing.xls
https://terpconnect.umd.edu/~toh/spectrum/SecondDerivativeXY2.xlsx
https://terpconnect.umd.edu/~toh/spectrum/SecondDerivativeXY2.png
https://terpconnect.umd.edu/~toh/spectrum/MultipleConvolutionFirstDerivativeDemo.xls
https://terpconnect.umd.edu/~toh/spectrum/MultipleConvolution4thDerivativeDemo.xls
https://terpconnect.umd.edu/~toh/spectrum/SignalArithmetic.html#Octave
https://terpconnect.umd.edu/~toh/spectrum/deriv.m
https://terpconnect.umd.edu/~toh/spectrum/deriv1.m

di ffedencea ,second dedipiov att i-ddef rfuesricetngc et hnee t3hod, a
deruwvidngoand f odanyilvd 4damd der-poiabhi veoumuhg. aE&ct
simple Matl ab fdwrdetriibvd yohptutheaf gumew't, iasnda tshiegr
di fferentiated signdal Fsr r dradetsnuestipdancseadt bBoen vtehcet o r
independent variable (x) axis, there deeiveysi
angdecderitvhvay take two i npaunpdaeaegueenovoss (sgomgd)ai wt
independent and. dependent variabl es

Smoot hDerdovmbtiinvees ndi f ferentiation and smoothing
Smoot hedDerivative(x,y, DerivativeOrder, w,type, €

derivative order (O through 5), " w' iI's the smooc
I f type=0, the signal is not smoothed
I f type=1, r eacvtea mel arr (bslxicdirn g
I f type=2, trianegwlearag(ed passes of sliding
I f typeEBnep(3 pawseresge)f sl iding
I f type=-G6Gpl Sgvsmbhkyh
"ends'’ controls how the "ends" of the signal (t
ends=0, the ends are zeroed: I f ends=1, the enc

closer to the end. Tiypr dsbmé pe SnplcddDte¢ i vatt ii we ¢
di fferenti ati onFonuertiheord Thr a@slesdc @onnm ct@pes gé at e der i v
and also inlcudes smoothing (reference 88).

Peak det ddhitei esn mpl est xc,dy@teatoet $ nsli mpevaakl su ed otkisa tf
|l owewral ues onalblogdnaneddd €es n@ti ve approach is to u

all the maxi ma by olwnaozadadonags & ihreg ,p otimats iod, the p
derivative "dér i(yexoprgpeusteesd fbryom positive to negat
functi oA ni § usncktuiolnt t hat returns 1 i f t haen-del e me
if it is Il ess than zero. The rounoanei Pg:i nts out

d=derivxy(x,y);

for j=1:length(x) -1

if sign(d(j))>sign(d(j+1))

disp(Ix@) y()I)

end

end
Il f the data are noi sy, many false zero crossi ng
t hat . I f the data are sparsely samptxied,val morat
zecoossing) can be obtained by interpolating b

crossing, using ther Masfpdanbocht@aotnaave fAi nterplo
interp1([d(j) d(j+1)],[x(j) x(j+1)],0)
Il n Pyt hon, vydoeu icvaan iivrep dogitstigmisconmport derivative 0
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https://terpconnect.umd.edu/~toh/spectrum/deriv2.m
https://terpconnect.umd.edu/~toh/spectrum/deriv3.m
https://terpconnect.umd.edu/~toh/spectrum/deriv4.m
https://terpconnect.umd.edu/~toh/spectrum/derivxy.m
https://terpconnect.umd.edu/~toh/spectrum/derivxy.m
https://terpconnect.umd.edu/~toh/spectrum/secderivxy.m
https://terpconnect.umd.edu/~toh/spectrum/SmoothDerivative.m
https://terpconnect.umd.edu/~toh/spectrum/SmoothDerivative.png
https://terpconnect.umd.edu/~toh/spectrum/allpeaks.m
https://terpconnect.umd.edu/~toh/spectrum/derivxy.m
https://svitla.com/blog/numerical-differentiation-methods-in-python

Processm®misgmalMat | ab/ODcnaevéuoocmmandt hat perfor ms

di fferenti asemwmineosndathae d$etmex,y (column olrt row v

returns the processed signal as a vector that h

S Yy n t Rrocesseds= ProcessSignal(x, y, DerivativeMode, w, type, ends,
Sharpen, factorl, factor2, Symize, Symfactor, SlewRate, MedianWidth)

Derivati (ébRdimw.)anosnetlafi ned Matl ab/ Octave demo fu

Criginal Signals %« 10Y  Smoothed Derivative Signals
0.06 5
0.05
0.04
0
0.03
0.02
-5
0.01
0
0.01 - - - - -10 - - - -
a 50 100 150 200 250 0 50 100 150 200 250
Amplitude of smoothed signal at center of peak w1 Derivative results
0.04 Palynamial Order of fit = 1 a Polynomial Order of fit = 1
Fit coefficients = 0.95235 0.0032495 = Fit coefiicients = 0 0023957 -2.0455.-
0.035F R-Squared = 0.86326 = gt R-Sguared =099333
2 =
£ 003 -
o [l
5 0025 28
E =
z 5
5 0.015 o
2 . =
e 1]
= 001 . 2 2
0.005 =
L L L |:| L L L
0 0.01 0.02 0.03 0.04 0 0.01 0.02 0.03 0.04
Actual peak amplitude Actual peak amplitude
Process&nmlnoattiotmdnre monstrate an application of di
anal ysis of a peak buried in an unstable backgr
object is to derive a measure of peeaakk aammpplliittuuddee
i's mirmdifmadtieed by the background and the noise.
command prompt. You can change sever al of the i
t o makeas$ tehearednetr or easi er. Note that, even th
seems to be numerically smaller than thea-oo0origirtr
noi se ratio of ttheaen dtehrdtv adfi vdehdd sogbiefjdtadad t ek g ntah
background instability.
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https://terpconnect.umd.edu/~toh/spectrum/ProcessSignal.m
https://terpconnect.umd.edu/~toh/spectrum/ProcessSignal.m
https://terpconnect.umd.edu/~toh/spectrum/plotit.m

i Signed@&de hown on the |l eft) is an intmametive f

iSignal 2.9. Mo baseline correction. Press K for keyboard commands S i g'm radcessin g (0] p erat.i
o] covered in this book,
\ di fferentiation and
65_ N - - -
tismeries sighhls, wup
60 - - . . .
derivati ve, aut omat I
=r i the required type of
oL . T T— L Si mple keystrokes all
50 60 70 80 9 100 110 120 130 140 150 .
y609at1007 P/P:225  Area 674e+003 Std Dev: 6.6 the smoothing par ame:
Smooth: S, A/Z Derivatives: D Peak Meas: P Spectrum: Shit-S linflog: H Sharpen: E,F/V G/B t y p e Wi d t h an d en d [
L . observing the effect
80F T dynami cabhym@tBdt he
50 \ . y

exanmpHoclve,r ea series o
peaks at x=100, 250,
heights in the ratio
101 1 1 1 1 1 1 1
50 100 150 200 250 300 350 400 450 500 a str ong cur \héd baCk!
1 point Mo smooth. Ends: 0 Der: 0 Slew: 0 Median: 0 smoot hed second and 1
: :
derivatives are comp!
t hat backgrouhdoeVdewnZlbR dfciblHe sampl e Tdhaet a f or t
interactive keypress omdrl atbhi om wvwo iwvedbMetobavisiefr y c

Mobiolfiem Oct@Mete: figures |l ike the&-Manhiecabiowet h é:
l efanamgtaedhics that can be Miicerwoesdo fith uVdo rwde b3l 6b5n ¢
ani mate in any PDF viewer that | have ever trie
As an example of smoothing in i Siltgerailv attihwee fofl |

Gaussian peaki @Qingnddu pwialyl inieseidy,falusmamd omd

der i vdf onr e e xfeocd u teitwnagh gt nheent s .

>> x=[1:.1:300]’;

>> y=deriv4(100000.*gaussian(x,150,50)+.1*randn(size(x)));

>> isignal(x,y);

The signal is mostly blue noise (because of t he
consi der aAahilk eWs et d hiencrease and deSkrgade® ftclyel
through the avail abl Bs plmormdas dnyietedsree @asnma t h uwied tt

Realtimedifferentation in Matlab is discussexh page347.

Live Script for Differentiation

DataDifferentiation.mIXgraphiq is a Live Script for differentiation and smoothing applied to
experimental data stored on disk. It is similaDetaSmoothing.mixliscussean pages9, with the

addition of a slider (line 9) to select the derivative order (up toNdg: If the "PlotBeforeAndAfter"
check box is checked, the derivative (red curve) will be scaled to match the maximum of the original
signal(black curve) If that box is not checked, the derivative will be displayed by itself withciisal
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https://terpconnect.umd.edu/~toh/spectrum/iSignal.html
https://terpconnect.umd.edu/~toh/spectrum/AnimatedDerivative.gif
https://terpconnect.umd.edu/~toh/spectrum/AnimatedDerivative.gif
https://terpconnect.umd.edu/~toh/spectrum/isignal.m
https://terpconnect.umd.edu/~toh/spectrum/iSignal7.zip
https://www.mathworks.com/products/matlab-online.html
https://itunes.apple.com/us/app/matlab-mobile/id370976661?mt=8
https://itunes.apple.com/us/app/matlab-mobile/id370976661?mt=8
https://terpconnect.umd.edu/~toh/spectrum/IntroToSignalProcessing2022.docx
https://terpconnect.umd.edu/~toh/spectrum/isignal.m
https://terpconnect.umd.edu/~toh/spectrum/gaussian.m,
https://terpconnect.umd.edu/~toh/spectrum/deriv4.m
https://terpconnect.umd.edu/~toh/spectrum/CaseStudies.html#realtime
https://terpconnect.umd.edu/~toh/spectrum/DataDifferentiation.mlx
https://terpconnect.umd.edu/~toh/spectrum/DataDifferentiation.png
https://terpconnect.umd.edu/~toh/spectrum/DataSmoothing.mlx

amplitude. (This is done because the numerical amplitude of dervestioiten orders of magnitude
different than the original signals§ee pag&70for other interactive tools.

AJct WIE6Gc¢cl GIJURUDN

Digital techniques to reduce uskeagoriihmgdta antificalfly pe ak s
reduce the widths alverlappingpeaksn a signal, with theintentd¢focat i ng t he peak p
hi dden peaks and/ or measuring their areas mor e
peaks narrower but taller, preserving the areas:s
techniquedaseedri( daetl vtewith-blaseed) (dedlldlg7ovo n o louw:

The figure bempiwesbwsawgmmdt hehkeft consesolsved s
(that is, partory pedkheapptegri veanosvserl|l ap of t hi
measurement of impespgedk epoeiviemmoohi $sceu ghatti lbe | ssi g/ re:
woul d bteo emaesaiseurr e t he positiifoowgref mohe pgoapsd ed @
resol ved, ptlavkdasr @ snarirfo wehre.

Window 1 Window 2
512 pointz. X 1.0e+0 5. le+s ¥ o2.0e-2 1.3+ 512 points. 1.0e+0 5.le+2 Fio-1.5e-1 2.0
1.20

1.00 4 150
0.20
] 1.00 +
0.60 ]
0.40 4 0.50
0.20
] 0.00

L DL L L LR L R R L R L | _—_—T 7T

1.00 2.00 2.0 4.00 5.00 1.00 2.00 200 4.00 5.00

x 102 x 102

Apeak shargemniihlgm applied to the signal on th
resolution of the peaks. I n the resulting sign
accurately, but at t-heocesetratia.decreec

E200WT Ul R2¢qR21IW 6¢1 GJURUDN

One of the simplegieak sharpeninglgorithmscomputeghe weighted sum of the original signal and
the negative of its second derivative:
R =Yj-kY’

where Ris the resolutiorenhanced signal, Y is the original signal, Y" is the second derivative of Y,

and k is a usesselected 2 derivative weighting factor. It ispto the user to select the weighting

factor ke which gives the best traddf betweerthe extent of sharpeningignatto-noise degradation
(described on page 7(nd baseline flatness. The optimum choice depends upon the width, shape, and
digitization interval of the signafs an inevitable tradeff, the signaito-noise ratio is degraded, but

this can be moderated Bynoothing( p adgpeAs with all sharpeningechniqus, thiswill be useful

only if the overlap of peaksather than the signatio-noise ratiq is the limiting factor
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Here is how it works. The figure below shows, in Window 1, a comygérerated peak (with a
Lorentzian shape) in red, superimposed om#gativeof its second derivative in green).
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If the peak ismssymmetrical that is, slopes down faster on one side than the ethen the weighted
addition (or subtraction) of frst derivativeterm, Y',may behelpful, because the first derivative of a
peak isantisymmetrigpositive on one side and negative on the other). ligiiehicexamplebelow,
on the lefttheasymmetricapeak (in blue) tails to the righand its first derivative, Y', (dotted yellow)
has a positive lobe on the left and a broader but smaller negative lobe on the right. Vijeakithe
added tolie weighted first derivative, thpositive lobe of the derivative reinforces the leading edge
and thenegative lobe suppresses the trailing edgsulting in improved symmetr{iHad thepeak
sloped to théeft, the negativeof its derivative would be added)his is also an old technique, having

been used in chromatography since at least 1965 (referéné§,7 wher e it h-as been
tail i,ngr,emawi ng the tail o.
Sj = Yj + kYO
4 Figures - Figure 1 - u] X |
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wheret is the independent variabkejs the @nter of the Gaussiad is itswidth (standard deviation)
anda-is therate of exponential decay.

Yur i K dréfaaemde @3 a s s h dhefinst-derivative addition technique works perfectly for
exponentially broadened peaksamiy shapenot only for theGaussianWith the correct first derivative
weighting factor, k the resul§ is a symmetricgbeakwith ahalf-width substantially less than that of
the original(orange line)In fact, it is exactly the underlyingeakto which the exponential convolution
has been applie@References 70, 71)he first derivative weighting factor ks independent of the
peak height and width and is simply equal to the exponential time coasitathhe abovdormulation

of the EMG. It works perfectly ki =& In practiceais not known and sk; must be determined
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experimentally, which is most easily done for the last peak in a group of peaghki¢ animatior).
Put simply, if you get ktoo high, the result will dip below the baseline after the peak.

It is easy to determine the optimaialue experimentalljor anisolatedpeak Just increase it until the
processedignal $dips below the baseline after the peak, then reduce it until the baseline is flat, as
shown in theGIF animation at this linkOf course, in real application the signal will contain noise,

with the result that the symmetrized result will be noisier that the original signal. The first derivative
weighting factor, k will have to be estimated by eye and is therefore subject to some uncertainty.

If one stage of derivative addition does not do the trick, try one of the double exponential routines
described belowrFurthermore, this appears to be a general behavior and it works similarly for any other
peak shape that is broadened by exponential convolution, such a Lorentzian, and it even works for
peaks that are already broadened by a previous exponential canvdlet, a double exponential),

which can béandled by two successive stages of derivative addition with diffenest

If the signaito-noise ratio of the original signal is high enoudie symmetrized peak Sj resulting from
the firstderivative addition procedure can still be further sharpened by thedevismative techniques
described above, assuming that the sigotoise ratio of the original is good enoudglthis is

illustrated in the righhand panel of the previous figure.

A useful property o#ll of these derivative addition algorithms is that they do not changettiarea
under the peakb¥ecause th#otal area under the curve ahyderivative of any peakhaped signdhat
returns to the baseling essentiallyzero(the area under the negative lobes cancels the area under the
positive lobes). Therefore, these techniques can be helpful in measurangabeinder overlapped
peaks(pagel3?).

However,a remainingoroblem is that the baseline on either side of the sharpenednagakot be
perfectly flat leaving some interference from nearby peaks, even if baseline resolution of adjacent
peaks is achieved. For the evdgrivative technige applied ta Gaussian peakbout 99.7%graphic

link) of the area of the peak is contained in the central maximum, aad_foentzian peakabout 80%

of the area of the pedlraphic link)is contained in the central maximum

Because differentiation and smoothing are biotar technigueghesuperposition princig applies
and the amplitude of symmetrized osharpened signal directly proportional to the amplitude of the
original signal, which allowstandard$asedjuantitative analysis applications employing any of the
standard calibration techniqu@mge454). But it is essentiathatyou apply thesame signaprocessing
techniques to the standards as well as to the sarapkksneasure the signals in the same.way

Peak sharpening can be useful in autompesk detection and measurem@rage234) to increase the

ability to detect weak overlapping peaks that appear only as shoulders in the original signay o u a r ¢
readi ng ,tlickfosananimated ex@mpld®eak sharpening catsobe useful

beforemeasuring the areggagel45) under overlapping peaks, becaiiss easier and more accurate

to measure the areas of peaks that are more completely separated.
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A very simplemethodof peak sharpening
involves raising each data point to a power bower=1
greater than (reference 61, 63). The effect of fwidth=4.82
this is to change the peak shapes, essentially
stretching out the highest center region of thq
peak to greater amplitudes and placing more
weight on the points near the peadsulting in | . s
asmaller peak widthFor Gaussian peaks ’ ’ o0 ’ von
specifically, the result is another Gaussian w Normalized y° Normalized y”
width reducedby the squareoot of the powen. power=5 power=7

The technique idemonstrated by the Matlab/| . S o5 e
Octave scripPowerLawDemo.npshown in the

figure on theight, which plots noisy Gaussian o——- R of—— e
raised to the power p=1 to wjth theirpeak
heights normalized to 1.0, showing that as th) 25 : o N AN : - p
power increases, peak width decreases and horse

is reduced on the baseline but increased on the peak maximum. Since this process does not move the
positions of the peaks, the peak resolution (defined as the ratio of peak separatiorbaspsaih)

is increased. For Gaussian peaks, the area under the original peak can be calculated from the area unde
the normalized powesharp@aed curveeference 63

Normmalized y1 Nomalized y3

power=3
(width=2.5761

0.5 0.5

The Power Method. Blus=y  Green=y?  Red=y® Cyansy? In the figure on théeft, theblue lineshows two

' ' ' ' ' ' slightly overlappindEMG (exponentially modified

| | Gaussianpeaks. The other lines are the result of

raising the data to the powermf 2, 3, and 4 and
normalizing each to a height of 1.00. The resaite

more nearly Gaussian peak shafmnly because

most peak shapes are locaBpussian near the peak
maximum), andhe peak widths, measured with the
halfwidth.mfunction, arereduced19.2, 12.4, 9.9,

and 8.4 units for powers 1 through 4, respectively.

This method is independent of, and can be used in
conjunction with, thether sharpeningnethoc

discussed abovélowever, for a signal of two

overlapping Gaussians, the result of raising the signal

to a power is not the same as adding two paveerowed Gaussians: simply;+&" is not the same as

(a+b)' for n>1. This can be demonstrated graphically by the sBopterPeaks.rfgraphid, which

curvefits a twoGaussian model to the poweised sum of two overlapping Gaussiafss the power
nincreases, thpeaks are narrowed and the valley between them is deepened, but the resulting signal is
no longer the sum of two Gaussians unless the resolution is sufficiently high that the two peaks do not
overlap significantly.
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Somelimitationsto the poweslaw method are:

(a) It only works if the peaks of interest make a distinct maximuis rjot effective for side
peaks that are so small that they only fatmoulderstheremustbe a valley between the peaks).

(b) The baseline must be zero for best results.

(c) For noisy signals there is a decrease in siggabise ratio because the smaller width
means fewer data points are contributing to the measuresmooithing  p4aQgan help).

Compensating for the nonlinearity . Naturally,the powemethod introduces severe nlmearity

into the signal, changing the ratios between peak heights (as is evidenpiavioesfigure) and
complicating further processing, especially quantitative measurement calibration. But there is an easy
way to compensate for this: after the raw data have been raised to thenowlgreaks heights and/or
areas have been measured, the resulting peak measures can be simply raised to the pesterig

the original linearity ljut not the slopeof the calibration curves used in quantitative analytical
measurements. (This works because the peak area is proportional to the height timesdokiak

height of the power transformed peaks is proportional to the nth power of the original height, but the
width of the peak is not a function of peak height at constahus the area of the transformed peaks
remains proportional to nth power of the original heightk fBlchnique is demonstrated quantitatively

for two variable overlapping peaks by the Matlab/Octave seriptwe r L a wC-®leimmr. ant i o n
(g r_a ) Wwhicls takes th@™ power of the overlappingeak signal, measures the areas of the power
narrowed peaks, and then takes threpbwer of the measured areas, constructing and using a
calibration curve to convert areas to concentration. Peak areas are measured by perpendicular drop,
using the halwvay point to mark the boundary between the peaks. The script simulates a mixture signa
with concentrations that you can specify in lines 15 and 16. You can change the power and any of the
parameters in lines 122. The results show that the power method improves the accuracy of the
measurements as long as theigma resolution (the ratiaf peak separation to 4 times ttandard
deviationof the Gaussians) is above about 0.4. It is most accurate when the peaks are roughly equal in
width and when the ratio of the two concentratimsot very different from the ratio in the standards

from which the calibration curve is constructed. Note that, even whemtlatedrandom noise (in

line 22) is zero, the results are not perfect becauseedffect ofpeak overlap on area measurement,
which varies depending upon the ratio of two comptsanthe mixture.

Theseltcontained functiofPowerMethodDemo.rdemonstrates the power method for measuring the
area of small shouldering peak that is partly overlapped by a much stronger interferi{gy ppeak).
It shows the effect of random noisenoothing and any uncorrected background under the peaks.

Combining sharpening methods The power method is independent of, and can be used in
conjunctionwith, the derivative methods discussed above. However, because the power methed is non
linear, theorder in which the operations aperformed is important. THast step should be the first
derivative symmetrization if the signal is exponentially broadenedett@endstep should be even

derivative sharpening, and the power method should belaged@he reason for this order is that the

power method depends whethethereis a valley betweethe peaksbut cannot create onevhereas
thederivative methodmaybe able to create a valley between peaks if the overlap is not too severe.
Moreover, when used last, the power method reduces the severity of baseline oscillations that are a
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residue of the evederivative sharpening (particularly noticeable on a Lorentzian peak). The
Matlak/OctavescriptsSharpenedGaussianDemoA@raphig andSharpenedLorentzianDemo2.m
(Graphig make this point for Gaussian and Lorentzian peaks respectively, comparing the result of
evenderivative sharpening alone with eveerivative sharpening followed by the power method (and
preforming the power method two ways, taking the square of thpesteat peak or multiplying it by

the original peak). For both the Gaussian and Lorentzian original peak shapes, the final sharpened
results are fit to Gaussian models to show the changes in peak parameters. The result is that the
combination of methods yids$ (a) the narrowest final peak aifl) the closest to Gaussiéinal shape.

Of course, the linearity issues oethower method remain, but they can be compensated as before.

Deconvolution Another signal processing technique that can increase theti@safioverlapping

peaks igdeconvolutionwhich will be covered on padel4. It is applicable the situati@where the

original shape of the peaks has been broadened and/or made asymmetrical by some broadening proces:
or function. If the broadening process can be described mathematically or measured separately, then
deconvolution from the observed broadened pésikn principle capable of extracting tsleape of the
underlying peak

Peak ShbtopeBkxkog%prasmad Llhad et s
The everderivative sharpening method with two derivative termi$gad 4" is available for Excel

and Calc in the form of an empty templa@e@kSharpeningDeriv.xlsand.od9g or with example data
entered PeakSharpeningDerivWithData.xland.ods. You can either type in the values of the

derivative weighting factors K1 and K2 directly into célBandJ4, or you can enter the estimated

peak width (FWHM in number of data points) in dé#t and the spreadsheet will calculate K1 and K2.
There is also a demonstration version with adjustable simulated peaks which you can experiment with
(PeakSharpeningDemo.xlsxmdPeakSharpeningDemo.gds

Click buttons to change K1 and K2 There are alswversiors that hare clickablebuttons(detail on
K1-la761.4 3 |<1| e | +k1| ++ k1| left) for convenient interactive adjustment of the K1 and K2
-1 oser0r | xz[ ol e factors by 1% or by 10% for each clickou can type in first
eool0.625 estimates for K1 and K2 directly into cells J4 and J5 and then

use the buttons to fireine the values. If the signal is noisy,
adjust the smoothing using the 17 coefficients in row 5 colutntisoughAA, just as with the
smoothing spreadshedismge53). (Note: Unfortunately, theséctiveX buttons do not work in the iPad
version of Excel).

There is also & s e g metemplatadedsion where the sharpening constants can be specified for each
of 20 signal segment§éamentedPeakSharpeningDeriv.xl$orthoseapplicationan whichthe peak
widths gradually increase (or decrease) with time, there is gisadéentpeak sharpening template
whereyou need only set the starting and ending peak widths and the spreadsheet will apply the
required sharpening factors K1 and K@radientPeakSharpeningDeriv.XJsand an example with data
already entere@GradientPeakSharpeningDerivExample.Xisx

The templatd®eakSymmetricalizationTemplate.xI¢streen image on the next page) performs
symmetrization of exponentially modified Gaussians (EMG) by the weighted addition of the first
derivative PeakSymmetricalizationExample.xlssian example application with sample data already
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typed in It is shown on the next page.

There is also a demo version that allows you to determine the accuracy of the technique by
synthesizingoverlapping peaks with specified resolution, asymmetry, relative peak height,amulse
baselinePeakSharpeningAreaMeasurementEMGDemo2.xtgaphig. These spreadsheets also allow
further second derivative sharpening of the resulting symmetrical peak.

PeakDoubl eSymmetr ipzatfioomBEx d hel es.yxmimemri zati on o
broadened peak. 't has but tdoenrsi vtaot iivnet ew eaicgthitvienl g
vari alt2) onsac{ude data for two overl|lapping peaks,
perpendicul ar drop.

EffectOfNoiseAndBaselineNormalVsPower.xld@monstrates the effect of the power method on area
measurements of Gaussian and exponentially broadened Gaussian peaks, including the diffesent effect
that random noise and naero baseline has on the power sharpening method

A | B c D g F G H )| K L M N O P Q@ R|S | T U|V W, X Y Z | AA AB AC
1 Template for perpendicular drop area measurements of two overlapping peaks, using 1st derivative symmetricalization and 2nd derivative sharpening.
2 (1) Paste your raw data into column A and B, rows 9 to 613. (2) Adjust K1 first for symmetry. (3) Enter the x-values for the start, valley, and end for the pair of sharpened peaks to measure.

m‘ First Second

3 Peak settings areas peak peak Type estimated values of K1 (1st derivative) and K2 (2nd derivative) weighting factors and then click the buttons to fine-tune.|
a Start x 500 Raw 192.17 | 111.63 | |k1=|190.336 == || = ‘ + ‘ +t ‘ The smooth function is defined by the 17 red coefficients in row 5, columns K through AA.
5 Valleyx| 1310 Sharpened 249.33 53.30 K2=(66.58803 J - | + | ++ ‘ -8 7 6 5 4 -3 -2 -1 o 1 2 3 4 5 6 7 8
6 End x 2800 Smooth CDEfﬂ'C\'EmS—'—ﬁE 0 0 0 0 0 0 0 1 2 1 0 0 0 0 0 0 0
7 |Raw data| Baseline 0 .

—— R smoothed | 2nd | Smoothed Original data (Blue) and Sharpened (Orange)
8 X Y corrected derivative  1st deriv. derivative 2nd deriv. 12
9 0 9.1E-24 9.1E-24 0 0 0 9.1€-24)
10 10 2 2.56-23 29E-24 0 0 0 2.49€-23
11 0 6.76-23 7.7E-24 0 0 0 6.72E-23
12 30 1 18622 2E-23 0 0 0 1.8E-22 1
13 40/ 4 4.8E-22 54E-23 0 0 0 4.77-22
14 50 1 13621 14E-22 0 0 0 1.25E-21
15 50 3 3.2E-21 3.6E-22 0 0 0 3.25E-21
16 70 8 84E-21  9E-22 0 0 0 8.36E-21 08
17 80 2.1E-20 2.1E-20 23E-21 0 0 0 2.13E-20
18 90 5.4E-20 5.4E-20 5.6E-21 | 6.864E-21 0 o 1.36E-18
19 100 1.3E-13 1.3E-19 14E-20 1.684E-20 1.7E-21 o 3.34e-18
20 110 3.3E-13 3.3E-19 34E-20 4.03E-20 4.08E-21 o 8.12E-18 06
21 120/ 8.1E-1 8.1E-19 8.2E-20 9.836E-20 9.66E-21 o 1.95e-17
22 130 2E-18 2E-19  2.342E-13 2.27E-20 o 4.65E-17
23 140 4.7E-13 4.7E-18 4.6E-19  5.521E-13 5.27E-20 o 1.1E-16
24 150, 1 1.1E-17 1.1E-18  1.283E-18 1.21E-19 o 2.57E-16
25 160 2 2.6E-17 2.5E-18  2.978E-18 2.76E-19 0 5.93E-16 0.4
26 170 6 6.26-17 5.8E-18  6.815E-18 6.23E-19 o 1.36E-15
27 180 1 14E-16 1.3E-17 1.544E-17 1.39E-18 1.62E-18 2.97e-15
28 190 3 3.2E-16 3E-17  3.463E-17 3.07E-18 3.57E-18 6.68E-15
29 200 7 7.4E-16 6.6E-17 7.692E-17 6.73E-18 7.77E-18 1.49e-14 02
30 210 1.66-15 1.6E-15 1.5E-16 = 1.691E-16 1.46E-17 1.68E-17 3.27e-14
31 220 3.7E-15 3.7E-15 3.2E-16  3.683E-16 3.12E-17 3.58E-17 7.14e-14
32 230 8E-15 6.9E-16  7.938E-16 6.63E-17 7.58E-17 1.54e-12
33 240 1 1.76-14 1.5E-15  1.694E-15 1.39E-16 1.59E-16 3.29e-12 0|
34 250, 3 3.86-14 3.1E-15 3.58E-15 2.9E-16 3.29E-16 6.97e-12
35 260 8E-14 6.6E-15 7.491E-15 597E-16 6.75E-16 1.46E-12
36 270 1 1.76-13 14E-14 1.552E-14 1.22E-15 1.37E-15 3.03e-12
37 280 3 3.5-13 2.8E-14  3.183E-14 246E-15 2.76E-15 6.23E-12
38 290 7 7.36-13 57E-14  6.464E-14 491E-15 5.49E-15 1.27e-11 02
= . T B TP I e PSS PP 1y e 0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

The sprteampgiemeék Sy mmet ri cal iod &t ishvmo Wwenmprieatsal.rx Insgm
the first of two pairs of overl|l apping asymmetr.i

AlJct WE 6 élY® U3 R WgiHa 1AdIU 1

The custom Matla@ctavefunctionsharperhas the form

SharpenedSignal = sharpen(signal,k1,k2,SmoothWidth) ,

where "signal" is the original signal vector, the arguments k2 and k4%aed4" derivative

weighting factors, and SmoothWidth is the width of the Boikmooth. The resolutieenhanced
signal is returned in the vectdBlarpenedSigndll f you ar e r,gadiiclgonthdai s on
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https://terpconnect.umd.edu/~toh/spectrum/PeakSharpeningAreaMeasurementEMGDemo2.xlsm
https://terpconnect.umd.edu/~toh/spectrum/PeakSharpeningAreaMeasurementDemoEMG3.png
https://terpconnect.umd.edu/~toh/spectrum/PeakDoubleSymmetrizationExample.xlsm
https://terpconnect.umd.edu/~toh/spectrum/PeakDoubleSymmetrizationExample1.xlsm
https://terpconnect.umd.edu/~toh/spectrum/PeakDoubleSymmetrizationExample2.xlsm
https://terpconnect.umd.edu/~toh/spectrum/EffectOfNoiseAndBaselineNormalVsPower.xlsx
https://terpconnect.umd.edu/~toh/spectrum/PeakSymmetricalizationTemplate.xlsm
https://terpconnect.umd.edu/~toh/spectrum/SignalArithmetic.html#Octave
https://terpconnect.umd.edu/~toh/spectrum/sharpen.m

link aboveto inspect the code, or rightick to download for use within Matlab @ctave Thek
values determine the traddf between peak sharpness and baseline flatiibssvalues vary with the
peak shape and width and should be adjusted for your own keegseaks of Gaussian shape,
reasonable value for ks PeakWidtA/32 and for k is PeakWidtf900 (or PeakWidt#8 and
PeakWidtH/700 for Lorentzian peaks), where PeakWidth is the full width at half maximum of the
peaksn x units Because sharpening metisoare typically sensitive to random noise in the signil,

usually necessary to apphysmoothingoperation the Matlab/Octav@rocessSignal.function allows
both sharpening and smoothing to be applied in one function.

Here is a simpl&latlab/Octaveexample that creates a signal consisting of four partly overlapping
Gaussian peaks of equal height and width, applies both the derivative sharpening method and the power
method, and compares a p{shown belowtomparing the original signal (in blue) teetresoltion-
enhanced version (in red).

x=0:.01:18;

y=exp( - (X - 4)."2)+exp( - (X -9).2)+exp( - (x-12)"2)+exp( - (x - 13.7)."2);

y=y+.001.*randn(size(x));

k1=1212;k2=1147420;

SharpenedSignal=ProcessSignal(x,y,0,35,3,0,1,k1,k2,0,0,0,0);
figure(1)

plot(x,y,x,SharpenedSignal,'r’)

title('Peak sharpening (red) by the derivative method")
figure(2)

plot(x,y,X,y."6,'r")
title('Peak sharpening (red) by the power method")

Peak sharpening (red) by the derivative method

-
e
4
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08| } ( j \ (' Y '\
o 1

[ I ft
0.4 ;II il i | fl \

02 ',I". ff Y \

-0.2

Four overlapping Gaussian peaks of equal height and width.
Blue: Original. RedAfter sharpenindy the evefderivative method.

SharpenedOvers| apBemd @igputhoattat i cal |y
evemri vati vehahampanmnges t he
Gaussians by the perpendicul ar
di fferent degrees of

determines
errors of measur |
drop met hod wusi:-
sharpening andnptbéetitngett
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https://terpconnect.umd.edu/~toh/spectrum/ProcessSignal.m
https://terpconnect.umd.edu/~toh/spectrum/SharpenedOverlapDemo.m
https://terpconnect.umd.edu/~toh/spectrum/DerivSharp4peaks.png

measur ed

errors) vs the sharpening factoas dt &
yell ow bhotelsatThi s
(1) the optimum sharpening factor depends uy
on their, height ratio
(2)he degree of sharpening is not oveyly cri
(*)he optimum for the two,preddaks i s not neces
(4)he optimum f omiagrhdacmdasadr drmheentpoi nt wher e
(To run this script, you must have gaussian. m,

t Mat | abpaelar cbownl| dbadptshésé ef pcmnnec)t.. umd. edu/

Peak sharpening (red) by the power method
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The power methodis effective as Ing as there is

a valley between the overlapping pedks, it
introduces nodinearity, which must be corrected
later, whereas the derivative method preserves the
original peak areas and the ratio between the peak
heights.PowerLawCalibrationDemdemonstrates
the linearization of the power transform calibration
curves for two overlapping peaks by taking the nth
power of data, locating the valley between them,
measuring the areas by the perpendicular drop
method( p algdeZand then taking the 1/n power
of the measured areag@phig.

Constantarea symmetrization (de-tailing) of asymmetric peaksby the weighted addition of the
first derivative is performed by the functionSy s y=mme(ttr,iyz,ef act or , smddt"hwi d

25

and "iyndapemadeéaanbdl edependent." vaciab'?! ei secherfirs
wel g h ti.h g mbat h 0 Effect of sharpening on area measurements of overlapping exp. broadened Gaussians
"type", and uen 12 T T
Segment eg&mame th
_ 1F Area error = -02012%
the internal s m
derivative. To st .'
segment ed symme% .'
“"factor" and " s|2osf [
= | veaeror = -10.0775%
be vector s. Il n g [N [\ Areaerror = -0.18477%
symmetrize.m sns5% 1\ |
derivative, not \ |/ eaenor= 102364%
. 02t N/ L\
Symmet r i zreuDnesmoa [ A W
examples in the ol L/ N T—
help file, each
wi n d ibthe tau isnotknown, 02 : :
. . . 10 15 20
it can be determinefdr a S|ng|e Blue=Original signal, Resolution, Rs =0.71681 Red=Sharpened signal, factor 1

isolated pealby using

Pag®0 |


https://terpconnect.umd.edu/~toh/spectrum/
https://terpconnect.umd.edu/~toh/spectrum/PowerLawCalibrationDemo.m
https://terpconnect.umd.edu/~toh/spectrum/PowerTransformCalibrationCurve.png
https://terpconnect.umd.edu/~toh/spectrum/symmetrize.m
https://terpconnect.umd.edu/~toh/spectrum/SegmentedSmooth.m
https://terpconnect.umd.edu/~toh/spectrum/SymmetrizeDemo.m
https://terpconnect.umd.edu/~toh/spectrum/PowerLaw4peaks.png

AutoSymmetrize(t, y, SmoothWidth, plotsihich finds the value of tau that produces the most
symmetrical peak, judged by comparing the slope of the tangents to the leading and trailing edges. In
theexample showabove the original peakijue ling is a mathematically calculated exponentially

modified Gaussian with a tau value of 100 and the red line is the output generated by AutoSymmetrize,
which estimates the tau to an accuracy of 1% pe fdAhel p Aut oSymmetri zeo.
equal within 0.01%Sy mmet i zedOvdemap®demat e’s t he opti mi zat
symmetri zat imerasfuocoefmetndao aoear | appi ng exponenti al

Segmentecevenderivative peak sharpening If the peak width®r the noise variance changes
substantially across the signal, you can usestgmentegersionSegmentedSharpen,fior which the
input arguments factorl, factor2, and ) , Demanstration of segmented sharpen function.
SmoothWidth areectors The script
DemoSegmentedSharpen shown on the right
uses this function to sharpen four Gaussian
peaks with gradually increasing peak widths
from left to right with increasing degrees of 121
sharpening, showing that the peak width ot
is reduced by 20% to 22%om to the original. s}
DemoSegmentedSharpenzsirows four peaks
of thesamewidth sharpened to increasing
degrees.

181

16

141

06|

02r
Double exponential symmetrizationin ol |
Matlab/Octave is performed by the function o 5 B 5 20 2 a0 £ a0
DEMSymmm which applieswo successive Fou Ganeaan pedk (e wih nerachg withe subeced o sy shapering (e
applications of weighted addition of the fidsrivative, with weighting factors ideally equal to the two
taus. Theobjective is to make the peaks
more symmetrical and narrower while
preserving the peak are&athreelevel
plusandminus bracketingechnique
helps you to determine the best values for
thetwo weighting factorsThe technique
Is demonstrated by the script
DemoDEMSymm.mand its two variations
(1, 2), whichcreates two overlapping
§ | doubleexponential peakfrom Gaussian
W\ originals, then calls the function
= DEMSymmm to perform the

. . . . . . symmetrizationIn the example on the

’ o Rl s me W % eft, the middle bracketing line is the
optimum value. In summaryf, you attempt to symmetrize an asymmetrical pgaakveighted first
derivative additiorand the result is still asymmetricalniiay bethat the remaining asymmetcpuld

Blue: Original double exponential peak Green: second stage Red: Recovered peak
140 T T T T T T
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https://terpconnect.umd.edu/~toh/spectrum/SymmetizedOverlapDemo.m
https://terpconnect.umd.edu/~toh/spectrum/SegmentedSharpen.m
https://terpconnect.umd.edu/~toh/spectrum/DemoSegmentedSharpen.m
https://terpconnect.umd.edu/~toh/spectrum/SegmentedSharpenDemo.txt
https://terpconnect.umd.edu/~toh/spectrum/DemoSegmentedSharpen2.m
https://terpconnect.umd.edu/~toh/spectrum/DEMSymm.m
https://terpconnect.umd.edu/~toh/spectrum/DemoDEMSymm.m
https://terpconnect.umd.edu/~toh/spectrum/DemoDEMSymm2.m
https://terpconnect.umd.edu/~toh/spectrum/DemoSymm3.m
https://terpconnect.umd.edu/~toh/spectrum/SegmentedSharpenDemo.png

be due to another stageedponentiabroadeningvith a differenttau, so in that casehe application of
DEMSymm.m will likely produce a more symmetrical final result.

ProcessSignah Matlab/Octave commasdihe function that performs smoothing, differentiation, and
peak sharpening on the tirseries data set x,y (column or row vectors). Type "help ProcessSigrtal”.
returns the processed signal as a vector that has the same shapgaadIrsseof the shape of y.

Processed=ProcessSignal(x, y, DerivativeMode, w, type, ends, Sharpen,
factorl, factor2, Symize, Symfactor, SlewRate, MedianWidth)

I ST qwvVer&.i®ang §6 ima Hauincti onMaht aba € uimnecel puedeekst h a t

s har pfemri stg@girmees sibgpnales-cceviemy agi vlea maenficdadna(n ¥ h e
fi-deti vative symmetrization method, with keystr
weighting factors and the smoothing continuous|
d y n a miThed kdy turnsthe peak sharpeninfunction on and off. View the codereor download

the ZIP file with sample data for testinisignalestimateshe sharpening and smoothing settings for
Gaussian and for Lorentzian peak shapes usiny #redU keys, respectively, using the expression

given above. Just isolate a single typical peak in the upper window using the pan and zoom keys, press
P to turn on the peak measurement mode, then prees Gaussian oU for Lorentzian peaksrou

can finetune the sharpening with tiéV andG/B keys and the smoothing with tAéZ keys.(If your

signal has peaks of widely different widths, one setting will not be optimum for all the peaks. In such
cases, you can use the segmestatpen functionSegmentedSharpenym

iSignal 1.5, Arrow keys to pan and zoom. Press K for keyboard commands iSignal 1.5. Arrow keys to pan and zoom. Press K for keyboard commands
s T T T T T T T
positiog=0.30039 250 po'sition=0.30001 §
80 height=08.2427 . omok height=271.1102 |
width=0. 16563 widths0.069389
EOk area=20.7363 1 180 F 7
ol 100+ B
0+ B
0 I I I L L L I L ! I s
0.1 015 02 025 03 0.35 0.4 0.45 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45
80 points x=0.1to 0.5, y= 56 at 0.3, F/P=181 Area=20.7 5Std. Dev.=25 80 points »= 0.1 to 0.5, y= 27002 at 0.3. P/P= 26002 Ares=223 Std. Dev=82

Smooth width: AlZ Smooth types: S Derivatives: D ResEnhance: R Peak Meas: P | Smooth width: A/Z  Smooth types: 5 Derivatives: D ResEnhance: R Peak Meas: P
T T T T T T T T T sl T T T T T T T T T

80
200
60|

ar 100}

20

|
i

|

i
150} |
i

i

|
s0F
i

OF

a

1 L 1 L , 1 1 1 1 1
0 02 04 0B 08 1 12 1.4 1.6 1.4 2 0 0z 0.4 0.6 0.8 1 12 14 16 18 2
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https://terpconnect.umd.edu/~toh/spectrum/ProcessSignal.m
https://terpconnect.umd.edu/~toh/spectrum/iSignal.html
https://terpconnect.umd.edu/~toh/spectrum/isignal.m
https://terpconnect.umd.edu/~toh/spectrum/iSignal7.zip
https://terpconnect.umd.edu/~toh/spectrum/SegmentedSharpen.m
https://terpconnect.umd.edu/~toh/spectrum/ps2.png
https://terpconnect.umd.edu/~toh/spectrum/ps1.png

In iSignaland iniPeak the Shift-Y key engages thist-derivativesymmetrizatiortechniqueand uses

thel, Shift-1, 2, andShift-2 keys to adjust the weighting factor by 10% or 1% per keypiekse
i s ntco elase the

I dea
factor until the baseline after
ias | pwsasble but not negative
"Shift Y" key toggles Symmetrize mode off and on
-1 -
0.8 | ﬁ
l
l
|
0.6 [
A
0.4 / \
| II ",
0.2r / I"\\ / \
20 25 30 35 40 45 50 55

iSignalcan also use the power transform method (press kieg, enter the power (any positive
number greater than 1.00) and présser. To reverse this, simply raise to the power.iPeak ( p a g e
2 5)3 Matlab interactive peak detection and measurement program, hasia pedk sharpening

mode that is based onetleven derivativéechnique as well as thérst-derivativesymmetrization
using the same keystrokesi8gynal Seepeakdemo®mn p2a6®e The GI F
this in action.

Peak sharpeninderbotahibe
ariencl uded

ani mati on

5  emme v edhezcaotnivoond ua n do nF am
asntpapaccatko vdect thtee & k D@t ¢ @ is « o.amlegBdbg3e

Reattime peak sharpening in Matlab is discussed padgre
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https://terpconnect.umd.edu/~toh/spectrum/PeakFindingandMeasurement.htm#ipeak
https://terpconnect.umd.edu/~toh/spectrum/PeakFindingandMeasurement.htm#demos
https://terpconnect.umd.edu/~toh/spectrum/PeakDetection.mlx
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Some signals exhibit periodic components that repeat at fixed intervals throughout the signal, like a

sine wave. It is often useful to describe the amplitude and frequency of such periodic components
exactly.In fact, it is possible to analyznyarbitrary set of data into periodic components, whether or

not the data appear periodidarmonic analysigs conventionally based on tkeurier transform

which is a way of expressing a signal as a weighted swim@fand cosine wavel can be shown that

any arbitrary discretely sampled signal can be described completely by the sum of a finite number of
sine and cosine componemibose frequenciesareQ,23 . .. n/ 2 ti mes the fre
X i s the i nt er-aalvalubseandwm é ¢he total dumisec o points. Xhe Fourier

transform is simply the set of amplitudes of those sine and cosine components (or, which is equivalent
mathematicallythe frequency and phase of sine comporneNisu could calculate those coefficients

yourself simply but laboriously by multiplying the signal peiytpoint with each of those sine and

cosine components and adding up the products. The fathous 1T @ K @ gst Fourier Transfortn

(FFT) dates from 1965 and idaster and more efficient algorithtinat makes use of the symmetry of

the sine and cosine functions and other math shortcuts to get the sanmaueboibre quickly The
inverseFourier transform (IFT) is a similar algorithm that converts a Fourier transform back into the
original signal.

As a mathematical convenience, Fourier transformsradéionallyexpressed in terms é€omplex

number® , whi c h a&dmbioevhe sine anel cosiree (or amplitude and phase) information at
each frequenconto a single compact expression, using the identity
cos (2isfinm 2¥ft) = e

Even for data that are not complesjng theii e xnptationr at her t han fAsin+coso
compact and eleganand mostomputer languagesan handle complex arithmetic automaticaByu t

this ter mimiod logaaddatapgseeb®i ne an de gcuoaslilnye. Jupsaprotrst aanrte
because the two parts are caldeds "metal i"mpmlnyd t"h a
more sitgmarditcla@dseaondgor,seso erxipdranfagta senf yr Me ot

The concept of the Fourier transform is involved in two very importertterninstrumental methods

in chemcal analysisin Fourier transform infrared spectroscopy (FT I8 Fourier transform of the
spectrum is measured directly by the instrument, as the interferogram formed by plotting the detector
signal vs mirror displacement in a scanning Michaelson interferometéouhier Transform Nuclear
Magnetic Resonance spectroscopy (FTNIV#Xcitation of the sample by an intense, short pulse of
radio-frequency energy produces a free induction decay signal that is the Fourier transform of the
resonance spectrum. In both casesomputer is used to recover the specthynnverse Fourier
transformation of the measured (interferogram or free induction decay) signal.

Thepower spectrunor frequency spectrums a simple way of showing the total amplitude at each of

these frequencie#t is calculated as the square root of the sum of the squares of the coefficients of the
sine and cosine components. The power spectrum retaifrieduencyinformation but discards the
phaseinformation, so that the power spectrum of a sine wave would be the same as that of a cosine
wave of the same frequency, even though the complete Fourier transforms of sine and cosine waves are
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http://resonanceswavesandfields.blogspot.com/2009/01/spectrum-of-waveform-fourier-analysis.html
http://en.wikipedia.org/wiki/Discrete_Fourier_transform
http://en.wikipedia.org/wiki/Sine_wave
ftp://www.myphysicslab.com/trig_identity1.html
https://pdfs.semanticscholar.org/1790/fe007bc1ab161a1ea814748b42e3acbdc958.pdf
https://on9iip5ab.cc.rs6.net/tn.jsp?f=001lfXx1sbcZgdDhJEXqMPlIsWmBS7MXfOnhjCNsnb6W9dKebEuQ0GkwyWuPQpvLjUa3w3XQJf-0HdAkhGWh2gjGYkkVvcjW8mrcYWYC4bHgzbRLm_AFakUAKgquYUlRu-AjfIlZD0PfC4_IYAyC95zsnpDKmyx45nGfeqP9DVioQe68qeTdNRhaQ==&c=TlG24S1IC7Pl96jtv1D15inQJNPV_oenE_6Ak9hVYz8wvKwn2t2Lgw==&ch=-ZR0AWEQPZNLdZQAVgxI76_4RYV6jyFOujMHXrd53TtjvQ4jsdpT5Q==
https://terpconnect.umd.edu/~toh/spectrum/HarmonicAnalysis.html#sft
https://en.wikipedia.org/wiki/Complex_number
https://en.wikipedia.org/wiki/Complex_number
http://www.civilized.com/files/newfourier.pdf
http://en.wikipedia.org/wiki/Fourier_transform_spectroscopy
http://en.wikipedia.org/wiki/NMR#Fourier_spectroscopy
http://en.wikipedia.org/wiki/NMR#Fourier_spectroscopy
http://en.wikipedia.org/wiki/Frequency_spectrum

different in phase. Inaresituations where thghase components a signal are the major source of
noise (e.g. random shifts in the horizontalxis position of the signal), it can be advantageous to base
measurement on the power spectrum, which discards the phase inforimagosemble averaging
(page27) thepower spectra of repeated signals: this is demonstrated by the Matlab/Octave scripts
EnsembleAverageFFT.andEnsembleAverageFFTGaussian.m

The Fourier transform is simply the set of amplitudes of those sine and cosine compdiraets
series signal witim points gives a power spectrum with only (n/2)+1 points. The first point is the zero
frequency (constant) component, corresponding to thef@i@¢t currend) component of the signdt

looks like a straight flatline The second point corresponds to a
exactly equal to the time duration of the dat a)
where @x i s the | ndaxievalkes bnd bis thenaatnuentef pojnta. dhe fast  x

(highest frequency) point in the power
spectrum ( n/wBighisompx =1/ 2
half the sampling rate.

; Three sine waves of different frequenmes and amplltudes

oo

0

amplitude

The figure on the lefshows asimulated

o N K\/)&

0 0.1

0.2
time, sec.

Blue f1= 1Hz Red f2= 5Hz Yellow 1°3 40Hz
The sum of the three sine waves
T T T T T

1000-point signalwith onesecond
duration andh sampling rate of 1000 Hz
(middle panel). This signal contaiosly

threesine waves (shown separately in
different colors in the top panehll of
which areclearly distinguishableshen
added upn the signal itselfmiddle
2 : : : : : : : : : panel) You can even count the cycles of
] 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 i . .
the sine waves to confirm their

amplitude

time, sec.

S0 Frequency Spectrum of the above signal separates the three components
T T T T T T T T T

frequenciesThe frequencies athow up
o 1 | atthe expected placasd with the
ER 1| expectedelativeamplitudes in thé&ourier
5 2 1| anplitude spectrumwhich | have drawn
100 N .
5 here as a bar grapthebottom
D 1 1 1 1 1 1

1
] 5 10 15 20 25 30 35 40 45 50
Frequency, Hz

pane(showing frequencies only up to 50
Hz, out of a maximum of 500 KZThis
also works similarly witrcosinewaves, which differ from sine waves only in thegirase(x-axis shift).

The limits of sampling. The highestfrequency that can be represented in a discretely sampled
waveform is onénalf the sampling frequency, which is called Mhgyuistfrequencyl n t h e
above, the Nybwileoofr atpssmoriigitizé analog signals with higher
frequencies are "folded back" to lower frequencies, severely distorting the Sigisak called
aliasing The frequency resolution, that is, the difference between the frequencies of adjacent points in
the calculated frequency spectrum, is simply the reciprocal of the time duration of thelsignal

signal

The selfcontained Matlab scrigiliasingDemo.m(graphig demonstrates the phenomenon of aliasing
and frequency folding. It creates a sine wave of a fixed frequency (100 Hz), then samples it repeatedly
at gradually decreasing sampling rattartingat 600 Hzwell above théNyquist frequency200 Hz)
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and endingat 130 Hzwell below theNyquist frequencyThe running graphic shows that the distortion
caused by sampling starts small but increases drastically as the sampling rate approaches 200 Hz,
below which the apparent frequenandicated by the number of peaks counteécreases.

iSignal & Frequency Spectrum Made (Press Shifl-S again to cancel) iSignal & Frequency Spectrum Made (Press Shift-5 again ta cancel) iSignal 5 Frequency Spectrum Mode (Press Shift5 again to cancel

1 1 1 1 !

0.4
=T 02
4 . , | . 0 . . . . . L . . . . h . . . . .
0 10 a0 0 10 50 000 2000 3000 4000 5000 6OOD 700D 800D 9000 10000 I 5 3 7 f) ) 0 Il
Press Shif-A to cycle thiough spectrum log/linear plot motes Press Shift-A to cycle through spectium log/linear plot modes

o
n

o

=)
n

Press Shifi-4 1o cycle through spectrum log/linear plot modes g

S 10* w=Frequency (e.g. 1time). Press ShitX to change to time x=Frequency (e.g. 1ime). Press ShiftX to change to time. ¥=Frequency (2.9, 1ime). Press Shit-X to change to time

L L L L L L L L L 2 L L L L L L L L L
] 0 005 01 015 02 025 03 03 04 045 05 00s 01 015 02 025 03 035 04 045 05

] 0
10 1o
0 point No smooth, Ends: 1 Der 0 Slew: 0 Median: 0 Opoint No smoath. Ends: 0 Der. 0 Slew 0 Median: 0 3 point No smooth. Ends: 0 Der D Slew 0 Median: 0

A pure sine or cosine wave that has an exact ir
singlzeernoonFouri er component corresponding to it
consisting of zeros everywbhalrleedxaegpe!l ad faumlsc i
components at all frequencies (previous page,
spread out over a wide frequency range. The noi
(pa2ge) with pink noise having more power at | ow
frequencies, and white noise having roughly t he

Real <ixampllhees f i gur e @a0setoadecoslihgoofasheaebeat, adlanelectre
cardiograp{ECG),which is an example of a periodic wavefottmat repeatover time Thefigure

iSignal 4 Frequency Spectrum Mode (Press Shift-5 again to cancel ShOWS the Wavefornm blue n the top

. ' ' ' ' ' 1 panel and its frequency spectrum in red in
0 the bottom panellhe smallest repeating
ook unit of the signais called theperiod, and
ol the reciprocal of that period is called the
0zl fundamental frequenc\Nonsinusoidal
04l periodic waveforméike thisexhibit a
0 10 20 a0 0 50 series of frequency components that are
Frese S to eycle through spectiu logfinear plot motles multiples of the fundamental frequency
i eFrequency (eg. Mime) Press ShitXtochange lotme. \whichare called "harmonicsThis
Ssl 1R e | spectrunmshows a fundamental frequency
2L 1 of 0.6685 Hzwith multiple harmonicst
.| | frequencies that are2, X3, xX4..., etc,
5 s | times the fundamental frequendyhe
sl Faaa | lowest frequency in the spectrum is 0.067
ol b . . Hz (the reciprocal of the recording time)
10 10 10

3 point Mo smooth, Ends: 0 Der 0 Slew: 0 Media;:DD 103 and the hlgheSt IS 400 HZ (Ghalf the
sampling rate)The fundamental and the
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harmonics areharp peaksand they are labelaslith their frequenciesn tis graphThe spectrum is
qualitatively similar tahatfor perfectly regular identical peakgraphiq. (Recorded vocal sounds,
especially vowels, also hatieis kind ofperiodic waveform with harmonidggraphiq). The sharpness
of the peaks ithe electrocardiograshows that theamplitude and the frequency are very constant
over the60 secondecording interval in this examp(e/hich is normal behavior for a healthy heart)
Changes in amplitude or frequency over the recording interval will pradustersor bands

of Fourier components rather than sharp peagis the exampl®n page303

Another familiar example aftableperiodicoscillationis the seasonal variation in temperature, for
exampletheaverage daily temperature measured in New York City between 1995 andROws in

the figurebelow This signal exhibits obvious periodicity, except for the simagative spikegvhich
are due tomissirg data point$ perhaps local power outagelpte the logarithmic scalen the yaxis
of the spectrum in the bottom panéhis spectrum covers\erywide range of amplitudes.

iSignal 4 Frequency Spectrum Mode (Press Shit-S again to cancel

I [ I
&n : b
60

100

40

20 i‘ll

20
10
60
|0

"
10 — T — T —

1996 1998 2000 2002 2004 2006
Press Shift-A to cycle through spectrum log/linear plot modes

»=Time. Press Shifi-X to change to frequency,
— T T

|
2008 2010 2012

2014

L
10° 107 10"

3 point Mo smooth. Ends: 0 Der: 0 Slew: 0 Median: 0

In this examplethe spectrum in the lower paneal red,is plotted withtime (the reciprocal of
frequency) on the-axis This iscalled aperiodogram Despite the considerable random noise due to

local weather variations and missing daétés shows the

expected peak at exactly 1 ye@hat peak iover 100
times strongethan the background noise and is very
sharpbecause the periodicity is extremely precise (in
fact, it is literally astronomicallyprecise). In contrast, tf
random noise isotperiodic but ratheis spread out
roughly equally over the entire periodogram.

The figureon the rightshows some simulated data thg
demonstratebow hard it is to see a periodic compong
in the presence of random noise, and yet how easy i
pick it out in the frequency spectrum. In this example
signal (top panel) contains aqual mixtureof random

Linear y

4

Spectrum: x=Frequency (e.g. 14ime)
T T T

10 15 20 25 30 35
Frequency

40 45 50
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white noise and a single sine wali@e sine wave is almost completely obscured by the ramddise.

The frequency spectrufereated usingny Matlal/Octave function PlotFrequencySpectruinis

shown in the bottom panel. The frequency spectrum of the white noise is spread out evenly over the
entire spectrum, whereas the sine wave is concentratedsimtglaspectral element, where it stands

out clearly.Here is the MatlabDctave code that generated that figtfeu can Copy and Paste it into
Matlab/Octave:

x=[0:.01:2*pi]’;

y=sin(200*x)+randn(size(x));

subplot(2,1,1);

plot(x,y);
subplot(2,1,2);
PowerSpectrum=PlotFrequencySpectrum (x,y,1,0,1);

A common practical application is the use of the power spectrum as a diagnostic tool to distinguish
between signal and noise components. An example is the ACfioe/@ickup depicted in the figure

below, which has a fundamental frequency of 60 Hz inxB4 (why that frequencyr 50 Hz in

many othercountries Again, the sharpness of the peaks in the spectrum shows tlaatphicude and

the frequency are very constaRbwer companies take pains to keep the frequehtye AC very

constant to avoid problems between different sections of the power grid. Other examples of signals and
their frequency spectra aseown below

iSignal 4 Frequency Spectrum Mode (Press Shift-5 again to cancel)

iSignal 4 Frequency Spectrurn Mode (Press Shift-5 again to cancel)

1 1 1 1 1 1 | 1 1
0 001 002 003 004 005 005 007 008 009 T2 T Ta T T = T
Fress Shift-A to cycle through spectrum logdinear plot modes Press Shifi-A ta cycle through spectrum log/linear plot modes

x=Frequency (e.g. 1Aime). Press Shift-X to change to time. ¥=Frequency (e.g. 14ime). Press Shift-X to change 1o time.

0.534835 sk 02417

g 723.84B5 ] r
1 ! v 3 g 3

10 10 10 10* 1’ 10 10 10 1’ 10
1 point Mo smooth. Ends: 0 Der: 0 Slew: 0 Median: 0 1 point Mo smooth. Ends: 0 Der: 0 Slew: 0 Median: 0

iSignal, showing dta from an audio recording, zoomed in to the u iperibddmmediatelybefore
(left) and after (right) the actual sound@his fiowsthere is a residuasinusoidal oscillationn those
periods(x = time in seconds). In the lower panel, gwver spectrunof each signal (x = frequency in
Hz) shows a strong sharp peak vapar 60 Hz, suggesting that thuscillation is caused by stray pick
up from the60 Hz power lingsince it was recordenh the USAHad the recording been made in
Europe it would be 50 Hz). Improved shielding and grounding of the equipment might reduce this
interference. Th&before" spectrumen the left, has a frequency resolution of only 10 Hz (the
reciprocal of the recording time of about 0.1 seconds) and it includlgsabout 6 cycles of the 60 Hz
frequency (which is why that peak in the spectrum is the 6th p@infichieve a better resolution you

Pag®8 |


https://terpconnect.umd.edu/~toh/spectrum/PlotFrequencySpectrum.m
https://terpconnect.umd.edu/~toh/spectrum/PlotFrequencySpectrum.m
http://www.allaboutcircuits.com/news/why-is-the-us-standard-60-hz/
http://www.allaboutcircuits.com/news/why-is-the-us-standard-60-hz/
https://terpconnect.umd.edu/~toh/spectrum/SilenceBeforeSignal.png
https://terpconnect.umd.edu/~toh/spectrum/SilenceAfterSignal.png

would have had to have begun the recording earlier, to achieve a longer recording. The "after"
spectrum, on the right, has an even shorter recording time and thus a poorer frequency resolution.
Peaktype signals have power spectra that are concentrated in a range of low frequencies, whereas
random noise often spreads out over a much wider frequency range. theisaasoismoothing (low
pass filtering) can make a noisy sigtaak nicer, but also why smoothing does not usually help with
guantitative measurement, because most of the peak information is fdawdragjuencies, where
low-frequency noise remains unchanged by smoothing{&gel4).

iSignal 2.8 Frequency Spectrum Mode (Press Shift-5 again to cancel
T T T T T

iSignal 2.8 Frequency Spectrum Mode (Press Shift-5 again to cancel
oo F T T T T T .

150 F 150 - 7

100 100+ -

1 d 1 1
froo 1750 1800 1850 1900 1950 1700 1750 1600 1850 1900 1950
Press Shift-A to cycle through spectrum logflinear plat modes Prass Shift-A to cycle thraugh spectrum lag/linear plot modes
w10 »=Frequency (e.g. 1/time). Press Shifi-X to change to time 2% 10 »=Time. Press Shifl-X to change to frequency.
2 T T T T
18 - 15 4
= =
ﬁ 1 Peak 0.090552 at harmonic #26 - E 1 Peak 11.0385 at harmonic #26 -
5 5
05 - 05 4
i} 1 Ll i) s I
10° 10* 10" 10’ lig 10’ 1 1
3 point No smooth. Ends: 0 Der0 Slew: 0 Median: 0 3 point No smooth. Ends: 0 Der: 0 Slew: 0 Median: 0

The figures above show a classic example of harmonic andlysi®ws the annual variation in the
number ofsunspots observedhich have been recordadnuallysince the year 1700! In this case, the
time axis is inyears(top window). A plot of the power spectrum (bottom window, left) shows a strong
peak at 0.09 cycles/yeand the periodogram (right) shows a peak at the-kmgllvn 1tyear cycle,
plus some evidence of a weaker cycle at around ayé@0period. (You can downlodlis data sebr
the latesyearly sunspot data from NOAAhese frequency spectra are plotted usiydVatlab
functioniSignal (page376). In this case, thpeaks in the spectrum amet sharp single peaks, but
rather form alusterof Fourier components, becaubke amplitude and the frequency are not constant
over thenearly 300year interval of the data, as is obvious by inspecting the data in the time
domain.Thestrong solar
flares observed in 20A4ll
on the next predictesunspot
9] maximumand also on a
' maximum in thesolar radie
frequency emissionsvhich
effects communications and

ol | power grids
- - An example of a time series

, _ _ with complex multiple
"L I WOV , | periodicitesis the world

L ik I w
- bt i
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wide daily page view¢x=days, y=page views) fahis web siteover a 2076day period (about 5.5
years).In the periodogramlot (shownherg you can clearly see sharp peaks at 7 and 3.5 days,
corresponding to the first and second harmonics of the expected workday/weekenid agddeshows
smaller peaks at 365 days (corresponding to a sharp dip each year during the winterindheays
northern hemispheyand at 182 days (roughly a hakar),perhapsaused by increased use in the
two-peryear semester cycle at unigiies.The large values at the longest times are caused by the
gradual increase in use ouhat time periodwhich can be thought of as a very lnequency
component whose period is much longenttie entire dataecord

Anotherexamples shownbelow. The signal (in the top window) contains no visually evident periodic

iSignal 2.7, Arrow keys to pan and zoom. Press K for keyboard commands Componentslt seemso be jUSt
0o2f | | ' ' | random noiseHowever, the frequency
0.01}F - spectrum (in the bottom window)

shows that there is much more to this
signal than meets the eye. There are
two major frequencgomponents: one
at low frequencies around 0.02 and the

o

-0.01

0.02F

alll 100 120 140 160 180

Autozero OFF  y: 0.0127 at 1285 F/P: 0042 Area: 0313 Std. Dev.: 0.007 other at hlgh frequenC|es between 0.5
Power spectrum (Shift-A to cycle through plot modes) and 5. (|f the xaxis units of the Signal
0.8 r . : .
plot had beesecondsthe units of the
06} 1 frequency spectrum plot would btz

04l | Note that the saxis is logarithmic)In
this case, thiower frequency
02f /\,¥ 1 component isin fact,thesignal and
. , , thefrequencycomponent is residual
10° 107 10" 10" 10' blue noisaemainingfrom previous
x=Frequency (e.g. cyclesfsecond). Press Shift-X to change. . . .
signal processing operations. The two
components are fortunately well separated on the frequency axis, suggesting-ragddiltering
(i.e., smoothingpage4?2) will beable to remove the noise without distorting the signal.

Linear y

In all the examples shown above, the signals are-sienes signals witfrequency(or time) as the
independent variable. More generally, it is possible to compute the Fourier transform and power
spectrum ofinysignal, such as awptical spectrumwhere the independent variable might be
wavelength or wavenumber, or alectrochemical signalvhere the independent variable might be
volts, or aspatial signal where the independent variable might be in length units. In such cases, the
units of the xaxis of the power spectrum are simply the reciprocal of the units ofdies of the

original signal (e.g., nthfor a signal whose-axis is in nm).
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Analysis ofthe frequency spectra of signals mafisuEs=FisrEs .

provides another way to understand signal
noise ratio, filteringsmoothing and
differentiation Smoothing is a form dbw-
passfiltering, reducing the higfirequency
components of a signal. If a signal consists ¢
smooth features, such as Gaussian peaks, t
its spectrum will be concentrated mainly
atlow frequencies. The wider the width of the
peak, the more concentrated the frequency
spectrum will be at low frequencid# the
figure below does not animate, click thisk).
A signalthat haswvhite noise (spread out ever
over all frequencies), then smoothing will me

=]

O BEOH®® 0O x

iSignal 2.9 Frequency Spectrum Mode (Press Shift-S again to cancel)

0.8F
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04}
0.2f
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Press Shift-A to cycle through spectrum log/linear plot modes
x=Frequency (e.g. 1/time). Press Shift-X to change to time.

10° 10’

3 point No smooth. Ends: 0 Der: 0 Slew: 0 Median: 0

the signal look better, because it reduces the SeEeesEH-NEEEem

=0 x

high-frequency components of the noise. However, theffeyuency noise will remain in the signal
after smoothing, where it will continue to interfere with the measurement of signal parameters such as
peak heights, positions, widths, and areas. This e@etnonstrated bg leastsquares measurement

Pl figuesafigue

Converselydifferentiation is a form ofigh-

=N Wi

iSignal 2.9 Frequency Spectrum Mode (Press Shift-5 again to cancel}
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Press Shift-A to cycle through spectrum log/linear plot modes
x=Frequency (e.g. 1/time). Press Shift-X to change to time.
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100F
Peak 0.10101 a
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Linear y

3 point Mo smooth. Ends: 0 Der: 0 Slew: 0 Median: 0

passfiltering, reducing théow-frequency
components of a signal and emphasizing

any high-frequency components present in the
signal. A simple computegenerated Gaussian
peak showrabove (click forGIF animation

has most of its poweés concentrated in just a
few low frequencies, but as successive orders
of differentiation are applie@n theyellow
circle), the waveform of the derivative swings
from positive to negative like a sine wave, and
its frequency spectrum shifts progressively to
higher frequencies. This behavior is typical

ScreencastzO-Matictcom

0O X

of any signal with smooth peakSo, the

optimum range for signal information oflé&ferentiated signais restricted to a relatively narrow
range, with little useful information above and below that range.

The fact that2)ywhiist es mrodasd owtagien the frequency
frequenaciseusbthhaes advantage over other noise colo
cleanly separat.eaddioan hmont e meadgdiolmaiesti mate t he
observing it in frequency regions where the sic
the entire specihiusn fdeguwinicly bengeed | ater as
of measurements fshlhataraese chaved fonltdmagstof noi sy
The t e c peakshapeningpdge78) also emphasizes the hififlequency components by adding
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a portion of the second and fourth derivatives to the original signal. You can see this clearly in the
Matlab/OctavescriptPeakSharpeningFrequencySpectrumamich shows the frequency spectrum of
the original and sharpened version of a signal consisting of several pesgisd.

SineToDelta.mA demonstration animatiggelick for animated graphjcshows the waveform and the
power spectrum of a rectangular pulsed sine wave of variable duration (whose power sgectrum
"sinc" function)changing continuously from a pure sine wave at one extreme (where its power
spectrum is a delta function) to a singl@nt pulse at the other extreme (where its power spectrum is a
flat line).GaussianSineToDelta.is similar, except that it shows@aussiarpulsed sine wavayhose
power spectruns a Gaussian function, but which is the same at the two extremes of pulse duration
(animated graphjc

Real experimental signals are often contaminated with drift and baseline shift, which are essentially
low-frequencyeffects, and random noise, which is usually spread outatMeequenciesFor these
reasons, differentiation is always used in . _ Oranal Signals . .
conjunction with smoothing/Norking

together, smoothing and differentiation a
as a kind of frequenegelectivebandpass
filter that optimally passes the band of
frequenciegontaining the differentiated °®
signal information but reduces both the oo 1
lower-frequencyeffects, such as slowly okl
changing drift and background, as well a: , , , ‘ ,
thehigh—frequenC}nOise. An example Of 40 60 a0 100 120 140 160 160 200 220

this can beeen in theDerivativeDemo.ndescribedn a previous section (pad®). In the set of six
original signals, showabove in different colorghe random noise occurs mostly in hfgdquendes,

with many cyclesver the xaxis range, and the baseline shifa much loweffrequency phenomenon,
with only asmall fraction of one cycleccurring over that range. In contrast, the peak of interest, in the
center of the xange, occupies antermediateéfrequency range, with few cyclesver that range.
Thereforeyou could predict that a quantitative measure based on differentatmsmoothing might
work well, because #t emphasizes the intermediate frequencies.

0o0sr

003F

o

Ll
b
i “,umﬂ

Smoothing and differentiation change #maplitudesof the variousrequency components of signals,

but they do not changw shift the frequencies themselves. éxperiment described latggage394)
illustrates this idedy smoothing and differentiatireybrief recording ohumanspeech. Interestingly,
different degrees of smoothing and differentiation will chathgéimbre of the voice but haltle

effect on the intelligibilitybecausehe sequence of pitches is not shifted in pitch or time but merely
changed in amplitude by smoothing and differentiation. Because of this, recorded speech can survive
digitization, transmission over long distancalgorithmic compressioand playback via tiny speakers

and headphones without significant loss of intelligibilMusic, on the other hand, suffers greater loss
under such circumstances, as you tedlrby listening taelephone "hold" musjavhich often sounds
terribleeven though speech over the same connectierysntelligible, because music has a different
frequency structure than speech. Cochlear implants for the hearing impaired have the same limitation
(as dramatized in the 2019 movie AThe Sound of
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Software details

In a spreadsheet or computer language, a sine wave can bedeschbg t he ' si niX+tp)f unct
ory = s i (bjx&), where’ is 3.14159...f is frequencyof the waveformt is theperiodof the
waveform,p is thephase andx is the independent variable (usually time).

There areseveral Web sitethat can compute Fourier transforms interactively (@.glframAlphg).

Microsoft Excel hasraaddin function that makes it possible to perform Fourier transforms relatively
easily:(Click Tools > Add-Ins... > Analysis Toolpak> Fourier Analysis). See Excel and Fouriér

for details.SeefiE x ¢ e | [0fomnaa exiersive and excellent collection of @adunctions and macros

for Excel,courtesy oDr. Robert deLevie oBowdoin CollegeThere are several dedicated FFT

spectral analysis programs, includifgopeDSRhttps://iowegian.com/scoped}p/

andAudacity (http://sourceforge.net/projects/audaqity/f y ou ar e r,eayda@htgclanrhi s
Cl itchkese | inks to open these sites automaticall

MatlabandOctave

Matlab and Octavlave builtin functions for computing the Fourier transforfit &ndifft). These
functions express their results as complex numbers. For examymea,ddmpute the Fourier transform
of a simple 3element vectoryou geta 3-element result of complex numbers:

y=[010];

fft(y)
ans = 1.0000 - 0.5000 - 0.8660i - 0.5000+0.8660i

where the "i" indicates the "imaginary" part. The first element of the fft is just the suemadrds in y.
Theinverseftt, ifft([1.0000 - 0.5000 - 0.8660i - 0.5000+0.8660i]), returns the
original vector0 1 0]

For another example, the fit 8 1 0 1] is[2 0 -2 0Q]. In general, the fft of an-element vector of real
numbers returns anelement vector of real or complex numbers, but only the first n/2+1 elements are
unique Therest of the elements a mirror image of the first. Operations on individual elements of the
fft, such as irFourier filtering must take this structure into account.

The frequency spectrufn soba signal vectory" can be computed asal(sqrt(fft( y) .*
conj(fft(s)))) . Here is a simple example whereu know the answer in advance, at least
qualitatively: an 8&lement vector of integers that trace ostrayle cycle of a sine wave
y=[071070 -7 -10 -7);

s=real(sqrt(fft(y).*conj(fft(y))))

The frequency spectrum in this cas@i89.9 0 0.201 0 0.201 0 39.9] A

In Python, the syntax is similag=np.array([0, 7, 10, 7, O, -7, -10,-7))
s=np.real(np.sqrt(fft.fft(y)*np.conj(fft.fft(y)))) . Again, the first element is the

average (which is zero) and elements 2 through 4 are the mirror image of the last 4. The unique
elements are the first four, which are the amplitudes of the sine wave components whose frequencies
are 0, 1, 2, 3 times the freency of a sine wave that would just fit a single cycle in the period of the
signal. In this casestheseconcelement (39.8) that is the largest by far, which is just wbhatvould
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https://www.google.com/search?q=fourier+transform&ie=utf-8&oe=utf-8&aq=t&rls=org.mozilla:en-US:unofficial&client=seamonkey-a#q=calculate+discrete+fourier+transform+online
http://www.wolframalpha.com/input/?i=Fourier+transform+calculator
http://www.brainmapping.org/NITP/PNA/tests/ProblemSet3_files/FourierExcel.htm
https://learn.bowdoin.edu/excellaneous/
https://iowegian.com/scopedsp/
http://sourceforge.net/projects/audacity/
http://en.wikipedia.org/wiki/MATLAB
https://terpconnect.umd.edu/~toh/spectrum/SignalArithmetic.html#Octave
https://terpconnect.umd.edu/~toh/spectrum/FFT.txt
https://terpconnect.umd.edu/~toh/spectrum/IFFT.txt
https://terpconnect.umd.edu/~toh/spectrum/FourierFilter.html

expect for a signal that approximates a single cyclesofefrather than @osing wave. Had the signal
beentwo cycles of a sine wave,=s[0 10 0-10 0 10 0-10], thethird element would have been the
strongest (try it). The highest frequency that can be represented bsl@ménht vector is one that has a
period equal to 2 elements. It takes a minimum of 4 paangsidow one cycle, e.g. [81 0 -1].

|l f you are readief@ert mi Madnlaibnes cralpitck hat <creat
uses the fft function to calculate and plot t he
Wat ch what happens when the frequency2*aDpeprtoaac)h e
1/0.02=50. Al so, see what happens when you char
sine wave is sampl ed.

Myf u n cRrieognu e n c y § e andtA@gMencySpectrum(x,y) ) returns real p
Fourier power specdtlrounraefgux,nyp ysbd eay uneanteryinkxs.pect r
periodograms on | inear or | og coordinates. Type

x=[0:.01:2*pi]’;

f=25; % Frequency

y=sin(2*pi*f*x)+randn(size(x));

subplot(2,1,1);

plot(x,y);
subplot(2,1,2);
FS=PlotFrequencySpectrum(x,y,1,0,1);

The plot of the (plaitgcs)ue,gcpappbpbotwsum BEBEngl e strol
frequency of the sth yvaandRS: P reaalsS:H)nl). FS is gi ven
For some other examples of using FFT,tbese example®\ Siow Fourier Transforem f unct i on
also beemublished bu is 3000 to7000 times slowewith a 10,006point data vectorYou can prove

this by this bit of codehat you can copy/paste into the Matlab command line
y=c0s(.1:.01:100); tic; fft(y); ffttime=toc; tic; sft(y); sfttime=toc;
TimeRatio=sfttime/ffttime.

Ti nseegmented Fourier power spectrum.

The f Pl oottiScermy F r, e ¢ $PBM <aPlotSeyFreqSpect(x, y, NumSegments,
MaxHarmonic, logmode) ,cr eat e Segmented Power Spectrum, linear z-axis amplitude scale
di spltaymeganeFnotuerdi er | b | o | =z
spectrum. It break| ™ 3

=

"0

NumSegme-hesgthbhqgee
mul t ie@lbige asapoHamnn
wi ndoovmput es t he pod
each segment, and
the first ' MaxHarm
ponents versus seg
contourThpé oftuncti o
power spectr-imemat
amplitude) as a ma

Frequency (Harmonics)
IR .
=2} =} [=3 N
(=] (=1 (=} (=}

=
=1

(=]
=1

Time Segments

NumSegments x MaxHarTmomT T T



https://terpconnect.umd.edu/~toh/FrequencySpectrumDemo.m
https://terpconnect.umd.edu/~toh/spectrum/FrequencySpectrum.m
https://terpconnect.umd.edu/~toh/spectrum/PlotFrequencySpectrum.m
https://terpconnect.umd.edu/~toh/spectrum/FrequencySpectrumExample.png
https://www.mathworks.com/examples/search?q=fourier
https://terpconnect.umd.edu/~toh/spectrum/sft.m
http://www.mathworks.com/matlabcentral/fileexchange/2271-numerical-methods-for-physics/content/edition1/matlab4/sft.m
https://terpconnect.umd.edu/~toh/spectrum/PlotSegFreqSpect.m
https://en.wikipedia.org/wiki/Contour_line

l ogmode=1, it computes and plots the baselO | oc¢
colors representi agphimapwdieudwshi(dhue=0Oblwer exan
include t he aspda ontgr vam tsdfrooed inlge tther Dopphmp | ef dlect
human €é6€peesbnogram) shown in example 2 (graphic

The nexts @rxsappwese ngpd iexn a | cobhsestcompohents adde

Separate signal components Raw signal
T T T T T T T T

15

2.5

fIATRAn

kRt ﬂf

. I . I I I I I I . . . . . . . . .
0 02 0.4 06 038 1 12 14 16 18 2 0 02 04 06 08 1 12 14 18 18 2
Blue: signal peaks Green: white noise  Red: swept sine wave . 10% Data points 104

(bel owwlwe &&ka)u:ssi aant pxe=abk0sO 0 and 10000 (bl ue) with
frequetwaywyesimeerference (|

Segmented Power Spectrum, log z-axis amplitude scale

i noi se (green). When you ac
components, thhe eGdwgaildry /[
b anale invisible in the raw
wi || call this the fAburi ec

use 1t agdidm nlsapteecrt,i opna goef
Pl ot SegFreqSpect tfhsemrcd m @ n

Frequency (Harmonics)

. di agonal stripe of yellow
and the blue and twhei t e bac
g random noi se, bywetivlyd w basl 9

time segmenthe dDoanadmd odt t |
segment edl sefMelat ruma( tel | s

1 1.5 2 25 3 3.5 4 45 5 55 6

Time Segments there is s ome'thhnidntgd neer o un d
segments that has higher f
surroundinte sreaad .hat, you can constrain the ran
vertifey psanootthy ng hioghedquekegiv@dfeiet t i ng to the ra
(introdude&®. olnn pfaget, the curve fittizh@@%resul ts
better) for the peak positions (true values =5(
the invisibility of the peaks in the raw dat a.

Peak# Position Height Width  Area

1 50314 0.15749 2280.6 382.33
2 10036 0.16136 2407.2 413.46

But yowsuetahespeaks to kBassethowntoheéryawhadata al or
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https://terpconnect.umd.edu/~toh/spectrum/PlotSegFreqSpectExample1.png
https://terpconnect.umd.edu/~toh/spectrum/PlotSegFreqSpectExample2.png
https://terpconnect.umd.edu/~toh/spectrum/PlotSegFreqSpectExample2.png
https://terpconnect.umd.edu/~toh/spectrum/PlotSegFreqSpectExample6.m
https://terpconnect.umd.edu/~toh/spectrum/PlotSegFreqSpectExample6c.png
https://terpconnect.umd.edu/~toh/spectrum/Example6CurveFitResults.png

§Ht JI 2RUNDW[ | WhBRBBEWEUNEGIIFHAql ¢ Ws Rq6 LW
iSignal (p a @ &) & a multipurpose interactive signal processing tool that Hagauency

Spectrum mode toggled on and off by thg&hift-S key, whichcomputeghefrequency spectrum of the
segment of the signal displayed in the upper window and displays it in the lower window (in red). You
can use the pan and zoom keys to adjust the region of the signal to be atigonesECtrl -A to select

the entire signal. Pre&hift-Sagain to return to the normalmoden t he fr equency spe
you ca$hiyfttessycle through four plot méadgg . (I i ne

Because of the wide range of amplitudes and fr e
often result in a clearer gr ahhiXftth at og-alee 5t me ax
bet wereeng aetdic.meDet ai | s anan | Ba&Fdge u cacavwnnl sB badr tehialt e
contains i Signal. m verasnpdre & adrmad foome edd mag . an
Frequency visualization.

What happens i f the frequency content changes \
the foll olwien g(hthd ol eidnd B whesd rss insatts of t hree i n
sinewaves of three different frequencies, with

Left and right arrow keys pan back and forth. Up and down arrow keys zoom in and out,

o

1.5 2 25 3 3.5 4 4.5 5 5.
Press Shift-A to cycle through spectrum log/linear plot modes
<107 x=Frequency (e.g. 1/time). Press Shift-X to change to time.

0 , , B
107 107 10" 102 10%
3 point Mo smooth. Ends: 0 Derivi 0 Slew: 0 Median: 0

ThMat | ab ifSNingrnalonm di splays a signal (top panel)

Here the signal is shSwghamcinh8mMbypeay ep aarmgel i n
load SineBursts
isignal(x,y);
at the Matl|l ab.Byopm&bdSf pgosmpftrequency spectrum i
panel, which shows three discreet f mequalay eaor
transform by itself offers no clue, but i Signal
cursor arrow keys, so yhlut ewonud tdi vbeel ya,b lney tfou nicstoil
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https://terpconnect.umd.edu/~toh/spectrum/iSignal.html#Spectrum
https://terpconnect.umd.edu/~toh/spectrum/iSignal.html#Spectrum
https://terpconnect.umd.edu/~toh/spectrum/iSignal8.zip
https://terpconnect.umd.edu/~toh/spectrum/SineBursts.mat
https://terpconnect.umd.edu/~toh/spectrum/isignal.m

Pl ot SegFfjeugsEpec ninmethe previous sectwayn t(didius ls:
si gnasli nign ea static graphic that <clearly display

Segmented Power Spectrum, linear z-axis amplitude scale

80 Segmented Power Spectrum, log z-axis amplitude scale
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You can do a si mMbhatiamdsiulatimefz Ftoaeratn Twiiatnls f or mo f |
st f(thhel ow), which displays both positive and ne

35 4 45 5 55
)

EMRUC G WLIKIUS ¢ UHIJAO IIUq W

A very important @#&lelatsuirgen aolf pirSoicgensasli nigs ftuhnactt i on
spectruUmmwder, derivative, etc.), sO0O you can o
frequency spedtnrmendiSadtnmet hyei gn@lnhapr ocessi ng oper a
effect of increasing the effect of random noi se
t hat you can di roefcft | bye tovbeseerr viteh & hdee stirraedde ef f ect
adj ustingprtdhee sssigmalvar i afbilgeusr @ nare rtalcea nrnvexty mpdidge
| $hetwhe effect of incred&sdaemi boteiasedbghhl wcdhhao
weak noisy peaks. Wi thout smoot hi ngut ht heen osuigghn a |
smoothing, the three weak peaks are clearly vi:c
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oA
2 8 o
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https://terpconnect.umd.edu/~toh/spectrum/PlotSegFreqSpec.m
https://terpconnect.umd.edu/~toh/spectrum/Differentiation.html

iSignal 2.9 Freguency Spectrum Mode (Press Shift-3 again to cancel)
1E| T T T T T T T T

| | | | | | | |
100 140 200 250 300 3580 400 450

Fress Shift-A to cycle through spectrum logdinear plot modes
«10° ¥=Freguency (e.q. 1/4ime). Press Shift-x to change ta time.
"'1 T L L L | T UL L | T L L L |
3 -

=
E 2 Peak 45242 at harmonic #1816
=

D L L L " r
10 10° 10" 10” 10
1 point Gauss smooth. Ends: 0 Der: 2 Slew: 0 Median: 0

n W -HE
Thaeni mathiosmowsd regsprcmodeh i S| gaalt me issgnowdrhi évd dwiht h

angdkeys. This showssidgmarat(itcaoapf Irpeagnmge ctadrmmadm t @ledlod W)
affected byl fs nyooout ha rwei drtehaidd KalgF a &hn )smatnil a m e,

The sic3iigprnalieddmolresttr ates the frequencyateéesmpmpon
functions agpfpliySingua &@lhtelary.ft Whhatnigoen t he smooth type
derivative order and see how the power spectrur

Showi mgt the FofuraeGaspeicamuims oal so a Ga
One spmarnarildyi) ng EGhauwstsitgmealcompaped t o sotthheart sthhe

Fourier frequency abaoGausmsYoanaaBGadesmoastirate I
downl oadaungsdamds.inghahcmi ons and executing the f

x=-100:.2:100;
width=2; y=gaussian(x,0,width);
isignal([x;y],0,400,0,3,0,0,0,10,1000,0,0,1);

Click on the fShgHiftte Wwradewerptbadesfrequency spec
pr &hsFf t pEretstshr ee ti mes, and click on the peak i

computesqgaafteastit of a Gaussian model f@Thethe f
fit Iis esslemtyad |l iyepeat etdhiifsf ewiefnbat. a pdstshisdh b =bd f o
wi || find that the widthnofertskee yftme qyhemn cw ast @né cot
signalnpebk. |l i mibhaopeah wnftlit hit €éhedelatuas shmohc thiea

its frequenat. sphbectheml weipelakf warmtihnf it hiet €&lay s s |
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https://terpconnect.umd.edu/~toh/spectrum/iSignalSpectrumMode.gif
https://terpconnect.umd.edu/~toh/spectrum/iSignalDeltaTest.m
https://en.wikipedia.org/wiki/Dirac_delta_function
https://terpconnect.umd.edu/~toh/spectrum/gaussian.m
https://terpconnect.umd.edu/~toh/spectrum/isignal.m
https://terpconnect.umd.edu/~toh/spectrum/iSignalSpectrumMode.gif

line, and its fr-z2guencryl ppatctzeamoifsr ea@uency.

[ Yel RUJI W9YU2YldeaqRYU

Convoliustisathannfrdtu | t opkeyati on per f oltimmevdo lome st whou |stiigml

signal by a delayed or shifted version of anot!l
repeating the process for different delays. Cor
effects thatscoeauwid fwicdenleywsium e me nftrse, g useuncchy afsi Itthe
el ectriocralodyidghhean la | bandpaosns tohfe as hsappeec torfo nae treerc o
speam, which cause the signal to be spread out
Window 1 Window 2
256 points. 2 0.0e+0 2.68+2 ¥ 0.0e+0 1.0e+H 256 points. 2 1.0e+0 Z.Ee+2 Y. 1.6e-13 1.0
1.00 1.00
080 080
060 060 -
0.40 - 0.40 -
0.20 A 0.20 -
U.UU----‘-|""|"'|""|""| L L L L L B R R B R R |
0.00 0.50 1.00 1.50 2.00 2.50 0.50 1.00 1.50 2.00 2.50
x 108 x 10
Eug Window 1 gmgl
Z56 points. X 0.0e+0 2. Be+s ¥ 5.3e-5 7.6e-
w102
G.00
4.00
2.00 H
0.00 III.SIIZI 1.E:EI 1.5:0 2.II:D 2.5IIZI
x 10?

Fourier convolutionis used here to determine how the optical spectrum in Window 1 (top left) will
appear when scanned with a spectrometer whose slit function (spectral resolution) is described by the
Gaussian function in Window 2 (top right). The Gaussian function hasigliesen rotated so that its

maximum falls at x=0. The resulting convoluted optical spectrum (bottom center) shows that the two

lines near x=110 and 120 will not be resolved but the line at x=40 will be partly resolved. Fourier
convolution is used in this way to correct the analytical curve-hoearity caused by spectrometer
resolution, inhyperlinearabsorption spectroscof?age276).

For | ar,gei tsiigmadesmmon t o ped+bfypoorim tt hneu lctail pcluil caat tiio
Si gnalFso uirdioerrh ie n . First, the Fourier transform c
Fourier transfor-mgpoama rwyl ttihel iraad epoifrotrr compl e
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https://www.electronics-tutorials.ws/filter/filter_2.html
https://www.electronics-tutorials.ws/filter/filter_2.html
https://www.horiba.com/en_en/bandpass-resolution/

is then inverse Fourier transformed. cbmptieer tr
numb'er swith real .Afhdei Magrnerytpans&tdrtbmaod t he
Fourier transform+dbd tthen stet® npr cdgantal ofs st he t w
@+i bq+i d=(acby ibecayy. Al though at hriembnsdete mme t mode it
to be fastaeammduhanptipgeabpgoftthm when the number
Convolution can be used as a powerful oandMagewrer

computleenguages wi || perform this operation aut
compl extypeset mathematical texts, EJ(RrevfceIDLetniccen
Fourier convolution is used as a very general F:
signal s, by convoluting the signal with a (usuc:
vector. Smoot hing i s hpesreftosr noefd pboys ictoinvweo-pnout nmbbenr sv
boxcar. ConMollyt icompwittetrs.ClanVv ol stildder|wvaadmplet es
second derivati ve. Successive convolutions by (
wiht tcdreval uti on of FGonsvtl danfdf eCoemmvt2 .ati on with sm
convolution vector i n whisbhgahevéirandpahiet isee t

(e.-g2 ¢ 2 1]).
ERUOGGVYHIB G HII WHYU2Yde qRYUW2WHEAGY! |

Differentiation vectors:

[-11] First derivative
1 -21] Second derivative
1 -33 -1] Third derivative

[1 -46 -41] Fourth derivative

Results of successive convol u@Uisamsfoby two vector
convolution)

Convl1l Conv?2 Result Description

[111] U 1y =[12321] Triangular smooth

[121] U n2y =[14641] P- spline smooth

[-11] U [-111 =@ -21] 2nd derivative

[-11] O @ -21=@1 -33 -1] 3rd derivative

1 -21] U [ -21=[1 -46 -41] 4th derivative

[-11] U [111] =[100 -1) 1st derivative gap - segment

[-11] U [121] =11 -1-1) Smoothed 1st derivative

11 -1 -1] U [121] =[132 -2 -3 -1] Same with more smoothing

[1 -21] U [121] =[10 -201] 2nd derivative gap - segment

[1111] U [@111=[1234321] 2passémpoioit sliding ave.
Rectangl e rectangle = triangle or trapezoid,
Gaussian Gaussian = Gaussian of greater widt!@

Pagll(


https://en.wikipedia.org/wiki/Complex_number
https://en.wikipedia.org/wiki/Complex_number
https://en.wikipedia.org/wiki/Convolution

Gaussian Lorentzian = VGagsspaofiahd (orent z
on relative widths. Similar (but not identical)

EYnasc | m¥ul Wt RAYGe qRYU
Spreadcarepar feorrdo | "tsi hpilfyt" convol ution (ffor digit

examplllket i pl eCoxMol uitplo@Cahwol uti on(6fcree)dDesnhde Bt i
Mul ti pl eConvol ut i ofs4trhe®@aroisvhabikidved Deambde Cosmv ol ut i «

for Cal c), but for | arger nBatmai setconwvwel perdor{
done i McNatvleabn t Ayavnhom sPpreeadddleee s, chedwceevlelr ,
"sShanfdtul ti ply" operation more clearly and expl:i

Mat /Cclk waeve -anbbuhttion for cacmouwiowbompyoabpmwmy¥olt we
Pyt hlomi)s function can be used t o crsdadtdev efgialgteer s
antdri asgwlacahs

ysmoothed=conv(y,[1 1 1 1 1],'same")./5;

Thsemoot hs t he ¥ecumowe iy lhvigtdmga aver age (boxcar)
ysmoothed=conv(y,[1 2 3 2 1],'same")./9;

Thsemooths the ypecdcirdra rgygnolo@imne aopbt i onal ar gument

centr al part of the conlvfoltuhtatono pthiaadnals arhgeu nsean
l ength of the result is one |l esgs than the sum ¢
Di fferemmni dtei awvbo tnhi sendot hemgv dlyutuisomgveact or i n \
t he coadfsfeigaitantes anidpo diet isperodjfe. d@gal10f12] , [er
3-2-10123] ).Thecscempute a first derivative with in
Theodwnction in Matl ab/ Octave can easily be us:¢
for example, a second -pdoifnfte rternita mg uloanr fsonhd cotwhe:d
>> conv([1 -21],[]121))

ans= 1 0 -2 0 1

The next example creates an exponential trailir
RC poawss filter and applies it to vy.

c=exp( - (1:length(y))./30);

yc=conv(y,c,'full’)./sum(c);
Il n each of the above three examples, the resul't
convolution trreraxnwkrfert fatncttheonconwol uti on has a
affect the area unfORirstmakesrtviee omat hemast iganal .o

physical convolutions that spread out the signe
total ener gwhiicm tfhey psai gpreaglk,a | i's proportional t
Al ternatively, you coul dwiptetlugwtng 4 he Maohkb/l/ OC1t e
"conv" bynmwmaol oinpl yi ng the Four i er fturnacntsitfdore masn do f
inverse transform the result with the "1 fft.m"

el apsed time is slightly faster th-&nl ureatngglot he
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https://terpconnect.umd.edu/~toh/spectrum/MultipleConvolution.xlsx
https://terpconnect.umd.edu/~toh/spectrum/MultipleConvolution.xlsx
https://terpconnect.umd.edu/~toh/spectrum/MultipleConvolutionFirstDerivativeDemo.xls
https://terpconnect.umd.edu/~toh/spectrum/MultipleConvolutionFirstDerivativeDemo.png
https://terpconnect.umd.edu/~toh/spectrum/MultipleConvolution4thDerivativeDemo.xls
https://terpconnect.umd.edu/~toh/spectrum/MultipleConvolution4thDerivativeDemo.png
https://terpconnect.umd.edu/~toh/spectrum/MultipleConvolutionOO.ods
http://en.wikipedia.org/wiki/MATLAB
https://terpconnect.umd.edu/~toh/spectrum/SignalArithmetic.html#Octave
https://terpconnect.umd.edu/~toh/spectrum/conv.txt
https://numpy.org/doc/stable/reference/generated/numpy.convolve.html
https://terpconnect.umd.edu/~toh/spectrum/bsmooth.m
https://terpconnect.umd.edu/~toh/spectrum/tsmooth.m

the size of yloybeoausmalthelpaiant on or di vision
have the same | ength. The "conv" function per-f

yc=ifft(fft(y). *fft(c));

When usingfoonegmboctohhommogn t o Whaerte a ou nkdeegyp t hhe si |
same aftedMhssmooshemagily ensured by dividing by

ye=ifft(fft(y). *fft(c))./sum(c);

GaussConvdeoms mt hat a Gaussian of wunit height ¢
width i s a Gaussian with a height of 1/sqrt(2)
Gaus gHiaghu.r e 2wisrhdbows an att e mp fiyoftroo m etcltoer & abriyvhel wtr
using the deconvgauss function). You can optior
smooths the noise and how deconvolution restor e
deconvgauhses .Maatl ha.b

i Si _dpnaa@ §)6 a S haVfkteypress that displays the menu o
deconvolution operations that alallowuyacuito:m oo\
si gnmd as ks Guats wfi @dmthih ébet i me constant (in X unit

Fourier convolution/deconvolution menu
1. Convolution
2. Deconvolution

Select mode 1 or 2: 1

Shape of convolution/deconvolution function:
1. Gaussian
2. Exponential

Select shape 1 or 2: 2

Enter the exponential time constant

Then you enter the timE&ntenstant (in X units)
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Detector signal

o o o =] o o

- w [=2] -~ =4] o
T T T T T T

o
w
T

o
5
T

01

Comparison of one and two-pass convolution | n t h e r ea | WO r | d S i g n
<d== Areaunder cufve = 1772454 | [ . ’
Orighal Gaussian | mechanisms are not al wa
=== Broadened by fft{b1} . .
Wider broadening applied to y S | n g I e C O nv O | u t | 0 n. S 0 m
Broadened by fft{b1}) and then fft(b2) |4 . .
Broadened by fiib1) f(b2) onvolution mechani sms

he same ti me. A good
ccurs i n tthecalewrhmi que
ecycling se@&R&®®i on pr
I chromatography te
he injected sample is

wo columns for obtaini
esolaultlioommi ng chromatogr
ol ve challenging separ

== Area under curve = 1.772436

= Area under curve = 1.772303

== Area under curve = 1.772303

O n S 35 = 0 0
@)
<
(¢}

o . - o P 2 ausedpedbryti ti on coeffici

Percent difference in area 2= -0.00849% cCo mp 0 ben hg t aa d S D ml t anbn
col umn e frfeifceireemccibens®TCGRSIP,t he sampl e i s separate
into the second identical column, and after t he
first column. That <cycle repeats as marsy st itrhees
separation between the components slightly, so
similar substances can be separated. Chromatogrt
peaks by asymmetr ild)al usewalalnyi smmosd g lpeadgeas an exp
Gaussian (EMG). Any broadening that occurs in t
passes. The net resul tawnbt be deftnabe.delbhge ahe
succesBECR$RCchei que depends on the fact that t he
increases faster than the width increase causec
mechani sms. But multiple sequential eohamodeti or
convolution. This is demonstrated by the simpl e
applied to a Gaussian, as shown iaMat hehbhf Blditer et
blue curve iIis the original Gaussian. The red c
exponential functiawns wh o sTehet icnyea nc occrusrtvaenti s t he
convolutionst awi Thhe thhradnge@ameur ve i s an attempt t
convol twaupwmaloft o 3. ,Thraets wttpierogp timdtach st o t he cvy
experi mentn showeldXghavtiedbehrv al ut i on can match t he
successive ht®nwhhdpd iiosnsf undamentally different.
in a |l ess asymmetrliamadermexakyalmoe ®s isrigd fretvioa ud to hoenr
a funct i opmr otdhuecttt hes R dhweri er transforms of the tw
dots). With greater numbers of successive convc
Gaussian, as demamplsgemae¢ recadabidl avbyf idschuiispan choose |
number of convef ut hnsciinptit i ne 20
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[ Yel ROl W?JARYUZ2YldeqRYU
Fourdeaconvbbsut henconvceornsveo lonft tFhoru rsieenrse t hat di vi
of multiplicat monmelfumy coumemaaw et tkanteiwsn Wbk nown,
t heemqumdisvi dredi miyli &r ypy,u tme wMddntamdvro | utt eed we d thor
Xeqgutahs WecwiMarndllar e kn@dws bokn&XeguMtbeeanvol uted
fr dNm

Il n practice, the deconvolution of odgposiinggnal f 1
di viosfi amhe two signals in the Fourier domain, t
signalbssp piontntand-ttrlaesfiommemget he result. Fouri e
expressed in terms fioébalbi malgemamtysmmbeepr ewenhing
cosine parts. I f the Foar i erabntdr anrhsef oFronnrafert hhe af
secondi ssitgniacheatoif bé he t wo Fduwyr itedre tradid sk doms a th
compl ex ,insumber s

a + ib ac + bd _bc - ad

I | - @+ i -
c + id e? + &2 ? + &

Sci enctoinipiuct er (lsaicdqhuagedFortramw p&atoam ahdsPgpano
aut omawhermltlwoncobspriee xdi vi ded.

Notlet: i s i mportawbrdec o mrwadliazdert davebaalt ¢ neerfeeamitng ¢ h e

scienti f,i cwhliicthercaatnurleead t o conf utshe mvo rTdAe p@xfccae
of resolving something into its constituent el e
which in one sense applies to Fourier deconvol

for the process ofngesaoseinghhoaveetcampbngepar at
components byitbeateghkharn gaaeduwpwhig®kd f i at pngpoofsed n
the sibognhnhle data set. However, thatrdipecoaeds uits o
because in Fourier deconvolution, the underl yir
i's assumedBuion biet &kmsodgwinavyree 4 ecstrf viestf itthtei mgever se:
i s asseanekdnawn but the width of the broadening

of the peaks i nustuhadnlkryeocvorr.d eTdh udsa,t at,h e st er m spec
ambiguwaums ght mean the Fourier deconvolution of
mi ght mean the decomposing of a spectrum into I
procesBaeast get them confused.
GGURHACqRYUt WYnwl yrYU2YGeqRYU

Fourier deebitusoldutaisom computational way to rev
occurring in the physical domain, for exampl e,
filter or of the finite resolutiowolbfitiaospeatrk
measured experimentally by applying a single sy

system, t hecnanuhbeetd fausn cat idocenclom vioh aitt i dogng dviievca ltourtoing r
wor ksecpgdryf only when the signals contain no noi
known exactly.
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Fourier deconvolutionis used here to remove the distorting influence of an exponential tailing

response function from a recorded signal (Window 1|dtipthat is the result of Bw-pass filterbuilt
into the electronicso reduce noiseThe response function (Window 2, top right) must be known and is
usually either calculated based on some theoretical model or is measured experimentally as the output

signal produced by applying an impulse (delta) function to the input of the systerasptiese
function, with its maximum at x=0, is deconvoluted from the original signal. The result (bottom, center)

shows a closer approximation to the real shape of the pemkgever, the signalo-noise ratio is
unavoidably degraded compared to the recorded signal, because the Fourier deconvolution operation

is simply recovering the original signal before the {pass filtering, noise and all.
(If you are reading this onlinejick for Matlab/Octave scripf

Note that this process has an effect thatsgally similar toderivativepeak sharpening (pad@®)
although the latterequires nspecific knowledge of the broadening function that caused the peaks to
overlap.

Even i f there is no known physical convolution
deconvolution as a method of peak sharpening b
signhadlt i s refeecedvbobadswieedlie shape of the d
the same as the shapPe-tefcoinlveol pdaloxn iirs tah &€ ognmimpme
sharpening which can be applied to a signal cor
shape.eaThe itchat a noi seless model of the peak
width of that model peak iIs adjusted to provi de

Deconvolution can al so bne uunskendomvo | dé i emmiompe r al ¢
been previously applied to a signal,, b ysaldewro n v c
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A different application of Fourier deconvolutiors to reveal the nature of an unknown data
transformation function that has been applied to a data set by the measurement instrument itself. In this
example, the figure in the top left is altravioletvisible absorption spectrunecordedon a
commercial photodiode array spectrometergs: nanomters; Y-axis: milliabsorbance)The figure
in the top right is théirst derivativeof that spectrum produced by an (unknovalgorithm in the
software supplied with the spectromefBne objective here is to understand the nature of
thedifferentiation/smoothing algorithnthat the instrumentmternal software use3.he signal in the
bottom left is thesurprisingly simplaesult of deconvoluting the derivative spectrum (top right) from
the original spectrum (top left). Thighereforemust be the convolution function used by the
differentiation algorithm in the spectrometer's softwaréts equivalentRotating and expanding it on
the xaxis makes the function easier to see (bottom right). Expressed in terms of the smallest whole
numbers, theonvolution series is simph2, +1, 0,-1, -2, which is a combination of differentiation
and smoothing (pagkl0). Thiselementaryexample ofireverse engineeriigmakes it easier to
compare results from other instruments or to duplicate these results on other equipment.

deconvoltuot iroenmotvoe etxhpee reifnie

When applying Fourier
known br oadpad sngf iolrt drowoperator causetdhbget he e
serioustpaoblemst the utility of the method:

(1)maA hemat i c arhi glotn viod tu t b e na nh ea cccounrvaat | eu timmodne | o

the physical domai n

(2ZThe width of -tbe exampltae meomr opmasd anfti lotfera dp
the shape and width ofmuatspecknomwmeaeteorshttlf
user to get. the best results

(3A) seriotusossgnaégradat i.omi croannmeoen | ayd dbeck utrs

Pagllqg


https://terpconnect.umd.edu/~toh/spectrum/Differentiation.html
https://terpconnect.umd.edu/~toh/spectrum/Differentiation.html#Smoothing
https://en.wikipedia.org/wiki/Reverse_engineering

t he sayfsttéeem convol ution bpashefbroadeopeganbor
amplified when the Fourier transform of the
broadening operator, because the hiagrh (ftrheegqu e
denomiimattcdhre di vision of the Fourier transfo
individual componentsr 350rcaswlftitmg a@arhege odn
those particular feequnentuéesdi sighalredal sir
extent by smoothing or filtetefirnegg uteon crye dcuocnep ot

You can see t he-fampluiefniccya tnioad ns eo dhr adpigdgebonmmige nanb a vhe
the prevOopushepagehdrn shathdsetc tveidbe second exampl
cadde noise was pr e sheenfttolrien ctomesr od ruitgioma lp eg if g ane

spectrdemet eat sve alfgroerg utehnnt.y Tchoenephodngehnnotnsi noaft or i r
of the Fourier trahaftgleanrs iam et he pprcavil gyu snuexha mp
ampltifomr aarmdz @rioviererors,candot bei onl popeetcomes
rounfdf errors in the math computations perfor me
i s always much smaller thansitdirralnoi se in the or
Il n many cases, the width of the physical <convol
be adjusted empirically to yield the best resul
al so be & Hbeeusstt erde sfuolrt s. The result will seldom
noi sy, but it is often a better approximation t
deconvolution.

[ Ye IERHIMIEHY U2 Wi e qRY U

S e'd é conyv D B u U S 6 d t o d €s Fourier Self-Deconvolution for Lorentzian Peaks
deconvolutdcemt @efed med °[ | T oo

same shape from a sigr ,. N =~ “DeconoltedSignall | | p e ¢
as met lpeed kf csrhanrdp ¢ mi i @&

the meastr emenarea of 2r

(palg2ze3. Just | idbasthe d

-
o
T

Amplitude

sharpening Mgt htoles d ec
algorithm (a) must be
peaks, (b) i s shuib§jheecq u
noi se amppalfkRlcaanon(c)
effectiveness depends oF - peak:e
For example, Gaussian 0 20 30 40 0 e 70 s e 0N

width by smehirfitydhfadf Lo cove cr an ¥

peaks by an even great ercfigpdlitnotre r naesd isahtoewns h anp et s
Gaus-Ebomaeantzian bl end, ar elPR)f bHotweeveenr,, awsi tehx phe cgt
shar pemiong,e tahgp | i f i c atnidorm wialrleflud | g x tcrad mebr at ed
must be applied to the pass| t)| ids unyhlawrebmgme § mE
filter2 pacceen then, the techni qweiwiel Ir abda oma s
is often the case Iin var3®d3s forms of chromat oc¢

N
T

0.5
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MatlabandOctave

Matl ab amav®©caabeuhtti on f or dFeocuchmvee x @mEloa vof uit

original c applicatiion tihse sfhiogaunr e o
15 1

paget heygd¢leicher6) noepryese

1 08 rectangu) acopubdbbket ¢d wit

05 0.6 transf ecbefuonrcet iboeni ng me a

0.4 |l i na s7,deconvyd uttce dr & a cowr

0 ' 02 the oy i gihnasl requires t h;

05 0 f uncctbieorknown. The rect al
0 8 10 15 20 0 8 10 15 20 . .

pul se is recoveydd in th

. ye . recavered y complete with the noise

t herigi ndlhesiFpmuali er deco
reverses notdicrnloy ttimg =il
05 0.5 t henecol ution by the expo
but al spoasist-sndlitosser i ng ef f

0 0
explained abogeifitbame I
_D'ED 5 10 15 20 _D'SD 5 10 15 20 amplification Of any nOi
aftéde convolution by t he
(l'ine 5)cafhbsdemedptoate that there isbafbirg d
the convolution (line 3), which is recovered ur
signal , anaf tnéoe seo rmvalewdt i on (Il i ne 6hatwhinchhis
ori gi ndlowsil oraatlr N dtt s tih & mdteeqian liisnei nfcl uded si mpl
the amplitude of the result (specifically the &
x=0:.01:20;y=zeros(size(x)); % 2000 point signal with 200 - point
y(900:1100)=1; % rectangle in center, y
y=y+.01.*randn(size(y)); % Noise added  before the convolution
c=exp( - (1:length(y))./30); % exponential convolution function, c
yc=conv(y,c,'full’)./sum(c); % Create exponential trailing function, yc
% yc=yc+.01.*randn(size(yc)) ; % Noise added after the convolution
ydc=deconv(yc,c).*sum(c); % Recovery by deconvoluting ¢ from yc

% Plot all the steps

subplot(2,2,1); plot(x,y); title(original y*); subplot(2,2,2);

plot(x,c);title('c); subplot(2,2,3); plot(x,yc(1:2001)); title('yc";

subplot(2,2,4); plot(x,ydc);title('recovered y")

Alternatively, you could perwiotrhbtcuthe -FbeMbetr hdeéE
Octave "deconv" function bwyauwdduwii cdhignd htehvd ul dwbr/ i ¢
Octave "fft.m" function and & mveakadd atbr/ @Orcd faorrem "t
functi oncmuNsotz effedb hloée dnat chych&heirzesofts are ess

(except for theoinmtmepn eai sifdémaafi ntghe comput ers,

f asttheaen using the deconv function:

ydc=ifft(fft(yc)./fft([c zeros(1,2000)])).*sum(c);

Pagll§g


https://terpconnect.umd.edu/~toh/spectrum/deconv.txt
https://terpconnect.umd.edu/~toh/spectrum/DeconvTest.m
https://www.techopedia.com/definition/10143/zero-filling
https://terpconnect.umd.edu/~toh/spectrum/deconvolution.png

f you are reddcHophelmesiopllienexplicit exampl e
econvoluti end efmernta vemdlolr ,9 with t hlehevectors p
crbOepctonvDamod .phevilbes exampl et haGa uists bdaenmoenrs t r e
onvolution and descloingvhotlrletcitn@om gayi ar h @ ud sme ut i |
ormul ation just descri bed.i gilhitey(ani emateedeadri agr
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scale presented here. I n the absence of any knc¢
findiocngr dehcebnvol uti on width depends upon exper.i
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https://terpconnect.umd.edu/~toh/spectrum/ConvolutionDeconvolutionExample.txt
https://terpconnect.umd.edu/~toh/spectrum/DeconvDemo3.m
https://terpconnect.umd.edu/~toh/spectrum/DeconvDemo3.gif
https://terpconnect.umd.edu/~toh/spectrum/SignalsAndNoise.html#Frequency
https://terpconnect.umd.edu/~toh/spectrum/Smoothing.html
https://terpconnect.umd.edu/~toh/spectrum/DeconvDemo5.m
https://terpconnect.umd.edu/~toh/spectrum/DeconvDemo6.m
https://terpconnect.umd.edu/~toh/spectrum/DeconvDemo6.png
https://terpconnect.umd.edu/~toh/spectrum/functions.html
http://tinyurl.com/cey8rwh
https://terpconnect.umd.edu/~toh/spectrum/DeconvDemo3.gif
https://terpconnect.umd.edu/~toh/spectrum/GaussianDeconvolution5.png

deconvolution, so it must not be overused. The
width at hah® wiadkt moben) deconvoluted peaks (Il ower
| arger than in the (unobserved) underlying peatk
deconvolution or the broadening effiereqesenmndy thei
As a rough but practi cvailsmnrbulleee afn tthhuembo,b siefr vtehde r
that the -deemitud i ®fn,s eolffDielt® ntvyDewroldh ovee &t mo noi
useful

I n t he séxavmproiemgDigdhwen | o a d )thheit su nsdeerril pyty) yn gcauidgn aln (
but i n the ypstehakpeakd gmad &xpaheshmigiatidd), short
wi derApseatihrmg t he exponenti at'chpbriosadlemowmrng, tomec:
or medgpadghedt he Fouri erc ¢deayawwnood ug fi winl yofr emoves
(yyde and restores the original height, positi ol
expense of consid@beabbeseaoi secmndeddldg. tcloen sft amnt
has &dkdafdt e broadenina convol uti on

Underlying 4 Gaussian signal, uyy Exponential transfer function, cc

(cx to make the si.mul - 1

However, the noise r o 08

deconvol utbeldurs Hdnreaglu e ¢ 06

wei ghted Ypadgeso i s ey 04

by moot(hpiahigga nd has | e, 0
lesaguare fits than d | . a
greater challenge, t ° * % % '@ N I N ¢
bad gudteismefc ol tiamt | oseessomenesansnosysgry  Afer deconoking vanster ction, yysc

pl ot the recovertehe s

under | yi playxxsyyxgyyde)l C 1

To plot the obsertvled v 05

under | yi playxx,8yyxgyy)a | To ™ ;

curve fit the recove ° an tc
determine peak param®™ @ w @ o "% = @ o @
[FitResults,FitError]=peakfit([xx;yydc],26,42,1,1,0,10) ,which yields exc
values for the original peak positions, height:¢
ten thenegrevi ous noise |l evel (Noise=.01 in |ine
curve (fpialig®d meg st i | | qgui t®20@oomo( e &€ve@In iwn tlhi n
peak par anmmetternscarate tham ybat magbunéxpécthoi s
i Bl )JuRkRe member, there is no need to smooth the re

fitasngeen o e@dpers| y

An alternative to the aboivtee rdaetciovnefpoa qu)d ed rf i dt pt i rnc
observed signakpdneatthyl|l wi mbdedierape GCamBseasn ah)

>> [FitResults,FitError] = peakfit([xx;yy], 26, 50, 1, 5, 70, 10)

Both mgthwedgood values of the peak parameters,
because fitting the deconvoluted signal with a
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>>ipf([xx;yyl);

the best fit:
ipf 11.3 Mo baseline correction. Pan and Zoom to isolate peaks to be fit in upper window.
T T T T T T
0.6 B
a
= 04 -
=
n
0.2k 4

wh i

ch

n

t hi

S

catslee gi v e

exponenti als

faaddg tusrt e'"dt d "

69.

9

(cl ose

t he

correct

1 1 1 1
20 30 40 a0
“ertical dotted lines indicate first quess peak positions. C to customize.

60

i 0%t % best of 10 trials, T: baseline, Shift-X: enter Extra, a/z adjust Extra, Q: report

simul ation) .

Al ternati vegdeakiyiotuhman
t huenconstr aienxepdo nveanrtiiaabll |

5[, Pedk#  Posiion  Height  Width Area K i ;
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o 1;‘;’ 00:””.,”’0* 40t + o:“ :’x“,:’o '3, . .“*\” - :0 é’:"’:’ ] .
2 BRSENLE e h el et i ) but i n that case t he be
@ D:’,‘3‘:’“0’:‘00”;’\"’0":.’;“3:"“ "y‘iv”:\‘\.{’os 00,’.’.:*‘:‘%.:— . . . . .
RIS DR R RN *‘:.,:.’*,’{g ¥ obtained i f ydwgusgisswe it
S1 R I Joeen o e U4 (" s taasr tt"h)e ei ght Wi i mput
Eh—r 2'0_ _3'0 5 _5'0_ o val wietshin a factor of t
Peaks =1  Shape = ExpGaussian  Time Constant = 69.9515  Min. Width =01 Error=D.1525%C orrec t V a I ues:
>>[FitResults,FitError]=peakfit([xx;yy],0,0,1,31,70,10, [20 10 50])
Peak# Position Height Width Area tc
1 25.006 0.99828 10.013 10.599 69.83
GoodnessOfFit =
0.15575 0.99998
The value of the exponential factor deter mined
t he signal is very noisy, there wild.l be quite &

det er+hiomedk xampl e,

ahbival besWwi bhtVvgrdi fferent

for measurement (e.g., by panning or zooming i
arguments i n pe&afkdri tamot. heSre ee xpamel e with four o
Noi se reduction in deconvoluted signal s
Thenost common way -ftroe qcuoenntcryo Inotihsee hangphl i fi cati on
as describegaadbofvieltesi hgw either by some form
filter. The basic | i ntielayt,i oins otfh astu cthh efyi latreer sl,i m
situati onzsemwhevael mwearin the fft of the deconvol
astronomically | arge values in the decofhifgeurue e c
bel ow, creat ed Dbey otmhAed dM4d tj loavd® dnsmdwhiep ta p p Isied dt i on

deconvobushampeng| @Gau spd i edle c oa v o & vzieocgeenrt er e d

Gausbuaa(td.o8h ti mes t he wi,dtusndfgotaheempad®® neot pe
reduce noi eDoatrcbdieck ngongi ew enl arged figures)
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https://terpconnect.umd.edu/~toh/spectrum/peakfit.m
https://terpconnect.umd.edu/~toh/spectrum/DenomAdditionDemo.m
https://terpconnect.umd.edu/~toh/spectrum/CurveFitExponentialGaussian.png

Effect of filter on the Fourier spectra of a deconvoluted Gaussian

Original Gaussian Noise=0.001 FrequencyCutoff = 500
! 50 ——— FraquancyCutoff=400
= FraquencyCutoff=500
FrequencyCutoff=70
0.5 0 — FrequencyCutoff=50
10° ——— FrequencyCutoff=30
a -50
o 5 10 15 20 o 5 10 15 20
FWHM=1 area=1.0645 FrequencyCutoff=500 FWHM=0.48113 area=0.95413
3 FrequencyCutoff = 100 5 Frequency Cutoff = 70 102
: | E
g
0 0 <
10!
T 5 10 15 20 "y 5 10 15 20
FrequencyCutoff=100 FWHM=0.57361 area=1.066 FrequencyCutoff=70 FWHM=0.62089 area=1.0648
A FrequencyCutoff = 50 FrequencyCutoff = 30
; 10°F
! 0.5
0 U 1D71 2 I1 (1] 1
0 5 10 15 20 0 5 10 15 20 107 o 10 10
FrequencyCutoff=50 FWHM=0.6799 area=1.0643 FrequencyCuloff=30 FWHM=0.82837 area=1.0643 Frequency
Figure window 1 (left) shows the original peak
deconvoluted peaks after smoothing by a Fourier
ringing. The correspondidgcdnmeqgluetined siperdlra aff
window 2 (ri gthwg ,diwdtiicrhc ts hfowsquency regi ons:
(a) Thendefltow frequency) side is a smooth c
domi nated by the peaks that have been sharpe
more gradually the curve drops off at higher

(b) Thheanrdi glhhti gh frequency) end of the spect
in the decoNowant edosi gahate this region as n
the | ower frequencies too much (which woul d

Observing these spectra can be pauvaméuér gui Gleet
t he signal peaks in Fi gouroemolunwierdd asw i ker rmesaponds
spectrAlsnthe cutoff fredqquemgaoaenicy dempeasads the
expecttehdat bsupi k e vetni lalt rt ehmarileosye s ta nceumtha fcfth (poi nt
the deconvoluted peak has been broadened by t he

E+HIUtt WOYRY YW WJT 2 #q R YU LA auiil ¢1d URYAGCRIURE Yaf

This probl em sciammp Ibye asdodivnegd ab g malclo npd aintti e rda rs

function to the denominator in the deconvol uti c
numbers in the denominator. The quantityhadded
denominator. Il n Matl ab, the plain deconvolutior

yde=ifft(ff(y)./(fft(df)). *sum(d)

Here is the code for the case where the demonir
ydc=ifft(fft(y)./(fft(df)+FDA.*max(fft(df)))).*sum(df)

wheyies t he ordfgsd ntaHe sd gonard voH A $ onhdé uhca ¢ toinomald
addition. The addition is scaled to thesomaxhamur
the quantity added wil |l adjust to the varying ¢
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https://terpconnect.umd.edu/~toh/spectrum/DenomAdditionDemo2Figure1.png
https://terpconnect.umd.edu/~toh/spectrum/DenomAdditionDemo2Figure2.png

An alternativeonksytooadldosecomambans of the denc
threehagl.dusing the fAmlot {&®awkey thano function

ydcDA=ifft(fft(y)./(nlt(fftc, DA.*0.01.*max(fftc)))).*sum(df);
(The denominator addition method is 38)8I uded ir

Original Gaussian Noise=0.001 . 1Ftactional denominator addition = 0

T

[

=1

Fffect of denominator addition on the Fourier spectra of a deconvoluted Gaussian
10 T T

0 2 DenomAdd=0
i 5 10 15 20 i 5 10 15 20 DenomAdd=.001
FWHM=1 area=1.0645 FWHM=0 area=2.246 a DenomAdd=.004
Fractional denominator addition = 0.001 Fractional denominator addition = 0.004 o DenomAdd=02
L) 2 DenomAdd=.1
1
0 o 10°
o E
=
5 £
0 5 10 15 20 0 5 10 15 20 T 41
FWHM=0.5779 area=1.0628 FWHM=0.60152 area=1.0596
2 Fractional di i ition = 0.02 Fractional denominator addition = 0.1
1 100k
1
05
0 ; 4,0 o .:T " I| o o oL 3 10 9
0 5 10 15 20 0 5 10 15 20 10°2 101 10° 10°
FWHM=0.63324 area=1.0436 FWHM=0.70219 area=0.96783 Frequency

Figure windows 3 and 4 (above) show t hewiédfhfoaudt
frequency filtering. The subplot on the top | ef
show the results of adding increasing amounts t
spectra of those five idcdeddadmwaleutwda ch doiwg Ma l(s i agrhe
of denominator addition is to rlamnd ehdlhfe copfv etr lad
spectwi ot iedwathgi ng the frequency distribution. Wi

the center is seen as before, but even the smal
addition (green), the noisepeak gireadshar perdu(Cck\Wr
the width of the peak with only the filter appl

run t hDee nsocnmmAdpdti t j oa®amn, ma di fferent noise samp

The two frequency spectrapaasthel abovaegfagdr der
aroer t hogmewradt i ons in the frequency domain. Filt.
(frequency) axis, whereas denominator addition
reduces the amplitude of thelwnlamplhiefifee@gqbendee
Both methods reduce noise,thagdnthe yuwod kt ogpnetdh d

A good way to explore the interplay between the values of the many variables is to use the Matlab Live
ScriptDenomAdditionDemo.mixXgraphig, which hasslidersand adrop down menior adjusting the
parameters interactively. See p&§8 (See pag870for other interactive tools).

Reference 98 explores this method in greater de
constant and showing several examples of applic

Deconvol eakamerdgeour egment s
Measuring the areas under peaks is aldm mmoaun n &c
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https://terpconnect.umd.edu/~toh/spectrum/nlt.m
https://terpconnect.umd.edu/~toh/spectrum/DenomAdditionDemo.m
https://terpconnect.umd.edu/~toh/spectrum/DenomAdditionDemo.mlx
https://terpconnect.umd.edu/~toh/spectrum/DenomAddDemoLiveScript.png
https://terpconnect.umd.edu/~toh/spectrum/DenomAdditionDemo1Figure1.png

works only i f there is sufficient separation be

does not change the area under them, it can be
overl|l apping peaks.DeTnhhoenAMadti|ta bgni@agviedl.sSelsxi paur i er
deconvolution to sharpen peaks to i mprove the ¢
overl apping peaks (check the box to the right ¢
format all ows timdteralcltoweyacwntto odxpl ore the set
area measuremeeaéat ). See page
I n the M&LIS®Pes pDir p ptCheemoalrée.ans of a group of thr
peaks is measured by the perpendicul ar drop met
deconvolution. The measurements are repeated wi
ietferes with precise area measurement. After ¢
peak areas are plotted afvaalnusets tfhoer neeaacshu rceads ea ra
and after deconvoluti ont.hiTsheP DciudIltess iaare: siummawv
the feasiesto to the most ¢ haldeecnognivnogl,u ttihoen aarree:
accur ate.
Mul ti ple sequential deconvolution
I n cases where the original signal has been sut
convolutliW®ms¢(pageeversal of those convolutions
Comparison of one and two-pass deconvolution a nCda nnot b e un d on
2 ' ' ' S accurately by a s
Deconveluied with (b1 +42) deconv.olAist iaonsi mp
1F + Deconvoluted with fft{b1).*fit(b2) | e X a mp | e 0 f t h at [S
Matl ab/ Octave sc
0.8 n
gﬂ.ﬁ— n
g 4

0 5 10 15 20 25
Percent difference in area = -5.01e-14%

DeconvoluteTwi ceBdemdeased®ea&k. mhe attempted dec

broadenings, represented by the vectors of bl ¢
peak. I n the resutlhtet pbugr aphwvlenowngiheal esthigdarlr |y
the yellow curve is the observed signal, adner t
the red curve is an attempt to deconvolute a si
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https://terpconnect.umd.edu/~toh/spectrum/DenomAdditionDemo.mlx
https://terpconnect.umd.edu/~toh/spectrum/DenomAddDemoLiveScript.png
https://terpconnect.umd.edu/~toh/spectrum/GLSDPerpDropDemo16.m
https://terpconnect.umd.edu/~toh/spectrum/3peaks.pdf
https://terpconnect.umd.edu/~toh/spectrum/DeconvoluteTwiceBroadenedPeak.m

constant ,-tasl hggt met e d8 3d eTshcarti baetdt eormp tp aigsen 6 bvi o

fact, no single simple deconvolution can r emoVe
dotted |Iine is the result of feeitbd2pr mi, nguha cdhec ar
Fourier traosvobintbbname b2. That attempt i s su
original Gaussian, in blue, exactly.

Segmented deconvolution
|l f the peak widths or tailing vasreygnseunbtsetdant i al |

deconv whutcihoml | ows the deconvolution vector to
signal SeggxpopDe canw(xd,ey, txg)y -l ehgt besegmkenequdkkf
l engt h ofita&t htehewrecdawah segment is deconvoluted w
exq(/t)itowbbceor r espondi ng efit@&mémty ofumble \vaedt creq
values c8agbepbDeedsvPhet smme except that 1t pl
signadmmowmsndt he divisions betweenttohenakegmenteash
adjust the number amhhli svrailuedsemdn dthreatsed) mMeynttshe
SegExpDeconv Pl osthboxwaenmpi lne .tnme  f i gure bel ow). The
moderated by denofmPR)& aotro rb ya dsdei gt mmeonnt3eBB. asgneo ot hi ng

Segmented Deconvolution: Green=original signal Black=Deconvoluted signal

1.6
1.4 -
12

-I L
0.8 -

=28

0.6
0.4 -
0.2 -

D | o baia
'D 2 | 1 1 | | 1 ]

0 2000 4000 6000 8000 10000 12000 14000

SegGaussbem@legGamssDeaneys®imetexmcept tshyantmetthrd y afe
(zeremt ered) GausSeaDodébétervamBlegi@dombime ExpDeconyv
per fsoyrrnmet r i-cceant e(rzpedoent i al lde¢cdbevepleaki ovmdt hs i |
across the signal, you can cal d¢tubgt gi ai ngasaohgt
number of segment, s t(hfeNJinstesa misredl sidE),Be niddaast val ue,

tstep=(endt - startt)/NumSegments;
tc=startt:tstep:endt;
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https://terpconnect.umd.edu/~toh/spectrum/SegExpDeconvPlot.m
https://terpconnect.umd.edu/~toh/spectrum/SegExpDeconvPlotExample.m
https://terpconnect.umd.edu/~toh/spectrum/SegGaussDeconv.m
https://terpconnect.umd.edu/~toh/spectrum/SegGaussDeconvPlot.m
https://terpconnect.umd.edu/~toh/spectrum/SegDoubleExpDeconv.m
https://terpconnect.umd.edu/~toh/spectrum/SegDoubleExpDeconvPlot.m

Li ve sedreicpotn vSoelluft i on Tool

The Live ScriptDeconvoluteData.mlgan perform Fourier setfeconvolution on yauown data stored

in disk. Clicking the "Open data file" button in line 1 opens a file browser, allowing you to navigate to
your data file (in .csv or .xIsx formathe script assumes that your x,y data are in the first two columns
You can change that in lines 13 and.1dxhe case shown here, the data filélepteneTestData.csv

a portion of the IR spectrum of heptaskpwn as the 'file' variable in tivatlabworkspace(To view

the figures to the right as shown below, rightk on the righthand panel and select "Disable
synchronous scrolling:

Thestartpc andendpcsliders in lines 9 and 10 allow you to select which portion of the data range to
process, from 0% to 100% of the total range of the data filePEa&Shapedrop-down menu in line

17 selects the convolution function shape (in this case, a Galissemizian blead) and the
PCGaussianslider in the next line allows selection of the percent Gaussian of that shaiv The
slider in line 21 controls the deconvolution kaifith, theDA slider in line 23 controls the percent
denominator addition. Smoothing, by Fourier filtering, is controlled bytequencyCutoff and
CutOffRate in lines 25 and 27. All variables are accessible in the Matlab workspaedinal signal

is 'syDA".Note: you can doublelick any of the sliders to change their ranges if the initial rége
insufficient.Click the FrequencySpectracheck box in line 4 to view the frequency spectra. Click the
PlotAllSteps check box in line 5 to view all the steps leadingafhe final result.

Fourier self-deconvolution 0025 Original data
Tom Q'Haver 4/5/2023
Self-Deconvoluted
1 Open data file | file= uigetfile('*.csv;*.xlsx");% Click this button to load data 0.02 |
2 mydata=xlsread(file); % from disk in xlsx or csv format. |,
0.015 ” |
4 FrequencySpectra=[] ; % Check this box to display frequency spectra 0.01 f \/\
5 PlotAllSteps=[ | ; % Check this box to plot intermediate steps ’f\
6 NumPoints=length(mydata); 0.005 f\
% Set the x-axis scale expansion beginning and end points (@ - 100%) "j : \\
2] startpc= 21.4 ; % Percentage of data points to start data selection 0 o o I
1@ endpc= 72.5 ;% Percentage of data points to end data selection
11 startpoint=round(startpc*NumPoints./10@); 0.005
12 endpoint=round(endpc*NumPoints./18@); 2400 2600 2800 3000 3200 3400 3600
13 x=mydata(startpoint:endpoint,1); Area recovery: 97.0858 %
14 y=mydata(startpoint:endpeint,2);
Frequency spectra
% Deconvolution function shape
17 PeakShape=| GL blend - |:
18 PCGaussian= 14
102
% dw = Deconvolution width (half-width of deconvoluticn function df})
21 dw= 25.9 £
% Percent denominator addition 104
23 DA= 3 H
% Percentage of entire spectrum included for Fourier filter
25 FrequencyCutoff= 14 H .
r N s 10°
% for Fourier filter
27 CutOffRate= 3 - -
Denominator addition only ‘
Filtering only
29 if PeakShape=="Gaussian" 108 Original signal
3 df=gaussian(x,min(x),dw)+gaussian{x,max(x),dw); Both filtering and denom._addition |
31 ydc=ifft(fft(y)./fft(df)).*sum(df); % Deconvolution by fft/ifft . -
32 end 10° 10! 102
Frequency

See pag870for other interactive tools.
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https://terpconnect.umd.edu/~toh/spectrum/HepteneTestData.csv
https://terpconnect.umd.edu/~toh/spectrum/FourierSelfDeconvolution.png

| nteractive deconvolution with i Signal

| myi Si grealsiamd 8l. Bt3&)By o(up acgachh Hfttes 8 i spd mwy dfheFour i
convolution and de¢ebanval tbwoyoopeéoarcioon®| ute o1

Lorentzian or exponential function. ofttwiell astk
deconvol ut(iiolmn X uunncittiso)nf hSmmdéne waheccaans @ sdre iwn drt en
by 10% iBamnShidt © adj uIhibyveéewsion of 1 Signal i nc
reduce ringing and noise in the deconvoluted si

85) and adjusting tida dvedrheddhe &r ainmc e ksdg @atnhde c o
Shief tt o adjust by 1%) .

Left and right arrow keys pan back and forth. Up and down arrow keys zoom in and out.

150 | H

100 |

-
A IS Wa

‘\J | / - l

AN AT N N\

8000 8500 9000 9500 10000

y: 136 at 8886.5 P/P:146  Area: 6.51e+04 5Std. Dev.: 29
Smooth: §, A/IZ Symm: Shift-Y (De)conv: Shift-V¥ Deriv: D Peak Meas: P Spectrum: Shift-S Baseline: T
i
|
fl |
100 |
f
|

| |
|f||| l[ \1 | | | Il |1
.J 'JI 111 w;f\/ b\wf LJ ‘I"L /J\J Itlﬂ

6000 7000 8000 9000 10000 11000 12000
1 point No smooth. Ends: 1 Symf: 0 Wwidth: 115615 DA:6.4203 Deriv:0 Slew: 0 Median: 0

50

o

Linear y

In this example, the original signal is shown as thigedlgreen lineand the resulvf deconvoluting it

with aLorentziandeconvolution function is shown as thiee line The deconvolution width was
adjusted as large as possible without causiggificantnegative dips between the peaksich for

many types of experimental data, would be-pbgsical (Recall that the mathematics of the
deconvolution operation is structured so thatatea under the peaks remains unchangeaen though

the widths are reduced, and the heights are increasedjodhedin closeup in the upper panel

shows that several peaks wahoulders are resolvéato distinct peaks, allowing their peak positions

to be measured more accuratdfgrtunately, the amplitude of those revealed peaks is greater than the
small amount of noise remaining in the signal (thanks to the goodkstgnoise ratio of the original
signal.
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https://terpconnect.umd.edu/~toh/spectrum/iSignalConvDeconvMenu.txt
https://terpconnect.umd.edu/~toh/spectrum/iSignalConvDeconvMenu.txt
https://terpconnect.umd.edu/~toh/spectrum/iSignalLorDeconvData658ver83.png

[ Yel RIJI W[ RG a1l

A Fourier filter is a type of filterfiregueuncgt i c

compooéntassignal. | R o wroir &krs otbrya rhsaafksrnmgntahe t hen
amplifying specific frequencies or ranges of fr
Il n many scientific measurements, such as spect:H
smooth shapes that can be represented by a sur gy
example, thecfi gthroevsbelnowh(e top panel a simul a

with peak heights aki %, i28, tame Bn wekeoedsheTke
50 frequencies of itsaxXiouriierf rsedewecg/miayw, dew hdéfz et N

s Multiple Gaussians signal Fourier compone nt s [
frequencies and dr ops:s
g2r 1 25 Hz.
g1 - The bottom pane} shoy
/\ . /U constructed by adding
EIIEl 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 Four | er Component S Y
Time, sec.  Width (FWHM)=0.05 Noise:0.01 , A A i !
Frequency spectrum of the signal 3é. Aa 1Gil lRaotfi dadrhi s pr oc
2000 1 (visibhe Mhnhcrosoft Wo
3 2000 1 version or alwecbk t o \
B browseshows the resul
© 1000 7 . .
including the frequer
DD EI» ‘IID ‘II5 20 25 3ID 3I5 4ID 4I5 50 th rou g h 2 5 p ro gr essi\
Frequency, Hz. Signal dominates the lower frequencies; noise domimates the higherfrequencies |y @ C O N S t r uc t e d S | g n a |
Signal sequentially reconstructed from its 25 lowest frequencies. i
2 ' - ' ' ' ' ' ' ' featureless bl ob witt
o5l | frequencies included.
£ emerge and become nar
S1r : frequencies are addec
) | /\ ) o\, . baseline between the
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 f|at t er unt || the I €
time, sec. Peak halfwidth = 0.05015 i i i ! i
Screencast:0:Matic'com i ndi stinguishabl e frc«
signal when 26 frequencies are included. But noc
it gets only to 1n6t ,f rtehgeu eanntprlei studedBeg i oefk atehaed 9 i dr o [
| ow and there is relatively I|little amplitude i
wel | . But the baseline has a smalflf odt tdiestirrrqgt

beyond tThhaatt pcoainntb.e avoided by including more f
adjustabl & hfait | taé d-cofwis anp @tee ctua be controll ed.

Optimization of t he-tFooouirsieer(i SNR)t eipaetdlorsitdrealss g
compromi se as conventtihoen alp tsi nmouort hSINWRg i fsu naccthii cenvse
i's |l ess than the noisel eSaumakamBMRFFegqguerampBEe
showsf oorhaat Gaussespanmpma&8NRthe reached when the
true bwal ueh,e peak area isqgtuhk smmbit (W/bi(bpef gaebi s
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https://terpconnect.umd.edu/~toh/spectrum/HarmonicAnalysis.html
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https://terpconnect.umd.edu/~toh/spectrum/GaussianFrequencyReconstruction3.gif
https://terpconnect.umd.edu/~toh/spectrum/GaussianFrequencyReconstruction3.gif
https://terpconnect.umd.edu/~toh/spectrum/GaussianSNRFrequencyReconstruction.m
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https://terpconnect.umd.edu/~toh/spectrum/GaussianFrequencyReconstruction3.gif

signal i s

whereas most of the peak
A more dramatic
to be onl yf meamquwemc ywimgdi s e,

from the modified Four.i
t wo partly overlapping
original signal

er
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and its Fourier
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simpl est

Signal-to-noise ratio

10
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Peak height
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e
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for a Fourier s
To do this corr
to usaendibbesti met lfoTr
ui val ent | gnglthaes € rceerg u
e amelmbhgi nary) compon
urier transform. The
count f-omaglke smiruicou
e Matl ab's Fourier t
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