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BRAMS is a Belgian network consisting of one beaca and 26 receivingstations to detect rad meteas by
forward scattering Becaus d the laige amourt of datageneratedby thes sations a good atomatic detection
algorithm & needed In this paper, four algorithns currerlly under testare briefy descrbed Applicationof three
of them to an &ample of BRAMS data isshown with a mmparisan to manual count in order to enphasize the

advantages and disadrartages of eachmethod.

1 Introduction

The BRAMS (Belgian RAdio Meted Statiors) network

consists of one beaco located in Dourbes a&ad 26
receiving statons spreadover Belgium Ead statin

recods catinuously a banavidth of 2.5 kHz nore or less
certeredon 49.97 MHz, tle beaca frequency. The data
are storedn WAV (saund) files of 5 minutes ead. In

total abot 7500 fles (288 fles per sation) are gnerated
per day Chedking all thosefiles manually for meteas is
too much time-consuming, so an autamatic detection
algorithm ismandatay. In this aticle, a quck overview

of four differert autamatic detection methods of rado

meteas in BRAMS data fles is prowded Eachmethod

works eiter on te rav dataobtaired in the time domain

or ona spectrogam

Figurel— A typical spectrggram from a BRAMS receivirg
station. Frequency rarge is 200 Hz certered on the beacam
frequency. Duration is 5 minutes. Paver is cdor coded. The
horizontal line in the midde of the gectragram is the drect
recepion of the BRAM S beac, the inverse Sshaped lines are
refleions on airplanes noving on a straigh line ard the shat
vertical lines are meteor edes. The canplex shags o the lett
hand side d the spectrgram are also poduced by airpanes
which change directions. Marua count gives I7 underderse
meteors.

A spectrogam is a visual regesetation of the spectrum
of frequencies in a sgnal as it varies with time. It is
obtaired from the time sigrael using a FFT (Fast Fouer
Transbrmation).

The reslt is a two-dimensional repgesemation of the
sigral, where he horizontal axis regresens time, the
vertical axis is frequency and the cdor indicates tie
power of the sigral. Figure 1 stows a tpical BRAMS

spectrogam.

Three ofthe four methods ae currentty under evaliation
by the BRAMS tean by comparing their realts to
manual caunts. An exanple is provided belov for each
method. So far the comparisonis made only for short-
lived underdensenetea ecloeswith a picd duration of
a few tenths of secads at most. These metea ecloes
constitute the majority of metead ecloes detectedin
BRAMS dhta.

2 Image recognition on spectrograms (I)

The first method, develped by Pierre Enotte, wses
image recogition on spectrogams. The first stepin the

algorithm B the binarization of the spectrogam. Only

pixels almve a cerain threshold are lept to filter out nose

and treir values aresd to 1 It means that the information
about the variations in the sigral power is lost. Then he

algorithm applies a \ertical erosion (Gozalez and
Woods, D07 using the fact that underdens metea

ecloes appearmostly vertical in spectrogams while the

beacm frequency and tle plane ecloes tave a daminant

horizontal caomporent.  The  erosion operator
superinposes a mask to eachpixel with a value of 1 and

keepsits vaue if all pixels underreaththe mask areequal

to 1, otherwise it is set to 0 In ou case the mask is a
vertical line whose lagth is chosento be largr than the

typical frequency width of plane eches orof the beaca

fregency. This vertical erosionmay divide sane metea

ecloes n different parts Dilation (Gorzalez ad Woods

2007 alorg columms and adjaert lines is then performed

to recomect them.

Since his tednique is performed on spectrogams, it is
eay to comparethe reailts with manual counts which are
alsomade on pectrogams (Calderset al, 2014). Panes
are renoved decentlywell, and tle method providesgood
resuts for short meteas which agpear mostly vertical
(seeFigure 2). However, sane faint metea ecloes can
be missed when tleir vertical/frequency signature is
disoontinuous aad hence they may not suwive the
erosion The method does ot work for long laging
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meteas (rot preset in the example in Figure 1) which
have a laige horizontal comporernt and/or a caonplex
structure. Also the creatio of the spectrogam aswell as
the erosiofdilation arevery time caxsuming operatios.
Finally, the method contains gveralempirical paraneters
which may have to be adpted for different BRAMS
statians.

spectrogramme en pixel RAD BEDOUR 20111007 0835 BELIEG SYS001

Figure2 — Application of Ernate's method to the exanple
spectrgram of Figure 1. Units fa the aes are here given in
pixels. The mettod deteds 11 meteors(white dots) kut six faint
meteors d not survive the ercsion ard are nissel.

3 Image recognition on spectrograms
(1D

Another method usingspectograms has beendevelgped
by Emil Kraaikamp. First, an horizontal median filter is
applied to the spectrogam to ramove the direct recefion
of the beacn signal (end possiby other local
transnitters). Then a se of obigue medan filters is used
to remove the airplane echoes becausehosesigrals can
be aproximated by a set ofstraicht lines with different
inclinations a&d lengths. Finally a detection threshold
using the medan axd the MAD (medan absolute
deviatior) is usedto didinguish betveen meteas and
noise.

Figure 3 — Application of Kradakamp's method © the same
example in Figurel. The nethod deteds 18 meteors. Sme
parts d the canplex airdane ehoes (n the let side d the
picture) are wt fully removed ard incorrectly deteded as
meteors (Fass). 1faint meteor is rot deteded.

Like for Ernotte’s method, comparison with manual

counts is eag. The method does ot use birarization,
which gives te possibiliy to use the sgnal power in the
final detectionstep It removes qite well the plane
ecloes as log as he dape is simple (i.e inverse S
shapedlines). But it canprodwce false metear detectiors
when complex airplane elcoes are presénin the
spectrogam (seeFigure 3). Another drawvbad is again
that the method is CRJ intersive.

4 Meteor detection using only the time
signal

Tom Roeladts is develgping a method based diy on the
sigral in the time domain. First, an adquate filtering is
applied to lkeep ory frequencieswithin 200 Hz belav or
alove the beacm frequency (where all metea ectoes
appear). his strorgly reducesthe moise inthe data.Then
the method camputes ruming average on a short and a
long timescale(typical of the duration of an underdense
metea resp. planeecho) and dividesthem to obtainan
indicata sigrel. The basic idea is #t anunderdense
metea ecto will contribute stongly to the short running
average bt not to the long ore, hence creatng a peakin
the indicata signal. An appropriate thestold is usedto
detect tlese peaksMore information albout this method
canbefound in Roelandts (2014). Here & only provde
in Figure 4 the resits of the application of this method to
the rav data usedto campute the spectrogam in
Figurel. The nethod may miss faint meteo ecloes
appearirg at the sane time as tle brighest part ofan
airplane ecb. In this casethe resiting pe& of the
indicata signal canbe lover than the threstold and the
metea is missed

Since this method does ot compute spectrogams, its
main advantage & that it is much faster ban he previous
ones. Also tle duation of a metea can be measured
more acarately in the tme damain than in a
spectrogam. It also tas onl three paranetes. The
choice ofthe threshold is however currenty empirical
and \ariesfrom staion to staton.

Figure 4 — Application of Roelandts ‘method to the raw data
used to campute the gectraggram in Figurel. The method
deteds 14 neteors whos locaions have been added to the
spectrgram a posteriai for comparisan with the previous
methods. Three meters aremissed as tley appear at tle sane
time as the lrightest (red part of airplane eclbes (see tety.
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5 Meteor detection neural

networks

using

This method is developed by Victor Roman andis based
on two different types d artificial neural networks.
Firstly, the Sef-Organizing Map, SOM, (Kolonen, 1998
is a fype ofneural network that produces a lav-dimension

(typically two) represemation (map) of the input signals
(in our case a \ector cataining the paver or anplitude
recorde in WAV files). A SOM consists of comporents
called reurons whose spatial location n the map

corresponls to a particlar domain of the inpu signal

patterrs. SOM operates itwo swccesive modes:training
builds the map using inpu examples while the mapping

autanatically classfies a rew inpu vedor. The idea
behird using this method is that metear ectoes will be

mapped on specifc metea neurors, while plane eboes
or noise will be mappedto differentlocatiors of the map.

The SOM B trained using unsgpenised leaming
(mearng, in our case, hat the user doesat tell the
network that ametea is gven as irput).

Another type ofartficial neural network cansideredis the
Multi-Layer Rerceptron, M.P (Gadrer and Dorling,
1998 which consists of multiple layers of intercomeded
neurons, repeseting a ron-linear mapping from an npu
vector to an output vector. Each neuron in agiven layer is
connected to all reurons from the previws and
subseaqient layers with weights that are calalatedusing a
nortlinear tran$er/actvation function. For ths study, a
feed forward arclitecture was chosen,meaning that the
data is oty propagatedrom the inpu to the output layer.
Training swch a neural network reqiires a supenised
algorithm, the ore used here beirg the back propagtion
algorithm In bothmethods irput data can be takeeither
from the (filtered raw data (e.g a vector with power
samples talen during 0.1 %c) or from spectrogams (e.g
a \ector with pixel intensities t&ken as one o the
spectrogam's \ertical lines).

More information about these methods and preininary
resuts canbe burd in (Roman 2014) The reslts are
not discusedhere as tay canna easiy be caonparedto
the otter methods.

6 Conclusion and further work

We have briefy presated four different afjorithms
consideredfor the autonatic detectionof rado meteass in
the BRAMS data. Tvo of the methods are based on
image recogition on spectrogams, ore uses eural
networks and oa detectshte meteas usng only the time
signal.

These methods have been aplied to or testcasefor
compariscn only and to illustrate te strergths and
weaknesss of ead method. No firm conclusion can be
reachedfrom this test case oly. Statistical stdies ; a
large set ofdata arenecesary and currertly carried ot
by the BRAMS tean. All methodswork relatively fine
for short-lived (underdense)meteas exceptwhen many
plane eches with complicated shapes aresuperimposed

on them (eg. in the It part of Figure1). The lorger
(overdense)metea edhoes (not presenin Figure 1) pos
amother real challeng. Their autamatic detectionwill be
consideredin a later phase ofthe propct.

Resilts from the various aitomatic detectio methods
must be assesedby comparing with manual counts. At
the nmoment, there isonly a singe day of manualy
detectedmeteas for ore reeiving dation We plan to
extend ar manual count datasetto more stafons, several
days, with and without high metea streamn acivity, in
order to better assesketdifferent atomatic detection
algorithirs.
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