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Abstract. As is known, radar signals are subjected to various kinds of interference. A special
place is occupied by the imitating interference to automatic tracking systems (leading-astray
interference). The means for the leading-astray interference creating are capable of
generating signals, which smoothly introduces false information about the target movement
parameters (such as Doppler frequency or delay time), which ultimately leads to the
automatic tracking failure [1-2].

Velocity leading-astray jammers (VJ) represent the greatest danger for the onboard
Doppler radar stations. The jamming effect file detection and jamming and target signals
distinction at the initial stage of the jammer operation, which would prevent the traction
failure and ensure reliable information obtaining about the target, may be solution to the
problem of the VJ counteracting. The capabilities of artificial neural networks (deep
learning) are being studied in the presented article for this problem solution. The idea
consists in regularities educing by the neural networks in characteristic dynamics of the
signal spectrum received by the radar system under the imVJ pact of the in the process of

their learning.
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Temporal interrelation of the spectrums, obtained at the successive radar station
operating cycles, should be accounted for the characteristic dynamics educing, which brings
us explicitly to the time sequences processing task. As long as the very fact of the
interference impact educing is understood as the VJ signal detection task, this can be
represented in the context of machine learning in the form of the spectrum classification task
(spectrum transformation of the signal received at every cycle of the radar operation into the
VJ presence/absence mark). The signal frequency estimation in its turn is being reduced to
determining the index number of the Doppler’s filter, which in their essence are the
frequency domain sampling. That is, each filter is assigned a certain frequency range of the
signal being analyzed at a given time instant. Thus, this task can be represented as a spectrum
regression (converting the spectrum into the number of the Doppler filter of the target
signal).

The following architectures intended for thetime sequences processing are being
studied within the framework of this article: classical convolutional CNN network (for
working with time sequences, layers of one-dimensional convolution are employed) [7];
temporary convolutional TCN network [8]; recurrent networks based on the LSTM long
short-term memory layers [9]; networks based on managed recurrent GRU units [10].
Several models of each presented architecture were trained with different number of layers,
size of layers, etc. To assess the trained models quality, the root of the mean square error
(RMSE) for the regression problem and the F-measure (F1-score) for the classification

problem were applied.



The result of the accuracy comparing of the considered architectures reveealed that
CNN displayed the worst result of 6.3 RMSE and 0.986 F1-score. TheLSTM and GRU
appeared to be the most accurate in both tasks (1.23 RMSE and 0.997 F1-score, 1.27 RMSE
and 0.995 F1-score, respectively), and in the classification task, they apparently reached the
limit of accuracy. TCN performed slightly worse (1.45 RMSE and 0.994 F1-score),
however, the required network size to achieve results comparable to LSTM and GRU makes
the use of TCN impractical.

The author recommends employing the LSTM or GRU network with two layers of
100 hidden units for regression and an LSTM with two layers of 25 hidden units for
classification in the considered task. The choice between architectures is being stipulated by
the required level of accuracy and hardware limitations on the counteraction algorithm being
developed: the LSTM is slightly more accurate, but due to its structure ,it has more trainable
parameters with the same number of hidden units, which leads to the use of more memory
and lower computing speed compared to GRU.

Thus, the article demonstrates that neural networks are able to solve the said problems
quite accurately. In the course of the study, a comparative analysis of neural network
architectures designed for processing time sequences was performed and suitable for further
integration into onboard digital signal processing algorithms were identified.

The author’s further intention is to study the selected architectures structures in the
more complicated jamming situation.
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BBenenue

Kak wu3BECTHO, pPaAMOJIOKAIIMOHHBIE CHUTHAJbl IOABEPKEHBI  BO3JACHCTBUIO
paznuyHoro poja nomex. Ocoboe MeCcTO 3aHMUMAIOT UMHUTHPYIOIIME MOMEXH CHCTEMaM
aBTOMATUYECKOTO COIMpPOBOXIeHUs (yBomsauiue noMexu). CpeacTBa CO3MaHMs YBOASIIMX
MOMEX CIOCOOHBI TE€HEPUPOBATH H3JIYYEHHs, B KOTOPBIE IUJIAaBHO BHOCHUTCS JIOJKHAA
uHpopmanusl 0 mapaMeTpax JBHKEHUs Liequ (Hampumep, AOIJIEPOBCKOM 4YacTOTE WIIU
BPEMEHHU 3ara3jbIBaHusi), YTO B KOHEUHOM HMTOTe MPUBOJUT K CPBIBY aBTOMATHYECKOIO
cornpoBokAcHuUs [1-2].

3ayacTyro BpeMs paboThl OOPTOBBIX paauosokanroHHbIX cTanuui (PJIC) cumbHO
OTPAaHUYEHO MO BpeMeHH B cpaBHeHMM ¢ HazeMHbIMU PJIC. Ilosromy mis takux PJIC
TpedyeTcs He JOMYCTUTh CPbIBA AaBTOMATUYECKOTO COMTPOBOKAEHUS 1eNH. JJ11 UMITyJIbCHO-
nomiepoBckux PJIC ¢ compoBOXKIEHUEM €M TI0 JTOTIEPOBCKOM CKOPOCTH, HAMOOJIBIITYIO

OTIACHOCTH MPEACTABIAIOT yBoAsIIME Tomexu 1o ckopoctu (YIIC).

Ucxons u3 storo, Bo3aeiictBue YIIC Ha GoproBbie PJIC moxker KpUTHYECKUM
00pa3oM MOBIUATH HA IOCTHKEHUE TOCTABJICHHBIX Nlepe HocuteneM 6oproBoit PJIC 3anau.
Pemennem nannoit npoGaemMsl npotuBoaeicTBus YIIC moxeT ctath oOHapyxeHue (akrta

,Z[GI‘/’ICTBI/IH IIOMCXH U PA3PCUHICHUEC CUTHAJIOB IIOMEXH W LECJIW Ha HAaYaJbHOM OTallc pa6OTBI
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MOCTAHOBILIMKA IOMEX, YTO MO3BOJUT NPEIOTBPATUTH CPHIB COIIPOBOKIECHHUS U 00ECTIEUNTD
HAJISKHOE MOTyYeHUE HHPOPMALIMH O LENH.

B pabote [3] aBTOpHI pa3paboTany airopuT™M HUACHTH(PUKAINH BO3ICHCTBUS
YBOJSIIMX NOMEX, OCHOBAHHBIE HA JIOMYIIEHHH, YTO OTPAa’KEHHBIN OT BO3AYIIHON ILIEJIH
CUTHAJI COCTOUT U3 JIBYX PA3IMUMMBIX COCTaBIIAIONINX: OTPAKEHHOIO CUTHAJIa OT TUIaHepa
[EJIM U OT BPAIAIOIIMXCS YaCTe KOMIIPECCOpa HU3KOTO JABJICHUSI €€ CUIIOBOM YCTAaHOBKH.

B crarthsix [4-6] aBTOpbl mpemsiaraloT CHoco0 3alluThl OT TOMEX Ha OCHOBE
CIIy4yallHOr0O M3MEHEHHUs (pa3 UMIYJIbCOB CUTHAJIA, OCHOBBIBASICh HA MPEANOIO0KEHUU, YTO
MOCTAaHOBIIHK TIOMEX UCIIOJIB3YET TEXHOJIOTHIO ITU(PPOBOM PATUOYACTOTHOM mamsTH [7].

B nanHoli pabGoTe mjis penieHus 3aaadud OOHAPYKEHUsI U pa3pelieHus CUTHAJIOB
HCCIIEYIOTCS BO3MOXKHOCTH alapara HMCKYCCTBEHHBIX HEWPOHHBIX ceTed (IIyOOKOro
o0y4enus). M3BecTeH psig paboT, B KOTOPBIX HCCIEAYETCS MPUMEHEHUE HEHPOHHBIX CeTe
mis oopabotku paamocurnanoB [8-10]. Maes manHON pabOTBI COCTOMT B BBISBICHHUU
HEUPOHHBIMU CETSIMU 3aKOHOMEPHOCTEW B XapaKTEpPHOW JHHAMHUKE CIEKTpa NPHUHATOTO
PJIC curnana npu Bo3aeiictBun YIIC B mponecce nx oO0y4yeHUs, YTO MO3BOJMUT PELIUTH
MOCTaBJICHHYIO 3a7a4dy. J[aHHBIA MOAXO0J OTJIMYAETCS BO3MOMXHOCTBHIO MPOTHUBOACHCTBUS
MoMexaM C HEJIMHEWMHBIMH 3aKOHAMHU YBOAA U OTCYTCTBHEM HEOOXOJIMMOCTH anpHOPHBIX
3HaHUU 00 yCTpPOWCTBE MOCTAHOBIIMKA MOMEX, TAK KaK OCHOBaH Ha 0a30BbIX NMPHUHIIMIIAX
Bo3zeiicTBus nomex Ha PJIC.

JIst BBISIBIICHUS XapaKTEPHOW TWHAMUKH HEOOXOJMMO YYUTHIBATh BPEMEHHYIO
B3aUMOCBSI3b CIIEKTPOB, MOJYYEHHBIX Ha MOcheAoBaTeNbHbIX TakTax padoTel PJIC, uTo

SABHBIM 00pa3oM MPUBOJUT HAC K 3aJaue 00paOOTKH BPEMEHHBIX MOCIEA0BATEIbHOCTEN.



W3BecTeH psil apXUTEKTyp HEHPOHHBIX CeTEH MPUMEHUMBIX JIJIs MOA0OHBIX 3a1a4. Beioop
HanOoJIee MOAXOIAIINX JIJIS TOCIISAYIONMIEeH HHTETPAIIMH B OOPTOBBIE aJITOPUTMBI IIU(PPOBOH
00pabOTKU CUTHAJIOB OCYIIECTBIISIETCS MyTeM OOyUYEHHUS M COMOCTABUTEIHHOTO aHAIM3a

TOYHOCTH ¥ Pa3MEpPOB PA3JINYHBIX BAPUAHTOB HEUPOHHBIX CETEN.

OcHoOBHAA YaCTh

Heo0xoaumo nosicHuTb, 4yTo 1oJ 3afaueit oOHapyxeHus curHana YI1C nonnmaercs
BbISIBJICHHE caMoro (pakTa BO3AEHCTBUS MOMEXU. B KOHTEKCTE MAIIMHHOTO OOy4EHUs 3TO
MOXXKHO MpEACTaBUTh B BHJE 3a7aud KiIacCHU(PHUKaUUU CHeKTpa (mpeoOpa3oBaHue
MOJIyYEHHOTO Ha Kaxk1oM TakTe padoTel PJIC cniekTpa MpMHUMAEeMOro CUrHajia B METKY
kiacca Hammuust/otcyTetBus YIIC).

[lon 3amadyed pasnMUEHUs CUTHAJIOB IIOHMMAETCA ONPENEIICHHE TOIUIEPOBCKOU
Y4acTOThI CUTHaNA 1enu (ToJIe3HOW MH(pOpPMAIUK) TPU BO3JEHCTBUU MOMEXHU (MCXOI U3
npuHiuna Bo3aehcTBus YIIC, cnendmias cuctema comnpoBokaaeT nomexy). OreHka
YacCTOTBHI CUTHAJIA LIEJIM CBOJIUTCA K ONPENEICHUIO TOPSIKOBOIO HOMEpA JOIIEPOBCKOIO
¢uibTpa, KOTOpHIE MO CYTH SBISAIOTCS JUCKPETH3al[Mel 4acTOTHOM 00J1acTH, TO €CTb
KOKIOMY (UIBTPY CTaBUTCS B COOTBETCTBUE OIPEACIICHHBIM JMAna3o0H YacToOT
aHAJIM3UPYEMOrO B IaHHBI MOMEHT BpeMeHH curHana. Takum o6pa3om, 3Ty 3ajaqy MOKHO
MpEeJCTaBUTh B BHUJE perpeccuu crekrpa (mpeoOpa3zoBaHHe CIEKTpa B HOMEpP
JOTUIEPOBCKOTO (PUIIBTPA CUTHAJIA [IEJTH).

Bri6opka nanubix oosemom 4000 mpumepoB Oblia MoayyYeHa MyTeM UMUTAITMOHHOTO

MOJICITUPOBaHus mporieccoB pyHkImonupoBanust 6optosoit PJIC B cpene Matlab/Simulink
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B ycnoBusix Bozaenicteus YIIC u pa3duta Ha 00yyarolyto U TECTOBYIO MOABBIOOPKH (75%

u 25% cootBercTBeHHO). OOyuaromyie MpUMepsl Ui perpeccopa U KiaccupukaTopa

xl 1 LR xl t
HpPEeACTaBISIOT co00# {X, Yyr} ¥ {X, Yyps} cOOTBETCTBEHHO, TIE X = | * I
X661 = Xeot

CIEKTp CHMTHAla MPOIOJIKUTEIBHOCTEIO t TakToB pabotsl PJIC, yyr = (Vup, b ViE) —
MOCIIEA0BATEIBHOCTD IEJIEBBIX 3HAUEHUH HOMEPOB JOTIEPOBCKOTO (DUIBTpaA HENH, Yyps =
(vips, - YEps) — TOCHENOBATENBLHOCTD IIENEBHIX 3HAYEHMH METOK Kiacca (IpU3HAKa
namuus YIIC B cnektpe). Ha pucynkax 1-2 mpencraien mpumep U3 00ydaroiiei BRIOOPKU
(CieKTp HOPMHUPOBAH IO MOIITHOCTH).

B pamMkax gaHHOM  CTaTbU  MUCCIEAYIOTCS  CIEAYIOUIUE  apXUTEKTYPBI,

INIpCAHa3HAYCHHBIC JIA O6pa6OTKI/I BPCMCHHBIX HOCHGHOB&TCHBHOCTGﬁ: KJIIaCCHUYCCKasi
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Puc. 2. lleneBbie 3HaueHud. a) — HOMep GUIBTPa; 0) — METKH KJIaCCOB
ceeprounas cetb CNN (mns  paboTel ¢ BpEeMEHHBIMH  TMOCIEAOBATEIBHOCTSIMU
UCTIOJB3YIOTCSA cion ogHoMepHOH cBépTKH (1d convolutions)) [11], BpeMeHHast cBepTOUYHAs
cetb TCN [12], pekyppeHTHbIE CETH HAa OCHOBE CJOEB JOJITOH KPAaTKOCPOYHOM MaMsTH
LSTM [13], cetn Ha ocHOBe yIpaBlIsieMbIX peKyppeHTHBIX 010k0B GRU [14].

Jiis pa3paboTKH HEMPOCETEBBIX MOJIENIeH Hemob3oBaiack cpena Matlab ¢ makerom
Deep Learning Toolbox. Beuto 00y4eHO HECKOJIBKO MOJEICH KaKIO¥ MpeacTaBICHHOU

apXUTEKTYPHI ¢ 2-4 OokaMu (TIOCIIEIOBATEIHFHO COCAMHEHHBIX CIIOEB CBEPTH, IMyJMHTA U



RelLU axtuBarun) miis CNN, ¢ 2-4 octatounsiMu 0s1okamu (residual block) mms TCN. [ls
JTaHHBIX apXUTEKTYp PAaCCMOTPEHO TPH BapuaHTa KonmdectBa ¢puinbTpoB (16, 32, 64) u aBa
BapuaHta pasmepa ¢uiabtpa (3, 5). B caygae LSTM u GRU wucnoms3oBanuce 1-2
PEKYPPEHTHBIX CJIOS C TPEMS BapuaHTaMH KOJMYecTBa CKPBITHIX Oj0koB (25, 50, 100). B
kauecTBe (yukmuu moreps (loss function) mist 3amaum perpeccun Obula BhIOpaHa
cpenHekBaapaTuyHas omubOka (MSE), nns 3amaunm kimaccudukanud — B3BEIICHHAs
nepekpectHas 3HTponus [15]. O0yuyeHune npoBoamIoch aaroputMom «Adamy» [16] (oxaum
13 BapUaHTOB CTOXACTUYECKOTO IPAJMCHTHOTO CITyCKa — OCHOBHOTO aJITOPUTMa O0yYCHHUS
HEHPOHHBIX ceTel Ha TeKynui MomeHT [17-18]) B Teuennn 10 3mox ¢ nmpuMeHeHneM L2
peryispusanud BecoB [19] u orpanmdenuem rpaamentoB [20], HadaabHas CKOpPOCTH
o6yuenus - 0.01 ¢ monmxkenuem B 10 pa3 Kaxapie 3 dMOXH.

Ha pucynke 3 mnpencrtaBieHbl pe3ysibTaThl OOydeHHs TpEX Haubojee TOUYHBIX
MOJeNIel KaXXIoW apXUTEKTyphl B BHJE 3aBUCUMOCTH TOYHOCTH OT pPa3MEpOB CETU
(konmnuecTBa OOy4aeMbIX MapaMeTpoB). [l oOLeHKH KadecTBa OOYYEHHBIX MOeNen
MCIIOJIb30BAJICs KOPEeHb cpeaHekBaaparnyHon ommoku (RMSE) s 3agaun perpeccun u F-
Mepa (F1-score) miist 3anaum kiaccugpuKkaiuu.

Ha pucynke 4 npencraBiieHbl pe3yibTaTbl paOOTbl HEMPOCETEBBIX MOJENEH Ha
npuMepe 13 TecToBoi BeIOOpkHU. BBumy Toro, uto LSTM u GRU cetu mokazanu cxoxwii

pe3yibTaT, MPOJAEMOHCTPUPOBaHA TOBKO LSTM.
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BriBoabl

B pe3ynbraTe cpaBHEHUS TOYHOCTH PACCMOTPEHHBIX apXUTEKTyp BuAHO, uTo CNN
MoKa3ajil Hauxyamuii pe3ynsraT. Haunbosee TounbiMu B 06eux 3agadax okazanucs LSTM
u GRU, npuyem B 3anmade kiaccupukanu, Mo BCeH BUAUMOCTH, UMHU JTOCTHUTHYT Tpee
touyHOCTH. HeMHoro xyxe mokazanu cedss TCN, onHako HEOOXOIUMBIN pa3Mep CeTH s
JOCTHKEHHUS pe3ysbTaToB, conoctaBUMbIX ¢ LSTM u GRU, nenaer mpumenenue TCN
HElEeIeco00pa3HbIM.

B paccmotpenHoii 3a1aue pekomenayetcs ucnoib3oBath LSTM mmu GRU cets ¢ 2
cnosimu 1o 100 ckpeIThix 650K0B /i perpeccuu u LSTM ¢ 2 cnosimu mo 25 CKpBITHIX
O0okoB A kjnaccupukanmuu. BpiObop Mexay apxuTekTypamu  00yCIaBIMBaeTCA
TpeOyeMbIM YPOBHEM TOUYHOCTH U allllapaTHBIMU OTPAaHUYEHUSMU Ha pa3paldaThiBacMbIi
anroput™M npotuBogeiicTBus: LSTM uyTh TouHee, HO 3a cueT CBOEW CTPYKTYphl UMEET
0oJpIIIe 00yYaeMbIX TAPAMETPOB MPU TOM K€ KOJIUYECTBE CKPBITHIX OJIOKOB, YTO MPUBOIUT
K 3aJeHiCTBOBAHHMIO OOJBIIIET0 00bEeMa MaMsSITH M MEHBIIEH CKOPOCTH BBIYMCICHUH IO

cpasuenuto ¢ GRU.

3akioueHue
B pamkax 1aHHOM CTaTbU PaCCMOTPEHO ITPUMEHEHHUE HEUPOHHBIX CETEU IS 3aaun
oOHapyxxeHust u paspemieHus curHaioB nenu u YIIC. Ha nmaHHBIX WMHUTAIMOHHOTO
MOJICTUPOBAHUS TMOKa3aHO, YTO HEHPOHHBIE CETH CIOCOOHBI JOBOJIBHO TOYHO peEIIaTh
nofgoOHble 3amauu. B xome wucciegoBaHus ObLT MPOBEICH CPAaBHUTEIBHBIM aHAIN3

HEUpPOCETEeBBIX  APXUTEKTYp, MpEIHA3HAYEHHBIX IS  00pabOTKH  BPEMEHHBIX
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MOCJIEe0BATEIbHOCTEH, M BBIABICHBI MOAXOMAIIME Ul JallbHEHIIell HHTerpanuu B
OOPTOBBIE ANTOPUTMBI IIUPPOBOI 0OPAOOTKU CUTHATIOB.
B nanpHeiimem mnpeanoiaraeTcs HMCCIenoBaTh (PYHKIIMOHUPOBAHHE BBIOPAHHBIX

apXUTEKTYp B O0Jiee CI0XKHOU MOMEXOBOW 00CTaHOBKE.
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