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CoBpeMeHHbIEe HH(POPMAIUOHHBIE TEXHOJIOT UM
B JKOJIOTH4€CKOM MOHUTOPHHIE

[IpobaeMbl 3arpsA3HEHUS OKPYIKAIOMIEH CPEeIbl M KO-
JIOTHYECKOW 0e30MmacHOCTH Bceraa aktyaibHbl. Ocoboe
BHUMAaHHE YAEISIETCS KOHTPOJIO 3arpsi3HEHMsI BO3AyXa.
BonbmuHCTBO MporpamMM B JaHHOU 007acTH HAIPaBIICHBI
Ha OIpeJeNieHIe MEIKOIUCIIEPCHBIX JacTHll (particulate
matter) ¥ HEKOTOPBIX XMMHUYECKHX COCAMHECHHI, HAlpH-
mep CO,. Jlns nomydenus noapobHoil uadopmanuu o co-
CTaBe 3arps3HEHMS HCIOIB3YIOTCSI METO/Ibl MOHUTOPHHTA,
OCHOBaHHEIE Ha 0TOOpe mpo6. B pamkax Korsernnu OOH
10 JaTbHEMY TPAHCTPAHWUYHOMY IIEPEHOCY BO3MYIIHBIX
sarpsisaenuii (CLRTAP) B 1980-¢ rr. Obu1a co3ana mpo-
rpamma UNECE ICP Vegetation, y4acTHUKH KOTOpPOH CO-
OmparoT 00pa3Ibl MXa W UCIONB3YIOT Pa3IMYHbIC aHAIU-
TUYECKHE METO/BI, B TOM YHCJIC M HEHTPOHHBIN aKTHBAIH-
OHHBIN aHanu3 Ha peaktope MbP-2 JIHO® OUAU, uTobst
MOJIyYHUTh JTaHHBIE MO COJEPKAHMUIO B BO3AYXE TSIKEINBIX
METaJUIOB, a30Ta, CTOMKUX OPraHNYeCKUX COCIUHEHHH U
PaANOHYKIIHIOB.

A. V. Uzhinskiy

[Ipoext oObenuHsET UccaeaoBareiaei u3 43 cTpaH u
peruonos EBponsl u Asun. C 2014 1. 3a koopAMHAIHIO
nporpamMMsl oTBeuyaeT Jlaboparopusi HEUTPOHHOH (u3H-
ku M. 1. M. @panka (xoopauratop M. B. ®poHTackeBa).
Hecmortps Ha HecomHeHHYO BakHOCTH mpoekta UNECE
ICP Vegetation, ypoBeHb NPUMCHECHHS COBPEMECHHBIX
TEXHOJIOTMH W aBTOMAaTW3allid B HEM ObLI JJOCTaTOYHO
HU30K, 4YTO CEpPbE3HO OrPaHUYUBAIO 3S(PPEKTHBHOCTH
cOopa MaHHBIX W WX CTAaTHCTHYECKOH o00OpaboTku. B
2016 . B Jlaboparopun WHGOPMAIMOHHBIX TEXHOJIOTHI
(upine — JlaGoparopust MH(MOPMALMOHHBIX TEXHOJIOTHIMA
nM. M.T.MemiepsikoBa) Havajach pa3paboTKa CHCTEMBI
ynpasnerns naaHbMA mpoekTa UNECE ICP Vegetation.
V3HavanbHO MIaHUPOBAIOCH, YTO CHCTEMA YIPOCTHT U Ya-
CTUYHO aBTOMATH3UPYET TUIIOBBIC OINEpaIMU C JaHHBIMH,
a TaKke MO3BOJIUT ONEPATUBHO CO3/aBaTh KapThl 3arpss-
HeHusi. Co BpeMEHEM CHCTEMa 3BOJIIOIIMOHUPOBAIIA, BOU-
past B ce0st Bce HOBBIE M HOBBIE TEXHOJIOTHHU M TTOAXOBI, U

Modern Information Technologies
in Environmental Monitoring

The problems of environmental pollution and envi-
ronmental safety are always relevant. Special attention is
paid to air pollution control. Most of the programmes in
this area focus on identifying particulate matter and some
chemical compounds such as carbon dioxide. To obtain
detailed information on the composition of contamination,
monitoring methods based on sampling are used. In the
1980s, the UNECE ICP Vegetation project was created
within the UN Convention on Long-Range Transboundary
Air Pollution (CLRTAP). Its participants collect moss
samples and use different analytical methods, including
neutron activation analysis at the IBR-2 reactor of FLNP
JINR, to determine the concentrations of heavy metals, ni-
trogen, persistent organic pollutants and radionuclides in
the air.

The project brings together researchers from 43 coun-
tries and regions of Europe and Asia. Since 2014, the
Frank Laboratory of Neutron Physics has been coordinat-
ing the programme (coordinator M. Frontasyeva). Despite
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the undoubted importance of the UNECE ICP Vegetation
project, its level of automation and adoption of modern
information technologies was quite low, which serious-
ly limited the efficiency of data acquisition and statisti-
cal processing. In 2016, the Laboratory of Information
Technologies (now the Meshcheryakov Laboratory of
Information Technologies) started developing a data man-
agement system of the UNECE ICP Vegetation project. It
was initially planned that the system would simplify and
partially automate typical operations with data, as well as
enable the fast creation of pollution maps. Over time, the
system has evolved, incorporating more and more novel
technologies and approaches, and now it can be considered
an intelligent environmental monitoring platform [1].
Studies within the UNECE ICP Vegetation pro-
ject are based on the analysis of mosses as biomonitors.
Participants collect samples every five years, recording
various information about sampling sites. Errors, which
negatively affect the results, are possible in the process
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B HACTOSIIEE BPEMSI MOXKET OBITh IIPHYNCIICHA K HHTEIUICK-
TyaJbHBIM ITaT(hOpMaM SKOJIOTHIECKOro MOHUTOpUHTa [1].

UccnenoBanusa B pamkax nporpamMmmel UNECE ICP
Vegetation 6a3upyroTcs Ha aHAJTN3E MXOB-OHOMOHHUTOPOB.
Y4acTHUKY pa3 B IATh JIET COOUPArOT 00pasibl, GUKCHPYS
pasIuuHy0 HHPOPMAIUIO 0 MecTax cbopa. EctecTBeHHO,
YTO B IpOILecce 3alMCH U Iepenadn MeTanHdopMaunuu
BO3MOXKHBI OIIMOKH, KOTOPBIE OTPHLATEIBHO CKa3bIBAIOT-
Cs Ha MOJYYCHHBIX pE3yJibTaTax. HHH X MHUHHUMU3AIUU
ObpUTO pa3paboTaHO MOOWIBHOE NPWIOKEHHE, KOTOpoe
MO3BOJIICT BHOCHUThH OOJBIIMHCTBO 00s3aTebHBIX Mapa-
METPOB BPY4YHYIO, a 4aCThb JaHHBIX, HAIlpUMEp LIUPOTY,
JIOJITOTY ¥ BBICOTY HaJl yPOBHEM MOPS, — aBTOMAaTHYECKH.
B npuiokeHHH ecThb BO3MOXKHOCTH (oTorpadupoBath
MecTa cOopa U 00paslbl U OTHPABISATh UX B IIATHOPMY
JUISL Pacrio3HaBaHMA. JTO MO3BOIWIO 3HAYUTEIILHO YIPO-
CTUTH TIPOLIECC OINpENCNCHUs THIA MXa, YTO SIBISETCS
Ba)KHOHM 4acThlo cOopa MeTauH(opMaly 1 B HEKOTOPBIX
CIIy4asix BBI3BIBaeT TPYAHOCTH Jaxe y dKcneproB. Ha Oa-
3¢ m1aThopMbl OBIIO aPOOUPOBAHO HECKOJIBKO MOAEINCH
DIyOOKOTO OOYYeHHs JJIsl PeLICHHS 3a/1au PaciiO3HABAHMUS
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Ha OTpaHWYCHHOH BBIOOpKE. B HacTosIIee BpeMs UCTIONb-
3yeTcsi MOJIENIb CHaMCKOM HEWPOHHOM CETH € TPEeXUJICHHOM
¢yHnkimeit noreps. CuamMckasi CeTh COCTOUT M3 HECKOJIb-
KHX CeTei-OMM3HeI0B, COeNMHEHHBIX MEXIy co00il cio-
em nopodwust (puc. 1,a).

Beca OnM3HENOB OIMHAKOBBL, MOITOMY pe3yibTar
SBJISIETCSI MHBAPHAHTHBIM W TapaHTHPYET, YTO MOXOXKHE
N300paKeHNsT HE MOTYT HaXOANTHCS B Pa3HBIX MECTax B
MHOTOMEpPHOM HPOCTpaHCTBE cBOWCTB. IIpu ncmonb3oBa-
HUM TPEXWIEHHOH (pyHKIMM MOTeph Ha BXOA OMU3HELaM
TIO/IAI0TCS JIBa M300pa’keHNsT OJJHOTO KJlacca M OJTHO M30-
OpakeHue Jpyroro kjiacca. B pesynbrare 3T0 1Mo3BoIsieT
Jy4mie moao0paTh Beca, YTOOBI BEKTOPHBIC IMPEICTaB-
JICHUSI CXOKMX HM300pa’KeHUI HaXOIWINCh Onmke Jpyr
K JIPYyTy, @ U300pa)KeHUs! IPyroro kjiacca — Jajblle OT
aux (puc. 1,¢ u d). [Toce 00ydeHus oauH U3 GIM3HEIIOB
UCIIOJNIB3YETCSl B CBSA3KE C MHOTOMEPHBIM IIEPCENTPOHOM,
BBICTYIAIONIMM B KadecTBe Kiaccudukaropa (puc. 1,b).
ITomoGHast apXUTEKTypa CEeTH MO3BOJSIET KIacCHHUIIPO-
BaTh IISITh HanOoJIee pacpoCTPaHEHHBIX Pa3HOBUIHOCTEH
MXa ¢ TOYHOCTBIO nopsika 97,6 % [2].

Puc. 1. ApxuTektypa cHaMcKoii cetH (2); oaun n3 OnusHenoB 1 MLP-knaccuduxkarop (b); npencrasieHne BEKTOPOB H300paKESHHUI B 1BY-
MEPHOM IIPOCTPAHCTBE J10 00yuenwus (¢) u nocie o0yuenust (d)
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Fig. 1. Architecture of the Siamese network (a); one of the twins and MLP classifier (b); 2D image vector representation before (¢) and

after (d) training

of recording and transferring metainformation. To reduce
them, a mobile application was developed. It allows one
to fill in most of the required parameters manually, while
some data, such as latitude, longitude and altitude, are set
automatically. Using the mobile application, one can take
pictures of sampling sites and samples and send them to
the platform for recognition. This made it possible to sig-
nificantly simplify the process of defining the moss type,
which is crucial for collecting metainformation and in
some cases creates difficulties even for experts. On the ba-
sis of the platform, several deep learning models were test-
ed to solve recognition tasks on a limited training dataset.
The current implementation uses the model of a Siamese
neural network with a triplet loss function. The Siamese
network comprises several twin networks joined by the
similarity layer (Fig. 1,a).
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The weights of the twins are the same, so the result
is invariant and ensures that similar images cannot be in
different locations of the multidimensional feature space.
When using the triplet loss function, the input consists of
three images, two of which belong to the same class, and
the third one belongs to another class. After evaluation, the
weights are chosen so that the vector representations of sim-
ilar images are closer to each other, and images of another
class are farther from them (Fig. 1,c and d). After training,
one of the twins is used in conjunction with a multilayer
perceptron as a classifier (Fig. 1,b). Such a network ar-
chitecture enables the classification of five most common
moss species with an accuracy of about 97.6% [2].

In the process of setting metainformation, each sam-
pling site has a unique ID, which is used to import data
on the concentrations of elements and compounds after
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B mponecce BHeceHHs MeTanH(pOpPMAILIUN TOYKAM OT-
6opa npod MPHCBAaNBAIOTCS YHUKAJIbHbBIC UICHTU(HUKATO-
PBl, KOTOPbIE UCIOJB3YIOTCS MOCIIE NPOBEICHUS aHAIN3a
00pa3IoB Ul NMIIOPTA JAHHBIX MO KOHIEHTPALUAM 3ie-
MEHTOB M coennHeHuil. B pamkax ruratrdopmsl mpoBoasT-
Cs TIOUCK CTaTUCTUYECKUX aHOMAJIMH, MPOBEpKa MOITHOTEHI
1 KOPPEKTHOCTH AaHHbIX. [loHas aBTOMaTH3aIMs JaHHO-
ro Mpoluecca HEBO3MOXKHA, IMOCKOJIBKY AHOMAaHH MOTYT
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HMeTb €CTECTBEHHBIH XapakTep U s IPHHATHS PEICHUs
00 MX BKJIIOYEHHH WJIM UCKIIOUCHUH TpeOyeTcs coriaco-
BaHHOE MHEHHME YYacTHUKa W KoopaumHaropa. OmHOW u3
OCHOBHBIX 3a/1a4 TIPY peaji3alyy aTGopMbl OBIIO CBe-
JIeHNEe K MUHUMYMY HEOOXOTMMOCTH MCIIOIb30BaHUs CTO-
POHHUX CUCTEM. B HaCTOALICEC BPEM YHACTHUKHU IIPOCKTa
MOTYT IPOU3BOJUTH MaHUITYJSILMU C JaHHBIMH, CTPOUTD
JIOKaJIbHBIE M PErMOHANbHBIC KapThl 3arpsi3sHEHUH, 3amy-

Puc. 2. Ilpumepsl cHUMKOB IIporpamm B miatdopme Google Earth Engine

Fig. 2. Examples of Google Earth Engine program images
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Fig. 3. Examples of predicting the concentration of Cu in Belgrade: a) monitoring data; b) prediction values. Area A represents the

central part of the city with high traffic; area B — a railway terminal

analyzing the samples. The platform allows searching for
statistical anomalies and checking the completeness and
correctness of data. Full automation of the given process
is impossible since anomalies can be of a natural kind and
the agreed opinion of the participant and the coordinator
is required for making a decision on their inclusion or ex-
clusion. One of the uppermost tasks in the implementation
of the platform was to minimize the need to use third-par-
ty systems. At present, project participants can manip-
ulate data, create local and regional pollution maps, run
prediction tasks and get analytical reports directly on the
platform. In addition to simple statistics and geo-indexes,
tools of a higher level, such as cluster analysis or principal
component analysis, are available. Users can build histor-
ical trends and make comparisons with the data of other
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participants with the appropriate permission on their part.
For example, to better understand the global situation, the
median values of heavy metal pollution with bordering
countries and regions can be shown in one diagram.

Coordinators have access to all tools of ordinary par-
ticipants; in addition, they can perform group operations
with data, receive summary reports and create global pol-
lution maps.

Forecasting is an essential stage in environmental
monitoring to fill data gaps. A forecasting mechanism
based on machine learning and remote sensing data is im-
plemented within the platform.

Images of various satellite programs are utilized to ob-
tain so-called indexes, which act as additional data when
training the model and as basic data when conducting the
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CKaTh 3a/laud MPOTHO3UPOBAHUS U NOJYy4YaTb PAa3IMYHBIE
AHATMTHYCCKUE OTUYCTHI HEITOCPEICTBCHHO B ILTAT(POPME.
KpOMe l'[pOCTI)IX CTAaTUCTUYCCKHUX BBIKJIAAOK U T'COUHICK-
COB JOCTYIHBI MHCTPYMEHTHI 0OJee BBICOKOTO YPOBHS,
HalpuMep KJIACTEpPHbIA aHaU3 WK METOJl [NIABHBIX KOM-
MIOHEHT. Y MOJIb30BaTeIeH €CTh BOZMOXKHOCTh AaHAJIM3UPO-
BaTh BPEMEHHBIE TPEH/bI U IPOBOJUTH CPAaBHEHHUE C JJaH-
HBIMH JIPYTUX YYaCTHHMKOB MPHU HAJIMYUH COOTBETCTBYIO-
LIMX pa3pelIeHUid ¢ UX CTOPOHBL. Tak, 1JIs JIydIlero oHu-
MaHUS TII00aTHHON CHUTyallni MOXKHO ITOKa3aTh HA OTHON
JuarpaMMe MeJMaHHbIE 3HAYE€HUs 3arpsi3HEHUS TSKEIbl-
MU ME€TaJlJIaMU C rpaHanmnMn CTpaHaMl/I u peFl/IOHaMI/I.

KoopanHatopam ITOCTYIHBI BCE HHCTPYMEHTHI PsI0-
BBIX YYaCTHUKOB, KPOME TOTO, OHU MOTYT OCYILUECTBIATh
prHHOBbIe onepauun C JJaHHBIMU, nonyanL CBOJHBIC OT-
YeTHl U CTPOUTH TII00ATBHBIE KapThl 3arPSI3HEHHUI.

[IpornosupoBanue — Ba)KHBIM ATan KOJIOTHYECKOTO
MOHI/ITopl/IHFa, HO3BOH}I}01HHﬁ 3aIl0JIHATH npo6em)1 B JaH-
HBIX. B pamkax mmardopmbl peaan30BaH MEXaHU3M IIPO-
THO3UPOBAHUS, OCHOBAHHbIN Ha MPUMEHEHUH MAIIMHHOTO
06yqu1/151 COBMECTHO C JAaHHBIMHU AUCTAHIIMOHHOI'O 30H-
JIUPOBaHUS 3€MJIH.

CHHMMKH pa3HbIX CIYTHUKOBBIX IPOTPaMM UCHOJb3Y-
OTCA IJId nonyqumI TaK Ha3bIBaCMbIX HHJICKCOB, KOTO-
pBIe SIBISIOTCS JOTIOTHUTENBHBIMA JTaHHBIMHU IIPH 00yde-
HUU MOJIESTU U OCHOBHBIMH — P MOCTPOEHUU MIPOTHO34.

forecast. The Google Earth Engine platform, containing
data from dozens of different programs and products, is
used to calculate the indexes (Fig. 2).

Platform microservices are used to collect indexes,
build global and local models, select optimal parameters
and predict contamination. In the current implementation,
statistical machine learning models or deep neural net-
works are used depending on the amount of training da-
ta. We are focused on regression and classification tasks,
however, classification is prioritized since it becomes pos-
sible to apply balancing techniques for training datasets,
and a gradation of pollution levels is initially used when
building maps. For local and regional maps of some ele-
ments, the model accuracy reaches 90-95% [3] (Fig. 3).

To develop the platform, it is planned to enhance the
existing functionality, as well as to provide new opportuni-
ties. For example, the task of collecting and importing data
on the morbidity of the population to the platform arous-
es great interest, which would enable the comparison of
contamination levels and the number of certain diseases in
different areas within the platform.
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Jlnst BBIUMCIEHUS] MHIEKCOB HCIONb3yeTcsl Iuardopma
Google Earth Engine, conepskamiast JaHHbIE JIECSITKOB pa3-
JIUYHBIX [IPOTPAMM U MIPOAYKTOB (pHC. 2).

OTnenbHBIE MUKPOCEPBUCH TIAT()OPMBI HCTIONB3Y-
10TCS ISt ¢cOOpa MHIEKCOB, IIOCTPOCHHS IIOOATBHBIX H
JIOKQJIBHBIX Mojesel, 1oadopa ONTHMAJIbHBIX Mapame-
TPOB U IPOrHO3UpPOBaHUs. B TekyIiel peaausanuu B 3aBuU-
CHUMOCTH OT KOJIMYECTBA MCXOAHBIX JJAHHBIX MCIOJIB3YIOT-
Ca CTaTUCTUYCCKUC MOJCIIN MalIMHHOI'O o6yquI/1;1 ﬂI/I6O
TIyOOKre HeHpOoHHBIE ceTH. PemraoTcs 3a1aqu perpeccun
W KJIacCH(MKAIMH, HO TOCIeNHNE OoJiee MPHOPUTETHBI,
TaK KaK IOABJISACTCA BO3MOXXHOCTH HMCIIOJIB30BaHUs MCTO-
JI0B OamaHCHPOBKM 00ydJaromnie BEIOOPKH, U M3HAYAIHLHO
MIPU TIOCTPOEHHUH KapT HMCIOIb3yeTCs TPajalys ypOBHEH
3arpA3HCHUs. HpI/I MOCTPOCHUM JIOKAJIIbHBIX U PETrUOHAJIb-
HBIX KapT HEKOTOPBIX 3JIEMEHTOB TOYHOCTh MOJENEH 10-
cruraet 90-95% [3] (puc. 3).

B rutanax pasButus miatgopmbl peaycMaTpUBaeTCs
HE TONIBKO YITy4IIEHHE CYIIECTBYIOIIETO (pyHKIMOHAIA,
HO U TIPEJOCTaBICHUE HOBBIX BO3MOkHOCTeH. Hampumep,
OoJIbIIION MHTEpEC BBI3BIBAET 33j1a4a cOopa U IpeiocTaB-
JIeHUs] JaHHBIX IO 3a00J€BaeMOCTH HACEJEHUs, YTO MO-
3BOJIIJIO OBI B paMKax I1aT()OpMbI ITPOBOIUTE CPAaBHEHHUE
YPOBHEI1 3arpsi3HEHHS M KOJIMYECTBA ONPEAEICHHbBIX 3200-
JIeBaHWH B Pa3INYHBIX PETHOHAX.

Cnucoxk aureparypsl / References

1. Vowcunckuii A. VHTemnextyansHas miatdopMa 3KOJO-
rrdeckoro Monutopunra // Otkpeitele cucremel. CYB/I. 2021.
Ne 2. C.21-23.

Uzhinskiy A. Intelligent Environmental Monitoring Plat-
form // Open Systems. DBMS. 2021. No. 2. P.21-23 (in Rus-
sian).

2. Uzhinskiy A., Ososkov G., Goncharov P., Nechaevs-
kiy A., Smetanin A. One-Shot Learning with Triplet Loss for
Vegetation Classification Tasks // Comp. Opt. 2021. V.45, No. 4.
P.608-614; doi: 10.18287/2412-6179-CO-856.

3. Uzhinskiy A., Anici¢ UroSevi¢ M., Frontasyeva M. Pre-
diction of Air Pollution by Potentially Toxic Elements over Ur-
ban Area by Combining Satellite Imagery, Moss Biomonitoring
Data and Machine Learning // Ciéncia e Técnica Vitivinicola J.
2020. V.35, No. 12.






