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AHHOTALUMA

BBepeHue. PaccmatpuBaeTtcs paspaboTka NOAXOA0B K MOCTPOEHMIO CUCTEMbI aBTOMaTU3NPOBAHHOW OLIEHKN TEXHUYECKO-
ro COCTOSIHWS CTPOUTENbHbBIX KOHCTPYKLMIA C NCNOMNb30BaHNEM MEXaHU3MOB OOHapyxeHVs AedeKkToB v NpeaBapuTesibHON
OLIeHKN (hM3NYECKOro M3HOCA 34aHUA Ha OCHOBE METOAOB McKyccTBeHHOro uHTennekta (M), CoBpemeHHble cTpouTenb-
Hble 0ObEeKTbl XapakTepU3yTCst BbICOKON CIIOXHOCTbIO U MaclTabom, 4to Tpebyetr ocoboro BHMMaHMA K Ka4ecTBy U Ha-
OEXHOCTW KOHCTPYKUMIA. TpaanLMOHHbIE MeTOAbI NMPOBEAEHUS TEXHNYECKOro 06CNyXUBaHUS He Bcerga nokasbliBaloT CBOK
3(PPeKTUBHOCTb B CBSI3W C BNMUSIHMEM YenoBeyeckoro haktopa. B HacToswee BpemMsi OCHOBHbIM criocobom obHapyKeHus
nedekToB 0cTaeTCcs BMU3yanbHbIi OCMOTP, KOTOPbIA XOTS M NMO3BOMSET OLEHUTb COCTOSIHWE OOBLEKTOB, 3aBUCUT OT YPOBHS
KBanmukaumm 1 BHUMaTENbHOCTU OLEHLLMKA. OTO CO3AaeT PUCKU OLUMGKM, YTO MOXET yrpoxaTtb 6esonacHocTu 3naHui
W NPUBOAUTL K HEMPaBUIbHBIM PELLEHNSM B 06MacTy pemMoHTa U TexHuyeckoro obcnyxusanus. Llenb nccneposaHns —
aHanu3 HeobxoanMow (OYHKLUMOHANbHOCTU U MOAENVMpPOBaHWe aBTOMAaTU3MPOBAHHON CUCTEMbI, CMOCOBOHON OnepaTuBHO
1 TOYHO BbISIBMATb NOTEHUManbHble AedekTbl B KOHCTPYKUMSAX 30aHWI U OLeHUBaTb BEPOSITHBINA (PU3NYECKUIA N3HOC.
Matepuanbl u metoabl. KOMNNEKCHbIN NOAX0A BKIOYAET [ABa OCHOBHbIX KOMMOHEHTA: CUCTEMY aHanm3a HaKOMneHHbIX
AaHHbIX 0 (PM3NYECKOM M3HOCE XWNoro poHaa U MexaHu3m obHapyxeHus fedeKToB Ha OCHOBE aHanunsa u3obpaxeHui
¢ nomotbio V. OcHOBHbIE NCXOAHbBIE AaHHbIE NS aHann3a — pe3ynbraTthl PoTodurKcaLmMn COCTOSIHUS 30aHUN, a TakkKe
06beM HakoMMeHHbIX 3a MPOAOIMKUTENBHBIN Nepunog HabnaeHnn CBeAeHUA 0 PU3NYECKOM U3HOCE Xuoro doHaa.
Pe3ynbraThbl. [ogpo6Ho onncaHbl 6UBNMOTEKN N MHCTPYMEHTbI, KOTOpble HEOBXOoAMMBI AN peanusaummn paboTbl CUCTEMBI,
BKIIOYasA NonynspHble operiMBOPKM A5 MaLLMHHOTO 00yYeHust 1 06paboTkn N30BPaKEHWA.

BuiBogbl. CoBpeMeHHble NoAXoabl, OCHOBaHHbIE Ha NpuMeHeHun N n meTofoB MalMHHOTO 0By4eHns, OTKPbIBAOT HOBbIE
ropu3oHTbl B cdhepe obHapyxeHns edeKToB U NPOrHO3MPOBaHNS TEXHUYECKOrO COCTOSAHUSA 3aaHuin. OHM NO3BOMSOT 3Ha-
YNTENBHO YBEMUYUTL CKOPOCTb M TOYHOCTb aHanmaa.

KIMKOYEBBIE CITOBA: o6HapyxeHune gedeKkToB, oLueHka hr3nyeckoro naHoca, TexHudeckoe obcnyxmeaHune, otodukca-
LMs, 3KCnnyaTaums 3aaHuin, NCKYCCTBEHHBIV MHTENNEeKT

OnA UUTUPOBAHUA: KHszesa H.B., HasolkuH E.A., Opexog A.A. CoBpeMeHHble NOAXOAbl K OLLEeHKE TEXHUYECKOro COCTO-
SHWSA CTPOUTENbHBIX KOHCTPYKLMI 3AaHni Ha aTane akcnnyartauun. 2024. T. 14. Bein. 3. C. 131-142. URL: http://nso-journal.
ru. DOI: 10.22227/2305-5502.2024.3.131-142

Aesmop, omeemcmeeHHbIl 3a nepenucky: Hatanbs BuktopoBHa KHasesa, nknyazeva@mgsu.ru.

Modern approaches to assessing the technical condition
of building structures at the operational stage

Natal’ya V. Knyazeva', Evgenij A. Nazojkin?, Aleksej A. Orekhov’
! Moscow State University of Civil Engineering (National Research University) (MGSU),
Moscow, Russian Federation;
2 Russian Biotechnological University (BIOTECH University);, Moscow, Russian Federation

ABSTRACT

Introduction. The paper is devoted to the development of approaches to the construction of an automated assessment system
for the technical condition of building structures using defect detection mechanisms and preliminary assessment of the physi-
cal deterioration of buildings based on artificial intelligence methods. Modern construction objects are characterized by high
complexity and scale, which requires special attention to the quality and reliability of structures. Traditional methods of techni-
cal maintenance do not always show their effectiveness due to the influence of human factors. Currently, the primary method
of defects detention remains visual inspection, which, although it allows to assess the condition of objects, depends on the level
of qualification and attentiveness of the evaluator. This creates risks of error, which can threaten the safety of buildings and
lead to incorrect decisions regarding repairs and maintenance. The aim of the research is to analyze the required functionality
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and modelling of an automated system capable of quickly and accurately identifying potential defects in building structures and
assessing likely physical deterioration.

Materials and methods. The comprehensive approach includes two main components: a system for analyzing accumu-
lated data on the physical deterioration of residential properties and a defect detection mechanism based on image analysis
using artificial intelligence. The main input data for analysis are the results of photographic documentation of the building
condition, as well as the volume of accumulated observations and data on the physical deterioration of the housing stock
over a long period of observation.

Results. The libraries and tools necessary for the implementation of this system are described in detail, including popular
frameworks for machine learning and image processing.

Conclusions. Modern approaches based on the application of artificial intelligence and machine learning methods open
new horizons in the detection of defects and forecasting the technical condition of buildings. They significantly increase
the speed and accuracy of analysis.

KEYWORDS: defect detection, physical deterioration assessment, maintenance, photofixation, building operation, artificial
intelligence
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BBEJIEHUE

BBenenHble B AKCITyaTallMi0 aKTUBBI CTapeIOT
U TIPOIJICHUE CPOKa CITY’KOBI 3MaHuil cTano puHaHCO-
BO MPUBJICKATC/IbHBIM PCIICHUEM 6naro,uap;1 OKOHOMHH
CPEICTB Ha MPOCKTAaX PEKOHCTPYKIUHU. Ha ceromusmi-
HUH JeHb 00HApYXEeHUE Ne(PEKTOB KOHCTPYKIIHIA MPO-
HCXOAUT B OCHOBHOM 3a CUET BU3YaJIbHOI'O OCMOTDA,
KOTOPBIH TaeT BOSMOKHOCTH OIICHUTH Ka4eCTBO M CO-
CTOSIHUE DJIEMECHTOB KOHCprKLIHﬁ, BBISIBUTDH 3JICMCHTHI,
MOJIeXKAIIIE PEMOHTY, U aBapHuitHble ydacTku. OqHa-
KO 3TOT MPOLECC JOCTATOYHO TPYIOEMKHUIl U IEINKOM
3aBUCUT OT YEJIOBEYECKOr0 (PaKTOpa — OIBITHOCTH
1 BHUMATEIBFHOCTH CIIEIHAINCTA 1O IKCIIIyaTalllu.
HecmoTpst Ha BBICOKUI ypOBEHBb MOATOTOBKU U MPO-
(heccrmoHaTbHOW KBaNIH(DHUKAINH, BCETIa CYIIECTBYET
PHCK YEeJIOBEYECKOI OMIMOKY TIPU MHTEPIIPETAIMH CO-
OpaHHOW WHpOpPMAIIUU. DTO MOKET NMPUBECTH K HE-
BEpPHOU OILIEHKE COCTOSIHUSI HECYUIMX KOHCTPYKIIMH,
YTO B CBOIO OU€pE/lb MOXKET CTaTh MPUUYUHON HEYyMECT-
HOTO WJIM JTake HeOEe30TacHOTo MoAXoJa K PEMOHTY
U TeXHHYeCcKoMy oOciyxuBaHuio. [IpuMenenue co-
BPEMCHHBIX METOJIOB MAITMHHOTO OOYYCHHUSI OTKPHIBA-
eT OOoJbIINe BO3MOKHOCTH B YMCHBIICHUN PYTHHHON
PabOTHI CIEIUATICTOB U CHIKEHUU PUCKOB OIIHMOOK
3a CYET YeIOBEYECKOTO (hakTopa.

Cucrema oOHapyKeHUs 1e(EKTOB B CTPOUTEIBHBIX
KOHCTPYKIMSX 3MaHUN JOJKHA MO3BOJSATH HE TOJIBKO
UACHTH(OUIMPOBATH MPOOJIEMBI, HO U JIaBaTh BO3MOXK-
HOCTH OIICHUTH BEITUYMHY (HU3HUCCKOTO M3HOCA, OIH-
pasich, ¢ OHOW CTOPOHBI, HA CTATUCTUYECKHUE TaHHBIC,
C Ipyroil — Ha apXUBHBIC CBEACHHS [0 KOHKPETHOMY
AIIEMEHTY, YTOOBI CIYKOBI MO SKCILTyaTaIlli MOTIIH
06OCHOBaHHO IMPUHATH PCUICHUSA O ﬂaﬂbHeﬁIﬂeM TEX-
HUYECKOM OOCITY)KMBaHHUH dJICMEHTOB 3MaHus. [y Toro
9TOOBI HE MPOCTO OOHAPYKUBATH MPOOJIEMY, a TTOHH-
MaTh, HACKOJIBKO ATOT AC(EKT SBISICTCS KPUTHUCCKUM
JUTSL 37JaHAS, HEOOXOIMMO YUIHTHIBATH OOIINI YPOBCHD
¢uznyeckoro usHoca. C 3TOH IENBIO CHEIHATUCTAM
0 AKCIUTyaTalliu yIoOHO HCIOIB30BaTh MPOTHO3HBIC
JIaHHBIE O COCTOSIHUU 37JaHUM.
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MATEPUAJIBI U METO/bI

0030p HayYHBIX CTATeH MO3BOIISET CACTATh BHIBOA
0 TOM, YTO IMPUMEHEHHE MCKYCCTBEHHOIO MHTEJUIEKTa
(M) akTUBHO 00CYKIaeTCs U pean3yeTcs B MPAKTHKE
SKCIUTyaTanuu 30anui [1, 2]. B ocHOBHOM moaxon K 00-
paboTKe OOJBIINX JAHHBIX HA ATOM 3Tare )KU3HEHHOTO
IIUKJIa CTPOUTCST BOKPYT 3a7a4 CHIDKCHHS TEIUIONOTEPh
U TIOBBIIICHUS SHEPTrod(h(PEKTUBHOCTU CTPOUTEIBHBIX
00bekTOB [3, 4]. C npyroif cTOPOHBI BEAETCS MHOTO HC-
CJICIOBAaHMH MO MPOIIECCY UACHTU(DHUKAIIMN TOBPEXKIe-
HUIA Ha OCHOBE TIOKa3aHHUI JaTINKOB [5, 6]. TouHOCTH 00-
Hapy’>KEHUS HECOOTBETCTBUI B KOHCTPYKIMAX Omaromapst
HETIPEPHIBHOMY MHCTPYMEHTAILHOMY MOHHTOPHHTY 3HA-
YHUTENTFHO BBIIIE, HO TPEOYIOTCS BRIYMCIUTEIHHBIC MOIII-
HOCTH U CyIIIECTBEHHbIE (PMHAHCOBBIE 3aTpaThl Ha 0OecrIe-
YEHHE COOTBETCTBYIOIIUMH TIPHOOPAMH, YTO HE BCETa
nenecoobpaszno. Takxke BeTpeuaroTcs paboThl, B KOTO-
PBIX aKIEHT c/IeNaH Ha OOHApy)KEHNE TPEIINH C UCTIOINb-
30BaHHEM KOMITHIOTEPHOTO 3PEHHS, @ BBICOKAst TOYHOCTD
WJICHTU(QHKAIIMY JIOCTUTAeTCs 3a CUET MPeoOpa3oBaHms
RGB-u300pakeHnil B OTTEHKH CEpOTO U IMOCIEIYTO-
et oopadotku ¢ ucnonszoBannemM CLAHE (Contrast
Limited Adaptive Histogram Equalization) — anro-
pHUTMa, KOTOPBIN MO3BONISAET YBEIUIUTH KOHTPACTHOCTD
U JIeTanu3anuio n3oopaxenus [7]. O030p ambTepHATHB-
HBIX TOIXOOB JUTSA PEIICHHS POOIeMBI PACTIO3HABAHHUS
M300paKEHUN TPEIIUH, MPEICTABICHHBINA B HECKOJIIBKUX
HAyYHBIX CTaThsX, CBUICTEIECTBYET O TOM, UYTO UMEETCS
6omnee 60 BapuaHTOB ITyOOKOTO OOYYEHHMsI, HO BCE OHH
TpeOyroT OONIBIIMX 0OBEMOB JTAHHBIX, B TOM YHUCJIC aHHO-
THPOBAHHBIX [8, 9].

Hcnonb3oBaHue CBEpTOUHBIX HEHPOHHBIX CETEH
(CHC) mns xnaccupukay n300pakeHuil — pacmpo-
ctpaneHHas npaktuka [10—13]. Ha stane npoBenenus
CTPOUTEIHHO-TEXHUICCKOHN IKCIICPTU3BI BO3HUKACT 3a-
Jada ne(eKTOCKONINY U pelIaeTcs A BHEITHUX KOH-
CTPYKIHH, HalpUMep KPOBEIb, IPUMEHEHUEM TITy00-
kux noiaHocteio CHC mns pacmo3naBanus nedeKToB
B BUAco(parMeHTax, cIeJaHHbIX KaMepamH MallbIX
OCCIMIOTHEIX JIeTaTeNbHBIX ammapartoB [14]. Kpome
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TOTO, HEOCTATOYHO TIIYOOKO M3y4YeH BOMPOC O MPH-
MEHEHHUH TEeXHOJIIOTHH MHPOPMAITHOHHOTO MOJIEITHPO-
BaHWA Ha dTare dKcruryaranuu 3gaHuit [15-20]. Ox-
HAKO 00OOIICHHBIX UCCIICIOBAHUN, OPUCHTHPOBAHHBIX
Ha MOCTPOCHHE CUCTEMBI, CIIOCOOHOI paboTaTh C pas-
HBIMH TUTIAaMU J1e(DEKTOB M OIIEHUBATh O0IIee TEXHUYE-
CKO€ COCTOSTHHE 3[JaHHsI, HAUTH HE YIAI0Ch.

B HacTosmeit paboTe MpUHATO penieHne chopMu-
pOBaTh KOMIUIEKCHBIN MMOJIX0/, OCHOBAaHHBINA Ha Cleay-
FOIIUX KOMIIOHEHTAaX:

* CHCTEMa aHajM3a HAKOIUICHHBIX JaHHBIX O (u-
3MYECKOM M3HOCE CYIIECTBYIOIIETO JKUIOTO (DOHIIA;

* cucteMa oOHapyXeHUs Ne(HEeKTOB CTPOUTEIIb-
HBIX KOHCTPYKIIMI Ha OCHOBE aHaJK3a JaHHBIX (OTO-
¢uxcaryu ¢ momorupto MHN.

PE3YJIbTATBI

CoBpeMeHHbIE TEXHOIOTH, HAITPUMEP CHCTEMBI MO-
HUTOPHUHTA CTPOUTENBHBIX KOHCTPYKIIHH, BKJIIOYAIOT
pa3In4HbIe U3MEPUTENbHBIE IOACUCTEMBI U 3HAYUTEIb-

<class

HO YIIPOLIAIOT IPOLECC HAKOIUIEHUs cBeIeHUN. B mpo-
Iecce KCIUTyaTallii aKTHBOB BO3HHUKAET OOJBIIOE KO-
JIMYECTBO JaHHBIX, U JUIA UX d9PPEKTUBHOM 00pabOTKM
TpeOyeTcst IPUMEHEHUE PA3INYHBIX MOIXOI0B U TEXHO-
soruii [21]. Yarie Bcero mojo0HbIe CUCTEMBI UCIIOJb-
3YIOT Ul aHaJu3a COCTOSHUS TEXHUYECKU CIOKHBIX
U OTIaCHBIX OOBEKTOB BBHY JOPOTOCTOSIIEH peann3a-
un. [TosToMy OCHOBHOE BHUMaHHE IPHUBIIEKAET COOP
CTaTHCTHYECKOTO MaTepHana.

WHdopmarust o mapamMeTpax CyIecTBYIOIIETO JKH-
7010 POH/A COEPIKUTCS B HECKOJIBKUX UCTOYHHUKAX OT-
KPBITBIX JJAaHHBIX:

1) wmapOpMamus 06 aBapuiHBIX 00beKkTax KKX
10 OTKPBITHIM JITaHHBIM ¢ caiita Peopma JKKX;

2) nanuble @oHIA Pa3BUTHA TEPPUTOPHIA TIO aBa-
PpHUIHBIM JOMaM, MHOTOKBAPTUPHBIM JIOMaM B PEruo-
HaJILHOI MpOrpaMme KaruTajlbHOrO PEMOHTa Mo 00Jia-
CTAM;

3) moprai OTKPHITHIX JaHHBIX [IpaBuTenbcTBa
MocKBBI.

'pandas.core.frame.DataFrame’'>

Int64Index: 38389 entries, 0 to 85249

Data columns (total 24 columns):
#  Column

formalname_region
stage

built_year
exploitation_start_year
house_type
floor_count_max
floor_count_min
entrance_count
residents_count
area_total

10 area_residential

11 area_non_residential
12 area_common_property
13 area_land

14 deterioration_total
15 determined_date

16 floor_type

17 wall_material

18 alarm_reason

19 exp_name

20 exp_document_date

21 commission_document_date
22 further_use

WO NOUVDWNER®

23 building_age at determined_date

Non-Null Count Dtype
38389 non-null object
38388 non-null object
38389 non-null datetime64[ns]
34599 non-null object
38389 non-null object
38389 non-null int64
38389 non-null int64
38389 non-null int64
38389 non-null 1int64
38389 non-null object
38363 non-null object
36329 non-null object
33139 non-null object
23540 non-null object
38389 non-null float64
38389 non-null datetime64[ns]
24732 non-null object
24739 non-null object
38389 non-null object
31743 non-null object
31737 non-null object
33279 non-null object
38389 non-null object
38389 non-null int64

dtypes: datetime64[ns](2), float64(1l), int64(5), object(16)

memory usage: 7.3+ MB

None

Puc. 1. Beisog napopmanmu o DataFrame
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Taxke MOXKHO MacIITa0UPOBATh HMCCIEIOBAHUE
1 TIOJIKJTIOUHTB JTI000H JIPyroi HCTOYHHMK apXHBHBIX CBE-
TICHUHN.

Wcxonnas na(opManus BeITPYyKEHA U3 TPEX HC-
TOYHHMKOB OTKPBITBIX IaHHBIX. [lajee Ha OCHOBE MOJIEH
CRISP-DM — cranjapTa HHTEIEKTYyaIbHOTO aHaIU3a
HE3aBHCHMOTO OT OTPACIIH, OHU OBUIH MPeroOpadoTaHbI:
KareropuajbHble TIEPEMEHHBIE TPEe0OPa30BaHbl B UUCIIO-
BBI€ TIEPEMEHHBIE, 3aII0JTHEHBI IPOITYIIICHHbBIC 3HAYCHUS
B [lepeMEHHBIX, poBezieH Feature Engineering, T.e. Obun

dotorpadun pesynsratoB
00CIeI0BaHUs CTPOUTEIb-
HBIX KOHCTPYKIHI

W3BJICUCHBI HOBBIE TIEPEMEHHBIC [UIsl TAOIHIBI U3 HE0O-
paboTaHHbIX MaHHBIX [22]. Cpeay IpruMepoB UCHOJB30-
BaHUS 3TOI METONOJIOTUH B 00JIACTH CTPOUTEIBCTBA, H,
B YaCTHOCTH, SKCIUTyaTallU1 3[JaHUM, €CTh UCCIIEIOBAaHUS
IO MIPOTHO3MPOBAHHUIO SHEPTOTIOTPEOICHNS 31aHUH C HC-
TMOJIB30BaHUEM (DAaKTOPOB BHYTpPH NOMeIeHu# [23].

AHanm3 coOpaHHBIX CBEIECHUI 3aKIII0YalCs B pe-
HIEHUHU CIEIYIOIINX 3a/1au:

* TIOMCK KOPPEISIINU B JaHHBIX;

* M3y4YEeHHE CTATHCTHYECKHUX NMapaMeTPOB JaHHBIX.

COop naracera pe3yiib-
TaroB orodukcanuu
Pa3HBIX KaTeropuii
e eKToB

v

v

Buewnmii cepBuc pasmeTku

L

Puc. 2. briok-cxema mociea0BaTeIbHOCTH MOCTPOCHUS CHCTEMBL
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Pa3merka dororpaduii

Brirpyska pazmerku
B BH/IE jSON-JTOKyMEHTa

v

IToxroroska
TPEHUPOBOYHOMN
BEIOOPKH

v

IToaroroska
TECTOBOU BHIOOPKU

v

O0yueHne
mozaenn YOLOvE

v

OreHKa KauecTBa

Her

KauecTtBo
COOTBETCTBYET
nesim?

Hcnonas30BaHue Moaenu
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LleneBble METPUKH: TOUHOCTD NpeacKa3anus (u-
3ndeckoro n3Hoca score, MAE. Cpenn HE0OXOMMBIX
Jutst paboTel 6ubinoTex BeIOpansl NumPy u Pandas.
Taxoke a1 BU3yalmu3anuu MHOOPMAIUK MPeIoYTe-
HHUE OT/aHO IIMPOKO MCIHOJIB3YIOINMCS ONOIHoTeKaM
Matplotlib u Seaborn, mo3BosstomuM npeodpa3uTh
YHCJIOBBIE JIaHHBIE B YO00HbBIE TpaUKH, TUarpaMMBl,
THCTOTPaMMBI M APYTHE BU3yaIbHBIC TPEACTABICHHUS.

B miepByro ouepens nHbOpMAITITIO HEOOXOIMMO OBIIO
MOJTPY3UTh U3 COOTBETCTBYIOLIMX AaraceTos. /it aToro
CHayasa onpeIessuIach KOIMpoBKa (aiia, a 3aTeM pon3-
BOJIMJIOCH YTeHHE (haiia ¢ COOTBETCTBYIOIIEH KOTHPOB-
koit. Hammprmep, komupoBka (haiiina peectpa MHOTOKBAp-
THPHBIX KIWIBIX 70oMOoB 110 Poccr UTF-8-SIG.

N3-3a 0COOEHHOCTH CTPYKTYPBI B TaOIHUIIE MHOTO
HYJICBBIX U JIMITHUX 3Ha‘-leHldI>i, 4YTO O3Ha4ajio HeO6XO-
JMMOCTB TpaHcopmanuu. Taxke noTpedoBaIoch npe-
obpazosanue GopmaToB aHHBIX. J{0OaBIIN HECKOIBKO
HOBBIX ITaPaMETPOB, HATIPIMEP BO3PACT 34aHHs HA MO-
MEHT TEXHHUYECKOTO 0CMOTpA.

3aTeM NpOBEPHIIM COCTAB JIAHHBIX ITOCIIE UX OUHUCT-
K{ ¥ TIOATOTOBKH (puc. 1).

J171s1 TpOBEZICHHOTO MCCIIEAOBAHUS JOBOIBHO BAXK-
HBII TapaMeTp — TUII CTEHOBOTO MaTepHuaa, IOCKOIb-
Ky B 3aBUCHUMOCTH OT HECTO MOXHO I/I}ICHTI/I(I)PIHI/II)OB&TL
pasuble TUIBI JedexToB. [ToaTomy mist nanpHelmero
aHaJIM3a pa3Hble KIIACChl CTEHOBBIX MaTepHAJIOB HEOO-
XOJMMO 3aKOIMPOBATh YNCIOBBIMU 3HAUCHUSIMH.

[Ipu 06yueHnn Moaeny MPoOOBAIN HCIIOIB30BATh
HECKOJIBKO NMOAXOA0B. IIpuMeHsy JIMHENHHY0 U 110-
JIMHOMHUAJIBHYIO PErPEeCcCHH, a TaKKe 00y4nIIn MOJIENb
JIepEeBbEB PEIICHNH, KOTOpast MOKa3aJla HAMITYYIIHI pe-
3ymbTaT 1Mo ko3 durmenty nerepmuHanmy 1 MASE.

B ycroBusix undpooii TpaHcdopmaiuu u Herpe-
PBIBHOTO TEXHOJIOTHYECKOTO POrpecca BO3HUKAIOT I10-
TpeOHOCTH B aBTOMAaTH3alMH U IOBBIIIEHHOM KOHTPOJIE
3a 3KcIutyaTauuen 3nanuil. [lpumenenue cucrem ma-
IIMHHOTO 3PEHUA NpeacTaBisieT co0oit rddhexkTuBHOE
CPEICTBO Ul YCOBEPIIEHCTBOBAHMS MPOIECCOB KOH-
TPOJISl U IPOTHOZUPYIOUIUX HAPYIICHUH 31aHui. DTH
CHUCTEMBI CITOCOOHBI aBTOMAaTH3MPOBaTh 00pabOTKy
W aHAIN3 U300paXKEHUH, BBISIBIATH IE(EKTHI 1 OTKIIO-
HEHHS B CTPOUTENBHBIX KOHCTPYKIMAX, YTO B KOHEU-
HOM HUTOI'C MPUBOAUT K IMOBBIIICHUIO KQY€CTBA OKCILTY-
aTalyy 1 J0JITOBEYHOCTH 3JJaHUH.

Cpenu Hanboee MOAXOAAIINX OHOINOTEK B ITOH
obmacTu B pabote ucmonszoBanuch: OpenCV, PyTorch,
Keras, Scikit-image u TensorFlow.

3amaya COCTOsUIA B IOCTPOCHHUH KilacCH(DUKATOPA,
KOTOPBIA OOHAPY)KHUT OJWH MJIM HECKOJIBKO M3 CIIEAYIO-
X 1e(heKTOB:

1) OwmoreHHOE MOpa’keHUE ITOBEPXHOCTHU (TpH-
00K, TUIeCeHb, MOX) — 00pa30BaHHE MUKPOOPTaHU3MOB
Ha MMOBEPXHOCTHU CTEH U3-3a BBICOKON BIKHOCTH M He-
JIOCTaTOYHON BEHTHJISILINM;

2) BOJIOCSHBIC TPEIIUHBI — TOHKHE, MEIIKUE Tpe-
IIMHBI HA TIOBEPXHOCTH CTEHBI;

3) mry6GoKHe TPeIHHBI — TPEIINHBI, TPOHUKAIO-
1[1€ BHYTPb CTPYKTYPBI CTEHBI;

4) HapylIeHHe 3alIUTHOTO CJIOos OeTOHA U OroJie-
HHUE apMaTypbl — U3JI0M OETOHHOTO CJIOS, YTO MOYKET
MPUBECTU K KOPPO3UH apMarypbl;

5) oTcioeHHe U OOPYIICHHE OTJCIOYHOTO OKPbI-
THSI — OTJICJIOYHBIE AIIEMEHTBI, TAKUE KaK IITYyKaTypKa,
IUINTKA, OKPACKa OTCIANBAIOTCS OT IOBEPXHOCTH CTEHBI;

6) mpoMep3aHUe — TMOBPEK/ICHUsI, BEI3BAHHBIC
UKJIMYECKUMHU 3aMOPKUBAHUSIMU M OTTaNBaHUSIMH;

7) yBIaXHEHHE — MPOHUKHOBEHHUE BJIArH B CTE-
HY M3-32 HapylICHNI BOJJOOTBO/IA HJIH YTEUEK.

B xoxe padoTsl ObuTa paspaborana OI0K-cxema
MOCTPOEHUSI CUCTEMBI (pHC. 2).

AHanu3 pe3yibTaroB BKIIIOYAET PACCMOTPEHHE Ma-
TPUIIBI OMIMOOK M OIIEHKY TOYHOCTH TI0 KJIaccam, 4To 00e-
crieyrBaeT HH(OPMALIUIO O CIIOCOOHOCTH MOJIENH K ITpa-
BWJIBHOW KJIaCCU(UKALUU ¥ BBISBICHUIO BO3MOXHBIX
OIIHOOK.

Jln paciumpeHus 1atacera HCHoiab30Balln SIHaeke
Kaprunku, Google Kaptunku.

Pa3meTka JaHHBIX IPOBOMIIACKH HA CEPBHUCE robots,
Jiajiee BBIMPYKAIIU PA3METKY B BHJIE jSON-TOKYMEHTA.

C menpio 00ydyeHHs OpUTa TPUMEHEHA MOJEID
YOLOVS.

J171st TpOBEPKH TOYHOCTH PabOThI MOJieH (hOTOPUK-
caluy BBINOJHEH dKcriepruMenT. CoOpaiu n300paeHus
KOHCTPYKIIMI, Ha KOTOPBIX 3apaHee ObLIIM U3BECTHBI Me-
cra nedexToB. Mojens ycnenHo pacno3naia 71-88 %
U3 THX Je(EKTOB, YTO MOATBEPANIIO CIIPABEIIHBOCTD
BBIOPAHHOTO TOJXO0/Ia U €r0 MPUMEHEHUE B PEabHbBIX
YCIIOBHSIX SKCIUTyaTaluu 31aHui (puc. 3).

OnHako Tax)ke ObUIH BBISIBJICHBI CITy4dau, KOTa Mo-
Jiesib omunbanach, 0COOEHHO 3TO KacalloCh CIOMXHBIX

3arpy3Ka u306paxeHUs

file h
y Dragand drop file here Browse files
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BHU3YyaJIbHBIX MTOBPESKICHUM, TPeOyOMUX Oosiee ry-
OOKOTO TOHUMaHUS KOHTEKCTA, HAIIPUMEDP H3MCHCHHUS
[[BETA MOKPBITHS WK MUHUATIOPHBIX TPEIIHH, BOSHHUK-
IIMX B PE3yJIbTATe CE30HHBIX KOJICOAHHI TEMIICPATyPHI.

B cBsi3u ¢ 3TMM BO3HHUKAEeT HEOOXOIMMOCTh IO~
CTOSTHHOTO OOy4YeHHUsSI M JOOOYYCHHST MOJICTH Ha HOBBIX
JIAHHBIX JJI JOCTHXKCHHUS OOJIBIICH TOYHOCTH.

3AKJITIOYEHUE

B pesynbrare anannza nHGOPMAIMN C UCTIONIB30-
BaHHWEM DPa3IMYHBIX METOJOB MAIIMHHOIO O0ydYeHUs

yIAJ0Ch BBISIBUTH OIPE/ICIICHHbIE 3aKOHOMEPHOCTH
U 0COOCHHOCTH, CBS3BIBAIOIINE TUI CTEHOBOTO MaTepH-
aja, BO3pacT KOHCTPYKINHU M YaCTOTY BO3HUKHOBEHUS
nedextoB. [IpeanoxkeHHbIN MOAX0 HE TOJIBKO Caeia-
eT npoiuecc oOHapyxeHus 1eheKToB Oojiee OBICTPHIM
U TOYHBIM, HO U 00ECHEUUT 3HAYUTEIHHOE CHIDKCHHE
PHCKOB aBapHii 1 TIOBBIIIEHHE OE30ITACHOCTH JKCIITya-
Tanmu 31aHui. Takum 00pa3oM, IpIMEHEHNE METO/I0B
NN B aHanu3e COCTOSIHUSL CTPOUTENBHBIX KOHCTPYKLIUM
CTaHET BAXKHBIM IIaroM K 0OeCHEeueHHUI0 HaJIe)KHOCTH
U JIOJITOBEYHOCTH OOBEKTOB JKMIIOTO (POH/IA, UTO B KO-
HEYHOM MTOTE CKa)KETCsl HA KaueCTBE JKU3HH TPak/IaH.
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INTRODUCTION

Commissioned assets are ageing and extending
the life of buildings has become a financially attractive
solution due to cost savings on refurbishment projects.
Today, structural defects are detected mainly through
visual inspection, which provides an opportunity to as-
sess the quality and condition of structural elements,
identify elements to be repaired and emergency areas.
However, this process is rather labour-intensive and
depends entirely on the human factor — the experi-
ence and attention of the operating specialist. Despite
the high level of training and professional qualifica-
tions, there is always a risk of human error when in-
terpreting the collected information. This can lead to
an incorrect assessment of the condition of load-bear-
ing structures, which in turn can cause an inappropri-
ate or even unsafe approach to repair and maintenance.

The application of modern machine learning methods
opens up great opportunities in reducing the routine
work of specialists and reducing the risks of errors due
to the human factor.

A system for the detection of defects in building
structures should not only identify problems, but also
allow for the assessment of the amount of physical dete-
rioration, based on statistical data on the one hand, and
on the other hand, on archival data for a particular ele-
ment, so that maintenance services can make informed
decisions about the further maintenance of the building
elements. In order not just to detect a problem, but to
understand how critical the defect is for the building,
the overall level of physical deterioration must be taken
into account. For this purpose, it is convenient for main-
tenance professionals to use predictive data on the con-
dition of buildings.
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MATERIALS AND METHODS

A review of scientific papers allows us to con-
clude that the application of artificial intelligence (AI)
is actively discussed and implemented in the practice
of building operation [1, 2]. Basically, the approach
to big data processing at this stage of the life cycle is
built around the tasks of reducing heat loss and improv-
ing the energy efficiency of building facilities [3, 4].
On the other hand, there is a lot of research on the pro-
cess of damage identification based on sensor read-
ings [5, 6]. The accuracy of detecting discrepancies in
structures due to continuous instrumental monitoring is
much higher, but it requires computational power and
significant financial costs to provide appropriate de-
vices, which is not always reasonable. There are also
works that focus on crack detection using computer
vision, and high identification accuracy is achieved by
converting RGB images into shades of grey and sub-

sequent processing using CLAHE (Contrast Limited
Adaptive Histogram Equalization) — an algorithm
that allows increasing the contrast and image detail [7].
A review of alternative approaches for solving the prob-
lem of crack image recognition presented in several sci-
entific papers indicates that there are more than 60 deep
learning options, but all of them require large amounts
of data, including annotated data [8, 9].

The use of convolutional neural networks (CNN)
for image classification is a common practice [10—13]. At
the stage of construction and technical expertise, the task
of defect identification arises and is solved for external
structures, such as roofs, by applying fully deep CNN to
recognize defects in video fragments made by cameras
of small drones [14]. In addition, the application of in-
formation modelling technology in the operational phase
of buildings has not been sufficiently explored [15-20].
However, no generalized studies focused on the con-
struction of a system capable of dealing with different

<class 'pandas.core.frame.DataFrame'>
Int64Index: 38389 entries, © to 85249

Data columns (total 24 columns):
#  Column
formalname_region

stage

built_year
exploitation_start_year
house_type
floor_count_max
floor_count_min
entrance_count
residents_count
area_total

W eooNOUVDE WNERE O

10 area_residential

11 area_non_residential
12 area_common_property
13 area_land

[
'S

deterioration_total
determined_date
floor_type

[T
o wn

17 wall_material

18 alarm_reason

19 exp_name

20 exp_document_date

21 commission_document_date

N
N

further_use

23 building_age_at_determined_date

Non-Null Count Dtype
38389 non-null object
38388 non-null object
38389 non-null datetime64[ns]
34599 non-null object
38389 non-null object
38389 non-null int64
38389 non-null int64
38389 non-null int64
38389 non-null int64
38389 non-null object
38363 non-null object
36329 non-null object
33139 non-null object
23540 non-null object
38389 non-null floate4
38389 non-null datetime64[ns]
24732 non-null object
24739 non-null object
38389 non-null object
31743 non-null object
31737 non-null object
33279 non-null object
38389 non-null object
38389 non-null int64

dtypes: datetime64[ns](2), float64(1l), int64(5), object(16)

memory usage: 7.3+ MB

None

Fig. 1. Output of information about DataFrame
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Modern approaches to assessing the technical condition of building structures

at the operational stage P. 131142

types of defects and assessing the overall technical con-
dition of a building could be found.

In this paper, it is decided to form an integrated
approach based on the following components:

* asystem for analyzing accumulated data on the phy-
sical deterioration of the existing housing stock;

* asystem for detecting defects in building structures
based on the analysis of Al-assisted photofixation data.

Photos of the results
of the survey
of building structures

RESULTS

Modern technologies, such as structural monitor-
ing systems, include various measurement subsystems
and greatly simplify the process of data accumulation.
In the process of asset operation, a large amount of data
arises, and their effective processing requires the use
of different approaches and technologies [21]. Most
often such systems are used to analyze the condition

Collecting a dataset
of the results of photo-
fixation of various
categories of defects

v

v

External markup service

B

Fig. 2. Block diagram of the system construction sequence

Marking up photos

Uploading markup
as a json document

v

Training room
preparation samples

v

Preparation
of the test samples

.

Preparation
of test samples

v

Quality assessment

Does
the quality
meet
the goals?

Using the model
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of technically complex and hazardous objects due to
their expensive implementation. Therefore, the main at-
tention is drawn to the collection of statistical material.

Information on the parameters of the existing hous-
ing stock can be found in several public data sources:

1) information on emergency facilities of the hou-
sing and utilities sector according to open data from the Hou-
sing and Utilities Reform website;

2) dataofthe Territorial Development Fund on eme-
rgency buildings, apartment buildings in the regional
capital repair programme by oblast;

3) Moscow City Government’s open data portal.

It is also possible to scale the study and connect
any other source of archival information.

The source information was downloaded from three
open data sources. Then, based on the CRISP-DM model,
an industry-independent intelligent analysis standard, they
were preprocessed: categorical variables were converted
into numerical variables, missing values in variables were
filled in, Feature Engineering was performed, i.e. new vari-
ables for the table were extracted from the raw data [22].
Among the examples of the use of this methodology in
the field of construction, and building maintenance in par-
ticular, are studies on predicting the energy consumption
of buildings using indoor factors [23].

The following objectives were used to analyze
the collected data:

* looking for correlation in the data;

+ examination of statistical parameters of the data.

Target metrics: accuracy of physical wear prediction
score, MAE. NumPy and Pandas were chosen among
the libraries required for the work. Also, for visualization
of information, preference was given to the widely used
libraries Matplotlib and Seaborn, which allow transform-
ing numerical data into convenient graphs, diagrams, his-
tograms and other visual representations.

First of all, the information had to be loaded from
the corresponding datasets. To do this, first the file en-
coding was determined, and then the file with the cor-
responding encoding was read. For example, the file
encoding of the register of apartment blocks in Russia
is UTF-8-SIG.

Due to the peculiarity of the structure, there are
many null and extra values in the table, which meant
that transformation was necessary. The data formats
also needed to be transformed. Several new parameters
were added, such as the age of the building at the time
of technical inspection.

We then checked the composition of the data after
data cleaning and preparation (Fig. 1).

The type of wall material is a rather important pa-
rameter for the conducted research, because, depending
on it, different types of defects can be identified. There-
fore, for further analyses different classes of wall mate-
rials should be coded with numerical values.

When training the model, several approaches were
tried. We used linear and polynomial regression, and also
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trained a decision tree model, which showed the best re-
sults in terms of coefficient of determination and MASE.

With digital transformation and continuous tech-
nological advances, there is a need for automation and
increased control of building performance. The applica-
tion of machine vision systems represents an effective
means to improve the control processes and predictive
disturbances of buildings. These systems are able to
automate image processing and analysis, detect defects
and deviations in building structures, which ultimately
leads to improved building performance and durability.

Among the most suitable libraries in this area,
OpenCV, PyTorch, Keras, Scikit-image and TensorFlow
were used in this work.

The task was to build a classifier that detects one
or more of the following defects:

1) biogenic surface damage (fungus, mould, moss) —
formation of microorganisms on the wall surface due to
high humidity and insufficient ventilation;

2) hairline cracks — thin, fine cracks in the surface
of the wall;

3) deep cracks — cracks that penetrate inside
the wall structure;

4) breach of the concrete protective layer and bare
reinforcement — fracture of the concrete layer, which
may lead to corrosion of the reinforcement;

5) delamination and collapse of the finishing coat-
ing — finishing elements such as plaster, tiles, paint are
peeling away from the wall surface;
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6) freezing — damage caused by cyclic freezing
and thawing;

7) moisture — moisture penetration into the wall
due to water drainage failures or leaks.

In the course of the work, a block diagram of the sy-
stem construction was developed (Fig. 2).

Analyzing the results involves examining the error
matrix and evaluating the accuracy by class, which pro-
vides information about the model’s ability to correctly
classify and identify possible errors.

Yandex Images, Google Images were used to ex-
pand the dataset.

Data markup was performed on the robots service,
then uploaded the markup as a json document.

The YOLOvVS model was applied for the purpose
of training.

To verify the accuracy of the photofixation model,
an experiment was performed. We collected images
of structures where the defect locations were known in
advance. The model successfully recognized 71-88 %
of these defects, which confirmed the fairness of the cho-
sen approach and its application in real conditions
of building operation (Fig. 3).

However, there were also instances where the mod-
el was wrong, particularly for complex visual damage
requiring a deeper understanding of the context, such as
changes in coating colour or miniature cracks resulting
from seasonal temperature fluctuations.

This necessitates the need to continuously train and
retrain the model on new data to achieve greater accuracy.

CONCLUSION

As aresult of analyzing the information using
various machine learning methods, it was possible to
identify certain regularities and features linking the type
of wall material, the age of the structure and the fre-
quency of defects. The proposed approach will not only
make the process of defect detection faster and more
accurate, but will also provide a significant reduction
in the risk of accidents and increase the safety of build-
ing operation. Thus, the application of Al methods in
analyzing the condition of building structures will be
an important step towards ensuring the reliability and
durability of residential buildings, which will ultimately
affect the quality of life of citizens.
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