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Abstract. This paper presents a decp Icarning-based algorithm for Russian handwriting recognition.
The algorithm combines the improved VGG nctwork feature extraction capability and LSTM
temporal modcling capability and introduccs data cnhancement and optimizer tuning stratcgics.
Experimental results show that the algorithm provides significant improvement in recognition
accuracy and training efficiency compared with existing methods.

Kevwords: Russian handwriting recognition, deep learning. VGG network, LSTM network. data
enhanceiment.

Introduction

Russian handwriting recognition is of great value in the ficld of information processing. With the
increasing communication between China and Russia, the demand for automatic Russian handwriting
rccognition systems is growing. However. duc to the complexity of the Russian Cyrillic alphabet and
the diversity of writing stvles. cxisting rccognition systems are still deficient in terms of accuracy and
speed.

In recent years. decp lcaming techniques have made significant progress in the ficld of text
recognition | 1|. However, there are relatively few specialized studies on Russian handwriting [2]. In this
paper. based on the EasvOCR framesvork |3]. the original model structure is optimized, and the svstem
performance is significantly improved by introducing data enhancement strategics and optimizer
parameter tuning [4].

Model Structure and Parameter Tuning

The model used in this paper is based on the EasvOCR framework, which combines LSTM (Long
Short-Term Memory Network), VGG (Visual Geometry Group) Convolutional Neural Network, and
CTC (Conncctionist Temporal Classification) Loss Function. EasyOCR is an open-source optical
characicr recognition framework that supports recognition of multiple languages. The original model
was improved by adding data enhancement and optimizer settings and parameter filtering to increase
recognition accuracy. The EasyOCR framework is shown in Figure 6.

VGG is a classical convolutional neural network architecture with powerful feature extraction
capability. In this paper. VGG is used to extract features from handwritten body images to provide high-
quality input for subscquent recognition.

LSTM is a speceial tyvpe of recurrent ncural network (RNN) that can effectively handle long-term
dependencies in sequence data |3]. In handswriting recognition. LSTM can capture the contextual
information in the character scquence to improve the recognition accuracy [6].

CTC 1s a loss function for sequence annotation tasks. especially suitable for character sequence
annotation in handwriting recognition. With the CTC loss function, the model can directly predict
character scquences without pre-scgmenting the input image.
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Figure 6. EasyOCR Framework

Parameter Tuning

In order to further optimize the model performance. we adjusted the parameters of the model. The
specific adjustments are as follows:

Data Enhancement: By adding data enhancement techniques such as rotation, scaling, and
distortion, the diversity of the training datasct is cxpanded, and the gencralization ability of the model
1s improved.

Optimizer settings: The Adam optimizer is used and parameters such as leaming rate and
momentum arc adjusted to accelerate the convergenee specd of the model.

Paramcter filtering: Unnccessary paramcters in the model are filtered out by regularization
techniques to reduce the risk of overfitting,

Experimental results and comparative analysis

The cxperiment used the Cyrillic handwriting datasct, which contains many images of Russian
handwniting, covering a wide range of writing st¥les and fonts.

The cxperiments were conducted in the following environment: PvTorch, CUDA 12, Pyvthon 3.

The original algorithm (blue and red lines) drops rapidly in training loss. but the validation loss
stabilizes or even rises slightly after an initial drop, indicating possible overfitting,

The new algorithm (green and purple lines) shows a steadier decline in both training and
validation losses, and the final loss values are lower than those of the original algorithm, showing better
generalization, The comparison of training and validation losses is shown in Table 1.

Table 1. Comparison of training and validation losses

lerations (‘)I“ighw} algorithm Origina! algorithm . My ) . My ‘
train loss valid loss algorithm tain loss | algorithm valid loss
10000 0.1 13 (.23 0.9
20000 0.05 1.8 0.1 1.0}
30000 0,05 2.1 0,05 1.2
40000 (3,05 2.2 ().0)3 1.3
S0000 0,05 2.2 .05 1.4

The accuracy of the orginal algorithm rose rapidly in the early stages but then grew slowly and
eventually stabilized at about 30 %.

The accuracy of the new algorithm continues to risc throughout the training process, cventually
reaching about 42 %, showing better learning ability and higher accuracy. A comparison of the training
accuracies is shown in The total training time of the original algorithm grows linearly with the number
of itcrations. cventually reaching about 6000 scconds.

The total training time of the new algorithm grows at a slower rate, eventually totaling about 3000
scconds. showing greater time efficiency throughout the training proccss. Comparison of total training
time is shown in Table 3.
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Loss: The ncw algornthm performs better on both training and validation loss, showing better
generalization and lower error.

Accuracy: The new algonthm 1s more accurate, showing that 1t lcams better on the training data.

Training time: The new algorithm shows higher cfficiency 1n both per 2000 iterations and total
training time, although the difference is not significant. it may have a significant advantage in large-
scale training.

Ovcerall performance: The new algorithm outperforms the original algorithm in terms of loss,
accuracy, and training time, showing improvements in model optimization and training efficiency.

Table 2.

The total training time of the original algonthm grows lingarly with the number of iterations.
eventually reaching about 6000 seconds.

The total training time of the new algorithm grows at a slower rate, cventually totaling about 3000
seconds. showing greater time efficiency throughout the training process. Comparison of total training
time 1s shown in Table 3.

Loss: The new algorithm performs better on both training and validation loss, showing better
generalization and lower error.

Accuracy: The new algorithm is more accurate. showing that it learns better on the training data.

Training time: The new algorithm shows higher cfficiency in both per 2000 iterations and total
training time, although the difference is not significant. it may have a significant advantage in large-
scalc training.

Ovcrall performance: The new algorithm outperforms the original algorithm in terms of loss,
accuracy, and training time, showing improvements in model optimization and training efficiency.

Table 2. Training accuracy comparison

llerations Original algorithm accuracy Our algorithm accuracy
10000 23 % 2%
20000 25 % 353 %
30000 27 % 36 %
0000) 27 % 36 %
30000 30 % 42 %

Table 3. Comparison of total training time

llerations number Original algorithm total Uime, s My algonihm total time, s
SO000 G000 3000

Conclusion

In this paper. the accuracy and speed of Russian handwriting recognition arc significantly
improved by optimizing the model structure and parameter adjustment. Experimental results show that
the improved model outperforms the original algorithm in terms of training time and total training time.
demonstrating higher efficiency and better performance. Future swork will explore deeper network
structures to further improve performance, investigate more efficient feature extraction methods, and
apply the model to handwriting rccognition in other languages. as well as explore deplovment and
optimization on mobile devices.
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TEXAOJIOIIN NEPEJIAYN I OFPAFOTKI HHPOPAMATIT

VK 378.1. 004.9

JEKTPOHHOE CPEACTBO A5 U3YUEHHA OBLUEIQ YCTPOUCTBA U
NPHHUMNIOB AMATHOCTUPOBAHNA TEXHUYECKOIO COCTOAHUA
ABTOMOBWIs

E.A. CEMEHYEHKO, B.B. KOCTPULIKHI, P.IT. BOT'YIII

Hoaouruir cocvoapemgennsiit Vingepcumen uveny Esghpocinn Horoyroi

Hocmyvniaa g pecarywo 31 wapma 2023

Amnoramnsi. B 1aHHON cTaThe PACCMOTPEHB OCODESHHOCTH COBMIAHHA 3IEKTPOHHOIO CPEICTBA
obvuenunt (2CO) «OOwee yCTPOHCTBO H JIHATHOCTHPOBAHME TEXHHUYECKOTO COCTOSHHA
aBTOMOOHAA» I8 MIYHCHMA CTVICHTAMH YCTPOHCTBA M JIMACHOCTHPOBAHMS TCNHHUCCKOQ
cocrosnua  asToMo0uTd. [Ipcacraencha paspaloTavnas  (yuruHOHANbHAS Cxeva DCO n
OPOrpamMMHA peasn3auus Ha ¢¢ 0CHoBCe 3C0. OnucaHbl 0COGCHHOCTH HCMO.Tb30BAHMS. IPHNMCPBI
padorst Moayv.cit DCO. npeacTaBicHa 00was CTPYKTYPA 0TUCTA. (POPMHPYCMOTO N0 POV ALTATAM
A3YUCHUS MATCPHANA CTYACHTAMH,

Kenoueanie ciosa: HHACHCP-MCXAHHK, HHTCPAKTHBHOC Oﬁpﬂ'mBﬂHHC. CHNMY TATOP.

Beepenue

Beicimee oOpazosanue B PecryOnuke Betapyeh MOCTENMEHHO MEPEXOINT B WHHOBALMOHHBIH
PCKUM PA3BUTHL. B KOTOPOM HCOOXOIUMO VUUTHIBATH MAPOBBIC HOPMbl M CTAHIAPTH! 0OPA30BATC TbHBIX
cucteM |1]). Taxad TEHIEHLMA 3aTPArHMBACT BCE HANPABICHUA. BKIFOUAS MOITOTOBKY WHIKECHEPHO-
TeXHUYeCKHX paboTHukoB. OauuM M3 >(PPEKTHBHBIX CIOCODOB MPHODPETEHUT MEPBOHAUATHHBIX
3HAHWA M HABLIKOB MPH NOATOTOBKC HHKCHCPOB-MCXAHHKOB, OCYLUCCTBSIOLMX OOCIVKMBAHUC M
PEMOHT ABTOMOOM.IBHOTO TPAHCTIOPTA, B PAMKaX JAHHOTO HAMPABICHUS ABIAETCA TNPHMEHCHUE
3MCKTPOHHBIX CpeacTs oOyvuerusa (2C0), MOCKONBKY MEKTPOHHBIC CPEACTBA OOVUEHHS TPEBOCXOIAT
N0 HATMSIHOCTH, BO3MOMKHOCTSIM MOUCKA U HABUIALMA TPAAMUIUOHHBIC CpeacTra [2].

Lleasro mpeacTaBnenHod pabotel aBIsetcs paspadorka ICO. No3BOIAOMETO BHEAPHUTH
JMJAKTHUCCKUH MCTO,1 AKTMBHOTO OOVUCHHS B OOPA30BATCABHbIN NMPOLCCE A1 NOBBILICHHUS KAUCCTBA
NOATOTOBKH HMHKCHCPOB-MCXAHHUKOB, OCVIUCCTBISIOWMAX OOCIVKMBAHHC M PCMOHT TPAHCMOPTHBIX
CPEACTB, B HACTHOCTU B BOTIPOCE JIUATHOCTUKH TEXHUYECKOTO COCTOSHUS aBTomooOnIeii. Mpu atom
HCOOXOAMMO MPCAVCMOTPCTE CICAVIOIUC OCHOBHBIC ¢nocods npumcHeHus ICO:

1. HuctanuuonHoc odvucHuc. JCO MOMKCT OPUMCHATBCS A8 VIAICHHOrO OOVUCHHS B
CIVHAAX, KOTJA HET BO3MOKHOCTH ¥ CTYICHTOB NMOCEIIATh OMHBIC 3AHATHS,

2. HononuutcnbHeiii  oOpaszoBatcibhelil  peeyvpe. JGdCKTUBHAS MOMOINL CTYICHTAM [10
MOBBIIIEHUKD VPOBHA S3HAHHE 00 JHCUMILTHHAM, KOTOPBIE CBA3aHBI ¢ OOWHM VCTPOHCTBO W
JMArHOCTHKOH TEXHHUECKOTO COCTOSHNS aBTOMOOUNA.

3. IloaroToBka K 3x3aMcHaM 1o npodunbabiM JucirminHaM. ICO MOXKCT HCIIOI30BATHCS KAK
OHNAHH-TPEHaskep, MOBBIIAIKI IPPEKTUBHOCTE MOATOTOBKH K SK3AMEHAM, TAK KaK TONb3VACH
NPHIOMEHHEM CTVICHT COBEPLICHCTBVET HABBIKH, HEOOXOIUMBIE TMPIl JWATHOCTHKE TEXHIMECKOTQ
COCTOSIHHSI OCHOBHBIX CHCTCM ABTOMOOH.TH.

4. OGpaTHag cB43b W KOHTpONE venesaeMocTH. ICO npeanoaraet GopMUpOBaHUE OTHETA TIO
pesvabTataM paboThl ¢ KOHKPETHBIM CTVICHTOM, B KOTOPOM VKA3hIBAETCA BPEMA, 3aTPAUSHHOE HA
JMACHOCTUKY TCXHUYCCKOTO COCTOSHMS ABTOMOOMIS M VCTPAHCHHC HCHCHOPABHOCTH. caMa
HEHCTIPABHOCTD, TPWYHHA 3aBEplieHue paboTel B BHIOPAHHON cucTeMe (HApVIIEHHE TEXHUKH
DCI0MACHOCTH UK CAMOCTOSTCIIBHOC 3ABCPLICHHC PadOThI CTYICHTOM), & TAKKC X0 PadOThL, KOTOPBIi
3AMOIHICT MONB30BATCIb caAMOCTONTCIBHO. [lo 3THM JaHHBIM MPCMOIABATCNB CMOKCT OLCHHUTH
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VPOBCHb 3HAHWA CTYACHTA, BbLICIMTb BONPOCH, TPCOVIOWKC JIOMOJHUTCABHONH HpopadoTKu A.1
MOBBILICHHUA NPO(CCCHOHATLHBIX KOMITCTCHLIUI, YIIVONECHHA SHAHUIE MO OTICIBHBIM TEMaM.

3. Iloaroroeka nau nepenoarotoBka kKaapos. IC0O MOKCT 3HANMMTCABHO VCKOPUTE U VIIPOCTUTh
npoucce OOVUCHMSL MNW NCPCNOArOTOBKM KaapoOB, TaK KAaK OHM MOIVUAKT CBOOOAHBI J0CTVh K
TPCHAXKEPY B . TI000¢ BPeMA M B VIANCHHOM PEKHME.

Dynkunonan ICO «O6iee yeTpoOACTEO H AHACHOCTHPOBAHHE TEXHHUYECKOr0 COCTOAHUS
aBToMmo0nnn»

PaspaboTanHoe CpeicTBO 3ICKTPOHHOrO OOVHEHMA TIOCTPOCHO HA OCHOBE MOJNV.IbHOH
APXMTCKTVPbl M VUWTHIBACT BCC MCPCUMCICHHBIC TPEOOBAHMSI K O0JACTAM Cro MPUMCHCHMA A
M3VUGHHS YCTPOHCTBA, NMPUHLMNA pabOThl M JHATHOCTHPOBAHUS PA3THUHBIX CHUCTEM ABTOMOOWIS,
JloCTYT K POrpaMMHOMY NPOIVKTY 00CCNEUUBALTCS B PEXKHME MOJB30BATENS U 3IMHHUCTPATOPA. UX
BO3MOHOCTH NPH padoTe ¢ CUCTCMOM NPCACTABICHHL HA puc. |.
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Puc. 1. Jlmarpayaa BapHAHTOB HCIIOMNb 30BAHHS

J1a woppekTHOI paboThl U BHIMOTHEHUS MOCTABICHHBIN 33731 OMPEACIeHBl TPeOOBaHUA K
APXUTEKTVPE MPHIOKEHN

1. Macwtabupyvemocts. JJaHHAS XapaKTCPUCTHKA MO3BOIHT PACLIUPATH BO3MoOkHOCTH ICO
KaKk ¢ TOYKH 3peHUs (PVHKLMOHANA, TAK U ¢ TOYKY 3PEHUS PasHooOpa3ua aBTOMOOUIIBHBIX CUCTEM 114
JHarHOCTHKH.

2. PCMOHTONPUTOTHOCT. ITO 3HAYKUT. YTO U3MCHCHHC OTJHOTO MOIVIM HC TPCOVCT HIMCHCHHSI
JPYTUX MoaveH. Hamprviep, €cIm 01Ha U3 CHCTEM cTana padoTaTh HEKOPPEKTHO, TO TIPH €8 PEMOHTE
APYTHE CHCTEMBI H MOIVTH 3aTPOHY THI HE OVIYVT.
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3. 3aMcHHUMOCTE MOAYACH. Takoe CBORACTBO CUCTCMbI TOZBOMIUT 3AMCLIATE MOANJIb(-H) M3 OAHOM
aBTOMOOHIIBHOH CHCTEMBI HA HOBBIC. KOTOPBIC HYKHBI TOIBKO /I ONPEIeIeHHON. B KauecTBe npumepa
MOZHO NPUBCCTH NAHCAW ¢ HADOPOM MHCTPVMCHTOB 111 ANArHOCTUKU. Jlis OIHOM CHCTCMBI HYIKHbI
OAHH NPUOOPSL, @ 47151 APYTOH HHBIC,

4. TlosropHoe ucnonbsoBanne. Hi1s ganroro JCO o3HAuaeT. UTO MOMKHO HCIIO.Tb30BATh
MOJNIHM, KOTOPLIC Oblin CO3JaHHBIC A4 APYTUX cucTeM B HOBOH. Hampuscp. npudopsr ams
JMACHOCTHPOBAHMY ABTOMOOHIBHBIX CHCTCM.

5. YnpougHHOE CONMpoBOKAcHHe. PasOHTYIO Ha MOIVIH TIPOrpaMMy JIerde MOHUMATH H
CONPOBOAIATb.

C yueToM CHOPMYIHPOBAHHBIN TPeOOBAHUH Pa3padoTaHa MOIVIBHAS CTPYKTYPA MPOTPaMMBL.
KOTOpad. BRIKYACT:

1. Moaynb, oTBCuaOmMi 32 AJaHHbBIC NOAB30BATCIsl. COACPKMT MCHCIKCPBL JAHHBIX
NOJIb30BATE/IL. KOTOPBIE XPaHAT WH(OpMaLMio o noIssoBatene (GHUO. rpynna, npenoaasateTs U Tax
JAI€€) U MEHEDKEP COCTABIEHHS OTHETA.

2. Moayiu, OTBCHAIOLUE 32 CUCTCMBI (ICPCKIFOUCHIC CUCTCM U KOHTPO1b PadOoTh! BRIOPAHHOM
CUCTeMBbI). [aBHBII MOTVJIB COTEPMHT JAHHBIE O CVILECTBYVIOLIMX CHCTeMaX, mnpedadel caMux
ABTOMOOHIIBHBIX CHCTEM (B JAHHOM CIyUae 3T0 OOBEKTHI, KOTOPBIS MPEACTABISIOT H3 ce0A TOTOBBIC
CXCMbl CHCTCM. 3arpy7acMblC MPH BBHIOOPS CUCTCMbL)., MCHCAKCP, OTIAOLIMH JAHHBIC CUCTCMbl M CC
npehad npu  sampoce. MoaviIM  CaMBIX  CHCTeM  COJAEPKAT MEHEKSPBl U KOHTPOIUTEPHI.
00CCHCUIIBAIOIINC UX CTAON1LHY 10 PaboTy.

3. Moayan, OTBCUAKOLIME 32 3ACMCHTB BHVTPH CUCTCMbI (HANPUMCP, OTBCUAOIIKC 33 paboTy
(hOPCYHOK WITM MaHenu nepeaad). JaHHbIe MOIV.IH COAEPKAT MEHE KEPBI H KOHTPO.UIEPBI. KOTOPBIS
0OCCIICUMBAIOT KOPPCKTHY KO PAOOTY 3ICMCHTOB CUCTCM.

4. Moaynu, oTBCHAIOLMC 24 N01b30BATCABCKUA UATCPRCAC. COACPKUT MCHCIKCPBL KAXKIOTO
BHIA OKOH, KOTOPBIC MCMONB3VIOTCA B TNPOTPAMMHOM TNMPOIVKTE. MEHETKEPB H KOHTPOIIESPHI
AHMMALUH.

@QVHKUMOHAIBHASL CXCMA  3ICKTPOHHOro cpcactea obyucHus  «Odwee
JMArHOCTHPOBAHUE TEXHUUICCKOTO COCTOSHUS ABTOMOOHIS» TIPEACTABICHA HA PHC. 2.

VCTPOHCTBO U

BMeKTPOHHOE CPEenCcTED 00yYeHNA
«OflLee yCTPOHCTES ¥t AMATHOCTMPOBAHHE TEXHWUECKOTD COCTORHUA

aBToMODKUNA»
- . Bnox "3anonHexne JaHHEIX Enok "BuiG0p aETOMOBUNEHOM
Enok ‘TNasHoe MeHo " A P .
noNMb308aTENA cHETEMSI

PexxuM nons3oearena .A

ConepHuT KHOMKM
- "Buifpate cHCTEMY”,
-"Bbixoq" ---
- KHOMKA CMEHE! R3blka
M03BONAST NOMEHRATE AZsl MHTEpeCE,
NEPEeHTH ¥ BEIGOPY CUCTEME! M BBIATH U3
MPUNEHEHIA

Py a0MAHUCTDATORa Q

COBPHUT KHOMKM:
- "Buifparb CUCTEMY™;
- "HacTposiku™;
-"Belxon";
- KHOMKA CMEeHsl A3biKa
TM03BONAET NOMEHATL A3LIK MHTEPDETCA
NepeTy k BEIGODY CUCTEMEI 1 BEIATM K3

NPUNOMXEHUS. l l

5ok "MpaCcMOTD MHEOPMALMK 08
BETOMOGUNEHOM CHCTEMB! M
nogTeep#aeqve sxibopa’

COLEPHUT KHOMKM C HAZBAHUEM
cucTem n "Hazag”™.

IM03BONAET ELIOPATE NYTs COXPAHEHWA
0T4eTa, BalOpats HeolxoauMels U
33M0MHHTL NOMA MHOPMALMK
NoNL30BATENA W NEPENTH K BiFopy
CHCTEME! ANA AWATHOCTMEMN

ConepH#uT kHoMKM "BuiGpaTs nyTs" W
"TIPODOMKMTE".

Conep:uT NoNA ANA BB00A TEKCTa W
EeiJ0pa 3NEMEHTOS BeiNafaliLero
CrMCKa.

T03BONAET ELIGPATE MYT: COXPAHEHUA
0TYeTa, EaldpaTe HeoDxooMmele 1
3aM0NHATE NONA MHPOPMALIMK
NoNE30BATENA U NEDENTH K Beidopy
CHCTEMBI ANA AMarHOCTHEN.

-

Enok "narHocTuka
SETOMOOMMEHOI CUCTEMEL"

Bnok "PegakTuposaHie
AaHHEX

= : : i

i

! CogepsuT kHomim "Hazag" v Copnep:#uT kHomku "OTuer”,
MpogomxMTs”. "MHCTRYMEHTEI", "3aMeHuTE” 1

E pexume Nnonb3osaTens He goctyned  |-----——--- |

PekvM 3OMUHUCTDATOpa <

M03E0NAET PEAAKTUPOBAT: [aHHSIE
ETOMOTUNEHED CHCTEM, YHUBSPCUTETE,
hakynsTeTa, Kaheap, cnelMansHocTed,

npenopasarenei.

T03E0NAET D3HEKOMUTHCA C
WHDOpMaLKen 0 BeIGDaHHOM CHCTEME,
NoATEEPAMTE BEIBOP M NepeiTH £
paboTe © CUCTEMOR UMK BEPHYTECA
Ha3ap k Bnoky "Buidop asTOMOOMNLHONA
CHCTEME"

QECEE T
Mo2B0NAET E33UMOASICTS0BATE Kak C
CAMOIt BETOMOBUMEHOI CHCTEMON, TaK 1
C NPSANOKEHHEIMI MHCTPYMEHTaMY,
3aM0MHMTL faHHbIe ANA 0TYETa U nocne
33ESPLISHIA PABOTEI NOMYUMTE OTUET

Puc. 2. ®VHKIHOHATBLHAS CTPY KTYPA PHITOKCHHUS
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[Iporpammubliil IPo.ay KT COCTOMT 113 6 510KOB:

l. «[1aBHOE MeHIO». B pemuMe NOIp30BATENs] MO3BOIACT TMOMEHATH SI3BIK HHTEpOeiica,
NCPCATH K BLIOOPY CHUCTCMbl M BBIMTI U3 NPUIOKCHMSL. B POXKUMC aaMHHUCTPATOpa MO3BO.LICT
NOMCHSITH $13b1K HHTCP(CHCA, NCPCHTH K BbIOOPY CHCTCMBL M BBIATH U3 MPUIOKCHUA.

2. «3amonHeHHe JAHHBIX MOJb3oBaTeIs». [losBonser BHIOPaTe MyTh CONPAHEHUS OTUETA.
BoIOpaTh HCOOXOAMMBIC JAHHBIC M3 BbINAJAKOWCTO CIOUCKA, 3ANOMHWTL MO MHbOpMauuu
NonL30BATC/ASL U NCPCATH K BIOOPY CMCTCMBL 1151 AMArHOCTUKH.

3. «PenakTupoBanne JaHHBIX». B pexxumMe moap3oBaTeId He JOCTYTIRH. B pewune
2JIMHHUCTPATOPA NO3BOLICT PCIAKTUPOBATH JAHHBIC ABTOMOOMIBHBIX CHCTCM, VHHBCPCHUTCTA.
dakyabTeTa, KadheIp. CNCLMATPHOCTSH, NPerno laBaTeeH.

4. «Berbop aBTOMOOHIBHOM CHCTeMBI». [103BOMSIET BEIOPATh MY Th COXPAHSHUS OTHUETA, BRIOPATH
HCODXOAMMBIC W 33N01HMTL MO MHPOPMALMAM MO1B30BATCAA M NCPCATH K BLIOOPY CUCTCMbL A3
JHArHOCTHKH.

5. «[lpocMoTp wHpOpMaIMH 00 aBTOMODHMNBHON CHCTEMBl U MOITBEPIKICHHE BBIOOPAY.
[MozBoascT o3HakoMUTCs ¢ HHGOPMALNCH O BBIOPAHHON CHCTCMC, MOATBCPAMTDL BLIOOP M NCPCHTH K
padoTe ¢ CHCTEMOH HITM BEPHY ThCA Hasal k Onoxy «BriGop aBTOMOGH.IBHOH CHCTEMBI»,

6. «J/lHarHoCTHKA aBTOMOODH.IBHOM CUCTEMBI». [103BOIAET B3aUMOICHCTBOBATE KaK ¢ CaAMOH
ABTOMOOH/IBHOA CUCTCMOH. TAK M MPCATOKCHHBIMA HHCTPY MCHTAMU, 3AM0IHATH JAHHBIC A5 OTHUCTA U
NOC.I¢ 3aBEPIUECHHS PabOTHI MOTVYHTh OTHET.

Tecruporanue moayas «Tonnuenas cueremar

OaHoilt M3 CHCTCM. PCATH30BAHHON B NPOrpaMMHOM NPOIVKTC, SIBIICTCS TOIIMBHAN CHCTCMA.
Mocae ee BBIOOpA Mepea MOIB3OBATENEM OTKPBIBACTCA IKPAH. HA KOTOPOM OTOOPAKAOTCS. NMaHENb
VOPABICHUA, CXCMA CHCTCMBI. KHOTIKU 1151 BBI30BA COOTBCTCTBYFOLIMX BCIIOMOrATCABHBIX OKOH. KHOMKA
3QBCPLICHUSA BbINOIHCHAMS 1a00PATOPHON PadOThbl. TARMCP, KOTOPHIH NOKA3BIBACT BPCMSL, 3ATPAUCHHOC
Ha BBIMOJIHECHHUE, @ TAKKE MEHACT LBET B 3aBHCUMOCTH OT TOTO. KAKOH HHTEPBAT BPEMEHH MPOLIET. B
Npcacaax HOPMBL — 3CICHBIH. NPH HC3HAUNTCIBHOM NPCBBILICHUNA — OPAHKCBBIH, NPH AIMTCILHOM
BbIMO.IHCHAY 1abopaTopHOi padoTsl — KPACHBIA.

[Monb30BaTENb MOXKET 3aBECTH JIBHUTATETh NMPH MOMOLIM KITHOUA. PACTIONOKEHHOTO HA NMAHEIU
vopasacHus. Haxate Ha meaanb raza MOKHO OPU M3MCHCHHM NOIOAKCHUS MIOI3VHKA, PACMONOKCHHOIO
cIeBa OT kmoua 3axcuranng. Cretema BeeT ce0a Tak. kak Ben Obl ceds HACTOALINE aBTOMOOU.Tb. KaK ¢
TOMKY TIPEACTABIE HHOH HHPOPMALIMY HA CTHIOMETPAX, TAK W B 3BYKOBOM COMPOBOIKICHUH,

ITpu 3aBCACHHOM ABHraTeiICc OTOOPAKAKOTCI VKA3ATCAM B BHIAC CTPC/IOK. IMOKA3bIBAIOLUIIC
HampaBIeHUe JBMKEHUS TOMNMBA, a TOJ QopcyvHKkamu  oOpasyeTcs pacrblIIeMOe  TOTUTHEO,
XapakTepPHOE 114 UX peanbHoro pabotuero coctognud (puc. 3).

EEO N g T
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ISEE.  00:29

Puc. 3. UnuTanus paboTel IBHUraTe s

le/l HAQXKATHH HA KHOIKY OTYCTA OTKPOCTCA OKHO. B KOTOPOC MONBb30BATCIb MOJKCT AMUCATH
BCC INMPOACITAHHBIC JeHCTBHA, nOCKOHbK_\’ OKHO JOCTYTMIHO BCE BPCMsI. TO JAaHHBIC B HETO MOTVT
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BHOCHTbHCSL UTCPaunonHo. Braaaka «MuctpyMeHTh (puc. 4) COACPIUT UHCTPY MCHTBI, KOTOPBIC MOIYT
MOHAI0OUTBCS 115 MIOHCKA HEHMCIIPABHOCTH.

Pesearan yroamrmcen T

2 0 |

. 00:13

Puc. 4. Bxnaaxa « HTHCTPY MCHTBI»

B JanHOM mpuMepe BCe HHCTPYMEHTH 32 HCKITIOUEHUEM NPHOOpa 1,74 JUArHOCTUKU (OPCYHOK.
MOSKHO NICPCTACKMBATD MO IKPAHY M MPHCOCIAHITH K 31CMCHTAM CXCMBI CUCTCMbL. TOUKH COCANHCHIMA
TpoifHHKA M MaHOMeTpa 0003HAYEHBl OETBIM KPYTOM Ha MPOBOJAX, 4 MECTA. K KOTOPBIM MOXHO
NPHCOEIHHUTE LIVTIEL MY, TBTUMETPA, ODO3HAUECHBI MEPHBIMH TOUKAMH. YUHTHIBACTCS NPABUIBHOCTD
NOAKIFOUCHAMS (1Y NOB. ECTM MaHMMY JTS1ILMS! BBITOTHCHA HCIIPABUIIBHO, Npudop padortars He Oy.acT. [Ipu
CEPBESHBIX HAPYIIEHHUAX, CTIOCOOHBIX CTATh MPHUHHON TPABMBI, MOBPEKICHHA PHOOPA WTH H3Y HASMOH
CHCTCMbl aBTOMOOU 151, OV ICT BbIBCACHO COOOLICHUC O HAPY LICHHH TPCOOBAHUI TCXHUKKA OC30MacHOCTH
C HOCACAVIOIMM NPHHYAATCABHBIM 3aBCPIICHACM 1a00paTopHON padoTel, 3K3AMCHA WIM MHOH
NpoBEpKY 3HaHUH. TakMMM HapVIUCHUSMH MOTYT CTaTh TOMBITKA TOIKIMKYHTE Npudop mpH
32BC,ICHHOM IBHMIATC.IC MK MIPU HC CHATOM MPCIOXPAHUTCIC.

ITpu HaxkaTun HA VCTPOUCTBO 151 AUATHOCTUKU (OPCY HOK OTKPHIBACTCS HOBBIH 3KpaH {puc. 3),
Ha KOTOPOM OTPAAKEHBI: MPUOOP ANg JUATHOCTHKH (POPCYHOK: V.IBTPA3BYKOBASA BAHHA 114 MPOUHCTKU
(OPCYHOK. BCC BKIAIKH. YTO U HA OCHOBHOM, HO 0¢3 «MHCTPY MCHTBI». KHOTIKA BO3BPALICHUS OOPATHO
K OCHOBHOMY 3KPAaHy.

[TporpamMMHBIH TPOAYKT MOMOracT MONb30BATEN O3HAKOMHTBCA € MOPAIKOM OTPEALTICHUS
coctostHmsl (popevHok. Ecam mx nocacayiomasi NpoYucTKa B VJIBTPA3BVKOBON BAHHC HC NMPHHOCHT
TIOJIOAKHTE THHOTO PE3V.IBTATa, BHITIOTHACTCS 3aMEHA HA HOBBIC,

LAUNCH

Puc. 3. Auarnoctuka (opcy HOK

Oruer o npoaeranHoit pabota Qopmupyvercs aproMaTHuecku, OH  COIEPKUT  BCKO
HeoOXOanMyio uHbopmaimio (puc. 6). Ilpu zaBcpumicHHM padoOTH M3-3a HAPVUICHUS TPCOOBAHUI
TEXHUKH O¢30MacHOCTH, COOTBETCTBY FOILAd HHPOPMALIMA TAKKE OTPAKACSTCA B OTHETE,
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MITHIICTEPCTBO OBPA3SOBAHIIA PECITIVBIIIKIT EETAPYCH

Vuperaermie 00pa3obaHua «[[OI0UREN TOCYIAPCTBEHHBIR YHUBSPCHATRT HMEHH

Eedrpocunnmn [onoukoit

Kajenpa aBToNMOORMEEOTO TPAECOOPTA
MexaRHKO-TEXEQTOTEHECKEH ( AKVIhTeT

Oraer x n1abopaTopHoil pabote «TommEBRAN CHCTEMAY

Cryaerr: CeMeBYeHK0 FKATEPHAES AHIPRBHI
I'pymna: 24n-HIT]

Bpena Rawara sEIOMHEERN: 26 MapTa 2025 0 10:32:20
Bpena 0RCEI2ARA REMoNECREA: 26 Mapra 2025 . 19:38:20
Obmee Bpendn BEmoaeEEs: (K):05:50

CocTosERE CBCTEME. CHCTEMA HCTIpaBHA

THEn cECTEMBL. TOTMHRHAT CHOCTENMA

IpE=EEa BcBIpasEOcTH. OIHA B3 HOPCVHOK KA9aeT TOILTHEA HA 370 MEHBIIE OCTATBHELX

TpEEEa OpEHY JHTEVHAOFO JAECPIITHEA Bl WIHCHEA Ja0opaTopHoH padoTal: He Gputo cOEApyAeHO
NPHTHH 179 IIPHEYIHTEIBHOTO 3ABEPIICHHA BHIOTHEHAA TA00PATOPECH PAGOTH.

Xoa paborm

JBHraTe Ty 2aBOIHICA € NEPEOH DomLTHE. C TPk Koletnerca Mexay 600 B 900 Maxcmvuamaoe
XOIIEYECTBO 000POTOR — 000, MagoMeTp DoKa3EB2eT 3 0apa [IPE [IEPBOM IOTIOKE HHH KWIOTA K OPE
HAAATHH HA 0eJATs 133, My bLTEMeTp NoxxEBaeT 12 B TpH nepeo NOTodeHH: Krova ¥ 14 B npe
3AB€ACHEOCM JBHTATEIE.

DrimH mpoBepernl GopcyEiH. (MTHA B3 HEX Ka9ata 30 M1 TOIEBA. B TO BPEMA KAk 0CTATBABIE — 70 ML
TlpogacTRA GOPCYEOK He JATa EHKAIGK peav.IsTaros. [locae 3aMeHs! QopeyHid Bee 4 CTATH »093rs 0o 70
M1 JIBETATETE 2ABOIETCA ¢ TepBore pata. Crperxa ookazumaer 900 o6eporTas. MakcmatsHoe
xomrgecTeo — G000,

TIpHIHHA HeHCOPEBEOCTE: OTHA B3 GOPC¥HOK B HeHCIPABHOM COCTOANHEH.

Prc. 6. [1puriep cOIEP:KAHHA OTHETA, KOTOPBIH OBLIT COCTABJIEH MOCIE 3ABEPIICHHS PA0OTHI C CHCTEMON.
HHHIHHPOBAHHOH MOIB30BATETIEM

JaknwueHHe

Takny o0pazoM, npea1aracMoc CPEACTBO MICKTPOHHOro o0vucHms «OOGwee vCTpoHCTBO U
JHArHOCTHPOBAHUE TENHHUECKOTO COCTOSAHHA aBTOMOOWIS» MO3BONACT ©OONEE WHPOKO I THOKO
BHCAPSITh HHHOBALIMOHHBIM AMAAKTHUCCKHUI MCTO1 AKTHBHOrO 00YUCHMSI B OOPA30BATCAbHBIN MPOLICCE
kadeapsr  aBTOMOOUIBHOTO TpaHcmopTa [loNOUKOrO TOCYAAPCTBEHHOTO YHUBEPCUTETA HMEHH
Espocrnnn [Tonouxoi myTeM HCMOIB30BAHUA NMPHIOKEHUS KAK HA JTane MOIrOTOBKH, Tak TPH
KOHTPO.1C 3HAHUH VIKC PadOTAIIHX COTPY AHMKOB NPCANPUITHI aBTOMOOH IbHOH oTpacu. [loBcacHuc
CHUCTEM, KOTOPBIE PEANUZOBAHBI B JaHHOM MPOrPAMMHOM TMPOAVKTE. MaKCHMAIBHO MPUOTHIKEHBI K
PEATBHBIM pesickiMan padoThl CUCTEM aBTOMOOUINA,

120



AN ELECTRONIC TOOL FOR STUDYING THE GENERAL STRUCTURE AND
PRINCIPLES OF DIAGNOSING THE TECHNICAL CONDITION OF A CAR

E A SEMENCHENKO. V.V. KOSTRITSKIY, R P. BOHUSH

Abstract, This article discusses the features of creating an electronic learning tool (e-Leaming Tool)
«An electronic tool for studying the general structure and principles of diagnosing the technical
condition of a cam» for students to study the device and diagnose the technical condition of the car.
The developed functional scheme of e-Leaming Tool and the software implementation of e-Leaming
Tool based on it are presented. The features of use., examples of the work of e-Leaming modules are
described. the general structure of the report formed based on the results of studying the material by
students is presented.

Neyvwords: mechanical engineer. interactive education. simulator.
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