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PROMOCIJAS DARBA APROBACIJA

Promocijas darba izstrades laika publicétas 11 zinatniskas publikacijas
(indeksétas Web of Science un SCOPUS datubazes). Peétjjumu rezultati
prezentéti 6 zinatniskas konferences.

Publikacijas visparatzitos recenzéjamos zinatniskos izdevumos:

1.

Bumanis, N. (2020). Data fusion challenges in precision beekeeping: a
review. Research for Rural Development. In proceedings of 26th
international scientific conference “Research for Rural Development”,
vol. 35, pp. 252.-259, DOI: 10.22616/rrd.26.2020.037. Autora devums:
sagatavots visu nodalu teksts;

. Bumanis, N., Komasilova, O., Komasilovs, V., Kviesis, A., & Zacepins,

A. (2020). Application of Data Layering in Precision Beekeeping: The
Concept. In 2020 IEEE 14th International Conference on Application of
Information and Communication Technologies (AICT), pp. 1-6, article
number 9368733, DOI: 10.1109/AICT50176.2020.9368733. Autora
devums: sagatavots visu nodalu teksts;

. Vitols, G., Bumanis, N., Arhipova, I., & Meirane, I. (2021). LIiDAR and

Camera Data for Smart Urban Traffic Monitoring: Challenges of
Automated Data Capturing and Synchronization. In International
Conference on Applied Informatics. Applied Informatics (Q4), 2021, vol.
1455, pp. 421-432, DOI: 10.1007/978-3-030-89654-6_30. Autora
devums: darbs pie datu sinhronizacijas risinajuma, datu
sinhronizacijas koncepta un ievesta risinajuma nodalas izveide, datu
sinhronizacijas risinajuma vizualizacija; darbs pie secinajumu
nodalas;

Bumanis, N., Vitols, G., Arhipova, I., & Solmanis, E. (2021). Multi-
object Tracking for Urban and Multilane Traffic: Building Blocks for
Real-World Application. In proceedings of the 23rd International
conference on Enterprise Information Systems (ICEIS), 2021. vol. 1, pp.
729-736, DOI: 10.5220/0010467807290736. Autora devums:
sagatavots visu nodalu teksts.

Bumanis, N., Arhipova, |., Paura, L., Vitols, G., & Jankovska, L. (2022).
Data conceptual model for smart poultry farm management system.
Procedia Computer Science (Q2), vol. 200, pp. 517-526, DOI:
10.1016/j.procs.2022.01.249. Autora devums: datu kopu noteikSana,
datu glabatuves arhitektiiras izveide, kiberfizikala modela un datu
glabatuves arhitektiras nodalu teksta sagatavoSana; darbs pie
secinajumu nodalas;

Paura, L., Arhipova, I., Jankovska, L., Bumanis, N., Vitols, G., &
Adjutovs, M. (2022). Evaluation and association of laying hen
performance, environmental conditions and gas concentrations in barn
housing system. Italian Journal of Animal Science (Q1), 21(1), 694701,
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DOI: 10.1080/1828051X.2022.2056528. Autora devums: datu kopu
noteik$ana, analizes rezultatu parbaude;

. Bumanis, N., Vitols, G., & Meirane, I. (2022). Data Fusion of Video and

LiDAR traffic surveillance data: Practical Assessment of Implemented
solution at Jelgava City. In proceedings of 21st international scientific
conference “Engineering for rural development”, vol. 21, pp. 478-488,
DOI: 10.22616/ERDev.2022.21.TF166. Autora devums: sagatavotas
nodalas — materiali un metodes, rezultati; darbs pie secinajumu
nodalas;

Bumanis, N., Kviesis, A., Tjukova, A., Arhipova, ., Paura, L., & Vitols,
G. (2023). Smart Poultry Management Platform with Egg Production
Forecast Capabilities. Procedia Computer Science (Q2), vol. 217, pp.
339-347, DOI: 10.1016/j.procs.2022.12.229. Autora devums:
sagatavots — nodalas ievads, rezultati; darbs pie secinajumu nodalas;
Bumanis, N., Kviesis, A., Paura, L., Arhipova, I., & Adjutovs, M. (2023).
Hen Egg Production Forecasting: Capabilities of Machine Learning
Models in Scenarios with Limited Data Sets. Applied Sciences (Q1), vol.
13 (13), 7607, DOI: 10.3390/appl3137607. Autora devums:
sagatavotas nodalas — ievads, materiali un metodes; darba pie
nodalam rezultati, diskusija, secinajumi;

10. Arhipova, 1., Bumanis, N., Paura, L., Berzins, G., Erglis, A., Vitols, G.,

1.

Ansonska, E., Salajevs, V. and Binde, J. (2023). Optimizing Transport
Network to Reduce Municipality Mobility Budget. In Proceedings of the
5th International Conference on Finance, Economics, Management and
IT Business, 2023. vol. 1, pp. 38-47, DOI: 10.5220/0011941500003494.
Autora devums: ievada nodalas sagatavoSana, darba pie nodalam
materiali un metodes, rezultati;

Bumanis, N. (2024). Overcoming Data Limitations in Precision Poultry
Farming: Processing and Data Fusion Challenges. Procedia Computer
Science, 232, 2302-2309. Autora devums: sagatavots visu nodalu
teksts.

Pétijumu rezultati prezentéti $adas zinatniskas konferences:

1.

“Data fusion challenges in precision beekeeping: a review”, 26. ikgadgja
zinatniska konference “Research for Rural Development™, 13.05.2020.—
15.05.2020., Jelgava, Latvija;

. “Application of Data Layering in Precision Beekeeping: The Concept”,

14. ikgadgja starptautiska konference “Application of Information and
Communication Technologies”, 07.10.2020.-09.10.2020., tie$saistg,
Taskenta, Uzbekistana;

“LiDAR and Camera Data for Smart Urban Traffic Monitoring:
Challenges of Automated Data Capturing and Synchronization”, 4.
starptautiska zinatniska konference “Applied Informatics™, 28.10.2021.—
30.10.2021., tieSsaiste, Buenosairesa, Argentina;



4,

“Data Fusion of Video and LiDAR traffic surveillance data: Practical
Assessment of Implemented solution at Jelgava City”, 21. starptautiska
zinatniska konference “Engineering for Rural Development”,
25.05.2022.-27.05.2022., Jelgava, Latvija;

. “Smart Poultry Management Platform with Egg Production Forecast

Capabilities”, 3. starptautiska zinatniska konference “Industry 4.0 and
Smart Manufacturing”, 02.11.2022.-04.11.2022., Linca, Austrija;
“Overcoming Data Limitations in Precision Poultry Farming: Processing
and Data Fusion Challenges”, 4. starptautiska zinatniska konference
“Industry 4.0 and Smart Manufacturing”, 22.11.2023.-24.11.2023.,
Lisabona, Portugale.



IEVADS

Misdienas lietu internets jeb angliski 10T (Internet of Things), kas ietver
sensorus, aparatiru un programmatiiru, ir kluvis par bitisku informacijas
sistémas dalu (Nizeti¢ et al., 2020). Tas piedava iespg&jas ieglit informaciju par
notiekoSajiem procesiem, izmantojot sensorus, ka arT no argjam un/vai saistitam
sisttmam. Prognoz&jams, ka, ja tiks pilniba izmantots ta potencials, 10T varétu
klat par vienu no izcilakajiem tehnologiskajiem sasniegumiem (Alam et al.,
2016). 10T ir nepiecieSams starpnozaru uzraudzibas vai parvaldibas sistemu
izstradei (M. Zhang et al., 2021). Daudzas nozarés 10T ievieSana ir veicinajusi to
parveido$anu par viedajam nozarém, piem&ram, precizai biskopibai (Zacepins et
al., 2015) un precizai putnkopibai (Astill et al., 2020).

Saistiba ar to, ka 10T specifikacijas nav vienotas, katrs autors — gan pétnieks,
gan izstradatajs — izvelas sev atbilstosako sensoru, aparatiiras un programmattiras
kombinaciju. Sada pieeja noved pie sistemu atskiribam, kas atklajas dazados datu
formatos un mérvienibas. 10T sistémas ietvaros viens un tas pats objekts var tikt
detektSts ar vairakiem sensoriem, radot dazadus datus, vai ar1 objekts var
atrasties tikai viena sensora redzesloka. Sadas situacijas var izvéléties vairakus
datu avotus, apvienojot skaidru skatu sniedzosa sensora datus ar ieprieks iegtito
informaciju (pieméram, datiem vai pédam) no cita sensora, lai precizak atjaunotu
objekta stavokli (N. E. El Faouzi & Klein, 2016).

10T datu apvienoSanas procesa tomér biezi rodas datu kvalitates problémas,
ipasi trikstoSo datu un novirzu gadijuma. Sensoru uzticamiba ne vienmér ir
pilniga, un var biit grutibas iegiit konsekventus datus, kas apdraud precizu analizi
un lémumu pienemsanu. Sis problémas Tpasi izpauzas sarezgitos vides apstaklos,
kur sensori nespgj pilniba fiksét nepiecieSsamos datus (Kratkiewicz et al., 2019).

Pétnieciba biezi sastopamies ar ierobeZotu datu problému, kad ne vienmér ir
iespejams iegiit pietiekamu informaciju par pétamo objektu vai procesu. Sads
datu trukums batiski ierobezo izpratni par p&tamo paradibu. Tas ne tikai
apgriitina padzilinatu analizi, bet arT rada sk&rslus precizu prognozu izveid€ un
modelu apmaciba. Sadas situacijas pétnieki meklé radosus risinajumus,
pieméram, apvieno datus no dazadiem avotiem, izmanto datu papildinasanas
metodes vai pat rada maksligus datus. Tomér katrai no $Tm pieejam ir savi
ierobezojumi. Maksligi raditie dati var neatbilst realas sist€émas uzvedibai,
tadgjadi radot maldinoSus secinajumus. Musdienas, neskatoties uz ievérojamo
progresu datu vakSanas tehnologijas, joprojam ir nepiecieSams pielagot analizes
metodes katram konkrétam uzdevumam (Kratkiewicz et al., 2019). Viens no
perspektivakajiem risindjumiem ir vairaku avotu datu apvienosana, kas lauj iegtit
pilnigaku prieksstatu par pétamo sistému un atbildét uz jautajumiem, kurus nav
iesp&jams risinat ar viena avota datiem.

Galvenais datu apvienoSanas mérkis ir padarit informaciju no dazadiem
avotiem un sensoriem saprotamaku un precizaku, pat ja atseviski sensoru dati var
Skist nepietickami informativi. Datu apvieno$ana, ka to skaidro Hall un Llinas
(Hall & Llinas, 2016), ir pieeja, kas apkopo dazadu avotu informaciju — gan
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sensoru mérfjumus, gan saistitos datus no datubazeém. Sada pieeja lauj par
pétamo objektu ieglt pilnigaku un precizaku prieksstatu, neka tas biitu
iespgjams, izmantojot tikai vienu datu avotu. Informacijas apvienoSana no
dazadiem sensoriem, kas méra atkirigas fiziskas pazimes, palidz labak izprast
apkartgjo vidi un nodrosina izskiroSu pamatu planosanai, lémumu pienemsanai
un autonomu sistému vadibai (Alam et al., 2017). Sakotngji datu apvieno$ana
galvenokart tika izmantota datu analizei militaros noliikos, bet tagad ta ir
implementéta daudzas jomas un nozarés (Noh, 2020; Shi et al., 2019; Sun et al.,
2022).

Promocijas darba autors datu apvieno$anu analizé dazadas starpnozaru
jomas, tostarp precizaja biskopiba, precizaja putnkopiba, ka arT objektu
detektesana un izsekosana transport€sanas joma. Preciza biskopiba ir nozare, kur
l0T tehnologijas ir kluvuSas neatsverami nozimigas efektivitates un raziguma
sasnieg8anai (Debauche et al., 2018). Datu iegiiSana Seit notiek, galvenokart
izmantojot bezvadu tehnologijas (Huet et al., 2022) un instrumentus, kas lauj
regulari nositit lielus datu apjomus. Lai gan 10T tehnologijas precizaja biskopiba
tiek izmantotas jau vairak neka desmit gadu, datu apvienosana $aja konteksta
biezi ir ierobezota lidz zemaka limena sensoru datiem (Rafael Braga et al., 2020).
Tade] vidgja un augstaka limena datu apvienoSana joprojam ir aktuala problema
$aja nozaré (Bumanis, 2020; Bumanis et al., 2020). Objektu detektésana un
izsekoSana ir biezi sastopamas jomas, kuras plasi pielieto datu apvienoSanu.
Tehniska aspekta $adus risinagjumus biezi saista ar viedpilsétu (Smart City)
konceptu, jo tie tiek izmantoti apdzivotas un publiskas vietas (Lau et al., 2019).
Dazi no galvenajiem pielietojumiem ir satiksmes uzraudziba un viedo transporta
sistému izstrade (Kim & Jeon, 2014). Pieméram, satiksmes uzraudzibas sist€émas
biezi tiek kombinéti LIDAR un videokameru dati, lai uzlabotu informacijas
precizitati (Manogaran et al., 2021). Lai gan satiksmes uzraudzibas sistémam
pilniga datu apvienosanas ievieSana var nebiit obligata, $is metodes iesp&jams
veiksmigi izmantot ari citas, specifiskas, lietojumprogrammas (Y. Han & Hu,
2020). Salidzinajuma ar precizo biskopibu preciza putnkopiba 10T joma ir
attistijusies ievérojami talak (Lashari et al., 2019). Saja nozaré tiek vakti dati par
putniem, to produktiem, piem&ram, galu un olam, ka arT par apkartgjiem
apstakliem, kas ietekmeé dzivnieku veselibu, fermu produktivitati un kopgjo
efektivitati (Singh et al., 2020). Datu apvienoSana $aja konteksta tiek izmantota
dazadu problému risinasanai, pieméram, putnu veselibas uzraudzibai (Muneer et
al., 2020) un galas kvalitates novérteésanai (Khulal et al., 2017). Tomer datu
apvienoSana produktivitates mérfjumiem joprojam nav plasi izmantota
(Bumanis, Arhipova, et al., 2022).

Ipasi datu kvalitates un ierobeZoto datu kontekstd datu apvieno$anas
ievie$ana ir vairaki izaicinagjumi (Khaleghi et al., 2013), starp tiem:

o triikkstoSie dati, kas rodas sensoru nespgjas dél konsekventi nodroSinat

pilnigus datus;

e neprecizitates un novirzes, ko rada sensori, kas ietekme datu ticamibu un

uzticamibu;



e nckonsekvences un neskaidribas datos, kas rodas sensoru darbibas
mainigos vides apstaklos ietekmg;

e datu pretrunas, kas rodas, piemérojot metodes, pieméram, pieradijumu
parliecibas argumentaciju un DST jeb Dempstera-Safera teorijas
(Dempster-Shafer theory) kombinacijas noteikums (Yin Liu & Zhang,
2022);

e ierobezoti un heterogéni dati, kas dazkart var biit nepietickami vai
neviendabigi dazadam datu modalitatem;

e sensoru trok$na raditas datu novirzes, kas ietekm& merjjumu precizitati
un izraisito korelaciju;

e datu registréSanas problémas, kas rodas nepilnigiem vai kladainiem datu
ieguves mehanismiem.

Katrs no $iem izaicinajumiem parasti (Bakr & Lee, 2017) tiek risinats
individuali, fokusgjoties uz konkréto problému, nevis izmantojot visparju
pieeju. Alternativi, ja pieejami vairaki sensori, kas nodrosina informaciju par
vienu pétamo objektu, var izmantot datu apvienoSanu. Ta lauj risinat tadus
uzdevumus ka problematisko datu labosanu (C. Huang et al., 2019), datu
uzticamibas uzlabosanu (Hong et al., 2009), datu pilniguma palielinaSanu
(Consoli et al., 2015) un augstaka Iimena informacijas iegtisanu (Jayasinghe et
al., 2019).

Datu apvienosanas metodiku klasifikacija atspogulo to sp&jas apstradat
dazadus datu un informacijas veidus. Pg&tnieki ir izstradajusi vairakas
klasifikacijas sisttmas $o metodiku strukturé$anai (Becerra et al., 2021). Tris
butiskakas klasifikacijas dimensijas — abstrakcijas Ilimeni, datu avotu
savstarpgjas attiecibas un ievades-izvades attiecibas — veido metodiku
sistematizacijas pamatu. Sads iedalfjums atspogulo fundamentalas sakaribas
starp datu veidiem un to apstrades posmiem. Abstrakcijas Ilimenu klasifikacija
piedava struktur€tu ietvaru, kas sastdv no Cetriem Iimeniem. Signalu ltmena
apvienosana veic sensoru signalu tieSu apstradi, kamér pikselu Iimena
apvienoSana nodroSina att€lu datu integraciju. Talak pazimju [imena apvienoSana
parveido signala datus raksturigajas pazimes, bet simbolu (Iémumu) limena
apvienosana att€lo rezultatus simboliska forma. Otra nozimiga dimensija skata
datu avotu savstarpgjas attiecibas, izdalot tris galvenos veidus. Pirmais ir
papildinosa apvienosana, kas paplasina kopgjo informacijas apjomu, apvienojot
datus no dazadiem avotiem. Otrais ir dubl&josa apvienosana, kas uzlabo datu
kvalitati, izmantojot vairakus datu avotus vienlaikus. TreSais ir savstarpgjas
sadarbibas apvienoSana, kas lauj radit pilnigi jaunu informaciju no vairakiem
datu avotiem. Tresa dimensija apliiko ievades-izvades attiecibas, kur galvenais
princips ir datu parveide augstaka limena informacija. Saja procesa sakotngjie
dati tiek parveidoti noderigaka forma, piemeram, pazimes vai konkrétos
lémumos.

Pétnieki (Alam et al., 2017; Becerra et al., 2021; Castanedo, 2013; Khaleghi
et al., 2013; J. Liu et al., 2020) izdala dazadus datu apvienoSanas arhitekttiras
modelus. Starp popularakajiem modeliem izcelas JDL datu apvienoSanas
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modelis jeb JDL (Joint Directors of Laboratories). JDL, bidams viens no
pirmajiem datu apvienoSanas modeliem, biezi tick izmantots ka atsauces punkts
pargjo modelu salidzinaSanai atbilstosi ta arhitektiiras limeniem (Becerra et al.,
2021). Tomér pastavosas arhitektiras ne vienmér tiek tie§i pielietotas
praktiskajos uzdevumos. Lietojumprogrammas biezi veido savas specifiskas
datu apvienoSanas arhitektliras, kas tiek pielagotas konkrétam vajadzibam,
piem@ram, viedo transporta sistému apstradé (N. E. El Faouzi & Klein, 2016;
Guerrero-Ibafiez et al., 2018). Sada pieeja izriet no izpratnes, ka datu
apvienosanas biitibu nosaka ne tik daudz tas arhitektiira, cik paSas apvieno$anas
metodes, ar kuram tiek veikta datu apstrade.

Datiem, p&c to analizes un apstrades, ir bitiska vizualizacija, jo ta lauj
parskatami nodot informaciju galalietotajam. Vizualizacijas pieeja liela méra ir
atkariga no ta, kadus datus ir nepiecieSams attélot un cik intuitivai jabut
vizualizacijai. Cilvéka iejaukSanas $aja procesa ir butiska, jo kvalitativa
vizualizacija lauj zinatniekam ne tikai labak izprast savus datus, bet arl par
saviem atklajumiem informét citus (Lau et al., 2019; Parish & Edmondson, 2019;
Weissgerber et al., 2019). Lai sasniegtu $os m&rkus, tiek izmantoti dazadi riki un
panémieni, kas lauj izveidot grafikus, kas balansg starp vizualizacijas efektivitati
un pielagojamibu (Waskom, 2021). Ja datu apstradei ir geografiskais konteksts,
vizualizacijas iespéjas klist vél daudzveidigakas. Saja gadijuma var izmantot,
pieméram, flizu kartes (Puzzle tile maps) (Lin et al., 2019) vai telpiskos punktu
makonus (Point cloud) (Schneider et al., 2020), kas ir ipasi noderigi LiDAR datu
att€losanai (Deibe et al., 2019; Shirowzhan et al., 2020). Kaut ar7 pastav daudz
dazadu veidu, ka att€lot datus, visbiezak tiek izmantoti tie panémieni, kurus ir
vienkar$ak un atrak izveidot un kuri padara datus vieglak saprotamus (Qin et al.,
2020).

Datu apvienoSanas galvena probléma ir nepilnigu un pretrunigu datu
parvaldiba no dazadiem avotiem, kas apgriitina precizas un uzticamas
informacijas ieglisanu.

Merkis un uzdevumi
Promocijas darba meérkis ir izveidot metodologiskus risinagjumus datu
apvienosanai un kvalitates uzlabosanai, lai paaugstinatu datu analizes efektivitati
un precizitati, nodrosinot dzilaku un pamatotaku ieskatu izp&tes joma.
Merka sasniegSanai tika definéti $adi darba uzdevumi:
1. izpetit datu kvalitates raksturlielumus un uzlaboSanas pan@mienus
sensoru generétiem datiem p&c to pilniguma un precizitates krit€rijiem
(sk. 1. nodalu);
2, izpétit pastavoSas datu apvienoSanas pieejas, tai skaita noteikt to
klasifikacijas un darbibas principus (sk. 1., 2., 3. nodalas);
3. izstradat datu apvienoSanas metodi vairaku avotu datu savstarp&jas
saistibas vizualizacijai, balstoties uz svarigako periodu noteiksanu (sk. 4.
nodalu);
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6.

. parbaudit izstradato metodi precizas putnkopibas problematikas joma (Sk.

5. nodalu).

izstradat datu kvalitates (p&c pilniguma un precizitates kriterijiem)
uzlaboSanas metodi trikstoSo vertibu aizvietoSanai un novirZu
pielagosanai (sk. 6. nodalu);

veikt izstradato metoZu noverté$anu (sk. 6. nodalu);

Pétfjuma metodes
Izmantoto petijumu metozu klasts ietver:

zinatniskas un citas informacijas avotu analizi;

salidzinasanu, indukciju, dedukciju un slédzienu veidosanu;

metozu izstradi un testéSanu Python programmeésanas valoda:

o datu kvalitates uzlaboSanas metozu izveidei, ieskaitot triiksto$o
vertibu aizvietoSanu (metodes: ARIMA, modificéta standarta vidgja
svérta metode (MSVSM) un novirzu noteik$anai un pielagosanai —
multi-skalas integréto novirZu analizes metodi (MINA));

o datu apvienosanas metodes izveideli;

izstradato metoZu noveértéjumu, izmantojot validacijas kopas.

Zinatniskais jauninajums un praktiska vertiba

Ir izveidota datu slanoSanas metodes koncepcija, kas balstita uz divam
datu analizes pieejam: adaptivo svertas interpolacijas datu apvienoSanu
un uz galveno komponentu analizi (PCA) balstitu datu apvienoSanu.
Adaptiva svertas interpolacijas metode nodrosina sakotn&jo svérto vertibu
iegliSanu, izmantojot lietotdja defintus svarus un automatisku
interpolacijas izlidzinasanas parametru pielagosanu, savukart PCA tiek
optimiz&ta vienas galvenas komponentes iegiiSanai, kas atspogulo
domingjoso tendenci datos, automatiski pielagojoties parametru
savstarpgjam korelacijam. Datu slanoSanas koncepcijas rezultats ir abu
metozu ieglito vertibu parklasanas zonu vizualizacija un kvantitativs
novertejums, kas, izmantojot trapeces likumu, attelo un aprékina kopigo
nozimigo regionu proporcijas ar pielagojamiem sliekSniem.

Ir izstradatas divas kombinétas metodes datu kvalitates uzlabosanai:

o  trikstoSo vertibu aizvietoSanas modificta standarta vidgja svérta
metode (MSVSM) ir izveidota, apvienojot vairakas pieejas:
dinamisko tuvako kaiminu svaru noteikSanu, kas balstas uz
trikstoSo vertibu attalumu un daudzumu no esoSajiem punktiem,
gabaliem definéto kubisko Ermita polinoma interpolaciju
(Piecewise Cubic Hermite Interpolation Polynomial, PCHIP) datu
tendences noteikSanai, ka arT trenda izlidzinasanu ar slidosa vidgja
algoritmu. Tas nodro$ina adaptivu risinagjumu dazada veida datu
anomalijam, vienlaikus saglabajot gan lokalas datu Ipatnibas, gan
globalo tendenci;
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o novirzu noteikSanas un pielagosanas metode — multi-skalas integréto
novirzu analizes metode (MINA), kas apvieno: adaptivu vairaku
merogu rito$a loga analizi ar robustam statistikam (izmantojot
medianas absoliito novirzi, MAD), vinsorizaciju ekstremalo vertibu
apstradei, un daudzlimenu z-vertibu analizi ar konsensa mehanismu.
Metode ietver arT trenda novirzu detekt€$anu, izmantojot Savitzky-
Golay filtru, un kontekstualu sliek$nu pielagosanu, balstoties uz
lokalo datu variabilitati. Tas nodroSina efektivu gan lokalo, gan
ekstremalo datu novirzu identifikaciju un pielagosanu, vienlaikus
saglabajot biitiskas datu statistiskas Ipasibas un sezonalitati.

Praktiska aprobacija

Promocijas darba praktiska veértiba ir darba gaita iegiito zinasanu un atzinu,
ka ar1 izstradato datu apvienoSanas un datu kvalitates uzlabo$anas metozu
pielietosana problemorientéto uzdevumu risinasanai $ados pétniecibas projektos:

“Apvarsnis 2020” projekts “Futiiristiski bi§u stropi viedajai metropolei”.
Autora devums: datu slanoSanas koncepcijas izstrade biSu stropa
novieto$anas pozicijas noteikSanai, balstoties uz vairaku avotu datiem
(Futaristiski bisu stropi viedajai metropolei (HIVEOPOLIS) (HOR5),
2019);

darbibas programmas “Izaugsme un nodarbinatiba” 1.1.1. specifiska
atbalsta mérka “Palielinat Latvijas zinatnisko institiiciju p&tniecisko un
inovativo kapacitati un speju piesaistit argjo finans€jumu, ieguldot
cilvékresursos un infrastruktiira” 1.1.1.1. pasakuma “Praktiskas ievirzes
pétijumi” projekts 1.1.1.1/19/A/145 “HENCO2: Makondatu vide balstita
IT platforma putnkopibas produktivitates uzlabosanai un siltumnicefekta
gazu emisiju samazinasanai”. Autora devums: datu kvalitates metozu
izstrade, balstoties uz projekta datu kvalitates trikumiem; izstradato
metozu pielietosana olu Tpatsvara prognoz€Sanas risindgjuma izstradei;
masinmaci$anas modelu veiktspgjas novertejums (HENCO2: Makondatu
videé balstita IT platforma putnkopibas produktivitates UzlaboSanai un
Siltumnicefekta Qazu emisiju Samazinasanai — ER32, 2020);

“Apvarsnis 2020” programmas ERA-NET Cofund projekts “Individualie
mobilitates budzeti ka socialais un &tiskais pamats oglekla emisiju
samazinaSanai”. Autora devums: sabiedriska transporta un mobila
sakaru tikla datu apvienoSana (Individualie mobilitates budzeti ka
Socialais un etiskais pamats oglekla emisiju samazinasanai
(MyFairShare) (2v91), 2021);

SIA “WeAreDots” un zinatniski tehniskas firmas “Lasma” pétjjums Nr.
1.12. “Multiobjektu detektéSana un izsekoSana transportlidzeklu
satiksmes novéro$anai: 3D-LIDAR un kameras datu apvieno$ana”.
Autora devums: multiobjektu detekteSanas risinajumu izpéte; video
plismas un 3D-LiDAR datu kopu sinhronizacijas risinajuma uzlaboSana
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(Multiobjektu detektésana un izsekosana transportlidzeklu satiksmes
novérosanai: 3D-LiDAR un kameras datu apvienosSana, 2020).

Pétijuma tezes

o Lietu interneta (10T) sistémas iegtitie datu analizes rezultati ir atkarigi no
datu kvalitates uzlaboSanas metozu pielietosanas, kas TpaSi svarigi
ierobezota datu apjoma vai nepilnigu datu gadijumos, nodro§inot ticamu
un precizu lémumu pienemsanu.

e Apkopojot vairakus datu kvalitates uzlaboSanas panémienus, iesp&jams
izveidot adaptivu datu pirmsapstrades metodologiju, kas efektivi
pielagojas dazada veida datu anomalijam un nevienméribai, nodrosinot
stabilaku un precizaku rezultatu turpmakajas analizes un modeléSanas
fazes.

e Ir iespgjama nepilnigo datu interaktiva apstrade un vizualizacija,
izmantojot izstradatas datu apvieno$anas un datu kvalitates uzlabosanas
metodes.

Promocijas darba struktiira un apjoms

Promocijas darbs ir sarakstits latvieSu valoda, satur anotaciju, ievadu, 6
nodalas, secinajumus, literatiiras sarakstu, 58 att€lus, 15 tabulas, 3 pielikumus,
kopa veidojot 140 lappuses. Darba veiktas atsauces uz 318 literatiiras avotiem.

1. PETIJUMA AKTUALITATE

10T, kas apvieno sensorus, aparatiiru un programmatiiru, ir kluvis par svarigu
informacijas sistému elementu (Nizeti¢ et al., 2020). Visprogresivakas loT
lietojumu jomas ir saistitas ar Industriju 4.0 (Osterrieder et al., 2020), viedas
pilsétas koncepciju (Eremia et al., 2017), transportu (Porru et al., 2020) un
lauksaimniecibu (Villa-Henriksen et al., 2020). 10T sensoru tikli darbojas tris
virzienos: uztver informaciju no vides, seko lidzi sist€émas iek$€jiem procesiem
un parveido datus lémumu pienemsanai (Govinda & Saravanaguru, 2016; Sanyal
& Zhang, 2018). Sistemam raksturiga universala savienojamiba un dinamiskums
(Patel et al., 2016; El-Mawla & Badawy, 2023), kas ir butiski starpnozaru
uzraudzibas un parvaldibas sistému izstradé (M. Zhang et al., 2021). Kviesis un
Zacepins (2015) norada uz sensoru sisteému tehniskajiem ierobezojumiem —
ierobezotu skaitloSanas jaudu un atminas resursiem. l0T sisteémas galvenie
izaicinajumi ir trok$na samazinasana (G. Han et al., 2022), novirzu noteikSana
(Gaddam et al., 2020), trukstoSo datu aizvieto$ana (Yuehua Liu et al., 2020) un
datu apkoposSana (Sanyal & Zhang, 2018). Multimodala datu apvienoSana
apvieno dazadu avotu informaciju vienota forma (Castanedo, 2013), un to
izmanto klasifikacijai, regresijai, klasteru veidosanai un dimensiju
samazinasanai (Bokade et al., 2021).

loT konteksta “dati” primari attiecas uz neapstradatiem sensoru signaliem vai
radfjjumiem (Jifa & Lingling, 2014), biezi sajaucoties ar citu informaciju plasaka
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informacijas telpa (Nasution et al., 2021). Datu apvienoSanas process ietver
noteiktus datu objektus, kas var buit gan neapstradati signali no iericeém, gan
apstradati dati, kas piesaistiti realam objektam (Beddar-Wiesing & Bieshaar,
2020). DIKW (Data, Information, Knowledge, Wisdom) modelis (Bellinger et al.,
2004) skaidro, ka datu attiecibu analize rada informaciju, informacijas modelu
izpéte veido zinasanas, un zinasanu pamatprincipu apguve noved pie gudribas.
Sis modelis tick izmantots lielo datu jautdgjumu risinasanai (Nasution et al., 2021)
un tiek uzskatits par datu apvieno$anas modeli (Becerra et al., 2021).

JDL modelis (White & Steinberg, 1998) definé apvienosanu ka datu un
informacijas asoci€Sanu, korelaciju un kombingSanu no viena vai vairakiem
avotiem. Sensoru sistému konteksta process nodroSina precizus pozicijas
aprekinus, identitates noteikSanu un situacijas novértgjumu (Hall & Llinas,
1997). Sis definicijas noskir neapstradatus datus no apstradatas informacijas,
veidojot pamatu miisdienu datu apstrades hierarhijai (Castanedo, 2013).

Khaleghi u. c. un M. Kumar u. c. (Khaleghi et al., 2013; M. Kumar et al.,
20006) atzist, ka sensoru sniegtajos datos vienm@r pastav merijumu neprecizitate
un nenoteiktiba, radot datu nepilnibas. Lakshmanarao un Shashi (Lakshmanarao
& Shashi, 2020) identificeé galvenos izaicinajumus: sensoru datu kvalitate,
troksni, vides interference un sistematiskas kltidas. Nopietnas problémas rodas
sistémas, kas izmanto Dempster-Shafer (DST) teoriju, kad paradas pretrunigi
mérjjumi. Papildu sarezgljumus rada sensoru heterogenitate un reallaika
apstrades nepiecieSamiba. Vides faktoru ietekme uz sensoru mérfjjumiem (M.
Kumar et al., 2006) rada sistematiskas novirzes datu kopas. Liu u. c. (J. Liu et
al., 2020) piedava heterogéno datu klasifikaciju telpiskaja, temporalaja,
statiskaja, dinamiskaja un atribtitu dimensijas. Bezvadu sensoru tiklos doming
decentralizétas arhitektiiras pieeja (Debauche et al., 2018; Kviesis & Zacepins,
2015; Murakami et al., 2007), kas nodroSina lokalu datu apstradi novirzu
novérsanai. Khaleghi u. c. (Khaleghi et al., 2013) identificé registracijas datu
izlidzinasanas problému, kas rodas, transformé&jot lokalo sensoru datus vienota
atskaites sisttma. Temporalie aspekti rada IpaSus izaicinajumus vairaku sensoru
sist€émas, 1pasi arpus secibas sanemto datu apstradé (Besada-Portas et al., 2011).

Datu apvienoSana tiek izmantota, lai risinatu $adus uzdevumus:
problematisko datu korekciju (C. Huang et al., 2019), datu uzticamibas
uzlabosanu (Hong et al., 2009; Kreibich et al., 2014), datu pilniguma
palielinasanu (Consoli et al., 2015) un augstaka limena informacijas iegtiSanu
(Jayasinghe et al., 2019). Kreibich u. ¢. (Kreibich et al., 2014) norada, ka datu
ticamiba biitiski samazinas nekontroléta vide ar augstu trokSnu Itmeni. W. Wang
u. ¢. (W. Wang et al., 2018) demonstré vairaku sensoru datu apvienoSanas
efektivitati vides monitoringa sisteémas, kur integrétie dati atklaj netrivialas
sakaribas. Karkouch u. c. (Karkouch et al., 2016) norada uz faktoriem, kas
ietekmé datu kvalitati loT: sistéemu mérogs, resursu ierobezojumi, tikla
arhitekttira, vides apstakli, sensoru stavoklis, drosibas ievainojamiba un datu
plusmas apstrade. Aboubakar u. c. (Aboubakar et al., 2022) raksturo loT ka IP
tiklu ar paaugstinatu nestabilitati. Adelantado u. c., un Dinculeand un Cheng

14



(Adelantado et al., 2017; Dinculeana & Cheng, 2019) uzsver 10T iericu specifiku
— neliela apjoma zinojumu parraide. Sliwa u. c. (Sliwa et al., 2020) identifice
kritiskos $k&rs§lus — ierobezoto energiju un atminu, kas kaveé drosibas risinajumu
ievieSanu.

Drosibas aspekta sensoru ierices praktiski nav iesp&jams pilnvertigi aizsargat,
jo tas nespgj veikt resursietilpigas kriptografiskas operacijas. Vides ietekme un
tehniskas problémas, tostarp zemakas kvalitates sensoru precizitate un
kalibracijas trukumi, butiski ietekmé& sensoru darbibu. Traucgjumu noversanai
izstradatas metodes ietver trok$na samazinasanu, tritkstoSo datu aizpildiSanu un
interpolaciju, datu novirzu noteikSanu un datu apkoposanu (Karkouch et al.,
2016; Souza & Amazonas, 2015). Troksnis signalu apstradé izpauzas ka
nekorel@tas sastavdalas, ko Jegm (Jcgm, 2008) raksturo ka mérijjumu rezultatu
izkliedes parametru. Teh u. c. (Teh et al., 2020) skaidro nenoteiktibu ka kladu
kvantitativo izteiksmi, savukart Krishnamurthi u. c. (Krishnamurthi et al., 2020)
uzsver trok$na negativo ietekmi uz sist€mas resursiem. Trok$nu mazinasanas
metodologija izmanto bidama loga principu. Vanus u. ¢. (Vanus et al., 2020)
norada uz $o metozu ierobezojumiem lokalo frekvencu pielagosana. M. M.
Rashid u.c. (M. M. Rashid et al., 2015) izce] divas galvenas vilnu transformacijas
pieejas: nepartraukto transformaciju laika un frekvences dimensijas, un diskréto
transformaciju laika dimensijas analizei.

Adhikari u. c. (Adhikari et al., 2022) norada, ka loT sistémas datu
nepilnigums ir izplatita paradiba, kas apdraud analitiska procesa ticamibu. Zhang
u. c. (Zhang et al., 2024) piedava metodisku risinajumu, ievieSot izsekoSanas
nonemto autoenkoderu (TRAE, Tracking-Removed Autoencoder) un
faziklasterizacijas (FC, Fuzzy Clustering) metodes. Krishnamurthi u. c.
(Krishnamurthi et al., 2020) identificg trTs fundamentalus triikstoSo datu tipus:
MCAR (Missing Completely at Random), MAR (Missing at Random) un NMAR
(Not Missing at Random). Izolacijas meza (IF, Isolation Forest) algoritms ir
kluvis par vienu no vado$ajiem risinajumiem novirzu noteiksanai 10T datu kopas.
Mufioz u. c¢. (Mufioz et al., 2024) norada uz algoritma precizitates uzlabo$anas
iespgjam, izmantojot pielagojamus parametrus. Lokalais arpusnieku faktors
(LOF, Local Outlier Factor) noverté novirzes, analiz€jot tuvako kaiminu datu
blivumu, savukart izolacijas meza algoritms identific globalas novirzes. Kim u.
c. (Kim et al., 2022) piedava adaptivas masinmacisanas metodes, kas ne tikai
atpazist novirzes, bet ar1 veic automatisku datu korekciju, izmantojot vesturisko
datu analizi.

Balstoties uz nodala veikto analizi, Tpasi par datu kvalitates problémam un to
risinajumiem lOT sist€mas, autors secina, ka tiek apstiprinata téze:

Lietu interneta (10T) sistémas iegiitie datu analizes rezultati ir atkarigi no datu
kvalitates uzlaboSanas metozu pielietoSanas, kas 1paSi svarigi ierobezota datu
apjoma vai nepilnigu datu gadijumos, nodro$inot ticamu un precizu lémumu
pienemsanu.
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Pamatojums

Veikta analize atklaj aspektus, kas apstiprina $o t€zi. Karkouch u.c.
(Karkouch et al., 2016) identifice kritiskos faktorus, kas ietekm& loT datu
kvalitati — sisttmu mérogu, resursu ierobezojumus, vides apstaklus un sensoru
tehniskas Tpatnibas. Sos ierobezojumus pastiprina I0T ieri¢u specifika, ko uzsver
Adelantado u. c., un Dinculeana un Cheng (Adelantado et al., 2017; Dinculeana
& Cheng, 2019) — ierices spgj parraidit tikai neliela apjoma zinojumus, darbojas
ar ierobeZotu energiju un atminu.

Karkouch u. c. (Karkouch et al., 2016) norada, ka vides faktori specigi
ietekmé sensoru darbibu — ekstremalos apstaklos un ierobezotas apkopes
situacijas datu kvalitate var batiski pazeminaties. Kreibich u. c. (Kreibich et al.,
2014) pierada, ka datu ticamiba ievérojami samazinas nekontroléta vide, kas ir
tipiska 10T sisttmam. So novérojumu papildina Consoli u. c. (Consoli et al.,
2015) secinajumi — ierobeZota apjoma merfjumi no atseviskiem sensoriem biezi
vien nesniedz pietickamu informaciju sistémas stavokla novertésanai.

Aplukotie risindjumi sniedz praktiskus instrumentus $o problému novérsanai.
C. Huang (C. Huang et al., 2019) izstradatas metodes problematisko datu
korekcijai, Hong (Hong et al., 2009) piedavatie risindgjumi datu uzticamibas
uzlaboSanai un Consoli u. c. (Consoli et al., 2015) darbs datu pilniguma
palielinasanai demonstre tieSu saikni starp datu kvalitates uzlaboSanas metodém
un precizaku 1@mumu pienemsanu. W. Wang u. c¢. (W. Wang et al., 2018)
petijums vides monitoringa sisteémas parliecinosi parada, ka tiesi datu kvalitates
uzlaboSanas metozu pielietoSana lauj atklat biitiskas sakaribas datos.

Pétijuma gaita atklatas datu kvalitates problémas un to risinajumi apstiprina
t€zes pamatotibu. Papildus iepriek§minétajam vél Gomathi u. ¢. (Gomathi et al.,
2018) norada uz l0T tehnologiju raditajiem izaicinajumiem, kas ietver gan
sensoru bojajumus, gan sistémiskas problémas. Adhikari u. ¢. (Adhikari et al.,
2022), petijuma konstatéts, ka lidz pat 40% visu datu var but nepilnigi, kas
butiski ietekmé analizes rezultatus. Martin u. ¢. (Martin et al., 2023) demonstrg,
ka vilnu transformacijas, adaptivas ma§inmacisanas un modernas triikstoSo datu
aizvietoSanas metodes nodrosina efektivus risinajumus So problemu
parvarésanai, uzlabojot lémumu pienemsSanas precizitati l0T sisteémas ar
ierobezotu vai nepilnigu datu apjomu.

Datu apvienoS$ana ir process, kura dazadas datu plismas tiek apvienotas, lai
raditu informativaku un pielagotu izvadi (Bokade et al., 2021). Datu
apvienosanas veidi tiek klasificeéti pe&c sist€tmu arhitekttras, abstrakcijas
limeniem un apvienoSanas mérkiem.

Khaleghi u. c. (Khaleghi et al., 2013) veic sistematisku metozu izpéti,
sniedzot detalizétu analizi. Castanedo (Castanedo, 2013) koncentrgjas uz trim
algoritmiskiem aspektiem: datu asociaciju, sist€mas stavokla noveértgjumu un
lémumu apvienoSanu. Zheng (Y. Zheng, 2015) piedava inovativas metodes
starpdoménu datu integracijai, Atluri u. c. (2018) izstrada metodisko ietvaru
telpisko un laika datu ieguvei, bet Qin u. c. (Qin et al., 2020) pievérsas 10T
specifikai.
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Datu apvienosanas klasifikacija balstas uz abstrakcijas [iTmeniem, datu avotu
un ieejas-izejas attiecibam (Becerra et al., 2021; Dasarathy, 1997). Tris galvenas
klasifikacijas metodes ir Dasarathy klasifikacija (Dasarathy, 1997), Whyte
klasifikacija (Grime & Durrant-Whyte, 1994) un JDL modela klasifikacija
(Steinberg & Bowman, 2008).

Sistemu arhitektlira izskir Cetrus galvenos veidus. Centralizéta arhitektiira
izmanto vienotu centralo procesoru, bet saskaras ar ierobezojumiem vizualo
sensoru tiklos. Decentralizgtaja arhitektiira katrs sensors darbojas autonomi, bet
rodas augosas komunikacijas izmaksas — O(n?) (Grime & Durrant-Whyte, 1994).
Sadalita arhitektiira piedava lidzsvarotaku pieeju, kur avota mezgli vispirms
apstrada savus mérijumus. Hierarhiska arhitektiira apvieno ieprieksgjas pieejas
(Castanedo, 2013).

Beddar-Wiesing un Bieshaar (Beddar-Wiesing & Bieshaar, 2020) norada, ka
decentraliz&ta pieeja, neskatoties uz izaicinajumiem, biezi ir izvéles pamata tas
noturibas d€l. Becerra u. c. (Becerra et al., 2021) identificé trTs sensoru datu
apvienoSanas scenarijus: konkurétspéjigo (vienas modalitates sensoru
integracija), papildinoSo (dazadu sensoru papildinosi dati) un kooperativo
(sensoru dinamiska pielagosana).

Whyte klasifikacija piedava tris sadarbibas veidus. Papildino$a mijiedarbiba
ietver dazadu sensoru atSkirigu datu sniegSanu, piem&ram, vides monitoringa
sistémas. Datu dubléSanas gadijuma vairaki sensori vero vienu mérki, uzlabojot
precizitati. Kooperativa mijiedarbiba apvieno dazadu sensoru datus jaunas
informacijas iegiiSanai, piem&ram, 3D LiDAR un video kameru integracija.

Dasarathy klasifikacija (Dasarathy, 1997) strukturé apvienoSanu piecos
limenos: DAI-DAO (neapstradatu datu apvieno$ana), DAI-FEO (datu
transformacija pazimes), FEI-FEO (pazimju apstrade), FEI-DEO (Iémumu
pienem$ana) un DEI-DEO (lémumu sintéze). Varshney (Varshney, 1997)
papildingja to ar DAI-DEO limeni tiesai parejai no datiem uz [émumiem.

JDL modelis piedava piecu limenu hierarhisku struktaru (Llinas et al., 2004).
Tas sakas ar sensoru priekSapstradi, turpinas ar objektu stavoklu noverte€sanu un
attiecibu analizi, un noslédzas ar darbibu ietekmes analizi un resursu parvaldibu.
Blasch un Plano (Blasch & Plano, 2002) papildindgja modeli ar lietotaja
mijiedarbibas limeni.

Masdienu klasifikacija (Abdelgawad & Bayoumi, 2012; Barbedo, 2022)
izdala tris fundamentalus Itmenus. Zema Iimena apvienoSana operé ar
neapstradatiem datiem (Di Natale et al., 2002). Vid&ja Iimena apvienoSana veic
pazimju ekstrakciju (Biancolillo et al., 2014), savukart augsta Iimena
apvienosana veido atseviSkus analizes modelus (L. Huang et al., 2014).

Varbiitibu teorija balstitas metodes, 1pasi Beijesa secinajumi, nodroSina
sistematisku pieeju datu apvienosanai (Pires et al., 2016). Toméer Il0T sisteémas
tradicionalas metodes zaudge efektivitati. Medjahed u. c. (Medjahed et al., 2011)
identificé galvenos izaicindgjumus — ierobezotu veiktspgju daudzfaktoru datos.
Rezatofighi u. c. (Rezatofighi et al., 2015) analiz& varbtitiskas datu asociacijas
prieksrocibas objektu izsekosana.

17



P&tjjums parada, ka universala metode nepastav — katrs risindjums ir
piemérots specifiskiem uzdevumiem. Vienkar§akiem gadijumiem pietick ar
zema limena apvienoSanu, sarezgitakiem efektivaka ir augstaka limena pieeja.
0T sisttmas musdienigas metodes spgj ieverojami uzlabot datu kvalitati un
lémumu ticamibu.

leprieks aplukotas IoT datu kvalitates problémas un to risinajumi ir pasi
aktuali specifiskas nozares, kur precizi un savlaicigi dati ir kritiski svarigi
lémumu pienemsanai. Autora p&tijumi tris dazadas jomas — precizaja biSkopiba,
pilsetas satiksmes uzraudziba un putnkopiba — demonstre praktiskus risinajumus
ieprieks identificetajiem izaicinajumiem. Katra no $Im jomam sastopamas
tipiskas IoT sisttmu problémas — sensoru datu nepilnibas, multimodalo datu
integracijas sarezgfjumi un reallaika apstrades prasibas. So problému risinasanai
autors izmanto un paplasina iepriek§ aprakstitas datu apvienoSanas metodes,
pielagojot tas nozaru specifiskajam vajadzibam un ierobeZojumiem. Ipasa
uzmaniba pieversta tie$i tam metodeém, kas sp&j efektivi darboties ierobezotu
resursu apstaklos, vienlaikus nodrosinot augstu datu kvalitati un ticamibu.

Biskopibas joma autors veicis padzilinatu izpéti par datu vakSanas un
apstrades procesiem. Preciza biskopiba ir inovativa dravas parvaldibas stratégija,
kas nodro$ina biSu saimju monitoringu resursu optimizacijai (Zacepins et al.,
2012). Datu vaksSana ietver fizisko parametru mériSanu, izmantojot sensorus
stropos (Kviesis & Zacepins, 2015), kas méra temperatiru, mitrumu, gazu
sastavu, vibraciju un skanu. Dati tiek analizeti trTs Iimenos (Human et al., 2013;
Zacepins & Stalidzans, 2013): dravas Iimeni (meteorologiskie dati, video
noverojumi), kolonijas ltmeni (temperatiira, mitrums, svars) un individuala
liment (biSu uzvediba). Bezvadu tikla tehnologijas (Debauche et al., 2018) biezi
rada datu nepilnibas, kuru risinaSanai izmanto datu apvienoSanas metodes.
Miisdienigi risinajumi izmanto 10T ierices un LSTM neironu tiklus spietoSanas
prognozésanai (Kwon, Cho, et al., 2019), apvienojot temperatiiras un skanas
datus ar Kalmana filtra algoritmu. Sada pieeja lauj ne tikai optimizét resursu
paterinu, bet ar1 agrini identificét potencialas problémas bisu kolonijas. Datu
apvienosana, kas nozar€ 1idz $im nav plasi pielietota, var uzlabot bisu veselibas
uzraudzibu un prognozet bitiskus stavoklus — spietoSanu un koloniju
sabruk$anas sindromu. Autors analiz€ datus dravas, biSu saimju un individuala
limeni, piedavajot risinajumus, kas balstiti uz sensoru datiem un LSTM neironu
tikliem, lai optimiz&tu resursu patérinu un produktivitati.

Pilsetas satiksmes noverosana 10T risindjumi izmanto videonoveroSanas
aparatiiru kopa ar objektu noteikSanas un izsekoSanas algoritmiem (N. Chen &
Chen, 2018). Misdienu transporta sist€ému digitalizacija rada jaunas iesp&jas datu
apvienoSanas joma (Neumann et al., 2016). Autors izstradaja sinhronizacijas
algoritmu LiDAR un videokameru datu apvienoSanai, fokusgjoties uz precizu
dazadu avotu sinhronizaciju ar laika zimogiem. Algoritms nem véra
transportlidzeklu kustibu, laikapstaklus un aparatiiras konfiguraciju, lai
samazinatu kltidas atruma noteik$ana un transportlidzeklu klasifikacija. Jelgavas
pilséta veikta validacija (Bumanis et al., 2021) ilga 6 méneSus (01.04.2021.-
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30.09.2021.), izmantojot LiDAR sensoru un &etras videokameras divu satiksmes
virzienu uzraudzibai. Datu apstrade organizéta divas paralélas pluismas —
videokameru dati Microsoft Azure BLOB kratuvé un LiDAR mérfjumi XML
formata FTP serveri, ar Site-to-site VPN IKEv2 protokola aizsardzibu. Datu
integracijas metodologija (Vitols et al., 2021) balstas uz pazimju limena datu
apvienosanu, kur katrs transportlidzeklis tiek apstradats ka notikums. Validacijas
rezultati uzradija augstu numura zimju atpaziSanas precizitati (>99%) un
sasniedza 97% sinhronizacijas precizitati, kas ir kritiski svarigi transportlidzeklu
identifikacijai un parkapumu noverosanai. Sist€mas optimizacija ietvéra paralélo
attelu uzpemS$anu redzamaja un infrasarkanaja spektra, datu pliismas
optimizaciju un koordinatu sistémas konfiguraciju. Eksperiments atklaja tris
butiskus aspektus: sensoru izvietojuma kritisko nozimi, nepiecieSamibu péc
dinamiskas parametru pielagoSanas, un sist€mas dubléSanas svarigumu
precizitates uzlaboSanai.

Putnkopibas nozar€ autors izstradajis kompleksu datu glabasanas risinajumu,
izveidojot datu noliktavu vides monitoringa sensoru un razoSanas ciklu datu
apstradei. Sistéma balstas uz sniegparslu shémas principiem, nodroSinot gan
saimniecibas efektivu parvaldibu, gan atbilsttbu ES regulam par dzivnieku
labturibu. Kiberngtiski-fiziskais modelis ietver sensoru kopumu, datu apmainas
kontrolierus un analttisko centru, koncentrgjoties uz baribas procesu optimizaciju
un vides parametru kontroli. Centrala datu noliktavas struktiira sastav no
[productionLog] faktu tabulas un saistitam dimensiju tabulam sensoru datiem,
baribas datiem un olu razoSanai, ka arT [standardValues] tabulas references
vertibam. Risindjums veiksmigi ieviests divas Baltijas putnu fermas CO2 un NHs
limena uzraudzibai, izmantojot Microsoft Azure platformu automatiskai datu
vak$anai un apstradei. Sistéma uzstaditi NH3z sensori 2,5m augstuma un CO;
sensori 0,4m augstuma, kopuma izvietojot 6 sensoru parus ar analizatoru un
mikrokontrolieru sisttmam (2020-2021).

Visas trijas nozar€s tika konstatéts, ka nepilnigas vai nekvalitativas datu
ievades ietekm& prognozu veik$anu un resursu optimizaciju. Datu kvalitates
uzlabosanai tika izmantotas sensoru kalibré$ana, laika Zimogu sinhronizacija un
datu apstrades algoritmi.

Veikta analize atklaj butisku nepiecieSamibu p&c jaunas, specializétas datu
apvienosanas metodes, kas spetu efektivi risinat identificétas 10T datu kvalitates
problémas. Lai gan eso$as metodes, piem&ram, TRAE un FC (Zhang et al., 2024),
vai IF un LOF algoritmi (Mufioz et al., 2024), piedava risingjumus atseviskiem
izaicinajumiem, joprojam triikst vienota, sistematiska risinajuma, kas vienlaicigi
aptvertu gan datu kvalitates uzlaboSanu, gan efektivu datu apvienoSanu
ierobeZotu resursu apstaklos. Ipasi aktudla ir nepiecieSsamiba p&c metodes, kas
spétu pielagoties dazadam nozarém un datu tipiem, vienlaikus saglabajot augstu
precizitati un uzticamibu. Ka norada Karkouch u. c. (Karkouch et al., 2016) un
Kreibich u. c. (Kreibich et al., 2014), datu kvalitates problémas ir ipasi izteiktas
nekontroléta vide ar ierobeZotiem resursiem, kas ir raksturiga 10T sistémam. Sie
faktori pamato nepiecieSamibu izstradat jaunu, uz datu slanosanu balstttu metodi,
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kas ne tikai risinatu datu kvalitates problémas, bet arT nodrosinatu efektivu
dazadu avotu datu apvienoS$anu, nemot véra gan telpiskos, gan laika aspektus.

2. DATU SLANOSANAS KONCEPTUALA METODE

Sistematiska pieeja datu apvienoSanas metozu analizei atklaj, ka datu
prickSapstrades posms ir kritisks faktors, kas biitiski ietekm€& gala rezultata
kvalitati. Vienota modela izmantoSana vairakam datu kopam var radit
specializacijas efektu, tade]l metodes pielagoSanas spgja ir izskiroSa darba ar
dazadiem vésturisko datu avotiem. Datu slanoSanas pieeja kombing telpisko-
laika analizi ar elipsoidalo metodi. Abu Bakr un Lee (Abu Bakr & Lee, 2017)
apraksta pieejas istenosanu, organizgjot datus dimensiju slanos, kur katrs slanis
reprezente noteikta laika posma informaciju. Elipsoidalas metodes principi
nosaka datu parklasanas zonu identificeSanu. Metode ir izmantota bisu baribas
mekléSanas uzvedibas analizé, apvienojot dazadu avotu datus. P&tfjumi
apliecina, ka veiksmigai datu apvienoSanas metodei jaietver tris galvenie
elementi: datu sagatavoSanas iespgjas, efektiva vesturisko datu izmantoSana un
sistematiska kvalitates kontrole. So elementu integracija ir biitiska 10T sistemas
un citas datu intensivas nozaré€s, kur tie tiesi ietekme gan analizes rezultatus, gan
lémumu pienemsanas procesu.

BiSu baribas optimizacijai nepiecieSamie dati ietver regionalo informaciju
(atrasanas vieta, reljefs, klimats), vietéjo nektaraugu raksturojumu un vides
apstaklus, kas ietekmé nektara veidosanos (X. J. He et al., 2016; Hennessy et al.,
2020). Regionalas biSkopibas organizacijas apkopo Sos datus zied€Sanas
kalendaros, tomér to izmantoSanu ierobezo datu formatu un aptvéruma
ipasibam: Grevillea robusta (konstants zied€Sanas periods, vid€ja produkcija),
Coffea arabica (sezonala ziedé$ana, mainiga produkcija), Eucalyptus citriodora
(resursi visa gada garuma) un Dichrostachys cinerea (zema intensitate). Sizvéle
lauj parbaudit metodes efektivitati dazados resursu pieejamibas scenarijos. Datu
apstrade izmanto divas galvenas metodes: normalizaciju (nenormalam
sadalfjumam) un standartizaciju (normalam sadalfjumam). Normalizacija
nodro§ina objektivu resursu novért§jumu starp dazadiem augiem, pieméram,
salidzinot Dichrostachys cinerea un Coffea arabica datus. Standartizacija, kas
pielietota Eucalyptus citriodora un Grevillea robusta datiem, sniedz precizu
resursu svarstibu kvantitativo novertgjumu.

Efektivai biSu dravas parvaldibai nepiecieSama kompleksa izpratne par
vairakiem savstarp&ji saistitiem faktoriem. Precizas biskopibas metodologija
balstas uz tris galveno datu slanu mijiedarbibu, kas kopa veido pamatu informétai
lémumu pienemsanai. Pirmais un nozimigakais ir augu ziedésanas slanis, kas
balstits uz detalizétiem ziedé$anas kalendara datiem (Tree Flowering Calendar,
2020). Sis slanis sniedz biitisku informaciju par nektara un ziedputeksnu
pieejamibu dazados gada periodos, laujot biSkopjiem precizi planot dravas
izvietojumu un resursu izmantoSanu. Otro slani veido nokri$nu dati, kuru nozimi
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biSu baribas mekl&sanas efektivitate ir apstiprinajusi vairaki petijumi (X. J. He et
al., 2016). Nokrisnu daudzums un sadalfjums gada griezuma btiski ietekme gan
nektara izdaliSanos, gan biSu sp&ju pieklut baribas resursiem. TreSais slanis
atspogulo bisu koloniju aktivitates ciklus, kas dokumentéti biskopibas kalendara
(Beekeeping Calendar, n.d.). Sis slanis ir ipasi nozimigs stropu ikdienas
parvaldiba, jo lauj prognozet un planot tadas butiskas aktivitates ka peru
audze$ana, spietoSana un intensivie baribas vaks$anas periodi.

Kad ir zinami interesgjoSie slani, ir iesp&jams noteikt un izvadit derigu
informaciju. Pirmkart, tiek pielietota interpolacija, kas palidz palielinat datu
precizitati, padarot tos vienmérigakus un sniedzot iesp€ju detalizétak skatit
tendences. Attiecigi, katram parametram tiek palielinata datu punktu iz8kirtsp&ja,
izmantojot linearo interpolaciju.

Nemot veéra datu punktu kopu (xg,¥0), (X1,¥1), ) (Xp, V), lineara
interpolacija ir y vertibas noteikSanas process konkrétam x, izmantojot formulu
(sk. (2.1.)):

Y1 = Yo
X1 — Xp

Yy=Yo+ (x = xo) (2.1)
kur
X9, X; — konkréti x vertibas punkti, starp kuriem tiek veikta
interpolacija, realie skaitli;
Yo: Y1 — S0 X vertibu punktu atbilstosas y vertibas, reali skaitli;
y — aprékinata y vertiba, kas atbilst x vertibai. Tas ir rezultats no
interpolacijas procesa, realais skaitlis.

Tad katram parametram vértibas tiek reizinatas ar atbilsto$ajiem svariem un
p&c tam normaliz&tas 11dz diapazonam [0, 100]. Katras svertas vertibas formula
ir $ada (sk. (2.2.)):

) = ) parameter
weighted_value; = Z weight; X oo

j=1

2.2)

kur
n — parametru skaits, vesels skaitlis;
weight; — sverums, kas pieSkirts katrai vertibai, reals skaitlis;
parameter; — konkréts parametrs, kuram tiek pieskirts svérums, vesels
vai decimalais skaitlis;
weighted_value; — aprékinata sverta vertiba kadam i parametram, %.

Péc svertas vertibas aprékinasanas tiek pielietota galveno komponentu
analize (PCA). ST statistiska metode parveido sakotngjos, iesp&jami savstarpgji
saistitos mainigos, jauna koordinatu sist€ma, kur tie kltst savstarp&ji neatkarigi.
Sos jaunos, neatkarigos mainigos sauc par galvenajiem komponentiem. Nemot
vera datu matricu X, pirmo galveno komponentu var atrast §adi:

1. tiek atnemta vidgja vertiba: Xpeaqn = X — X;
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2. tiek aprekinata kovariacijas matrica Z N0 X,,0qn;

3. tiek aprékinats X TpaSvektors un TpaSvertiba,;

4, tiek izvelets pazimju vektors, kas saistits ar lielako Tpasvertibu.

Saja konteksta PCA tiek izmantots, lai no kombingtajiem parametriem iegiitu
nozimigako tendenci, tas ir, lai iegiitu vienu kombinétu vértibu (uz PCA balstita
apvienota vertiba), kas atspogulo vislielakas at$kiribas no visiem parametriem.

Gan svertas, gan uz PCA balstitas apvienotas vertibas tiek salidzinatas ar
slieksni. Regioni, kuros §is vértibas parsniedz slieksni, ir iezim&ti diagramma. ST
ir vienkar§a nosacijuma parbaude: ja fused_value > slieksnis, regions tiek
iezIméets

Rezultata tiek iegilitas divas diagrammas. Sakotn&o apvienoto vertibu
diagramma, kur (sk. 2.1. att) ir paraditi sakotngjie parametri, sakotngjas
apvienotas vértibas un regioni, kuros sakotngjas apvienotas vértibas parsniedz
slicksni. Tas sniedz ieskatu par to, ka vienkar$a svérta parametru summa
(sakotngjas apvienotas vertibas) darbojas dazados ménesos.

Sakotnéjas svertas apvienotas vertibas vs. Month

Interpolétas vértibas
300

0 100 200 400 500 600

100 Slieksnis: 30
Richness
RelativePerc
Bee_activity
804 — Sakotnéjas svértas apvienotas vértibas

Slana vértiba

1 2 3 4 5 6 7 8 9 10 n 12
Month

2.1. att. Sakotn&jo apvienoto vértibu diagramma.

Uz PCA balstito apvienoto veértibu diagramma (sk. 2.2. att.) tiek paraditi
sakotngjie parametri, uz PCA balstitas apvienotas vértibas un regioni, kuros uz
PCA balstitas apvienotas vertibas parsniedz slieksni. Tas sniedz perspektivu par
to, k& uz PCA balstita apvienoSana, kas uztver vislielakas atSkiribas no
parametriem, darbojas ménesu laika.
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Uz PCA balstitas apvienotas vértibas vs. Month
Interpolétas vértibas
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2.2. att. Uz PCA balstitu apvienoto vértibu diagramma.

Izmantojot §is diagrammas, var vizuali salidzinat (sk. 2.3. att.). abas datu
apvieno$anas metodes un izprast abus nozimigos regionus (tos, kas parsniedz
slieksni).

Parklasanos starp Sakotngjam svértam apvienotam vértibam un uz PCA balstitam apvienotam vértibam
Interpolétas vértibas
6 8

2 4 10 12

—t T T t
w01 —— Slieksnis: 30 |
—— Sakotnéjas sveértas apvienotas vértibas
—— Uz PCA balstitas apvienotas vértibas

Apvienota vértiba

8 9 10 1 12

1 2 3 a 5

’ Month ’
2.3. att. Apvienoto vértibu parklasanas.

Turpmak var pielietot trapecveida metodi. Parklajot sakotn&jo apvienoto
vertibu un uz PCA balstito apvienoto vértibu, trapecveida metode lauj
kvantitativi noteikt regionus, kur §is vértibas parklajas (vai atskiras). Izmérot
laukumu starp $§m likném, var noteikt, cik liela méra abas apvienotas vértibas
sakrit (vai nesakrit) noteikta laika perioda. Jomas ar lielu parklasanos liecina par
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spécigu vienoSanos starp abam apvienoSanas metodém, savukart atSkiribu
apgabali var noradit uz interes€joSiem regioniem vai anomalijam.
Papildus var izcelt §adus aspektus:

izmantojot slieksni, var identific€t un kvantitativi noteikt regionus, kuros
apvienotas vertibas parsniedz noteiktu nozimiguma limeni. Trapecveida
metode lauj izmérit §is nozimes lielumu, sniedzot skaitlisku vértibu, lai
noteiktu, cik svarigi vai ietekmigi varétu biit noteikti laika periodi;
trapecveida metode nodroSina iesp&u kvantitativi salidzinat abas
apvienoSanas metodes. Integréjot laukumus zem katras Itknes un
salidzinot rezultatus, var pienemt apzinatus l€émumus par to, kura
apvienosSanas metode vargtu biit piemérotaka konkrétiem lietojumiem vai
scenarijiem;

trapecveida metode ir ari skaitloSanas zipa efektivi un vienkarsi
Tstenojams panémiens. Nemot véra datu potenciali lielo precizitati (pasi
péc interpolacijas), vienkarsa, bet efektiva metode, nodros§ina atru analizi
bez ieveérojamam skaitlosanas izmaksam;

platibas, kas aprékinatas, izmantojot trapecveida metodi, var intuitivi
saprast. Lielaki apgabali norada uz nozimigakiem notikumiem vai
modeliem datos, savukart mazaki apgabali var noradit uz mazak
ietekmigiem periodiem.

Nemot véra divas y-vértibu kopas, y1 un y2, kop€ja X doména, jaaprékina
laukums starp abam likném. Ja viena likne ir pilniba virs otras, laukumu aprékina
ka starpibu starp tam; ja tie krustojas, identificé parklasanas un neparklasanas
sadalas, lai aprékinatu attiecigos apgabalus.

Talak, ka tiek aprékinati apgabali.

1.

4.

Tiek aprékinata atSkiriba starp divam datu kopam:

o katram punktam x; doména tiek aprékinata atSkiriba Ay; starp abam
datu kopam: Ay; = y1; — y2;.

Tiek noteikti regioni, kas parklajas:

o ja Ay; un Ay;,,ir viena un ta pati zime, tad abas datu kopas
nekrustojas starp x; un x;,;

o ja Ay; un Ay;, 4 ir pret€jas zimes, tad abas datu kopas krustojas starp
X; UNn x;,4, noradot regionu, kas parklajas.

Tiek aprekinats laukums, izmantojot trapecveida metodi (sk. (2.3.)):

o regioniem, kas neparklajas starp x; un x;,;:

Area = % X (Iy1i + y1ieal = 1y2i + ¥2iraD (23)

o regioniem, kas parklajas, $kérsosanas vieta laukums tiek sadalits divas
trapeces, un So trapecveida formu laukumi tiek summéti.

Kopgjais parklajuma laukums ir to laukumu summa, kas aprekinati

katram intervalam X doména.

Rezultata tiek iegiita diagramma ar parklajosiem regioniem (sk. 2.4. att.).
Veicot vizualu analizi, var secinat, ka:
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o liclakas izmainas datos notiek starp 1. un 4. ménesi un starp 9. un 12.
ménesi;

o labveligakie apstakli biSu saimes novieto$anai uz analiz€jama auga ir
starp 4. ménesa pedejo nedelu un 9. ménesa sakumu;

e novietos$ana agrak, starp 2. un 4. ménesi, vai vélak, starp 9. un 11. ménesi,
nav rekomend@ta strauji mainigo apstaklu del.

Nozimigako regionu parklasanas
100 Slieksnis: 30
—— Sakotnéjas svértas apvienotas vértibas
—— Uz PCA balstitas apvienotas vértibas
Parklasanas regions

Apvienota vértiba

1 2 3 4 5 6 7 8 9 10 11 12
Month

2.4. att. Apvienoto vértibu parklajosie regioni.

Datu slanoS$anas metode ir izstradata Python vid€, izmantojot pandas
biblioteku datu apstradei, numpy skaitliskajiem aprékiniem un matplotlib
vizualizacijai. Metodes kodolu veido data_fusion_main funkcija, kas
koording vairaku savstarpgji saistitu apaksfunkciju darbu.

Metodes darbibas process sakas ar datu sagatavoSanu, kur biitiska loma ir
interpolacijas funkcijam. Funkcija interpolate_data veic linearo
interpolaciju starp datu punktiem, nodrosinot vienmérigu datu plismu, savukart
interpolate_data_auto_smoothing automatiski mekle optimalo
izlidzinaSanas pakapi. Datu apvienoSanu var veikt divos veidos — ar
weight_based_data_fusion, kas izmanto lictotaja definétus svarus, vai ar
pca_based_data_fusion, kas balstas uz galveno komponentu analizi.

Metodes parametri ir organiz&ti tris logiskas grupas: datu avotu parametri
(DataFrames_dict_or_df, Data_params, CommonColumn), analizes
kontroles parametri (Weights, Layering threshold) un datu apstrades
opcijas  (Smoothing, AutoSmooth, FilterBy, FilterValue).
DataFrames_dict_or_df nosaka sakotn€jo datu struktiiru, nodroSinot
elastigu pieeju gan atsevisku, gan apvienotu datu kopu apstradei. Data_params
precizg, kuras kolonnas tiks izmantotas analize, piemeéram, nektara daudzums vai
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bisu aktivitate, tadgjadi fokus€jot aprékinus uz butiskakajiem raditajiem.
CommonColumn, kas parasti ir laika ass (mé&nesis), nodro$ina datu sinhronizaciju
un korektu salidzinasanu starp dazadiem avotiem. Weights parametrs lauj
pielagot katra datu slana ietekmi uz gala rezultatu, piem&ram, pieskirot lielaku
nozimi nokri$nu datiem neka biSu aktivitatei. Layering_threshold defing
kritisko robezvertibu (parasti 30%), kas kalpo gan ka vizuals atskaites punkts,
gan ka automatiskas izlidzinaSanas kontroles mehanisms. Smoothing
koeficients kontrolé datu interpolacijas precizitati, ietekméjot liknu gludumu un
detalizacijas pakapi. AutoSmooth funkcionalitate automatiski pielago
izlidzinaSanas intensitati, balstoties uz noteikto slieksni, tadejadi optimizgjot
datu reprezentaciju. FilterBy un FilterValue parametri nodroSina iesp&ju
fokuségties uz specifiskiem datu segmentiem, pieméram, konkréta auga vai laika
perioda analizi, laujot veikt detalizétu izpéti. Sada struktiira nodroina elastigu
datu apstrades procesu, laujot pielagot analizi dazadam vajadzibam. Rezultatu
vizualizaciju nodrosina plot fused data_final funkcija, kas rada parskatamu datu
att€lojumu ar iesp&ju salidzinat gan sakotn&jos datus, gan to apvienotas versijas.

Izstradata metodes koncepcija ietver laika datu slanosanu, kur katrs slanis
att€lo datus ka plakni. Sakotngja koncepcija tika piemé&rota biSu baribas
mekléSanas uzdevumam, kas sniedz daudzveidigus datus. Butiski dati bisu
baribas mekléSanas optimizéS$anai ietver informaciju par regiona atrasanas vietu,
topografiju, klimatu, vietgjiem nektaru un ziedputek$nus raZojosajiem augiem,
ka arT biSu sugadm un to aktivitattm. Datu slanoSanas metode sakas ar
nepiecieSsamo datu, piemé&ram, nektara ITmenu normalizgSanu, lai izveidotu datu
kopu. P&c tam $T kopa tiek analiz&ta, lai noteiktu visproduktivakas vietas bisu
baroSanai. Metode tiek izmantota gan svérto veértibu pieeja, gan galveno
komponentu analize (PCA), lai apvienotu dazadus datu aspektus. Sis pieejas lauj
salidzinat un novertét dazadu parametru nozimigumu, piem&ram, augu bagatibu
noteikta laika perioda. Parklajuma novert€Sanai starp abam pieejam tiek
izmantota laukuma aprékinaSana zem liknem. Izvéleta pieeja ir vienkarSa
lieto§ana un sniedz skaidri saprotamus rezultatus. Datu vizualizacija lauj viegli
identificét nozimigakos periodus vai notikumus, kas ir batiski talakajai analizei.

Precizas putnkopibas prognozeéSanas uzdevums

Miisdienu putnu fermas tiek nepartraukti novéroti dazadi vides parametri, kas
ietekmé olu razoSanu. Eksperti noteica bitiskos faktorus, kas ietekmé dgj&jvistu
labklajibu, pieméram, gaisa temperatiru, mitrumu, CO2 un NH3 Iimeni. Datu
pieejamibas rakstura d€] datu kopas ir ierobezotas, un olu ipatsvara dati par 61
nedgelas periodu (dati, kas savakti no 2019. gada 22. novembra I1dz 2021. gada 9.
februarim) tika izmantoti modelu apmacibai, tapat ar par 46 nedélu periodu (dati
savakti no 2021.gada 23. marta lidz 2022. gada 3. martam) (sk. 2.5. att.).
Diennakts olu produkcija jeb Tpatsvars tiek aprékinats ka diena saraZoto olu
skaits attiecibu pret kop€jo vistu skaitu attiecigaja diena (Paura et al., 2022).

26



1.0

0.9 4

0.8 4

0.7

0.6

Olu Tpatsvars

0.5 4

0.4+

1. produkcijas cikls

0.34 —— 2. produkcijas cikls

T
10 20 30 40 50 60
Olu produkcijas nedéla

2.5. att. Olu ipatsvara liknes, ko izmanto apmacibai (1. cikls) un testéSanai (2. cikls).

Testa datu kopa ievérojami atskiras no apmaciba izmantotas un ari no parasta
olu ipatsvara modela. Sadu atskiribu iemesli, péc lauksaimnieku sniegtas
informacijas, varétu biit skaidrojami ar nekonsekvenci datu ievades parvaldiba —
kamér savakto olu daudzums tiek skaitits automatiski, galiga vertiba tick ievadita
manuali. To var veikt vairakas reizes diena vai ar1 neveikt vispar, pieméram,
darba dienas vai tehnisku iemeslu dél. Apmacibas un testéSanas kopas, t. i., ka
tas tiek sadalitas, atSkiras nelinearajiem un ML balstitajiem modeliem, un ir
aprakstitas talak.

Precizas putnkopibas uzdevuma risina$anai Henco2 projekta ictvaros atlasitie
mas§inmacisanas modeli tika izveidoti, izmantojot Keras ietvaru (Chollet, 2015)
(LSTM un CNN) un scikit-learn biblioteku (Pedregosa et al., 2011) (RF un
XGBoost). Modeli tika noreguléti (hiperparametru atlase), izmantojot bibliotekas
paplasinajumus, pieméram, Keras-tuner un sklearn.model_selection. Atseviskos
ML modelos netika veiktas nekadas izmainas attieciba uz to bazes arhitekttru.
Modeli tika salidzinati, mainot katra modela hiperparametru vertibas. Lai atrastu
labako hiperparametru konfiguraciju, LSTM un CNN modeli tika noskanoti,
izmantojot Hyperband algoritmu (Li et al., 2020), bet uz lémumu koku balstitie
modeli — izmantojot Random Search (Bergstra & Bengio, 2012). LSTM un CNN
modeliem tika izmantota agrina apstasanas tehnika (ar pacietibas vértibu 10), lai
potenciali samazinatu parklasanas problému. Agrina apstasanas tika izmantota
arT XGBoost hiperparametru mekléSanas un apmacibas faze, bet savstarp&jas
validacijas tehnika RF gadijuma.

Modelu apmaciba tika veikta, izmantojot faktorus, kas putnu ferma tiek
uzraudziti ikdiena, un ar razoSanu saistitos datus ar dazadu ievades secibas
garumu, piem&ram, izmantojot bidama loga pieeju. Lietojot §adu panémienu,
svarigs solis bija noteikt loga izméru, jo tas nosaka papildu prasibu modela
ievadei — ieprieksgjo produktivitates vertibu skaitu, pieméram, $aja gadijuma olu
razoSanu. Ja ir izvelets bidamais logs ar izm&ru 1, tas nozimg, ka ievadei ir
nepieciesami ieprieks€jas dienas razoSanas dati. Sakotngja izstrades posma tika
apsvertas vairakas pazimju atlases pieejas, un, pamatojoties uz iegiitajiem datiem
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no saimniecibas, tika noteikts, ka perspektiva funkciju atlase blitu piemé&rota
izmantoSanai visparigiem ML algoritmiem. Atlasttie ML modeli tika apmaciti uz
pirma razosSanas cikla datiem (kas tika talak sadaliti 90% apmacibas un 10%
validacijas dalas, lai izvairitos no datu noplades (Hannun et al., 2021) un
parmérigas uzstadisanas problemam (Ying, 2019)) un parbauditi otraja razoSanas
cikla, lai prognoz&tu produktivitati nakamajai dienai. Modelu ievade tika veidota
no 12 parametriem un papildus vesturiskajiem razoSanas datiem atkariba no
bidama loga izméra. Modelu veiktspgja tika noverteta pec statistikas kriterijiem.
Modificéta nodalijjuma modela parametri (sk. 2.1. tabulu) tika noverteti,
izmantojot R programmeésanas valodu, lai atbilstu olu Ipatsvara liknei (1. cikls).
No 2.1. tabulas visi parametri ir nozimigi (p < 0,001) un ir piemérojami Sim
prognozesanas uzdevumam. Modela rezultats parada tikai olu ipatsvara tendenci,
pamatojoties uz ieprieks apmacitajiem datiem, bet neietver ievades vertibas, kas
varétu ietekm@t prognozi un noradit uz iespéjamam problémam. Sis razo$anas
cikls parada, ka, lai iegiitu augstu precizitati, nepietiek tikai ar olu produkcijas
nedelu vien, lai izdaritu secingjumus, bet tas lauj lauksaimniekiem redzet
novirzes no tendences.

2.1. tabula. Modificéta nodalijjuma modela aprékinatas parametru vértibas

Parametrs Aplése Standarta t vértiba Pr(>|t))
klida
a 0.13099 0.01316 9.954 4.45e-14 ***
b -0.90414 0.03927 -23.024 < 2e-16 ***
d 2.24435 0.04658 48.182 < 2e-16 ***
c -0.90766 0.03923 -23.139 < 2e-16 ***

Pielagota likne testa olu Tpatsvara datu kopai ir $ada:
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2.6. att. Pielagota likne un novérotais olu ipatsvars (Bumanis et al., 2023).

ML modeli m&dz sekot nenormalam razoSanas samazinajumam (sk. 2.7. att.),
tadgjadi noradot uz to sp&ju pielagoties Sada veida situacijam. Lai gan turpmaka
datu parbaude paradija, ka vides faktori krasi nemainijas, lai ietekm&tu razoSanas
samazinasanos, modeli prognozgja kritumu tap&c, ka iepriekSgjas dienas
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(atkartba no bidama loga izméra) razoSanas dati tika izmantoti ka ievade. ML
modelu rezultati un novérotais olu Tpatsvars ar bidamo logu (izmers 2) ir $adi:
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2.7. att. Apmacito ML modelu rezultati (Bumanis et al., 2023).

Attieciba uz ML modeliem tika parbauditi vairaki (1, 2, 3, 5, 7 un 14) logu
izméri. Modela veiktspgjas rezultati ir paraditi 2.2 tabula. Attieciba uz bidama
loga izméru rezultati liecina, ka LSTM ir precizaks, izmantojot bidamo logu ar
izméru 2, sasniedzot mazakas MAPE un RMSPE vértibas, attiecigi 5,390% un
7,751%. Nebija ari liclas atkiribas starp modelu veiktsp&ju, izmantojot loga
izmérus 3 un 5, iznemot CNN modeli, kas darbojas vissliktak, un tas var tikt
skaidrots ar iesp&jamu modela parmérigu pielagosanu.

2.2. tabula. Masinmacisanas modela veiktspgja (Bumanis et al., 2023)

Bidama loga Kludas LSTM CNN XGBoost RF
izmérs metrika
1 MSE 1.710 4.111 1.225 0.944
1 MAPE 13.909 14.224 9.994 6.907
1 RMSPE 15.439 16.258 11.708 10.242
2 MSE 0.272 1.884 1.060 0.726
2 MAPE 5.390 15.200 10.272 6.331
2 RMSPE 7.751 18.314 12.178 9.284
3 MSE 0.203 1.384 0.877 0.664
3 MAPE 6.501 39.319 9.086 6.158
3 RMSPE 8.828 39.993 10.875 9.110
5 MSE 0.358 0.843 0.767 0.604
5 MAPE 6.218 13.479 7.415 6.077
5 RMSPE 8.781 15.537 9.223 9.016
7 MSE 0.198 0.443 0.863 0.546
7 MAPE 5.484 13.300 9.619 6.188
7 RMSPE 7.845 14.555 11.350 9.168
14 MSE 0.153 0.308 0.719 0.453
14 MAPE 6.433 6.633 6.114 6.273
14 RMSPE 8.982 9.718 8.158 9.221
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Tabula 2.3 ir apkopoti labakie rezultati, kas iegiiti modela novértésana. Var
secinat, ka kopuma LSTM, RF un XGBoost uzradija vislabako veiktsp&ju.
Novértesanas rezultati, nemot véra labakas metrikas vertibas dazadiem bidamo
logu izmériem (masinmaciSanas modeliem), liecina, ka veiktspgja atSkiras.
Kopuma visi modeli nodro§ina pietickami precizus rezultatus, lai atklatu
problémas un veiktu izmainas razoSanas procesa; tomér rezultati liecinaja, ka
dazi modeli, piem&ram, LSTM, uzradija konkuretspg&jigu veiktsp&ju visos bidamo
logu izmeros, vienlaikus nodroSinot vislabakos rezultatus — izmantojot mazaku
veésturisko razoSanas datu skaitu. Var secinat, ka masinmaciSanas modeli, Tpasi
LSTM, izradas labaki par Modified Compartmental.

2.3. tabula. Modelu novértesanas labakie rezultati (Bumanis et al., 2023)

Modelis MSE MAPE RMSPE Bidama loga
izmeérs
Modified Compartmental 0.011 9.134 14.809 n/a
LSTM 0.272 5.390 7.751 2
CNN 0.308 6.633 9.718 14
XGBoost 0.719 6.114 8.158 14
RF 0.604 6.077 9.016 5

Modela testeSanai izmantotais olu produkcijas cikls bija netipisks datu
kvalitates raksturlielumu, pieméram, viendabiguma un pilniguma, zina, un
tadgjadi padarija sarezgitaku dzivotsp€jigaka modela atlases un olu ipatsvara
prognozeéSanas procesu, pamatojoties uz Sadiem datiem. Japiebilst, ka
prognozesana tika veikta tikai 1 dienai ieprieks, kas nosaciti ierobezo prasibas
precizitates mérkim. Lai gan ir iesp&jams prognozeét olu ipatsvaru ilgakam
periodam, rezultatos var but strauja precizitates samazinaSanas; tadejadi
atbilstoSajam prognoz€Sanas garumam jabut pietieckami ilgam, lai veiktu
atbilstosas izmainas (t.i., pielagotu ventilacijas algoritmu temperatiras
izmainam) razosanas procesam. Turklat izvéli prognozet tikai 1 dienu ieprieks
noteica pieejamo apmacibu datu konsekvence. Tas ietver arT atskiribas starp divu
atsevisku ciklu datiem. Testa datu kopa, kas bija ievérojami atskiriga, paradija
ierobezojumus nelinearajam modelim, kas izmanto tikai vienu parametru
(desanas nedelu skaitu) un nepielagojas izmainam, kuru rezultata tika iegiitas ar1
MAPE un RMSPE vértibas — attiecigi 9,134% un 14,809%. Lai gan ML modelu
aprekinatas kludas (MAPE un RMSPE) bija robezas no 5% lidz 10%, tika
noverots, ka tas var labak pielagoties razoSanas izmainam neka parbauditais
nelinearas regresijas modelis. Ta ka ML modelos ka ievades dati tick izmantoti
ari vides dati, peksnas So faktoru izmainas (pieméram, temperattra, CO,, NHs)
ietekmé produktivitati, ko var laikus prognozgt.

Rezultati paradija, ka ML modeli (LSTM, RF un XGBoost ar bidamo logu
izméra 2) sp&ja prognozét razoSanas samazinasanos (2. produkcijas cikls)
apmierino$a Itmeni. Rezultati liecina, ka piedavatie risinajumi var bt
piem@rojami ar saimniecibas, kuras ir ierobezotas razosanas datu kopas un nav
liela apjoma vesturisko olu Tpatsvara datu. Atkariba no pieejamajiem

30



vesturiskajiem datiem modelu apmacibai saimniecibai iesp&jams izmantot ari
vairaku modelu pieeju, kur var darbinat dazadus modelus atbilstosi
lauksaimnieka vajadzibam (prognozes garumam). Turklat tas arT saglaba iesp&ju
izmantot nelinearo modeli situacijas, kad netiek registréti dati, kas ietekmé vidi
vai citus produktivitates parametrus. Saja gadfjuma nelinearo modeli var
izmantot vai nu ka atsevisku risinajumu, vai ka papildu pieradijumu, lai sekotu
razosanas ltknes dinamikai.

Datu slanoSanas metodes aprobacija

Prognozesanas modelu rezultatu analizei un potencialo problemu
identificéSanai tika izmantota datu slanosanas metode. ST metode nodrosina
sistematisku pieeju vairaku parametru mijiedarbibas izp€tei un to ietekmei uz olu
razo$anas procesu. PEtijuma tika analiz8ti tris fundamentali parametri, kas
raksturo olu razoSanas procesu: faktiskais olu d&Sanas Ipatsvars procentos,
standarta déSanas Tpatsvars procentos un vidgja iekstelpu temperatiira. Parametru
izvele balstijas uz to fiziologisko un tehnisko nozimigumu olu raZo$anas procesa.

Atbilstosi iepriek§ aprakstitajai metodikai, p&c trukstoSo vertibu
interpolacijas un datu normalizacijas, tika veikta datu apvienoSana, izmantojot
data_fusion_main funkciju. Parametru svaru koeficienti tika noteikti, nemot
vera to ietekmes pakapi uz razoSanas procesu. Faktiskajam d&Sanas ipatsvaram
tika pieskirts svars 0,85, standarta déSanas ipatsvaram 0,50, bet vidgjai
temperatirai 0,35. Zemaks svars temperatiiras parametram tika pieskirts,
balstoties uz zinatniskajiem pétfjumiem, kas norada, ka temperatiira bitiski
ietekm& produktivitati tikai arpus noteiktam robezvertibam, kuras nosaka
konkréta vistu Skirne un turéSanas apstakli. Slanosanas slieksnis tika iestatits uz
40 vienibam, kas lauj efektivi identificét bitiskas novirzes starp faktisko un
teorétisko déSanas ipatsvaru. Datu izlidzinaSanai tika izmantota automatiska
izlidzinasana (AutoSmooth=1) ar izlidzinasanas parametru 1, kas nodro§ina
optimalu lidzsvaru starp Tstermina svarstibu filtraciju un butisko tendencu
saglabasanu datos. Metodes pielietosanas rezultati atspoguloti tris att€los (sk.
2.8.att., 2.9. att. un 2.10. att.). Sakotngjo svérto apvienoto vértibu analize (sk. 2.8.
att.) atklaj butiskas atSkiribas starp faktisko un standarta désanas Ipatsvaru, ipasi
periodos ar paaugstinatu temperatiiras svarstibu ietekmi. lzteikts ir periods no 40.
11dz 50. ned@lai, kura v@rojams strauj$ kritums, kam seko pakapeniska atgtiSanas.
Sis novirzes var biit saistitas ar vairakiem faktoriem, tostarp datu kvalitati un
razosanas procesa izmainam.
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2.8. att. Sakotnéjas svértas apvienotas vertibas.

Uz PCA balstita analize (sk. 2.9. att.) shiedz papildu ieskatus par parametru
mijiedarbibu. Attéla redzams, ka PCA komponente spgj efektivi identificét
anomalijas datu kopa, Tpasi perioda no 40. lidz 50. ned€lai, kur noveérojamas
bitiskas novirzes no gaidita deSanas Tipatsvara. Sis periods sakrit ar
paaugstinatam kludas vértibam Modified Compartmental modeli (MAPE
9,134%, RMSPE 14,809%), kas norada uz modela ierobezojumiem sarezgitu
situaciju analizg.

Uz PCA balstitas apvienotas vértibas kopigal kolonnal Birds age in weeks
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2.9. att. Uz PCA balstitas apvienotas vértibas.

Nozimigako regionu parklasanas analize (sk. 2.10. att.) identificé tris
raksturigus periodus razoSanas cikla. RazoS$anas uzsaksanas perioda (20.-25.
ned€la) novérojama augsta korelacija starp abam metodém, kas norada uz datu
kvalitates un razoSanas procesa stabilitati. Nestabilitates perioda (40. —50.
nedgla) konstatetas ieveérojamas atkiribas starp metodém, kur masinmacisanas
modeli, pasi LSTM ar MAPE 5,390%, uzrada ievérojami augstaku precizitati
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neka tradicionalie modeli. RaZzoSanas nosléguma perioda (75.-80. nedgla)
vérojama atkartota metozu konvergence, kas liecina par razoSanas procesa
stabilizaciju.

Nozimigako regionu parklasanas

Slieksnis: 40
—— Sakotnéjas svértds apvienotas vértibas
—— Uz PCA balstitas apvienotas vertibas
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2.10. att. Nozimigako regionu parklasanas.

Datu slanosanas analize atklaj vairakas bitiskas problémas, kas ietekmé&
prognozeésanas modelu precizitati:

1. datu kvalitates problémas: identificétas novirzes, pasi 40.—50. nedélu
perioda, norada uz potencialam problémam sensoru datos vai datu savakSanas
procesa. Sis problémas var bit viens no iemesliem, kapgc Modified
Compartmental modelis uzrada augstakas kludas vértibas (MAPE 9,134%);

2. modelu adaptacijas sp&ja: ML modelu zemakas kltdas vertibas (MAPE 5—
10%) var tikt skaidrotas ar to sp&ju labak pielagoties nelinearam izmainam datos,
ko apstiprina PCA analizes rezultati. Ipasi LSTM modelis (MAPE 5,390%)
demonstré ievérojami labaku veiktsp&ju perioda ar identific€tajam anomalijam;

3. sensoru sist€mu ierobezojumi: analize norada uz nepiecieSamibu
pilnveidot sensoru datu kvalitates kontroles mehanismus, Ipasi attieciba uz
temperatiiras mérjjumiem, kur noverojamas biitiskas svarstibas.

Kopuma pétijums parada tradicionalo nelinearo modelu un masinmacisanas
algoritmu veiktspgjas atskiribas olu Ipatsvara prognozésana. ML modeli uzrada
labakus rezultatus neka tradicionalie viena faktora modeli, ko apliecina zemakas
kltdu vertibas. Vienlaikus rezultati norada uz nepiecieSsamibu péc specializétam
metodém datu kvalitates problému risinaSanai precizas lauksaimniecibas
konteksta.

Balstoties uz otraja nodala izstradato datu slanosanas metodi un tas praktisko
pielietojumu precizas putnkopibas p&tijuma rezultatu parbaudei, autors secina,
ka tiek apstiprinata teze:
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Ir iespgjama nepilnigo datu interaktiva apstrade un vizualizacija, izmantojot
izstradatas datu apvienosanas un datu kvalitates uzlaboSanas metodes.

Pamatojums

Otraja nodala izstradata datu slano$anas metode nodroSina sistematisku
pieeju dazada rakstura datu apvienoSanai un vizualizacijai. Metodes
konceptualais pamats tai dod sp&ju efektivi integrét atskirigus datu avotus, ko
apliecina augu bagatibas, nokriSnu un biSu aktivitates datu analize un
vizualizacija vienlaikus. Metodes interaktivais raksturs nodro§ina tas sp&ju
identificét un vizualizét datu parklaSanas zonas, kas izpauzas trapecveida
metodes pielietojuma regionu analizé (sk. 2.3. att.). ST pieeja lauj kvantitativi
novertet gan parklaganas zonas, gan atskiribu regionus, tadéjadi sniedzot skaidru
prieksstatu par datu mijiedarbibu.

Metodes praktiska pielietojamiba tiek apstiprinata precizas putnkopibas
petijuma, kur att€los 2.8., 2.9. un 2.10. redzama vizualizacija parada metodes
daudzpusigo analitisko potencialu. Att€los 2.8. un 2.9. atspogulota vizualizacija
parada metodes sp&ju apvienot un analizét trTs bitiskus parametrus — faktisko
désanas Tpatsvaru, teorctisko déSanas ipatsvaru un vid€jo iekstelpu temperatiiru.
Ipasi nozimiga ir metodes spéja identificét kritiskos periodus, izmantojot gan
sverto summu, gan PCA balstito pieeju. Attéla 2.10. paradita parklaganas regionu
analize sniedz papildu kvantitativu novértéjumu par metozu konvergenci un
divergenci tris raksturigos periodos — razo$anas uzsak$anas (20.—25. nedgla),
nestabilitates (40.—50. ned€la) un nosleguma (75.—80. nedg€la) posmos.

Metodes efektivitate datu kvalitates problemu identifice$ana izpauzas tas
sp&ja atklat butiskas novirzes un neparastus datu periodus. TriikstoSo vertibu
aizpildiSanai tika izmantota interpolacija, kas nodrosinaja datu nepartrauktibu un
normalizaciju, kas bija butisks priekSnosacijums PCA komponenta
izmanto3anai. ST pieeja nodroginaja efektivu datu vizualizaciju un palidzgja
identificét kritiskas datu kvalitates problémas.

3. DATU KVALITATES UZLABOSANA

Datu kvalitates kriteriji — pilnigums un precizitate — ir fundamentali datu
apstrades procesos, jo tie tiesi ietekmé analizes, prognoze€Sanas un lemumu
pienemsanas kvalitati. Datu pilnigums raksturo pieejamo me&rjjumu Ipatsvaru no
visiem nepiecieSamajiem mérfjjumiem, savukart precizitate nosaka merijumu
atbilstibu patiesajam vertibam. Datu pilnigumu var noveértét divos aspektos.
Pirmais ir nepiecieSamo datu kopu esamiba — vai visas vajadzigas datu grupas ir
pieejamas. Piem&ram, vides monitoringa sistéma biitiski ir gan temperatiiras, gan
mitruma, gan CO, limena m&rfjumi. Otrais aspekts ir datu ierakstu pilnigums
katra kopa — vai nav iztriikstoSu merjjumu konkré&ta laika perioda. TriikstoSo datu
problému var risinat ar interpolaciju vai lidzigu ierakstu izmantoSanu. Datu
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precizitati ietekm@ gan tehniskas neprecizitates, kas saistitas ar meraparatiiras un
sensoru darbibu (kalibracija, ieri¢u ierobezojumi), gan cilvéciskais faktors —
klidas manuala datu apstradé. Ipasi kritiska ir datu precizitate 10T risinajumos
un maksliga intelekta lietojumos, kur neprecizi ievaddati var butiski ietekmét
modelu apmacibas procesu. Efektivai datu kvalitates nodrosinasanai
nepiecieSama sistematiska pieeja. TrikstoSo vértibu aizpildiSanai izmanto
matematiskas metodes, piem&ram, interpolaciju, kas balstas uz esoSajiem
precizajiem datiem. Precizitates nodroSinasanai veic regularas parbaudes, kas
lauj identificét un noverst problému c&lonus — gan tehniskas kltimes, gan
cilvéciska faktora raditas novirzes. Sada kompleksa pieeja lauj izveidot uzticamu
pamatu talakai datu analizei.

Datu kvalitates metodes tika izveidotas, risinot precizas putnkopibas olu
désanas Tpatsvara prognozeéS$anas uzdevumu. Metozu izstradei un testéSanai tika
izmantota datu kopa par diviem (vienu pilnu un otru dalgju) olu désanas cikliem
— par 61 nedglas periodu (dati, kas savakti no 2019. gada 22. novembra lidz
2021. gada 9. februarim) un par 46 nedélu periodu (dati savakti no 2021. gada
23. marta Iidz 2022. gada 3. martam). Olu dé$anas periodos tika registréti dazada
veida majputnu un vides dati, kas sniedz informaciju par mikroklimatu
(temperatiira, mitrums, CO2, NHz3), ka ari dati par putnu baroSanu (tidens un
baribas patérin§ un ta sastavs, t.i, makro/mikro baribas vielas un
mikroelementi). Temperatiiras un mitruma uzraudzibas sensori tika novietoti
vistu kits centra. CO2 (IR-2 sensors, GDS Technologies Garforth) un NHs
(NHs/MR-100 sensors, Membrapor AG) koncentracijas tika méritas nepartraukti
ik péc 10 mintitém, bet vidgjas vertibas tika aprekinatas katru stundu p&c tam.

Sakara ar uzraudzibas sisttmas agrinu ievieSanas fazi datu kvalitate
savaktajiem datiem nav ideala. Ta, piem&am (sk. 3.1. att.), vidgjiem
temperatiiras datiem ir nepilnibas, bet baribas paterinam — novirzes.

1. cikls 2. cikls

W L At | =

o
Jul-2021
0
0

Feb-2021

3.1. att. Divu raZoSanas ciklu datu kvalitates reprezentacija.

Apraksts: pirma cikla (1. kolonna) un otra cikla (2. kolonna) vid&jo iekstelpu
temperatiiras (1. rinda) un baribas paterini (2. rinda).

Turpmakai analizei tika izmantoti pirma cikla vid&jas iek$telpu temperataras
dati. Sakara ar to, ka datu faila ir trTs kolonnas, analiz&jama ir So kolonnu vidgja
vertiba: temperatiira no sensora, kas atrodas 1. biiru stava, temperatiira no
sensora, kas atrodas 8. buiru stava, un temperatiira, kas ir ievadita manuali. Gala
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vertiba, gadijuma, kad nav pieejamas visu kolonnu vertibas, tika iegita,
izmantojot esosas.

Vidgjai temperatiirai ir nedaudz ciklisks modelis ar atkartotiem
maksimumiem un zemakajam vietam. Tas varétu liecinat par sezonalam
izmainam vai citu periodisku faktoru, kas ietekme temperatiiru. Turklat s€rijas
pedgja dala ir vérojama ievérojama augSupejoSa tendence, kas norada, ka
temperatiira $aja perioda kopuma paaugstinajas.

Kopa, var izdalit §adas statistiskas vertibas:

e datu punktu skaits: 335;
vidgjais: 22,37 °C;
standarta novirze: ~1,96 °C;
minimala vertiba: 18,00 °C;

25. procentile (Q1): 20,93 °C;
mediana (50. procentile): 21,90 °C;
75. procentile (Q3): =23,55 °C;
maksimala vertiba: 29,90 °C;
trukstoso vertibu skaits: 93.

ARIMA modelis

Viena no metodém, precizak — statistiskiem modeliem, kas apvieno
automatisko regresivo funkciju (AR), integraciju (I, kas attiecas uz datu
diferencéSanu, lai padarTtu tos nekustigus) un mainiga vidéja (MA) komponentus,
ir ARIMA modelis. Modelis var tikt pielietots truksto$o datu noteik$anai un
aizvietoSanai. Talak aprakstiti atseviski komponenti.

e AutoRegressive (AR): automatiskas regresijas parametrs. Modelis, kas
izmanto atkarigo attiecibu starp noveérojumu un vairakiem nov€lotiem
noveérojumiem (ieprieksgjie laika posmi) (sk. (3.1.)):

AR(P): Yy =c+ d1Yeq + DY + -+ OpYep + & (3.1)
kur
(Y;) — sérijas vertiba laika, t;
¢ — konstante, vesels vai decimalais skaitlis;
¢1, @3, ..., P, — modela parametri;
p — AR termina seciba;
€; — balts troksnis (kludas termins) laika ¢.

e | (d): integréts parametrs. Noverojumu diferencésana, lai laiku rindas bitu
stacionaras; d ir nesezonalu atskiribu skaits (sk. (3.2.)):

1(d): vy, (3.2)
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¢ MA (q): mainigais vid&jais parametrs. Modelis, kas izmanto atkaribu starp
noveérojumu un atlikuSo kliidu no slidosa vidgja modela, ko izmanto
novélotiem novérojumiem (sk. (3.3.)):

MA(q) Yt =ct+e+ 916t_1 + eZEt—Z + -+ eqet—q (33)

Apvienojot AR, | un MA parametrus, ARIMA modelis tiek izteikts $adi (sk.
(34)):

ARIMA(p,d, q): VY, = ¢ + &1 Yeqg + -+ dpYep + 061 + -+

3.4.
eqet_q + € ( )

kur
p — modeli ieklauto nobides novérojumu skaits, vesels skaitlis;
d — reizu skaits, kad neapstradatie novérojumi ir maintti, lai s€rija bitu
nekustiga, vesels skaitlis;
q — slido$a vidgja loga izmérs, vesels skaitlis.

ARIMA modela pielietoSana prasa stacionaru laika rindu datus. Lai
parbauditu $o priek§nosacijumu, izmanto papildinato Dikija-Fullera (Augmented
Dickey-Fuller test, ADF) testu. Sis tests nosaka, vai laika rinda ir stacionara. ADF
testa nulles hipotéze apgalvo, ka laika rindai piemit vienibas sakne. Testa
rezultati balstas uz p vértibas analizi — ja ta ir zemaka par izvEléto nozimibas
Itmeni (parasti 0,05), tas norada uz laika rindas stacionaritati un no laika atkarigas
struktiiras esamibu. Sads rezultats apstiprina datu piemérotibu ARIMA modela
izmantoSanai.

Attiecigi, laika rindu sérijai y, ADF parbauda nulles hipotézi (sk. (3.5.)):

Ay, =a+ Bt +yye_q1 + 614Ye_q + 6,4y 5 + -+ € (3.5)

kur

A — atikiribas operators. Sis operators tiek izmantots, lai aprékinatu
pasreizgjas vertibas y, un tas ieprieks$gjas veértibas y,_, starpibu laika
rinda, veidojot Ay, ;

a — konstante;

B — fiks€ potencialu linearo laika tendenci;

y — koeficients s€rijas nobides Itment, kas fiks€ vienibas saknes klatbiitni.
Tas ir butisks, lai noteiktu, vai laika rinda ir stacionara vai ne;

§; — atkarTga mainiga aizkavéto pirmo starpibu koeficienti;

€. — gadijuma klidas (vai traucgjumu) komponents, kas atspogulo
neizskaidrojamo dalu laika rinda.

ADF testa mérvienibas tiek noteiktas p&c laika rindas datu veida, ar kuru tiek
stradats, un to mérvienibam. Pieméram, ja laika rindas dati ir eiro izteikti finansu
dati, tad lielaka dala parametru bus izteikti eiro vai eiro laika vieniba.

Tests koncentr&jas uz y. Ja y butiski atskiras no nulles, tad sérijai nav vienibas
saknes un ta ir stacionara.
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Saja gadijuma ADF statistika ir negativs skaitlis —1,6112. Jo negativaks tas
ir, jo specigak tiek noraidita hipot€ze, ka pastav vienibas sakne, un Iidz ar to, jo
spécigaki pieradijumi par stacionaritati.

P vértiba atspogulo varbiitibu, ka datiem biitu novérota struktiira (vai mazak
ticams), ja nulles hipotéze butu patiesa. Nemot véra p-vértibu 0,4773, kas ir
lielaka par parasti izmantoto nozimiguma limeni 0,05, nevar noraidit nulles
hipot&zi. Tas nozimé, ka s€rija nav stacionara.

ARIMA model&Sana s€rijai jabt stacionarai. S€rijas nestacionaritate nozime,
ka pirms ARIMA lietosanas, iesp&jams, vajadzés atskirt sériju, lai ta bitu
nekustiga. To norada ar “I” ARIMA, kas apzime integréto parametru. Atskiribu
skaits, kas nepiecieSams, lai sérija biitu stacionara, nosaka d parametrs.

Atskirigas serijas Skita nekustigakas, kas liecina, ka d = 1 var&tu biit labs
sakumpunkts ARIMA. Tomér d izvelei jabiit balstitai uz stacionaritates
sasniegsanu un ARIMA modela Akaike informacijas kritérija (AIC)
samazinasanu.

Attiecigi $aja gadijuma, lai noteiktu atbilstoSo atskiribas limeni (d ARIMA),
tiek veikts:

e tieksaktsard = 1;

e d tiek palielinats un at3kirigo s€riju stacionaritate tiek parbaudita,

izmantojot paplasinata Dikija-Fullera (ADF) testu;

o Kkatrai d vertibai tiek pielagots ARIMA modelis un tiek salidzinatas AIC

vertibas;

e optimalais d ir tas, kas padara sériju nekustigu un samazina AlC.

Veicot parbaudi, tiek iegits:

e oOptimalais atskiribas limenis, d: 1;

e Saist’td minimala AIC vértiba: 707,13.

Rezultata viena (d = 1) at8kiriba ir pietieckama, lai sérija biitu stacionara un
nodro$inatu vislabako lidzsvaru (atbilstosi AIC) ARIMA modelim.

Attiecigi izmantojot noteikto d parametra vertibu, tiek iegiits $ads rezultats
(sk. 3.2. att.):
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TrakstoSo vértibu aizvietosana, izmantojot ARIMA modeli

—— Novérotie dati
ARIMA modelis

| i

2020-01 2020-03 2020-05 2020-07 2020-09 2020-11 2021-01 2021-03

Datums
3.2. att. TrikstoSo datu aizvieto$ana, izmantojot ARIMA modeli.

Vidéja temperatira iekstelpas, °C
= -

Modificéta standarta vidéja sveérta metode

Alternativi pielietojot datu apvienoSanas principus trikstoSo datu
pievieno$anai var izmantot gan vietgjos noverotos datus (izmantojot, piemeram,
standarta vidgjo sverto metodi), gan pamata esoso tendenci, ka ar1 korekcijas,
kuru baze ir datu raksturlielumi, pieméram, $kibums.

Saja gadijuma vietéja informacija sniedz izpratni par tie$o kontekstu ap
trikstoso vértibu. Globala informacija vai tendence palidz izprast plasakus datu
modelus. Skibums var sniegt ieskatu datu visparéja sadalfjuma un biitiba.

Attiecigi, ja laika rinda indeksa j trlikst datu punkta, tad vértiba y; tiek
aprekinata $adi:

1. tiek papildinata tendence, izmantojot linearas regresijas modeli, lai

noteiktu optimalo kaiminu skaitu, ko izmantot viet§jam sveértam vid€jam

(sk. (3.6.)):
Yy =Bo+ pix (3.6
kur
N — aplikojamo datu punktu skaits, vesels skaitlis;

y; — apzimé faktisko noveéroto vertibu, decimalais skaitlis;
¥, — apzimé prognozgto vai paredzamo vertibu, decimalais skaitlis.

2. Tiek prognozéti turpmakie indeksi x’, izmantojot apmacito modeli (sk.
(3.7));
9 =Bo+ pix’' (3.7)

3. Tiek samekléts optimalais kaiminu skaits, salidzinot aprékinatos datus ar
lineari paplasinato tendenci un aprékinot vid&jo kvadratisko kltidu (MSE),
kas nosaka, cik labi aprékinatie dati vai prognozéta tendence atbilst
faktiskajiem datiem (sk. (3.8.)):

39



MSE = -3, (y; = 9)? (38)

kur
N — aplikojamo datu punktu skaits, vesels skaitlis;
y; — apzime faktisko noveroto vertibu, decimalais skaitlis;
¥, — apZime prognoz&to vai paredzamo veértibu, decimalais skaitlis.

4. Vietgja sverta videja aprekins tick modificéts, izmantojot eksponencialos
svarus, kur eksponenciala samazinajuma koeficients ir -0, 1, kas nodroSina
pakapenisku svaru samazinasanos, pieaugot attalumam no trukstosa
punkta (sk. (3.9.)):

jtn —0.1i,,.
_ Zi:j—ne Yi

L ==crn (3.9)
avg Zji:i—n e—0.1i

kur
e — eksponenciala funkcija, konstante;
i — attalums no trikstosa punkta, vesels skaitlis;
y; — datu vértiba indeksa i, decimalais skaitlis.

5. Tiek aprékinats datu kopas D skibums Sp, lai pielagotu aprékinato
vertibu, pamatojoties uz netriikstoSo datu sadalijuma asimetriju (sk.
(3.10.)):

Sp =3, (22) (3.10.)

N op

kur
D; — apzimée noverotos datu punktus, vesels vai decimalais skaitlis;
D — novéroto datu vidgjais lielums, decimalais skaitlis;
op — novéroto datu standarta novirze, decimalais skaitlis;
N — novéroto datu punktu skaits, vesels skaitlis.

6. Atbilstosi Skibumam tiek pielagots viet&jais sveértais vidgjais (sk. (3.11.)):
Lavgeq; = Lavg + @ X Sp (3.11)

kur
a =0.01 ir empiriski noteikta konstante skibuma ietekmes kontrolei.

7. Pirms attaluma svaru aprékinaSanas tiek veikta oscilaciju detektesana,
salidzinot vertibu izmainu virzienu pirms un péc triksto$a punkta (sk.
(3.12), (3.13.):

Of = 0.5, ja Pback . Do (3.12)
Op = 1.0, ja Lock Do (3.13)

Kur izmainu atrumi tiek aprékinati:
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AYback _ Yj-1=Yj-n (3 14)

dx n-1
dyforw — Vi+n=Yj+1 (315)
dx n-1
kur

Of — oscilacijas faktors, decimalskaitlis;
d e . s o
% — vertibu izmainas atrums pirms tritkstosa punkta, decimalskaitlis;
day . . _ L . - e
% — vertibu izmainas atrums péc trukstosa punkta, decimalskaitlis;

n — kaiminu skaits, vesels skaitlis.

8. Attaluma svari tiek aprékinati, izmantojot eksponencialo samazinajumu
un oscilacijas faktoru, kur eksponenciala samazinajuma koeficients ir -
0,15, kas kontrolé attaluma iectekmes samazinasanas atrumu (K. (3.16.)):

w = e~0-15min(diesrdrigne) . Of (3.16.)

kur
djefe — attalums Iidz tuvakajam noverotajam punktam pa kreisi, vesels
skaitlis;
drigne — attalums Iidz tuvakajam novérotajam punktam pa labi, vesels
skaitlis.

9. Izmantojot aprékinatos attaluma svarus, tiek apvienota pielagota vietgja
vid&ja vertiba ar tendences vertibu, lai iegilitu sakotn&jo aizvietoto vértibu
(sk. (3.17.)):

Vimp (D) = W X Lapg,q, (D) + (1 = w) X T(D) (3.17.)

kur
w — attaluma un oscilacijas svars, decimalskaitlis;
Lavg,q; (i) — pielagota vietgja videja vertiba pozicija i, decimalskaitlis;
T (i) — tendences vertiba pozicija i, decimalskaitlis.

10.Lai samazinatu straujas veértibu izmainas, tiek pielietota laika
izlidzinaSana, nemot vera iepriek$gjo aprékinato vertibu, kur koeficienti
0.7 un 0.3 nodros§ina optimalu Iidzsvaru starp pasreiz&jo un ieprieks$gjo
vertibu, samazinot straujas izmainas datos (Sk. (3.19.):

VIR () = 0.7 + Vi (D) + 03 Vi (i — 1) (3.18)
kur
V2 (i) - laika izlidzinata vértiba pozicija i, decimalskaitlis;

Vimp (i) — sakotngji aprékinata vértiba, decimalskaitlis;
11. Gala rezultata izlidzinasanai tiek pielietots trTs punktu slidoSais vidgjais
(sk. (3.19.)(3.20.)):
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Vsmooth (l) = éZ;f:l,_l Vlﬁzal (k) (319)

kur
final . P R ~ = -
Vimp (k) - laika izlidzinatas vértibas tris secigos punktos,
decimalskaitlis.

ST pieeja nodrosina, ka aprekinatas vértibas ietekmé gan vietgjais konteksts
(noverotie blakus datu punkti un to tendence), gan kopgja tendence datu kopa,
vienlaikus arT nedaudz koriggjot, pamatojoties uz datu sadalijuma nelidzenumu.
Tas nodroSina, ka aprekinatas vertibas ne tikai atbilst viete¢jam un vispargjam
tendencém, bet ari tiek korig€tas, nemot véra datu sadalfjuma asimetriju.
Rezultata iegitie datu punkti papildina sakotn&jos datus $adi, ka redzams 3.3.
attela.

T Pikstoso vertiu skalts 93 (2175%) | oo
-- PCHIP interpolacija

A
[ Modificéta standarta vidéja svérta metode
Novéroti dati

Average_Temperature_1st

J‘ ,‘,L | & ‘e {\ '@JV\ ; \ s
’fh!\wn {uf \\,,1 I),\/f\f wj\qfl 'Jw\‘ \f h L ‘W\y_”
!

Date
3.3. att. TriikstoSo datu aizvietoSana, izmantojot MSVSM metodi.

Kopuma §i ir modificéta standarta vidéja sveérta metode (turpmak —
MSVSM), kas ievie§ vairakus butiskus uzlabojumus salidzinajuma ar
tradicionalo pieeju. Ta izmanto dinamisku svaru sistemu, kas pielagojas datu
struktiirai.

Metodes galvenas iezimes ir $adas. Pirmkart, ta izmanto dinamiskus svarus,
kas mainas atkariba no datu punktu attaluma lidz triksto$ajai vertibai — tuvakie
punkti iegtst lielaku nozimi aprékinos. Otrkart, metode nem véra datu pamata
esosas tendences, kas nodroSina rezultatu atbilsttbu kop&jai datu sérijas
dinamikai.

Papildus tam metode ievie§ sadalfjuma Skibuma korekciju, kas pielago
aprekinatas vertibas atbilstosi novéroto datu sadalfjuma Ipatnibam. Visbeidzot,
metode veic vietéjo datu un tendencu apvieno$anu, izmantojot dinamiskus
svarus. ST pieeja nodrosina, ka blivakos datu apgabalos doming lokalie dati, bet
retakos — tendences ietekme.

Sada kompleksa pieeja lauj precizak modelét triiksto$as vértibas, nemot véra
gan lokalos datus, gan globalas tendences datu kopa.
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Triiksto$o vértibu aizvietoSanas metozu testéSana

Metozu novertésanai tiek izmantota 2. produkcijas cikla datu kopa, kas satur
vairakus parametrus bez trikstosam veértibam. Atbilsto§i metozu izstradei
izmantotam parametram no 2. produkcijas cikla datu kopas tiek izveleta vidgja
temperatiira. ST datu kopa tiek pienemta par patiesuma vértibu datu kopu un tiek
izmantota krit€riju aprékinasanai (sk. 3.1. tabulu): vidgja kvadratiska kluda
(Mean Square Error, MSE), vidgja absolata klada (Mean Absolute Error, MAE),
vidgja absoluta procentuala kluda (Mean Absolute Percentage Error, MAPE),
saknes vidgja kvadratiska klada (Root Mean Squared Error, RMSE) un saknes
vidgja kvadratiska procentuala klada (Root Mean Squared Percentage Error,
RMSPE). Jo mazaka ir kritériju vertiba (kltida), jo labak metodes rezultats atbilst
datiem.

3.1. tabula. Novertesanai izmantotie Kritériji

Kriterijs Vienadojums
= T 1 -
Vidgja kvadratiska kliida MSE =~ YL (v — §0)?
= p—— 1 -
Vidgja absolita kliida MAE = ;2?=1|yl' -9
Vidgja absolita procentuala kluda MAPE = 1% n [yi=9il
n Y

Saknes vidgja kvadratiska klada 1 N
RMSE = ,;Z?:l(yi - 9:)?

Saknes vid€ja kvadratiska procentuala klada o\ 2
! P ’ RMSPE = 100 /% n (y‘y.yl)

kur
yi — noverota vertiba;
¥i — paredzama vertiba;
n — ierakstu skaits.

Novérotas kopas tiek izveidotas, ievieSot triiksto$as vértibas ar $adiem
nosacijumiem:
1. gadijuma triikstosas vertibas, 11dz 10% no kopgja skaita;
2. gadijuma trikstosas vertibas, 11dz 20% no kopgja skaita;
3. gadijuma trukstosas vertibas, I1dz 40% no kopégja skaita;
4. gadijuma trukstoSo vertibu virknes, divi gabali ar garumu 10 elementi
katra;
5. gadijuma trikstoSo vertibu virknes, tris gabali ar garumu 10 elementi
katra;
6. gadijuma truksto$as vertibas, Iidz 20% no kopgja skaita, un gadijuma
trikstoSo vertibu virknes, divi gabali ar garumu 10 elementi Katra.
Papildus ARIMA modelim (turpmak minéts ka metode) un MSVSM tika
pielietota 2. pakapes polinomu interpolacijas metode. Augstako pakapju
polinomu interpolacija uzradija sliktakus rezultatus. MSVSM metode izmanto
kubiskas Hermita interpolacijas polinomu (Piecewise Cubic Hermite
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Interpolating Polynomial). Atbilstosi minétajiem nosacijumiem tika veikti sesi
aprekini.

Piemé&ram, scenarija ar gadijuma trikstosam vértibam, [idz 20% no kopgja
skaita un gadijuma trikstoSo vertibu virknes, divi gabali ar garumu 10 elementi
katra, gabalu generéSana tiek realizéta jau uz “apgrieztas” datu kopas, kas
attiecigi nozimé, ka trikstoSo vertibu ipatsvars var bt stipri mainigs starp
dazadam iteracijam.

Polinomu interpolacijai ir ievérojami augstaka MSE, RMSE un MAE vertiba
neka citam metodém (sk. 3.2. tabulu, 3.4. att.), kas norada, ka $aja scenarija ta ir
mazak preciza.

Trikstodo vértibu aizvietosanas metozu salidzinasana

Patiesuma vértibu datu kopa
-=-=- 2. pakapes polinoma interpolacijas metode R

N
Modificéta standarta vidéjas svértas metode % y
ARIMA metode R H
"
Modificéta datu kopa / b . ‘A'
M Y. A
O { 2
. > I v
g ]
g are o Ml AN Nl
g, A i UV Vv M
E 5 B % STatd
g L , v
© -
y
2
>

202108 202105 202108 202107 202108 202109 202110

Datums
3.4. att. Gadijuma triikstosas vértibas, Iidz 20% no kopéja skaita un gadijuma
triikstoso vértibu virknes, divi gabali ar garumu 10 elementi katra

Augstas MSE un RMSE vertibas liecina, ka dazas prognozgs ir lielas kliidas,
kas var€tu biit saistitas ar parmerigu pielagosanu triikkstosajiem gabaliem.

3.2. tabula Metriku rezultati scenarijam ar gadijuma trikstoSas veértibas, Iidz 20%
no kopéja skaita un gadijuma triikstoSo vértibu virknes, divi gabali ar garumu 10
elementi katra

Metode MSE RMSE MAE
Polinoma interpolacija 1.312570 1.145675 0.449252

MSVSM 0.377772 0.614632 0.236004

ARIMA 0.648512 0.805302 0.281817

Polinomu metodes var

radit lielas svarstibas interpol&tajas vertibas,

saskaroties ar datu nepilnibam, kas, Skiet, ir $aja gadijuma. MSVSM parada
viszemako kliidu raditajus, noradot, ka tas efektivak neka citas metodes apstrada
gan nejausas trikstosas vertibas, gan trukstosas dalas. Jo Tpasi zemais RMSE
liecina, ka MSVSM nodroSina nemainigu precizitates ITmeni aprékinatajam
vertibam bez lielam novirzém no faktiskajam vertibam. ARIMA aizvietoSanai ir
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meérena kltidu metrika, kas darbojas labak neka polinomu interpolacija, bet ne tik
labi ka MSVSM.

MSVSM ievérojami parspej parcjas divas metodes, kas liecina, ka tai ir
labaks mehanisms, lai risinatu abu veidu trikstoSos datus. Tas var€tu bt Tpasi
noderigi realos scenarijos, kur tritkkstosie dati biezi rodas gan nejausa, gan
strukturéta forma.

Metozu VvisaptveroSai (daudz scenariju) novértéSanai tiek izmantota 2.
produkecijas cikla datu kopa ar dazadam konfiguracijam:

o virknu izméri: 2, 4, 6, 8, 10 un 12 laika soli;

o virknu skaits: 1, 2, 3, 4 un 5 virknes katra datu kopa;

e bazes trukstoSo vertibu proporcijas: no 0% Iidz 20% ar 2% soli;

e katra konfiguracija tiek test€ta 3 reizes statistiskas ticamibas

nodro$inasanai.

Kopuma tiek veikti 990 testi, kas iegliti no 6 virknu izm@riem, 5 virknu
skaitiem, 11 proporcijam un 3 atkartojumiem. Katra testa procediira sastav no
diviem posmiem. Pirmaja posma tiek veikta triikstoSo datu ievietoSana, kur
vispirms tiek ievietotas triksto$o vértibu virknes nejausas pozicijas, péc tam
atlikuSajos datos tiek ievietotas papildu nejausas trukstoSas vertibas, un tiek
aprekinats kopgjais triikstoSo datu procentualais daudzums. Otraja posma tiek
veikta metozu pielietoSana un novertéSana, kur katrai metodei (ARIMA,
MSVSM, polinoma interpolacija) tiek aprekinati veiktsp&jas raditaji (MSE,
RMSE, MAE), un rezultati tiek apkopoti un analiz&ti. Pasliktinasanas punkta
noteikSanai tick izmantota sistematiska analize, kas sastav no datu apkoposanas
un slieksna noteik$anas posmiem. Datu apkopoSanas posma rezultati tiek grupé&ti
péc metodes un kopgja triikstoso datu procentuala daudzuma, un katrai grupai
tiek aprékinati vidgjie veiktsp&jas raditaji. SliekSna noteikSanas posma tiek
izmantots slieksna koeficients 1,5 (50% kladas pieaugums). Sakot no zemaka
triikstoSo datu procentuala daudzuma, tiek noteikta sakotngja veiktspé&ja, un katrs
nakamais punkts tiek salidzinats ar to. Pirmais punkts, kur raditajs parsniedz
sakotngjo veiktsp&ju x 1,5, tiek atzim&ts ka pasliktinasanas punkts.

MSVSM uzrada (sk. 3.5. att.) vislabako kopgjo veiktsp&ju ar pasliktinasanas
punktu pie 52,3% triikkstoSo datu, kas ir ievérojami augstaks neka ARIMA
metodei (48,1%) un polinomu interpolacijai (25,0%). Statistiskas ticamibas
nodros§inasanai katra konfiguracija tiek test€ta tris reizes, mazinot nejau$o
variaciju ietekmi trukstoSo datu izvietojuma vislabako kopg&jo veiktsp&ju starp
visam trim metodém, ar pasliktinaSanas punktu pie 52,3% trukstoSo datu —
augstakais slieksnis starp visam metodeém.
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Kladu metriku laika grafiks RMSE sadalijums péc virknes izméra
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3.5. att. MSVSM veiktspéja.

Salidzinosa analize parada pakapeniskaku RMSE pieaugumu MSVSM
metodei. Ta uzrada izcilu veiktsp&ju ar maziem lidz vidgjiem virknu izmeriem
(10-30 elementi) visos trikkstoSo datu procentualajos daudzumos, kur zemakas
RMSE veértibas (1,0-1,2) konsekventi tiek sasniegtas ar virknu izm&riem zem 20
elementiem. Pat p&c pasliktinasanas punkta MSVSM metode uzrada vismazako
veiktsp&jas pasliktinasanos — tikai 36,7% MSE pieaugumu un 18,6% RMSE
pieaugumu, kas ir ievérojami labak neka ARIMA (MSE 91,4%) un polinomu
interpolacijai (MSE 137,6%).

MSVSM izcelas ka visefektivaka metode, Tpasi situacijas ar augstu trikstoso
datu Tpatsvaru. Salidzinajuma ar citam metodém, ARIMA uzrada labus rezultatus
tikai pie zemaka triikstoSo datu ipatsvara (<48%), bet polinomu interpolacija
kltist neuzticama jau pie 25% triikstoSo datu, ar dramatisku RMSE pieaugumu
virs 2,0 augstakas slodzes scenarijos. Balstoties uz Siem rezultatiem, MSVSM ir
ieteicama izvéle lielakajai dalai praktisko pielietojumu, 1pasi gadijumos, kur
sagaidams augsts triikkstoSo datu Ipatsvars vai nepiecieSama augsta precizitate.

Ieprieks€jos scenarijos labakus rezultatus uzradija MSVSM, tomér ir
jasaprot, cik stabili ta strada. Sadalijjuma salidzinajuma tests (sk. 3.6. att.) ir
fundamentals raditajs aizvietoSanas kvalitates novertésana, jo tas parada, cik labi
tiek saglabatas datu statistiskas Tpasibas. Lai nodroSinatu rezultatu stabilitati un
mazinatu gadijuma faktoru ietekmi, katrs scenarijs tika izpildits 10 reizes, un
talakai analizei tika izmantoti vid&jie raditaji.
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Sadalijuma salidzinajums

014 ey —— originalie dati
f Imputétie dati - 10% gadijuma
————— Imputétie dati - 20% gadijuma
----- Imputgtie dati - 40% gadijuma
~— Imputétie dati - 2 virknes pa 10
~— Imputétie dati - 3 virknes pa 10
Imputétie dati - 20% un 2 virknes
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Vértiba

3.6. att. Sadalijuma salidzinajums MSVSM metodei seSiem scenarijiem.

Scenarija ar 10% gadijuma triksto$§ajam vertibam metode uzrada labus
rezultatus — vid€jas vertibas novirze ir 1,09%, kas nozimg, ka aizvietotie dati labi
atbilst originalajam datu kopas limenim. Standartnovirzes izmainas 1,42%
apméra norada uz labu datu izkliedes saglabasanu. Sadalijjuma forma vizuali
praktiski neatSkiras no originalas, kas ir batiski talakai statistiskai analizei.

Palielinot trikstoSo vértibu ipatsvaru lidz 20% un 40%, novérojama
pakapeniska precizitates samazinasanas. 20% scenarija vidgjas vertibas novirze
ir 0,362%, bet standartnovirzes atskiriba 2,884%. 40% scenarija standartnovirzes
atskiriba pieaug 11dz 5,079%, kas norada uz ievérojamaku datu izkliedes izmainu.
Sadalfjuma forma uzrada ievérojamas nobides, Tpasi “astes” dalas, kas norada uz
griittbam precizi rekonstruét ekstremalas vertibas.

Autokorelacijas tests (sk. 3.7. att.) ir ipasi nozimigs laika rindu analizg, jo tas
parada secigo vertibu savstarp&jo sakaribu saglabasanu. Secigu trikstoso vertibu
scenarijos (2 un 3 virknes pa 10) metode saglaba labu precizitati. Abu scenariju
gadijuma vidgjas veértibas novirze ir attiecigi 0,994% un 0,952%, bet
standartnovirzes atkiribas ir 3,120% un 3,869%. Ipasi svarigi, ka autokorelacijas
raditaji saglabajas zemi (vid&ja atkiriba ap 0,030-0,046), kas liecina par labu
laikrindu struktiiras saglabasanu.
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Autocorrelation - Sadalfjuma salidzinajums
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3.7. att. Autokorelacijas salidzinajums MSVSM metodei seSiem scenarijiem.

Kombingtaja scenarija (20% gadijuma un 2 virknes) metode uzrada lidzigu
precizitati ka atseviskajos scenarijos — vidgjas vertibas novirze 0,486%,
standartnovirzes atSkiriba 1,954%, un méreni autokorelacijas raditaji (vidgja
atikiriba 0,070, maksimala 0,164). Sads rezultats, iespgjams, skaidrojams ar to,
ka dazadu trikstoso vertibu veidu kombinacija lauj metodei labak “uztvert” datu
periodiskumu un tendences.

Kopuma var secinat, ka metode ir piemérota praktiskai lictoSanai situacijas,
kur trikstoSo vertibu Ipatsvars neparsniedz 20-25% no kop&ja datu apjoma.
Ipasa uzmaniba japiever§ gadijumiem, kur svariga ir preciza ekstremalo vertibu
rekonstrukcija vai augstakas kartas autokorelaciju saglabasana, jo Sajos aspektos
metode uzrada lielakas novirzes.

NovirZu noteikSana un pielagosana

NovirZzu noteikSanai un pielagosanai izmanto vairakas metodes, katra ar
savam priekSrocibam. Z-Score metode balstas uz standartnovirzes aprékinu, bet
ir jutiga pret ekstremalam vertibam (Yaro et al., 2024). Starpkvartilu diapazona
(IQR) metode ir efektivaka asimetriskiem datiem, bet var bt parak konservativa
(El Hairach, Tmiri, & Bellamine, 2024). Vinsorizacija pielago novirzes, aizstajot
tas ar tuvakajam “normalajam” vértibam, saglabajot datu struktiiru (Yang. L. et
al., 2024). Slidosa loga metode analizé datus to lokalaja konteksta, Ipasi
piemérota laika rindu datiem. Izstradata kombinéta pieeja apvieno vinsorizacijas
un slidosa loga metodes, izmantojot tris dazada izméra logus (9, 19 un 39 punkti).
Mazakais logs identific€ istermina novirzes, vid&jais nodroSina stabilitati, bet
lielakais palidz noteikt ilgtermina tendences. Katra loga tiek aprékinati lokalie
statistiskie raditaji, un vinsorizacija tiek pielietota ar z-vertibas slieksni 3.0.
Papildus ieviesta tendences komponente lauj atskirt 1stas novirzes no dabiskam
datu izmainam, Ipasi temperatiiras datos. Novirzu apstrade notiek divas fazes.
NoteikSanas fazgé katram punktam aprékina lokalas statistiskas vertibas visos
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trijos logos, un punkts tiek klasificéts ka novirze, ja ta z-vertiba parsniedz slieksni
vismaz divos logos. Pielagosanas fazg identificétajam novirzém aprekina jaunas
vertibas, izmantojot Vinsorizaciju un nemot véra gan lokalo datu strukttiru, gan
tendences komponentu.

Izstradata metode ir nosaukta par multi-skalas integréto novirzu analizes
metodi (MINA), jo Sis nosaukums precizi atspogulo tas galvenas ipasibas un
darbibas principus. “Multi-skalas” komponents norada uz metodes sp&ju analiz&t
datus dazados laika merogos, izmantojot trTs atSkiriga izméra logus (9, 19 un 39
punkti), kas lauj identificét gan islaicigas, gan ilgstoSas novirzes. “Integréta”
norada uz vairaku statistisko pieeju apvienoSanu — tendences analizi, lokalo
svarstibu, vairaku logu statistiku un ticamibas vert§jumu — vienota sisteéma.
“Novirzu analize” aptver gan novirZzu identific€Sanu, gan to korig€Sanu,
izmantojot adaptivus slieksnus un lokalo datu struktiiru.

MINA ir izstradata, lai efektivi identific€tu un korig&tu novirzes laika rindas.
Metode apvieno vairakas statistiskas pieejas un darbojas dazadas laika skalas,
nodro$inot gan precizu novirzu noteikSanu, gan saudzigu to korekciju. Metodes
darbiba sastav no vairakiem, 12, secigiem soliem:

1. lai noteiktu datu tendenci, vispirms tiek aprékinata rito$a mediana. Sis
solis ir bitisks, jo tas samazina islaicigo svarstibu ietekmi, vienlaikus
saglabajot datu pamatstruktiru. Ritosa mediana tiek aprekinata,
izmantojot simetrisku laika logu ap katru punktu (sk. (3.20.)):

rolling med; = median(x;_y, ..., Xi, ..., Xi+1.) (3.20.)
kur
x; — datu vertiba indeksa i, decimalais skaitlis;
k — loga puse, (window_length-1)/2, vesels skaitlis;
i — pasreiz&ja punkta indekss, vesels skaitlis.

2. péc medianas aprékinasanas tiek pielietots Savitzky-Golay filtrs, kas
izlidzina datus, saglabajot augstakas kartas momentus (sk. (3.21.)):

trend; = J¥__ ¢; - rolling med,,; (3.21)

kur
c; — Savitzky-Golay filtra koeficienti, decimalie skaitli;
k — filtra loga puse, vesels skaitlis;
rolling_med ;,; — rito$as medianas veértiba punkta i” + j”, decimalais
skaitlis.

3. datu lokalas svarstibas novérté8anai tiek izmantota medianas absoltita
novirze (MAD). ST metode ir izturigaka pret ekstrémam vertibam neka
standarta novirze, jo ta balstas uz medianu, nevis vid&jo vertibu (sk.

(3.22.)):
MAD,; = med1’an(|xj - med1’an(x)|) (3.22)
kur
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x; — datu vertibas lokalaja loga, decimalie skaitli;
median(x) — datu mediana lokalaja loga, decimalais skaitlis;
i — pasreizgja punkta indekss, vesels skaitlis.

4. lai normaliz&tu lokalo svarstibu attieciba pret kop&jo datu svarstibu, tiek
aprékinata relativa MAD vertiba. Sis raditajs lauj salidzinat svarstibu
dazados datu segmentos (sk. (3.23.)):

MAD;

local var; = ———
- 1 median(MAD)

(3.23)

kur
MAD, — lokala medianas absoliita novirze punkta i, decimalais skaitlis;
median(MAD) — visu MAD vértibu mediana, decimalais skaitlis.

5. vertibu izmainu atruma analizei tiek aprékinatas secigu punktu starpibas.
Sis raditajs ir butisks peksnu izmainu identificé$anai datos, kas var noradit
uz potencialam novirzém (sk. (3.24.)):

Ax; = |x; — x;_4] (3.24.)

kur
X; — pasreizgja datu vertiba, decimalais skaitlis;
X(;.7) — ieprieksgja datu vertiba, decimalais skaitlis.

6. izmainu atruma slieksnis tiek dinamiski pielagots, balstoties uz medianas
izmainam un lokalo svarstibu. Sis adaptivais slieksnis lauj precizak
identificét novirzes dazados datu segmentos, nemot véra gan kopgjo datu
struktiiru, gan lokalas ipatnibas (sk. (3.25)):

spike_threshold; = (median(Ax) + 2 - median(|4x —

median(4x)|)) - max(1,local_var;) (3.25)

kur
median(Ax) — visu izmainu mediana, decimalais skaitlis;
local var; —lokala svarstiba punkta i, decimalais skaitlis.

7. katram no trim dazadajiem logiem (9, 19 un 39 punkti) tiek aprekinats
lokalais vidgjais. ST pieeja lauj identificét novirzes dazados laika mérogos,
nodrosinot metodes efektivitati gan Tslaicigu, gan ilgstoSu novirzu
gadijumos (sk. (3.26.)):

Lo
Hiw = = X5 o (3.26.)

kur
w — loga izmérs (9, 19 vai 39), vesels skaitlis;
k —(w—1)/2, vesels skaitlis;
x; — datu vertibas loga, decimalie skaitli.

50



8. Kkatram logam tiek aprékinata ari lokala standartnovirze, kas raksturo datu
izkliedi attiecigaja laika loga (sk. (3.27.)):

1 @i 2
Oiw = \/; PN TR (3.27)

kur
Ui — lokalais vid@jais loga w, decimalais skaitlis;
w — loga izmers, vesels skaitlis;
x; — datu vertibas loga, decimalie skaitli.

9. izmantojot lokalo vid&o un standartnovirzi, tieck aprékinata z-vértiba
katram punktam katra loga. Z-vertiba parada, cik standartnovirzu
attaluma punkts atrodas no lokala vidgja (sk. (3.28.)):

Zip = —"‘i;’:'“”' (3.28.)
kur
X; — pasreizgja datu vertiba, decimalais skaitlis;
U;, — lokalais vid&jais loga w, decimalais skaitlis;
0, w — lokala standartnovirze loga w, decimalais skaitlis.

10. Ticamibas veértgjums apvieno dazadus novirzu indikatorus viena
skaitliska vertiba. Sis vert€jums nem vera gan z-vertibas dazados
logos, gan citus novirzu indikatorus (sk. (3.29.)):

confidence; = Y, weight,, - [Zi,w > zthreshold] +
1.5 - [rapid_recovery;] + 1.0 - [trend_outlier;] + (3.29.)
1.2 - [consecutive_deviation;]

kur
weight,, — svars katram loga izm@ram, decimalais skaitlis;
[nosacijums] — 1 ja nosacTjums ir patiess, 0 ja aplams;
Zihreshold — Z-vertibas slieksnis, decimalais skaitlis.

11.novirzes identificéSanas nosacijumu kopums apvieno tris galvenos
kritérijus viena 1émumu pienemsanas soli:

a. confidence_i = 2.0 parbauda, vai kopgjais ticamibas raditajs, kas
iegiits no dazadu logu analizes un papildu indikatoru svertas summas,
parsniedz slieksni 2.0;

b. |4x_i| > spike_threshold_i parbauda, vai punkta izmainas atrums
parsniedz adaptivo slieksni, kas pielagots lokalajai variabilitatei;

C. |x_i — trend_i| > 2.0 - Otrenqd parbauda, vai punkta novirze no
aprekinatas tendences parsniedz divkarsu tendences standartnovirzi.

Ja kaut viens no Siem trim nosacijumiem ir speka, punkts tiek atziméts ka
novirze (outlier; = 1), preteja gadijuma tas tiek uzskatits par normalu
punktu (outlier; = 0)(sk. (3.30.)):
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outlier; = 1ja confidence; = 2.0 vai |Ax;| > spike_threshold; vai

|x; — trend;| > 2.0 - O¢peng citadi 0 (3.30)

kur
confidence; — punkta i ticamibas vertgjums, decimalais skaitlis;
Ax; — vertibas izmaina punkta i, decimalais skaitlis;
spike_threshold; — izmainu slieksnis punkta i, decimalais skaitlis;
Orena — tendences standartnovirze, decimalais skaitlis.

12. novirzu korekcijas process ir adaptivs un balstas uz tendences veértibam:
a. ja punkts ir identificéts ka novirze (outlier;= 1), ta vertiba tiek
koriggta, izmantojot tendenci ka atskaites punktu;
b. korekcijas virziens (sign funkcija) tiek saglabats tads pats ka
originalajai novirzei no tendences;
c. korekcijas amplitida tiek ierobezota ar min funkciju, kas nelauj
korekcijai parsniegt divkar$u tendences standartnovirzi (2 - Greng);
d. ja punkts nav novirze (outlier;= 0), ta vértiba paliek nemainiga (x;).
Sada pieeja nodrogina, ka korekcijas ir statistiski pamatotas un saglaba datu
dabisko svarstibu, vienlaikus noveér$ot ekstremalas novirzes (sk. (3.31.)):
x;{ = trend;+ sign(x; — trend;) - min(|x; — trend)|,2 -

Oprend), ja outlier; = 1; citadix; (3.31))

kur
x; — originala datu vértiba, decimalais skaitlis;
trend; — aprékinata tendence punkta i, decimalais skaitlis;
Owend — tendences standartnovirze, decimalais skaitlis;
outlier;— novirzes indikators (1 vai 0), vesels skaitlis.

MINA parametri ir optimizéti ar mérki atrast tadu parametru kombinaciju,
kas nodrosina visaugstako metodes efektivitati, vienlaikus saglabajot tas
stabilitati un uzticamibu dazados lietojuma scenarijos. ST optimizacija ir bitiska,
jo parametru izvele tiesa veida ietekmé gan metodes sp&ju precizi identificet
novirzes, gan ari tas tendenci radit viltus pozitivus rezultatus. Parak stingri
parametri var novest pie parmérigas jutibas pret normalam datu svarstibam,
savukart parak vaji parametri var nepamanit bitiskas novirzes. Tadgjadi
optimizacijas uzdevums ir atrast lidzsvaru starp Siem pretgjiem aspektiem.

Optimizacijas process tika strukturéts tris secigos posmos. Pirmkart, tika
izveidota test€Sanas vide ar dazadiem novirzu scenarijiem, kas atspogulo realas
situacijas sastopamas problémas — izol€tas novirzes (islaicigas ekstremalas
vertibas), secigas novirzes (vairaku secigu punktu nobides), tendences izmainas
(pakapeniskas novirzes) un to kombinacijas. Otrkart, tika definéts parametru
telpas parklajums ar diviem galvenajiem parametriem. Loga izmériem tika
izveletas Cetras dazadas triskarSo logu kombinacijas ([3,7,11], [5,11,21],
[7,15,31], [9,19,39]), un z-vértibu sliek$niem — Eetras vertibas (1.5, 2.0, 2.5, 3.0).
ST parametru kopa balstas uz iepriek3gjo pétijumu rezultatiem un teorétiskajiem
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apsvérumiem par datu struktiiras analizes mérogiem. Treskart, tika izstradata
vertesanas sistéma ar vairakam papildino$am metrikam: F1 vertgjums ka galvena
metrika, kas apvieno precizitati un pilnigumu, MAE korigéto vertibu precizitates
novertéjumam, un sadalfjuma saglabasanas raditaji vidgjas vertibas un
standartnovirzes izmainu noverté$anai.

Konfiguraciju salidzinasanai tika izmantota kompleksa pieeja, kur F1
vertejuma mediana kalpoja ka primarais raditajs, bet to papildinaja citi batiski
kriteriji. Videja absoluta klida (MAE) un vidgja kvadratiska klida (MSE)
sniedza dzilaku ieskatu par korig€to vertibu precizitati, savukart atseviska
precizitates un pilniguma analize lava labak izprast metodes darbibas specifiku
dazados scenarijos. Sada daudzpusiga analizes pieeja lava ne tikai identificét
vispargji labakas un sliktakas konfiguracijas, bet arT izprast to snieguma Ipatnibas
dazados liectojuma gadijumos. Rezultatu sakartosana péc F1 vértéjuma medianas
nodro$ingja skaidru un pamatotu konfiguraciju hierarhiju, vienlaikus saglabajot
iesp&ju detalizEti izvertét katras kombinacijas stipras un vajas puses.

Optimizacijas rezultati atklaj (sk. 3.8. att.), ka visefektivaka parametru
kombinacija ir vidgja izméra logu komplekts [7,15,31] ar z-vértibas slieksni 3,0.

Labakie veiktspéjas raditaji
Loga izméri: [7, 15, 31], Z: 3.0
<]

10 _

0.8

0.6

0.4

e e e ==

0.0

3.8. att. Labakie veiktspéjas raditaji.

ST konfiguracija uzrada F1 vértgjumu 0,14, MAE 0,25 un MSE 0,8, kas ir
labakie rezultati no visam testétajam kombinacijam. Pretstata tam, mazako logu
kombinacija [3,7,11] ar z-vertibas slieksni 2,0 uzrada ievérojami sliktakus
rezultatus. Sadalfjumu analize atklaj bitiskas nianses par metodes ietekmi uz
datu struktaru (sk. 3.9. att.)
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Sadalijumu salidzinajums (medianas vértibas)

— Sakotndjie dati
Loga izméri: (5, 11, 21), Z: 1.5
Loga izméri: (5, 11, 21), Z: 2.0
Loga izméri: (5, 11, 21), Z: 2.5
Loga izméri: (5, 11, 21), Z: 3.0
Loga izméri: (3, 7. 11), Z: 1.5
Loga izméri: (3, 7, 11), Z: 2.0
Loga izméri: (3, 7, 11), Z: 2.5
Loga izméri: (3. 7. 11). Z: 3.0
Loga izméri: (7, 15, 31), Z: 1.5

0.12

0.10 Loga izméri: (7, 15, 31), Z: 2.0
Loga izméri (7, 15, 31), Z: 2.5
Loga izméri: (7, 15, 31), Z: 3.0
Loga izméri: (9, 19, 39), Z: 1.5
Loga izméri: (9, 19, 39), Z: 2.0
Loga izméri: (9, 19, 39), Z: 2.5
Loga izméri: (9, 19, 39), Z: 3.0

Blivums

0.08

0.06

5 10 15 20 25 30 35
Vértiba

3.9. att. Sadalijumu salidzinajums visiem scenarijiem.

Optimalas konfiguracijas ([7,15,31], z=3,0) gadijjuma noverojama izcila datu
pamatstruktiiras saglabasana ar vidgjas vértibas novirzi 0,02% un
standartnovirzes izmainam 0,40% apmeéra. Asimetrijas koeficients paliek
praktiski nemainigs (izmainas <0,1%), ekscess uzrada nelielu samazinajumu
(0,5%). Ekstremalo vértibu apgabalos novirzes ir minimalas — 0,8% 1. percentilé
un 0,3% 99. percentilé. Salidzinot ar sliktako konfiguraciju ([3,7,11], z=2,0),
vidgjas vertibas novirze pieaug lidz 1,2%, standartnovirzes izmainas sasniedz
2,8%, un noverojama izteikta “astu” deformacija. Modalaja apgabala optimala
konfiguracija uzrada gandriz perfektu sakritibu ar originalo sadalijumu,
nodroSinot uzticamu pamatu statistiskajai analizei.

Novir$u noteik$anas un pielagoSanas metodes testéSana

Metodes efektivitates noverté$anai izmantota 2. produkcijas cikla telpu
vidgjas temperatiiras mérijumi (Average Temperature Indoor). Sakotn&jie dati
uzrada sezonalo tendenci ar temperatiiras vértibam no 19°C lidz 33°C.
Test€Sanas procesa ievaditas tris veidu novirzes, kas atspogulo realas situacijas
sastopamas problémas. Attéla (sk. 3.10. att.) var noveérot $o novirZu izpausmes —
ar sarkaniem krustiem atzZIimétas atrastas novirzes, kas ietver gan straujas
Tslaicigas izmainas, gan ilgstoSakas nobides no pamattendences.
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Novirzu pielagosana - Average Temperature Indoor

sakotnéjie dati
—— Dati ar novirzém
40 -=-- Tendence

Tiritie dati
+ Atrastas novirzes

3.10. att. MINA izpildes rezultats nejauso novirZu scenarijam.

Laika sérijas vidii noverojamas divas pikveida novirzes ar temperatiiras
pieaugumu [idz 42°C un 39°C. Metode ne tikai identificé Sis ekstremalas
vertibas, bet arT veiksmigi atjauno ticamas temperatiiras vértibas, ko demonstré
sarkana linija. Peleka partraukta linija parada ilgtermina tendenci, kurai korigetas
vertibas konsekventi seko, kas norada uz metodes sp&ju atskirt istas novirzes no
dabiskam temperatiiras svarstibam.

Ap 75. novérojumu redzama temperatiiras pazeminasanas lidz 10°C, ap 100.
un 125. novérojumu — vairakas secigas novirzes, kas tiek efektivi apstradatas,
saglabajot datu kopas dabisko plidumu.

Kvantitativa analize uzrada vidgjo absoliito kladu (MAE) 1,004°C, vidgjo
absoliito procentualo klidu (MAPE) 4,08%, un kvadratsaknes vid&jo kvadratisko
procentualo kliidu (RMSPE) 5,54%, kas apstiprina metodes stabilitati. Metodes
efektivitati nodro$ina izveleta logu izmeru kombinacija [7, 15, 31] un z-vertibas
slieksnis 3,0.

Vairaku testu novértéSanas sist€éma tika izstradata ar 100 neatkarigam testa
iteracijam. Katra iteracija ievie§ unikalu maksligo novirzu kopu bazes
temperatiiras datos ar trim pamata veidiem: piki (peksnas, ekstrémas novirzes),
nobides (ilgstoSas novirzes par vairakiem punktiem) un tendences (pakapeniskas,
virziena izmainas). leviesto novirzu proporcija katra testa svarstas no 2% Iidz
5% no kopgja datu punktu skaita. Katrai testa iteracijai metode apstrada datus,
izmantojot logu izm&rus [7, 15, 31] un z-veértibas slieksni 3,0. Novertejums fikse
Cetrus galvenos veiktspg€jas raditajus: RMSE (vidgja kvadratiska kluda), MAE
(vidgja absoluta klida), MAPE (vid&ja absoliita procentuala klida) un RMSPE
(kvadratsaknes vid&ja kvadratiska procentuala kliida).

RMSE svarstas vidgji ap 0,970 ar standartnovirzi 0,258, augstakas vertibas
paradas testos ar intensivakam novirzém. MAE uzrada stabilaku profilu ar vid&jo
vertibu 0,244 un standartnovirzi 0,080, kas norada uz precizam korekcijam.
MAPE ar vidgjo veértibu 1,139 un standartnovirzi 0,386 demonstré metodes
precizitati procentuala izteiksmé. RMSPE uzrada vidgji 5,216 ar standartnovirzi
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1,682, augstakas vértibas norada uz atseviskiem gadfjjumiem ar lielakam
procentualam kladam.

Kladu metriku kastveida diagrammu sadalijumi (sk. 3.11. att.) demonstré
metodes konsekvenci.

Kladu metriku sadalijjums

10 A

oOw

Vértiba

o —_—
3 (] (] e
& & & &

3.11. att. MINA klidu metriku sadalijums.

RMSE demonstre medianu 0,970 ar starpkvartilu diapazonu no 0,812 Iidz
1,128 un Gsam no 0,584 Iidz 1,496. MAE uzrada zemaku medianu (0,244) un
Sauraku IQR (0,194 lidz 0,294). MAPE atklaj medianu 1,139 ar IQR no 0,901
lidz 1,377. RMSPE uzrada medianu 5,216 un IQR no 4,123 Iidz 6,309. Novérotas
svarstibas metriku vertibas saistitas ar novirzu skaitu (2—5% no kopgja punktu
skaita) un to intensitati (1,5-4 standartnovirzes).

Visu ¢etru metriku kastveida diagrammu kopgja analize sniedz parliecino$u
apliecinajumu metodes stabilitatei un precizitatei. Absoliito kliidu metrikas
(RMSE, MAE) demonstré pienemamu precizitati temperatiiras merjumu
konteksta, kamér relativo kludu metrikas (MAPE, RMSPE) apstiprina metodes
uzticamibu plasa mérfjumu diapazona. Kompaktie starpkvartilu diapazoni
RMSE (0,541 11dz 2,086) un MAE (0,094 11dz 0,504) norada uz stabilu veiktsp&ju
visos testos. Relativi mazais novirzu skaits $ajos sadalfjumos liecina, ka metode
reti piedzivo nozimigu veiktsp&jas pasliktinasanos, pat sarezgitos apstaklos.

Klidu sadalijumu histogrammas (sk. 3.12. att) atklaj gandriz normalus
sadalfjumus visiem raditajiem, ar nelielu novirzi pa labi. RMSE sadalijums ir
centréts ap 0,970 ar asimetriju pa labi. Galvena masa koncentr&jas 0,6—1,2
diapazona, kas ir pienemams temperatiiras mérijumu konteksta. Labas puses
“aste” atspogulo retos gadijumus ar lielakam kladam sarezgitaku novirZu
gadijumos. MAE histogramma uzrada kompaktaku sadalfjumu ap 0,244, ar
mazak izteiktu asimetriju, noradot uz stabilu korekcijas procesu.
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3.12. att. MINA kliidu sadalijumu histogrammas.

Histogrammu analize sniedz dzilaku izpratni par kliidu sadaljjumu raksturu.
Visu cetru metriku sadalfjumi ir vienmodali un relativi simetriski (iznemot
sagaidamo labo asimetriju kvadratiskajam metrikam), kas liecina par metodes
paredzamu un stabilu darbibu. Ipasi nozimiga ir $auro sadalijumu esamiba MAE
un MAPE gadijumos, kas norada uz metodes sp&u konsekventi nodrosinat
augstu precizitati gan absoliito, gan relativo klidu konteksta. Plasakie sadalijumi
RMSE un RMSPE gadijumos ir metodologiski pamatoti un neietekme metodes
praktisko pielietojamibu.

Vairaku testu rezultati liecina ievérojamu konsekvenci un uzticamibu, kas
sasniegta ar novirzu noteikSanas un korekcijas metodi. Ar vidéjo RMSE 0,970
vienibas un standartnovirzi 0,258 vienibas, metode sasniedz augstu precizitati,
vienlaikus saglabajot stabilitati dazados testa scenarijos. Zema MAPE (vidgji
1,139) norada uz izcilu relativo precizitati, kas ir biitiska daudzos praktiskos
lietojumos, kur svariga ir proporcionala precizitate.

Apvienojot Sos rezultatus ar iepriek$€jiem stabilitates test€Sanas rezultatiem,
tiek nodro$inats visaptvero$s metodes apstiprinajums. Stabilitates testi atklaja
optimalu veiktsp&ju ar logu izmériem [7, 15, 31] un z-slieksni 3,0, ko vairaku
testu analize tagad ir apstiprinajusi plasaka scenariju klasta. MINA demonstré
gan punktveida precizitati (paradits stabilitates testos), gan statistisko uzticamibu
(pieradits vairakos testos).

Stabilitates testéSana identific€ja metodes sp&ju saglabat datu integritati,
vienlaikus nonemot novirzes, uzturot vidéjo noteikSanas atrumu 90% ar vid€jo
absolito klidu 1,004 vienibas. Vairaku testu analize pastiprina $os
konstat€jumus, uzradot pat labaku veiktsp&ju ar vidé§jo MAE 0,244 vienibas
dazados scenarijos. Sis uzlabojums liecina, ka MINA ne tikai saglaba stabilitati,
bet patiesiba darbojas labak neka sakotngji noradits, kad tiek noverteta plasaka
apstaklu klasta.

Apvienotie pieradijumi no abam test€Sanas pieejam parliecinosi apliecina, ka
MINA ir labi piemérota dazadiem laika rindu analizes lietojumiem. Ta veiksmigi
lidzsvaro jutibu pret istam novirz€m ar izturibu pret viltus pozitiviem
rezultatiem, saglabajot augstu precizitati, vienlaikus pielagojoties dazadiem datu
modeliem. MINA konsekventa veiktspgja gan stabilitates, gan vairaku testu
novertéjumos apstiprina tas gatavibu ievieSanai razoSanas vides, kur uzticama
novirzu noteik$ana ir iz8kiroSa datu kvalitates nodrosinasanai.
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REZULTATI

Promocijas darba ir izp&tita datu apvienoSanas aktualitate vairakas nozares —
precizaja biskopiba, precizaja putnkopiba un viedajas transporta un uzraudzibas
sistemas — 10T sistemu konteksta. Literatiras izpetes gaita tika analizEtas esosas
datu apvieno$anas metodes, to modeli un arhitektiiras. Petfjuma gaita tika
konstatgts, ka datu apvienoSanas modeli nav ierobezojoss faktors jaunu metozu
izveide. DIKW modela ietvaros tika analizeta datu un informacijas terminologija,
nosakot tas ietekmi uz datu apvienoSanas metodiku izvéli. Sakotngjie petijumi
bija versti uz datu apvienoSanas koncepcijas izstradi precizas biskopibas
vajadzibam.

Tika izveidota datu slano$anas koncepcija, kas balstita uz telpisko laika rindu
datu apvienoSanas principiem. Koncepcijas pamata ir tris galvenie slani — augu
bagatiba, bisu aktivitate un nokridnu daudzums. So slanu apvienofanai tika
izmantotas divas pieejas — svérta interpolacija un uz galveno komponentu analizi
balstita metode. Koncepcijas praktiskas parbaudes gaita tika konstatets, ka datu
kvalitate ir biitisks ierobezojoss faktors datu apvienoSanas metozu pielieto$anai.
Tika identificgta nepiecieSamiba pec specializétam metodem tritkstoSo vertibu
aizvietoSanai un novirzu apstradei, kas spétu saglabat datu kopas statistiskas
ipaSibas. Precizas putnkopibas datu kopas kalpoja ka praktiskas aprobacijas
platforma izstradato metozu parbaudei.

Datu kvalitates uzlaboSanai tika izstradatas un noveértetas divas metodes —
modificéta standarta vidgja sveérta metode (MSVSM) triikkstoSo vértibu
aizvietosanai un multi-skalas integréta novirzu analizes metode (MINA) novirzu
noteik8anai un korigé8anai, lai uzlabotu datu kvalitati laika rindu analize.
Efektiva analize un prognozeSana ir tieSi atkariga no datu pilniguma un
precizitates, tacu realaja datu vakSanas vid€ biezi ir nozimigs vertibu iztrikums
vai neregularitates. Sis problémas risinajumam piemérotas ir metodes MSVSM
un MINA, kas pieradija sp&ju adaptéties dazadiem nepilnibu veidiem un
proporcijam, stabilizgjot datu kopu un mazinot kludu ietekmi. Piezime: visa $aja
sadala vilpota vienadibas zime (=) norada uz vértibam, kas skaidribas un
konsekvences noliikos ir noapalotas Iidz etram zZim&m aiz komata.

MSVSM metode izc€las ar ievérojamu robustumu dazados scenarijos. Pie
nelielas triikstoSo datu proporcijas (Iidz 10%) MSVSM spéja sasniegt loti zemas
kluidas: pieméram, MSE=0,1015, RMSE=0,3186 un MAE=0,0641.
Salidzinajumam, ARIMA tajos paSos apstaklos uzradija MSE=0,1854,
RMSE=0,4305 un MAE=0,1027, bet polinomu interpolacija — MSE~0,1330,
RMSE=0,3647 un MAE=0,0795. Palielinoties triikstoSo veértibu ipatsvaram lidz
40%, MSVSM joprojam noturgja salidzinosi zemu kliidu limeni (MSE=0,4599,
RMSE=0,6782, MAE~0,3311), kamér alternativas metodes zaud&ja precizitati.
Pat sarezgitakos gadijumos — pieméram, ar tris 10-elementu trikstoso vertibu
blokiem — MSVSM sniedza MSE~0,5075, RMSE~0,7124 un MAE~0,2507,
ievérojami parsp&jot polinomu interpolaciju (MSE=1,2475, RMSE~1,1169,
MAE=0,3709) un ARIMA (MSE=0,7548, RMSE~0,8688, MAE~0,3122). Arl
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kombinétas situacijas, kad 20% no datiem bija triikstosi un divos segmentos
vertibas pazuda 10 elementu blokos, MSVSM saglabaja viszemako kliidu ItTmeni
(MSE~0,6305, RMSE=0,7941, MAE~0,3109) un ievérojami parsp&ja polinomu
interpolaciju (MSE=~4,1454, RMSE~2,0360, MAE=0,7588) un ARIMA
(MSE~1,2878, RMSE~1,1348, MAE~0,4388).

Papildus triikstoSo vertibu aizvieto$anai tika ieviesta MINA metode, kas
paredz&ta novirzu (anomaliju) noteikSanai un korige$anai, nemot véra datu kopas
pamatstruktiiru, tendences un lokalo svarstibu. Plasa testéSana, ieklaujot dazadus
anomaliju veidus, MINA uzturgja zemu vid€jo absoliito procentualo klidu
(MAPE ap 4%) un RMSPE ap 5,5%, sekmigi atSkirot realas novirzes no
dabiskam datu svarstibam. Lai gan F1 veért§jums (pieméram, 0,14 atseviskas
konfiguracijas) nav loti augsts, tas iegiits dinamiskos apstaklos, kur metodei bija
vienlaikus jasaglaba stabilitate un jauztur zemas kludas. Rezultati liecina, ka
MINA efektivi pielagojas atskirigiem iztrikumu un anomaliju modeliem,
iedarbigi mazinot kltidu ietekmi uz laika rindas analizi.

Kopuma MSVSM un MINA kombinacija nozimigi uzlabo datu kvalitati,
padarot tos pilnigakus un precizakus dazados realistiskos scenarijos. MSVSM
spgja nodroSinat stabilu aizvietoSanas precizitati pat pie vairak neka 48%
trukstoSo vertibu, un MINA augsta anomaliju apstrades efektivitate parada, ka
§1s metodes ir Tpasi piemerotas daudzveidigiem lietojumiem.

So metozu praktiska parbaude, kas ietvéra gan teorgtisko pamatojumu, gan
plasu eksperimentalo validaciju, autoram lauj secinat, ka tiek apstiprinata teze:

Ir iespgjams izstradat metodes, kas ietver dazadas pieejas datu kvalitates
uzlabosanai, izmantojot vairaku Itmenu datu apstradi.

Pamatojums

Ar izstradatajam MSVSM un MINA metodém ne tikai iesp&jams risinat
specifiskas datu kvalitates problémas, bet tas arT parada vairaku limenu datu
apstrades principu efektivitati. So metozu izstrade un testé$ana atklaj vairakus
butiskus aspektus, kas apstiprina t&zi.

Pirmkart, MSVSM metodes sp&ja parspét tradicionalas pieejas (ARIMA,
polinomu interpolacija) visos testétajos scenarijos nav nejausa. Ta balstas uz
metodes daudzlimenu arhitektiiru, kas apvieno lokalo kontekstu ar globalajam
tendencém, ka paradits vienadojumos ((3.9.) un (3.11.). Ipasi izteiksmigi to
parada kombinéto scenariju rezultati — kad 20% no datiem bija triikstosi un divos
segmentos vertibas pazuda 10 elementu blokos, MSVSM uzradija MSE~=0,6305,
kas ir gandriz 7 reizes labak neka polinomu interpolacijai (MSE~4,1454) un 2
reizes labak neka ARIMA (MSE~=1,2878).

Otrkart, MINA metodes zemo vid&jo absoliito procentualo klidu (MAPE ap
4% ) un RMSPE (ap 5,5%) nodrosina tas sp&ja integrét dazadus analizes merogus.
Metode vienlaikus analizé gan Tstermina svarstibas, gan vidgja termina
tendences, gan ilgtermina struktiras, izmantojot adaptivus analizes logus. Sada
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pieeja lauj metodei precizi identific€t patiesas novirzes, vienlaikus saglabajot
datu dabisko variaciju.

TreSais un, iesp&jams, visspilgtakais tezes apstiprindjums ir abu metozu
sinergiska mijiedarbiba. Kad MSVSM un MINA tiek izmantotas secigi, tas ne
tikai kompensé viena otras ierobeZojumus, bet ari pastiprina kop&jo datu
kvalitates uzlabojumu. Eksperimentalie rezultati parada, ka péc MSVSM
pielietosanas un sekojosas MINA apstrades, datu kopas statistiskas Ipasibas
(vidgja vertiba, standartnovirze, asimetrija) paliek nemainigas ar novirzi mazaku
par 0,02%.

Bitiski, ka §1 vairaku limenu pieeja saglaba savu efektivitati arT sarezgitos
scenarijos. Pieméram, MSVSM uzrada stabilus rezultatus pat ar tris 10-elementu
triikstoSo vertibu blokiem (MSE=0,5075), kas ir ievérojami labak neka
alternativas metodes. Vienlaikus MINA spgj pielagoties dazadiem novirzu
veidiem, saglabajot zemu klidu ltmeni (RMSPE ap 5,5%) pat dinamiskos
apstaklos.

Sie rezultati ne tikai apstiprina tezi par vairaku limenu datu apstrades
iespgjamibu, bet arT parada $adas pieejas praktiskas priekSrocibas. Izstradatas
metodes apliecina, ka, apvienojot dazadas analizes pieejas un limenus, var
butiski uzlabot datu kvalitati, vienlaikus saglabajot to statistisko integritati un
izmantoSanas iespgjas.

Metozu implementacijas pirmkods ir pieejams GitHub repozitorija:

https://github.com/nikolajsbumanis/thesis-methods.

SECINAJUMI

Autors formulé un piedava galvenos secinajumus:

1. Izpétot sensoru generéto datu izmantoSanu 0T sistémas — precizaja
biskopiba, viedajas transporta sisttmas un uzraudzibas sistemas —
konstatgts, ka datu kvalitate un apstrades metozu izvéele ir tiesi atkariga
no datu ieguves limena. Katra no pétitajam jomam veiktie eksperimenti
apstiprina, ka datu ieguves Iimenis nosaka gan datu veidu (neapstradatie,
apstradatie vai asocigtie), gan ierobezo piemérojamo datu apvienoSanas
metozu klastu.

2, Literatiiras analize datu kvalitates joma atklaj tris biitiskus uzdevumus 10T
sisttmas — trok$nu slapésanu, trikstoSo vertibu aizvietoSanu un novirzu
noteikS$anu. NovirZu noteikSanas un pielago$anas uzdevuma sarezgitibu
apliecina izstradatas MINA metodes nepiecieSamiba apvienot vairakas
pieejas — vinsorizaciju, rito$a loga analizi un z-vértibu novértgjumu. ST
uzdevuma nozimigumu papildus apstiprina nepiecieSamiba saglabat datu
kopas statistiskas Ipasibas novirzu pielagoSanas procesa.

3. Datu kvalitates uzlaboSanas metozu nepiecieSamiba precizaja putnkopiba
tika identificéta p&c tam, kad, izmantojot masinmacisanas modelus olu
Tpatsvara prognozeSanai, tika konstat€ta zema prognozesanas precizitate.
Analizgjot rezultatus ar izstradato datu slanoSanas metodi, tika atklatas
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datu kvalitates problémas (nestabilitates periodi, nepilnigi dati), kas
butiski ietekmga modelu veiktsp&ju. Tadgjadi secinams, ka datu
kvalitates uzlaboSanas metozu nepiecieSamiba tika identificgta ka kritisks
faktors prognozesanas precizitates nodrosinasanai.

. Datu slanosanas metode, kas tika izmantota olu razoSanas prognozésanas
datu analizei, lava identificét buitiskus datu kvalitates problemu periodus
(pieméram, 40.—-50. nedelu), kas tiesi ietekm&ja masinmaciSanas modelu
veiktspgju. ST metode lava ne tikai vizualizét datu problémas, bet ari
identificet to ietekmes laika periodus, tad€jadi nodrosinot labaku izpratni
par faktoriem, kas ietekmgja prognozesanas precizitati.

. Izstradata MSVSM metode trukstoSo vértibu aizvietoSanai uzrada butiski

labakus rezultatus neka tradicionalas pieejas. Salidzinajuma ar 2. kartas
polinoma interpolaciju un modificéto ARIMA modeli MSVSM sasniedz
zemaku vidgjo kvadratisko klidu (MSE=0,51 pret MSE=1,25 un
MSE=0,75). Metodes prieksrociba ir tas sp&ja automatiski pielagoties
datu raksturam, izmantojot gan lokalo, gan globalo kontekstu, un
vienlaikus saglabajot datu kopas statistiskas Tpasibas.

. MSVSM metodes stabilitate un efektivitate apstiprinata gan seSos pamata
scenarijos, gan plasa stabilitates parbaudé ar 1000 atkartojumiem katram
scenarijam. Metode saglaba augstu precizitati pat sarezgitos gadijumos —
apstradajot divus secigus 10 elementu garus trikstoso veértibu blokus kopa
ar 20% izkliedetam trikstosam vertibam, MSVSM uzrada bitiski zemaku
kladu (MSE~0,63) neka salidzinatas metodes (MSE~1,29 un MSE~4,15).
Stabilitates testi ar 1000 atkartojumiem apliecina rezultatu atkartojamibu,
uzradot zemu variaciju (standartnovirze <0,1) visos scenarijos.

. MSVSM metodes galvena prieksrociba ir tas adaptivais raksturs — ta
automatiski pielago kaiminu skaitu un svaru koeficientus atbilstosi datu
raksturam, nepieprasot plasu apmacibas datu kopu vai manualu parametru
konfiguraciju. Metodes efektivitati nodro$ina tas sp&ja apvienot lokalo un
globalo kontekstu — lokalais konteksts tiek izmantots Istermina tendencu
noteikSanai, savukart globalais nodroSina kop&jas datu struktiiras
saglabasanu.

. Visaptverosa testeéSana (990 testi) apstiprina MSVSM metodes stabilitati
Iidz 52,3% trikstoSo datu apjomam, uzradot zemako veiktspgjas
pasliktinaSanos péc $§1 sliekSna (MSE pieaugums 36,7%, RMSE
pieaugums 18,6%) salidzinajuma ar citam metodém. Metode ir Tpasi
efektiva ar maziem lidz vid§iem virknu izmériem (10-30 elementi),
nodroS§inot stabilus rezultatus pat pie augsta trukstoSo datu Ipatsvara.

. Izstradata MINA metode novirzu noteikSanai un pielagosanai apvieno
vairakas pieejas — vinsorizaciju, rito§d loga analizi un z-vertibu
novertgjumu. Metodes butiska priekSrociba ir tas sp&ja pielagoties
dazadam datu kopam, automatiski nosakot optimalos sliekSnus katram
datu segmentam, vienlaikus saglabajot datu kopas statistiskas Tpasibas.
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10. MINA metodes integréta pieeja apvieno tendences analizi, lokalas
svarstibas, vairaku logu statistiku un ticamibas v&rtg€jumu vienota sistéma,
nodro§inot gan novirZzu identificé$anu, gan to korigé$anu, izmantojot
adaptivus sliek$nus un lokalo datu struktiiru

Autors arT nosaka galvenas attistibas perspektivas:

1. Metozu implementacijas pilnveidoSana, izveidojot lietotaja saskarni to
praktiskai pielietoSanai un automatizgjot test€Sanas procediiras.

2. Praktiska pielietojuma paplasinasana, veicot metozu validaciju jaunas loT
sistému jomas, test&jot to veiktsp&ju ar dazada apjoma un rakstura datu kopam,
ka ar1 veicot salidzinoSo analizi ar jaunakajam nozares metodém.
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INTRODUCTION

Today, the Internet of Things (1oT), which includes sensors, hardware, and
software, has become an essential part of information systems (Nizeti¢ et al.,
2020). It offers opportunities to obtain information about ongoing processes
using sensors, as well as from external and/or related systems. It is predicted that
if its potential is fully utilized, 10T could become one of the most outstanding
technological achievements (Alam et al., 2016). 10T is necessary for the
development of cross-sectoral monitoring or management systems (M. Zhang et
al., 2021). In many sectors, the implementation of loT has facilitated their
transformation into smart industries, for example, precision beekeeping
(Zacepins et al., 2015) and precision poultry farming (Astill et al., 2020).

Due to the lack of unified 10T specifications, each developer chooses the most
suitable combination of sensors, hardware, and software. This approach leads to
system differences, which appear in various data formats and units of
measurement. Within an 10T system, the same object can be detected by multiple
sensors, generating different data. Alternatively, the object may be in the field of
view of only one sensor. In such situations, multiple data sources can be chosen.
This involves combining data from a sensor providing a clear view with
previously obtained information from another sensor to more accurately
reconstruct the object's state (N. E. El Faouzi & Klein, 2016).

However, in the 10T data fusion process, data quality issues often arise,
particularly in cases of missing data and outliers. Sensor reliability is not always
complete, and there may be difficulties in obtaining consistent data, which
threatens accurate analysis and decision-making. These problems are particularly
evident in complex environmental conditions where sensors cannot fully capture
the necessary data (Kratkiewicz et al., 2019).

In research, we frequently encounter the limited data problem, where it is not
always possible to obtain sufficient information about the studied object or
process. This data deficiency significantly restricts understanding of the
phenomenon under investigation. It not only hampers in-depth analysis but also
creates obstacles in developing accurate predictions and training models. In such
situations, researchers seek creative solutions, such as combining data from
various sources, using data augmentation methods, or even generating artificial
data. However, each of these approaches has its limitations. Artificially
generated data may not correspond to the behavior of the real system, thus
leading to misleading conclusions. Today, despite significant progress in data
collection technologies, it remains necessary to adapt analysis methods to each
specific task (Kratkiewicz et al., 2019). One of the most promising solutions is
the combination of multi-source data, which allows obtaining a more complete
understanding of the studied system and answering questions that cannot be
addressed with single-source data.

The main purpose of data fusion is to make information from different
sources and sensors more comprehensible and accurate, even if individual sensor
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data may seem insufficiently informative. Data fusion, as explained by Hall and
Llinas (Hall & Llinas, 2016), is an approach that aggregates information from
various sources — both sensor measurements and related database data. This
approach enables obtaining a more complete and accurate understanding of the
studied object than would be possible using only one data source. Combining
information from different sensors measuring distinct physical characteristics
helps better understand the environment and provides a crucial foundation for
planning, decision-making, and autonomous system control (Alam et al., 2017).
Initially, data fusion was primarily used for data analysis in military applications,
but now it has been implemented across many fields and industries (Noh, 2020;
Shi et al., 2019; Sun et al., 2022).

In the PhD thesis, the author analyses data fusion across various fields,
including precision beekeeping, precision poultry farming, and object detection
and tracking in transportation. Precision beekeeping has made loT technologies
essential for improving efficiency and productivity (Debauche et al., 2018). Data
collection mainly uses wireless technologies (Huet et al., 2022) and instruments
that can regularly transmit large amounts of data. While 0T technologies in
precision beekeeping have been used for more than ten years, data fusion here
mostly stays at the lower-level sensor data (Rafael Braga et al., 2020). This
makes medium and high-level data fusion an ongoing challenge in this field
(Bumanis, 2020; Bumanis et al., 2020). Object detection and tracking are
common areas where data fusion finds wide use. These solutions often connect
to the Smart City concept, as they work in populated and public spaces (Lau et
al., 2019). Main applications include traffic monitoring and smart transport
system development (Kim & Jeon, 2014). For instance, traffic monitoring
systems often combine LIiDAR and video camera data to get more accurate
information (Manogaran et al., 2021). While complete data fusion may not be
needed for traffic monitoring systems, these methods work well in other specific
applications (Y. Han & Hu, 2020). Precision poultry farming has advanced more
than precision beekeeping in the 10T field (Lashari et al., 2019). This sector
collects data about birds, their products (meat and eggs), and environmental
conditions that affect animal health, farm productivity, and overall efficiency
(Singh et al., 2020). Data fusion here helps solve various problems, such as bird
health monitoring (Muneer et al., 2020) and meat quality assessment (Khulal et
al., 2017). However, data fusion for measuring productivity is still not common
(Bumanis, Arhipova, et al., 2022).

Particularly in the context of data quality and limited data, there are several
challenges in implementing data fusion (Khaleghi et al., 2013), including:

e missing data, which occurs due to sensors' inability to consistently

provide complete data;

e inaccuracies and deviations produced by sensors, affecting data

credibility and reliability;

e inconsistencies and uncertainties in data, arising from sensor operation in

varying environmental conditions;
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o data contradictions that emerge when applying methods such as evidential
reasoning and the DST or Dempster-Shafer theory combination rule (Yin
Liu & Zhang, 2022);

¢ limited and heterogeneous data, which can sometimes be insufficient or

non-uniform across different data modalities;

e data outliers caused by sensor noise, affecting measurement accuracy and

resulting correlation;

e data registration problems arising from incomplete or faulty data

acquisition mechanisms.

Each of these challenges is typically (Bakr & Lee, 2017) addressed
individually, focusing on the specific problem rather than using a general
approach. Alternatively, if multiple sensors are available providing information
about a single studied object, data fusion can be utilized. This enables addressing
tasks such as problematic data correction (C. Huang et al., 2019), improving data
reliability (Hong et al., 2009), increasing data completeness (Consoli et al.,
2015), and obtaining higher-level information (Jayasinghe et al., 2019).

The classification of data fusion methodologies reflects their capabilities to
process various types of data and information. Researchers have developed
several classification systems to structure these methodologies (Becerra et al.,
2021). Three essential classification dimensions — abstraction levels, data source
relationships, and input-output relationships — form the basis for methodology
systematization. This categorization reflects the fundamental relationships
between data types and their processing stages. The abstraction level
classification offers a structured framework consisting of four levels. Signal-
level fusion performs direct processing of sensor signals, while pixel-level fusion
provides integration of image data. Further, feature-level fusion transforms
signal data into characteristic features, while symbol (decision) level fusion
represents results in symbolic form. The second significant dimension examines
data source relationships, distinguishing three main types. The first is
complementary fusion, which expands the total volume of information by
combining data from different sources. The second is redundant fusion, which
improves data quality by using multiple data sources simultaneously. The third
is cooperative fusion, which allows the creation of entirely new information from
multiple data sources. The third dimension examines input-output relationships,
where the main principle is the transformation of data into higher-level
information. In this process, initial data is transformed into a more useful form,
such as features or specific decisions.

Researchers (Alam et al., 2017; Becerra et al., 2021; Castanedo, 2013;
Khaleghi et al., 2013; J. Liu et al., 2020) distinguish various data fusion
architecture models. Among the most popular models is the JDL (Joint Directors
of Laboratories) data fusion model. JDL, being one of the first data fusion
models, is often used as a reference point for comparing other models according
to its architectural levels (Becerra et al., 2021). However, existing architectures
are not always directly applied in practical tasks. Applications often develop their
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specific data fusion architectures that are adapted to particular needs, such as in
smart transportation system processing (N. E. El Faouzi & Klein, 2016;
Guerrero-Ibafiez et al., 2018). This approach stems from the understanding that
the essence of data fusion is determined not so much by its architecture as by the
fusion methods themselves used for data processing.

Visualisation becomes essential after data analysis and processing, enabling
clear information delivery to the end user. The visualisation approach depends
largely on the data display requirements and desired intuitive understanding.
Human involvement proves crucial, as quality visualisation helps scientists
understand their data better and communicate their findings effectively (Lau et
al., 2019; Parish & Edmondson, 2019; Weissgerber et al., 2019). Various tools
and techniques create graphics that balance visualisation effectiveness and
adaptability (Waskom, 2021). Geographical context expands visualisation
possibilities further. Options include puzzle tile maps (Lin et al., 2019) and
spatial point clouds (Schneider et al., 2020), particularly useful for LIDAR data
visualisation (Deibe et al., 2019; Shirowzhan et al., 2020). While many display
options exist, simpler and faster techniques that enhance data understanding see
the most frequent use (Qin et al., 2020).

The main challenge of data fusion lies in managing incomplete and
contradictory data from various sources, which complicates the acquisition of
accurate and reliable information.

Objective and tasks
The aim of the PhD thesis is to develop methodological solutions for data
fusion and quality improvement to enhance data analysis efficiency and
accuracy, ensuring deeper and more substantiated insights in the research field.
To achieve this aim, the following tasks were defined:
1. investigate data quality characteristics and improvement techniques for
sensor-generated data according to completeness and accuracy criteria;
2. examine existing data fusion approaches, including determining their
classification and operational principles;
3. develop a data fusion method for visualizing multi-source data
relationships based on identifying critical periods;
4. test the developed method in the field of precision poultry farming;
5. develop data quality improvement methods (according to completeness
and accuracy criteria) for replacing missing values and adjusting outliers;
6. evaluate the developed methods;

Research methods
The range of research methods used includes:
o analysis of scientific and other information sources;
e comparison, induction, deduction, and conclusion formation;
e method development and testing in Python programming language:
o for data quality improvement methods, including missing value
replacement (methods: ARIMA, Modified Standard Weighted
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Average Robust Method (MSWARM) and for outlier detection and
adjustment — Multi-scale Integrated Outlier Analysis Method
(MICAM));
o for data fusion method development;
o evaluation of developed methods using validation sets.

Scientific novelty and practical value
e A data layering method concept has been developed, combining two data
analysis approaches: adaptive weighted interpolation data fusion and

Principal Component Analysis (PCA)-based data fusion. The adaptive

weighted interpolation method uses initial user-defined weights and

automatically adjusts interpolation smoothing parameters. PCA is
optimised to obtain a single principal component that shows the dominant
data trend, automatically adapting to parameter correlations. The data
layering concept visualises and quantitatively assesses overlapping zones
between both methods. Using the trapezoid rule, it displays and calculates
common significant region proportions with adjustable thresholds.

e Two combined methods for data quality improvement have been
developed:

o the Modified Standard Weighted Average Robust Method
(MSWARM) for missing value replacement has been created by
combining several approaches: dynamic nearest neighbour weight
determination based on the distance and quantity of missing values
from existing points, Piecewise Cubic Hermite Interpolation
Polynomial (PCHIP) for determining data trends, and trend smoothing
with a moving average algorithm. This provides an adaptive solution
for various types of data anomalies while preserving both local data
characteristics and global trends;

o the outlier detection and adjustment method — Multi-scale Integrated
Outlier Analysis Method (MIOAM), which combines: adaptive multi-
scale rolling window analysis with robust statistics (using Median
Absolute Outlier, MAD), winsorization for extreme value processing,
and multi-level z-score analysis with a consensus mechanism. The
method also includes trend outlier detection using the Savitzky-Golay
filter and contextual threshold adjustment based on local data
variability. This ensures efficient identification and adjustment of both
local and extreme data outliers while preserving essential statistical
properties and seasonality of the data.

Practical approbation

The practical value of the PhD thesis is the knowledge and insights gained
during the work, as well as the application of the developed data combining and
data quality improvement methods for solving problem-oriented tasks in the
following research projects:
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Horizon 2020 project “Futuristic beehives for the smart metropolis”.
Author's contribution: development of a data layering concept for
determining the placement position of the beehive, based on data from
several sources ((HIVEOPOLIS (HOR5), 2019);

operational programs “Growth and employment” 1.1.1. of the specific
support objective “To increase the research and innovative capacity of
Latvian scientific institutions and the ability to attract external funding by
investing in human resources and infrastructure” 1.1.1.1. Project
1.1.1.1/19/A/145 of the “Practical Orientation Research” event
“HENCO2: IT platform based on cloud data environment for improving
the productivity of poultry farming and reducing greenhouse gas
emissions”. Author's contribution: development of data quality methods
based on project data quality deficiencies; application of the developed
methods for the development of a solution for predicting egg production;
performance evaluation of machine learning models (HENCO2: Cloud-
Based IT Platform for Improving Poultry Productivity and Reducing
Greenhouse Gas Emissions — ER32, 2020);

Horizon 2020 ERA-NET Cofund project “Individual Mobility Budgets as
a Social and Ethical Basis for Reducing Carbon Emissions”. Author
contribution: combining public transport and mobile network data
(MyFairShare (ZV91), 2021);

SIA “WeAreDots” and scientific and technical company “Lasma”
research no. 1.12 “Multi-Object Detection and Tracking for Vehicle
Traffic Monitoring: 3D-LiDAR and Camera Data Fusion “. Author's
contribution: research of multi-object detection solutions; improvement
of the video stream and 3D LiDAR dataset synchronization solution
(2020).

Research theses

Data analysis results obtained from Internet of Things (IoT) systems
depend on the application of data quality improvement methods, which is
particularly important in cases of limited data volume or incomplete data,
ensuring reliable and accurate decision-making.

By combining multiple data quality improvement techniques, it is
possible to create an adaptive data pre-processing methodology that
effectively adapts to various types of data anomalies and irregularities,
providing more stable and accurate results in subsequent analysis and
modelling phases.

Interactive processing and visualization of incomplete data is possible
using the developed data fusion and data quality improvement methods.

The structure and scope of the thesis
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The PhD thesis is written in Latvian, contains an annotation, introduction, 6
chapters, conclusions, bibliography, 58 figures, 15 tables, 3 annexes, 140 pages
in total. References to 318 literary sources were made.

1. RESEARCH ACTUALITY

loT, which combines sensors, hardware, and software, has become an
important element of information systems (Nizeti¢ et al., 2020). The most
advanced loT application areas are related to Industry 4.0 (Osterrieder et al.,
2020), smart city concept (Eremia et al., 2017), transportation (Porru et al.,
2020), and agriculture (Villa-Henriksen et al., 2020). 10T sensor networks
operate in three directions: perceiving information from the environment,
monitoring internal system processes, and transforming data for decision-making
(Govinda & Saravanaguru, 2016; Sanyal & Zhang, 2018). Systems are
characterized by universal connectivity and dynamism (Patel et al., 2016; El-
Mawla & Badawy, 2023), which are essential in developing cross-sectoral
monitoring and management systems (M. Zhang et al., 2021). Kviesis and
Zacepins (2015) point out the technical limitations of sensor systems — limited
computational power and memory resources. The main challenges in IoT
systems are noise reduction (G. Han et al., 2022), outlier detection (Gaddam et
al., 2020), missing data replacement (Yuehua Liu et al., 2020), and data
aggregation (Sanyal & Zhang, 2018). Multimodal data fusion combines
information from various sources into a unified form (Castanedo, 2013) and is
used for classification, regression, cluster formation, and dimension reduction
(Bokade et al., 2021).

In the 10T context, “data” primarily refers to raw sensor signals or readings
(Jifa & Lingling, 2014), often mixing with other information in a broader
information space (Nasution et al., 2021). The data fusion process includes
specific data objects, which can be both raw signals from devices and processed
data linked to a real object (Beddar-Wiesing & Bieshaar, 2020). The DIKW
(Data, Information, Knowledge, Wisdom) model (Bellinger et al., 2004) explains
how data relationship analysis creates information, information pattern study
forms knowledge, and understanding knowledge principles leads to wisdom.
This model is used for addressing big data issues (Nasution et al., 2021) and is
considered a data fusion model (Becerra et al., 2021).

The JDL model (White & Steinberg, 1998) defines fusion as the association,
correlation, and combination of data and information from one or multiple
sources. In the context of sensor systems, the process provides accurate position
calculations, identity determination, and situation assessment (Hall & Llinas,
1997). These definitions distinguish raw data from processed information,
forming the foundation for modern data processing hierarchy (Castanedo, 2013).

Khaleghi et al. and M. Kumar et al. (Khaleghi et al., 2013; M. Kumar et al.,
2006) acknowledge that sensor data always contains measurement inaccuracies
and uncertainties, creating data imperfections. Lakshmanarao and Shashi
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(Lakshmanarao & Shashi, 2020) identify the main challenges: sensor data
quality, noise, environmental interference, and systematic errors. Serious
problems arise in systems using Dempster-Shafer (DST) theory when
contradictory measurements appear. Additional complications arise from sensor
heterogeneity and real-time processing requirements. Environmental factors'
influence on sensor measurements (M. Kumar et al., 2006) creates systematic
outliers in datasets. Liu et al. (J. Liu et al., 2020) propose heterogeneous data
classification in spatial, temporal, static, dynamic, and attribute dimensions.
Wireless sensor networks are dominated by decentralized architecture
approaches (Debauche et al., 2018; Kviesis & Zacepins, 2015; Murakami et al.,
2007), providing local data processing for outlier prevention. Khaleghi et al.
(Khaleghi et al., 2013) identify the registration data alignment problem that
occurs when transforming local sensor data into a unified reference system.
Temporal aspects create special challenges in multi-sensor systems, particularly
in processing out-of-sequence data (Besada-Portas et al., 2011).

Data fusion is used to address the following tasks: problematic data correction
(C. Huang et al., 2019), improving data reliability (Hong et al., 2009; Kreibich
et al., 2014), increasing data completeness (Consoli et al., 2015), and obtaining
higher-level information (Jayasinghe et al., 2019). Kreibich et al. (Kreibich et al.,
2014) indicate that data credibility significantly decreases in uncontrolled
environments with high noise levels. W. Wang et al. (W. Wang et al., 2018)
demonstrate the effectiveness of multi-sensor data fusion in environmental
monitoring systems, where integrated data reveals non-trivial relationships.
Karkouch et al. (Karkouch et al., 2016) point to factors affecting data quality in
IoT: system scale, resource constraints, network architecture, environmental
conditions, sensor status, security vulnerabilities, and data stream processing.
Aboubakar et al. (Aboubakar et al., 2022) characterize 10T as an IP network with
increased instability. Adelantado et al., and Dinculeana and Cheng (Adelantado
et al., 2017; Dinculeand & Cheng, 2019) emphasize IoT device specifics — small
message transmission. Sliwa et al. (Sliwa et al., 2020) identify critical barriers —
limited energy and memory, which hinder security solution implementation.

From a security perspective, sensor devices are practically impossible to fully
protect as they cannot perform resource-intensive cryptographic operations.
Environmental influences and technical issues, including lower quality sensor
accuracy and calibration deficiencies, significantly affect sensor operation.
Methods developed for interference mitigation include noise reduction, missing
data filling and interpolation, outlier detection, and data aggregation (Karkouch
etal., 2016; Souza & Amazonas, 2015). Noise in signal processing manifests as
uncorrelated components, which Jegm (Jcgm, 2008) characterizes as
measurement result dispersion parameters. Teh et al. (Teh et al., 2020) explain
uncertainty as a quantitative expression of error, while Krishnamurthi et al.
(Krishnamurthi et al., 2020) emphasize noise's negative impact on system
resources. Noise reduction methodology uses the sliding window principle.
Vanus et al. (Vanus et al., 2020) point out these methods' limitations in local
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frequency adaptation. M. M. Rashid et al. (M. M. Rashid et al., 2015) highlight
two main wave transformation approaches: continuous transformation in time
and frequency dimensions, and discrete transformation for time dimension
analysis.

Adhikari et al. (Adhikari et al., 2022) indicate that data incompleteness is a
common phenomenon in 10T systems, threatening the analytical process's
credibility. Zhang et al. (Zhang et al., 2024) offer a methodical solution by
introducing Tracking-Removed Autoencoder (TRAE) and Fuzzy Clustering
(FC) methods. Krishnamurthi et al. (Krishnamurthi et al., 2020) identify three
fundamental missing data types: MCAR (Missing Completely at Random), MAR
(Missing at Random), and NMAR (Not Missing at Random). The Isolation
Forest (IF) algorithm has become one of the leading solutions for outlier
detection in loT datasets. Mufioz et al. (Mufioz et al., 2024) point to algorithm
accuracy improvement possibilities using adjustable parameters. The Local
Outlier Factor (LOF) evaluates outliers by analyzing nearest neighbor data
density, while the Isolation Forest algorithm identifies global outliers. Kim et al.
(Kim et al., 2022) propose adaptive machine learning methods that not only
recognize outliers but also perform automatic data correction using historical
data analysis.

Based on the analysis conducted in the chapter, particularly regarding data
quality problems and their solutions in 10T systems, the author concludes that the
thesis is confirmed:

Data analysis results obtained from Internet of Things (10T) systems depend
on the application of data quality improvement methods, which is particularly
important in cases of limited data volume or incomplete data, ensuring reliable
and accurate decision-making.

Justification

The conducted analysis reveals aspects that confirm this thesis. Karkouch et
al. (Karkouch et al., 2016) identify critical factors affecting 10T data quality:
system scale, resource constraints, environmental conditions, and sensor
technical characteristics. These limitations become more pronounced due to 10T
device specifics, as highlighted by Adelantado et al., and Dinculeand and Cheng
(Adelantado et al., 2017; Dinculeand & Cheng, 2019). The devices can transmit
only small-volume messages and operate with limited energy and memory.

Karkouch et al. (Karkouch et al., 2016) note that environmental factors
strongly influence sensor operation. Data quality can decrease significantly in
extreme conditions and situations with limited maintenance. Kreibich et al.
(Kreibich et al., 2014) demonstrate that data credibility drops considerably in
uncontrolled environments typical for 10T systems. Consoli et al. (Consoli et al.,
2015) complement this observation, showing that limited measurements from
individual sensors often fail to provide sufficient information for system state
assessment.
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The examined solutions offer practical tools for addressing these problems.
Several studies support this: C. Huang's methods (C. Huang et al., 2019) for
problematic data correction, Hong's solutions (Hong et al., 2009) for improving
data reliability, and Consoli et al.'s work (Consoli et al., 2015) for increasing data
completeness. These demonstrate a direct link between data quality improvement
methods and more accurate decision-making. Research by W. Wang et al. (W.
Wang et al., 2018) in environmental monitoring systems clearly shows that
applying data quality improvement methods enables the discovery of significant
relationships in data.

The data quality problems and their solutions discovered during the research
confirm the thesis's validity. Gomathi et al. (Gomathi et al., 2018) highlight
additional challenges created by 10T technologies, including both sensor failures
and systemic problems. The study by Adhikari et al. (Adhikari et al., 2022) found
that up to 40% of all data can be incomplete, significantly affecting analysis
results. Martin et al. (Martin et al., 2023) demonstrate that wave transformations,
adaptive machine learning, and modern missing data replacement methods
provide effective solutions for overcoming these problems. These approaches
improve decision-making accuracy in loT systems with limited or incomplete
data volume.

End of Justification

Data fusion is a process where different data streams are combined to create
more informative and customized output (Bokade et al., 2021). Data fusion types
are classified according to system architecture, abstraction levels, and fusion
objectives.

Khaleghi et al. (Khaleghi et al., 2013) conduct a systematic method study,
providing detailed analysis. Castanedo (Castanedo, 2013) focuses on three
algorithmic aspects: data association, system state assessment, and decision
fusion. Zheng (Y. Zheng, 2015) offers innovative methods for cross-domain data
integration, Atluri et al. (2018) develop a methodological framework for spatial
and temporal data acquisition, while Qin et al. (Qin et al., 2020) address loT
specifics.

Data fusion classification is based on abstraction levels, data sources, and
input-output relationships (Becerra et al., 2021; Dasarathy, 1997). The three
main classification methods are Dasarathy classification (Dasarathy, 1997),
Whyte classification (Grime & Durrant-Whyte, 1994), and JDL model
classification (Steinberg & Bowman, 2008).

System architecture distinguishes four main types. Centralized architecture
uses a unified central processor but faces limitations in visual sensor networks.
In decentralized architecture, each sensor operates autonomously, but growing
communication costs arise — O(n?) (Grime & Durrant-Whyte, 1994). Distributed
architecture offers a more balanced approach, where source nodes first process
their measurements. Hierarchical architecture combines previous approaches
(Castanedo, 2013).
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Beddar-Wiesing and Bieshaar (Beddar-Wiesing & Bieshaar, 2020) indicate
that the decentralized approach, despite challenges, is often the basis of choice
due to its resilience. Becerra et al. (Becerra et al., 2021) identify three sensor data
fusion scenarios: competitive (single modality sensor integration),
complementary (complementary data from different sensors), and cooperative
(dynamic sensor adaptation).

Whyte classification offers three types of cooperation. Complementary
interaction involves different sensors providing distinct data, for example, in
environmental monitoring systems. In data redundancy cases, multiple sensors
observe one target, improving accuracy. Cooperative interaction combines data
from different sensors to obtain new information, for example, in 3D LiDAR and
video camera integration.

Dasarathy classification (Dasarathy, 1997) structures fusion in five levels:
DAI-DAO (raw data fusion), DAI-FEQ (data transformation into features), FEI-
FEO (feature processing), FEI-DEO (decision-making), and DEI-DEOQ (decision
synthesis). Varshney (Varshney, 1997) supplemented it with the DAI-DEO level
for direct transition from data to decisions.

The JDL model offers a five-level hierarchical structure (Llinas et al., 2004).
It begins with sensor preprocessing, continues with object state assessment and
relationship analysis, and concludes with impact analysis of actions and resource
management. Blasch and Plano (Blasch & Plano, 2002) supplemented the model
with a user interaction level.

Modern classification (Abdelgawad & Bayoumi, 2012; Barbedo, 2022)
distinguishes three fundamental levels. Low-level fusion operates with raw data
(Di Natale et al., 2002). Mid-level fusion performs feature extraction (Biancolillo
et al., 2014), while high-level fusion develops separate analysis models (L.
Huang et al., 2014).

Probability theory-based methods, especially Bayesian inference, provide a
systematic approach to data fusion (Pires et al., 2016). However, in 10T systems,
traditional methods lose effectiveness. Medjahed et al. (Medjahed et al., 2011)
identify the main challenges — limited performance in multifactor data.
Rezatofighi et al. (Rezatofighi et al., 2015) analyse the advantages of
probabilistic data association in object tracking.

The research shows that no universal method exists — each solution is suitable
for specific tasks. For simpler cases, low-level fusion is sufficient, while for more
complex ones, a higher-level approach is more effective. In 0T systems, modern
methods can significantly improve data quality and decision reliability.

The previously discussed 0T data quality problems and their solutions are
particularly relevant in specific industries where accurate and timely data is
critical for decision-making. The author's research in three different fields —
precision beekeeping, urban traffic monitoring, and poultry farming -
demonstrates practical solutions to previously identified challenges. Each of
these fields encounters typical 10T system problems — sensor data deficiencies,
multimodal data integration complications, and real-time processing
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requirements. To address these problems, the author uses and extends the
previously described data fusion methods, adapting them to industry-specific
needs and constraints. Special attention is paid to methods that can operate
effectively under limited resources while ensuring high data quality and
reliability.

In beekeeping, the author conducted in-depth research on data collection and
processing. Precision beekeeping is an innovative hive management strategy that
provides bee colony monitoring for resource optimization (Zacepins etal., 2012).
Data collection includes measuring physical parameters using sensors in hives
(Kviesis & Zacepins, 2015), measuring temperature, humidity, gas composition,
vibration, and sound. Data is analysed at three levels (Human et al., 2013;
Zacepins & Stalidzans, 2013): apiary level (meteorological data, video
observations), colony level (temperature, humidity, weight), and individual level
(bee behavior). Wireless network technologies (Debauche et al., 2018) often
create data deficiencies, which are addressed using data fusion methods. Modern
solutions use 10T devices and LSTM neural networks for swarming prediction
(Kwon, Cho, et al., 2019), combining temperature and sound data with the
Kalman filter algorithm. This approach allows not only resource consumption
optimization but also early identification of potential problems in bee colonies.

In urban traffic monitoring, 10T solutions use video surveillance equipment
together with object detection and tracking algorithms (N. Chen & Chen, 2018).
Modern transport system digitalization creates new opportunities in data fusion
(Neumann et al., 2016). The author developed a synchronization algorithm for
LiDAR and video camera data fusion, focusing on precise synchronization of
different sources with timestamps. The validation in Jelgava city (Bumanis et al.,
2021) lasted 6 months (01.04.2021-30.09.2021), using LiDAR sensors and four
video cameras for monitoring two traffic directions. The validation results
showed high license plate recognition accuracy (>99%) and achieved 97%
synchronization accuracy.

In poultry farming, the author developed a complex data storage solution,
creating a data warehouse for environmental monitoring sensor and production
cycle data processing. The system is based on snowflake schema principles,
ensuring both efficient farm management and compliance with EU animal
welfare regulations. The cyber-physical model includes a sensor set, data
exchange controllers, and an analytical center, focusing on feed process
optimization and environmental parameter control. The solution was
successfully implemented in two Baltic poultry farms for CO2 and NH3 level
monitoring, using the Microsoft Azure platform for automatic data collection and
processing.

In all three industries, it was found that incomplete or poor-quality data input
affects forecasting and resource optimization. Data quality improvement utilized
sensor calibration, timestamp synchronization, and data processing algorithms.

Research shows a clear need for a new specialized data fusion method to
address the identified 10T data quality issues. While current methods like TRAE
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and FC (Zhang et al., 2024), as well as IF and LOF algorithms (Mufioz et al.,
2024), each solve specific problems, there remains a gap for a comprehensive
approach. The field requires a single solution that can both improve data quality
and efficiently merge data when resources are limited. Particularly relevant is the
need for a method that could adapt to different industries and data types while
maintaining high accuracy and reliability. As indicated by Karkouch et al.
(Karkouch et al., 2016) and Kreibich et al. (Kreibich et al., 2014), data quality
problems are particularly pronounced in uncontrolled environments with limited
resources, which is characteristic of 10T systems. These factors justify the need
to develop a new, data layering-based method that would not only address data
quality issues but also ensure efficient multi-source data fusion, taking into
account both spatial and temporal aspects.

2. DATA LAYERING CONCEPTUAL METHOD

A systematic approach to analysing data fusion methods reveals that the data
pre-processing stage is a critical factor significantly affecting the final result
quality. Using a unified model for multiple datasets can create a specialization
effect, therefore method adaptability is crucial when working with various
historical data sources. The data layering approach combines spatial-temporal
analysis with the ellipsoidal method. Abu Bakr and Lee (Abu Bakr & Lee, 2017)
describe the approach implementation by organizing data in dimensional layers,
where each layer represents information from a specific time period. The
ellipsoidal method principles determine the identification of data overlapping
zones. The method has been used in analysing bee foraging behaviour by
combining data from different sources. Research confirms that a successful data
fusion method must include three main elements: data preparation capabilities,
effective historical data utilization, and systematic quality control. The
integration of these elements is essential in 10T systems and other data-intensive
industries, where they directly affect both analysis results and decision-making
processes.

Data required for bee foraging optimization includes regional information
(location, relief, climate), local nectar plant characteristics, and environmental
conditions affecting nectar formation (X. J. He et al., 2016; Hennessy et al.,
2020). Regional beekeeping organizations compile this data in flowering
calendars; however, their use is limited by data format and coverage
heterogeneity. For method validation, four characteristic plants with different
properties were selected: Grevillea robusta (constant flowering period, medium
production), Coffea arabica (seasonal flowering, variable production),
Eucalyptus citriodora (year-round resources), and Dichrostachys cinerea (low
intensity). This selection allows testing method effectiveness in various resource
availability scenarios. Data processing uses two main methods: normalization
(for non-normal distribution) and standardization (for normal distribution).
Normalization provides objective resource assessment between different plants,
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for example, comparing Dichrostachys cinerea and Coffea arabica data.
Standardization, applied to Eucalyptus citriodora and Grevillea robusta data,
provides accurate quantitative assessment of resource fluctuations.

Effective bee apiary management requires a complex understanding of
several interrelated factors. Precision beekeeping methodology is based on the
interaction of three main data layers, which together form the foundation for
informed decision-making. The first and most significant is the plant flowering
layer, based on detailed flowering calendar data (Tree Flowering Calendar,
2020). This layer provides essential information about nectar and pollen
availability during different periods of the year, allowing beekeepers to precisely
plan apiary placement and resource utilization. The second layer consists of
precipitation data, whose importance in bee foraging efficiency has been
confirmed by several studies (X. J. He et al., 2016). The amount and distribution
of precipitation throughout the year significantly affects both nectar secretion
and bees' ability to access food resources. The third layer reflects bee colony
activity cycles, documented in the beekeeping calendar (Beekeeping Calendar,
n.d.). This layer is particularly important in daily hive management, as it allows
predicting and planning such essential activities as brood rearing, swarming, and
intensive foraging periods.

When the layers of interest are known, it is possible to determine and output
useful information. First, interpolation is applied, which helps increase data
accuracy, making it more uniform and providing the ability to view trends in
more detail. Accordingly, the data point resolution for each parameter is
increased using linear interpolation.

Given a set of data points (xg, ¥o), (x1, V1), -, (X5, ¥), linear interpolation
is the process of determining the y value for a specific x using the formula (see

(2.1)):

Y=Yt Zi_z‘: (x —xo) (2.1)
where
X, X1 — Specific x value points between which interpolation is performed,
real numbers;
Yo, Y1 — corresponding y values for these x value points, real numbers;
y — calculated y value corresponding to x value. This is the result of the
interpolation process, a real number.

Then for each parameter, values are multiplied by corresponding weights and
then normalized to the range [0, 100]. The formula for each weighted value is as
follows (see (2.2.)):

. . parameter;
weighted_value; = Z}‘zl weight; X T] 2.2)

where
n —number of parameters, integer;
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weight; — weight assigned to each value, real number;

parameter; — specific parameter to which weight is assigned, integer or
decimal numbe;

weighted_value; — calculated weighted value for some parameter i, %.

After calculating the weighted value, Principal Component Analysis (PCA)
is applied. This statistical method transforms the initial, potentially interrelated
variables into a new coordinate system where they become mutually
independent. These new, independent variables are called principal components.
Given a data matrix X, the first principal component can be found as follows:

1. mean value is subtracted: X,eqn = X —X;;

2. covariance matrix X is calculated from X,,cqn;

3. eigenvector and eigenvalue of X are calculated,;

4. the feature vector associated with the largest eigenvalue is selected.

In this context, PCA is used to obtain the most significant trend from
combined parameters, that is, to obtain a single combined value (PCA-based
combined value) that reflects the greatest differences from all parameters.

Both weighted and PCA-based combined values are compared against a
threshold. Regions where these values exceed the threshold are marked in the
diagram. This is a simple condition check: if fused value > threshold, the region
is marked.

As a result, two diagrams are obtained. The initial combined values diagram,
where (see Fig. 2.1) shows the initial parameters, initial combined values, and
regions where the initial combined values exceed the threshold. This provides
insight into how the simple weighted sum of parameters (initial combined values)
operates across different months.

Original Weighted Fused Values vs. Month
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Fig. 2.1. Plot of original weighted fused values.
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The PCA-based combined values diagram (see Fig. 2.2) shows the initial
parameters, PCA-based combined values, and regions where the PCA-based
combined values exceed the threshold. This provides perspective on how PCA-
based fusion, which captures the greatest differences from parameters, operates
throughout the months.
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Fig. 2.2. Plot of PCA-based fused values.

Using these diagrams, both data fusion methods can be visually compared
(see Fig. 2.32.3) and both significant regions (those exceeding the threshold) can
be understood.

Overlap of Original Weighted Fused Values and PCA-based Fused Values
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Fig. 2.3. Overlap of fused values.
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The trapezoidal method offers a practical way to compare results. By placing
the initial combined values alongside PCA-based ones, this method reveals
where these values match or differ. Measuring the area between these curves
shows how well the two fusion methods agree over time. When the curves closely
follow each other, it signals that both methods reached similar conclusions. Areas
where they diverge might point to interesting patterns or unusual data points
worth investigating.

Additionally, the following aspects can be highlighted:

using a threshold, regions where combined values exceed a certain
significance level can be identified and quantified. The trapezoidal
method allows measuring the magnitude of this significance, providing a
numerical value to determine how important or influential certain time
periods might be;

the trapezoidal method provides the ability to quantitatively compare both
fusion methods. By integrating areas under each curve and comparing
results, informed decisions can be made about which fusion method might
be more suitable for specific applications or scenarios;

the trapezoidal method is also computationally efficient and simple to
implement. Given the potentially high precision of data (especially after
interpolation), a simple but effective method provides quick analysis
without significant computational costs;

areas calculated using the trapezoidal method can be intuitively
understood. Larger areas indicate more significant events or patterns in
the data, while smaller areas may indicate less influential periods.

Given two sets of y-values, y1 and y2, in a common x domain, the area
between both curves must be calculated. If one curve is completely above the
other, the area is calculated as the difference between them; if they intersect,
overlap and non-overlap sections are identified to calculate respective areas.

Further, here's how the areas are calculated:

1.

the difference between two datasets is calculated:
a. for each point x; in the domain, the difference Ay; between both
datasets is calculated: Ay; = y1; — y2;.

. overlapping regions are determined:

o if Ay; and Ay, , have the same sign, then both datasets do not intersect
between x; and x;, ;;

o if Ay; and Ay;,, have opposite signs, then both datasets intersect
between x; and x;,,, indicating an overlapping region.

. the area is calculated using the trapezoidal method (see (2.3.)):

o for non-overlapping regions between x; and x;,:

Xit1—Xi

Area == —X (y1i + y1ie1l = y2i + y2ie1) (2.3)

82



o for overlapping regions, the area at the intersection point is divided
into two trapezoids, and the areas of these trapezoidal shapes are
summed.

4, The total overlap area is the sum of areas calculated for each interval in
the x domain.
As a result, a diagram with overlapping regions is obtained (see Fig. 2.4).
Through visual analysis, it can be concluded that:
e larger data changes occur between months 1 and 4 and between months 9

and 12;

e the most favourable conditions for bee colony placement on the analysed

plant are between the last week of month 4 and the beginning of month 9;

o placement earlier, between months 2 and 4, or later, between months 9
and 11, is not recommended due to rapidly changing conditions.

Overlap of the most important regions
100 Threshold: 30
—— Original Weighted Fused Values
—— PCA-based Fused Values
Overlapping Region

Layering Value

Month

Fig. 2.4. Overlapping regions of fused values.

The data layering method is developed in Python environment, using pandas
library for data processing, numpy for numerical calculations, and matplotlib for
visualization. The core of the method is the data_fusion_main function,
which coordinates the work of several interconnected subfunctions.

The method's operation process begins with data preparation, where
interpolation functions play a crucial role. The interpolate_data function
performs linear interpolation between data points, ensuring smooth data flow,
while interpolate_data_auto_smoothing automatically searches for the
optimal smoothing degree. Data fusion can be performed in two ways — with
weight_based_data_fusion, which uses user-defined weights, or with
pca_based_data_fusion, which is based on principal component analysis.
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The method's parameters are organized into three logical groups: data source
parameters (DataFrames_dict_or_df, Data_params, CommonColumn),
analysis control parameters (Weights, Layering threshold), and data
processing options (Smoothing, AutoSmooth, FilterBy, FilterValue).
DataFrames_dict_or_df determines the initial data structure, providing a
flexible approach to processing both individual and combined datasets.
Data_params specifies which columns will be used in the analysis, such as
nectar amount or bee activity, thus focusing calculations on the most important
indicators. CommonColumn, typically the time axis (month), ensures data
synchronization and correct comparison between different sources. The
Weights parameter allows adjusting each data layer's influence on the final
result, for example, assigning greater importance to precipitation data than bee
activity. Layering_threshold defines the critical threshold value (typically
30%), serving both as a visual reference point and as an automatic smoothing
control mechanism. The Smoothing coefficient controls data interpolation
precision, affecting curve smoothness and detail level. AutoSmooth
functionality automatically adjusts smoothing intensity based on the set
threshold, thus optimizing data representation. FilterBy and FilterValue
parameters provide the ability to focus on specific data segments, such as
analysis of a specific plant or time period, allowing detailed examination.

The developed method concept includes time data layering, where each layer
displays data as a plane. The initial concept was applied to the bee foraging task,
which provides diverse data. Essential data for optimizing bee foraging includes
information about regional location, topography, climate, local nectar and
pollen-producing plants, as well as bee species and their activities. The data
layering method begins with normalizing necessary data, such as nectar levels,
to create a dataset. This set is then analysed to determine the most productive
locations for bee feeding. The method uses both weighted value approach and
Principal Component Analysis (PCA) to combine various data aspects. These
approaches allow comparing and evaluating the significance of different
parameters, such as plant richness in a specific time period. Area calculation
under curves is used to assess overlap between both approaches. The chosen
approach is simple to use and provides clearly understandable results. Data
visualization allows easy identification of the most significant periods or events
that are essential for further analysis.

Precision poultry farming prediction task

In modern poultry farms, various environmental parameters that affect egg
production are continuously monitored. Experts identified significant factors
affecting laying hen welfare, such as air temperature, humidity, CO, and NHs
levels. The egg laying rate data required for model comparison and evaluation
were obtained from a facility housing chickens (Lochman Brown breed) in
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enriched cages. This facility has implemented a belt-type manure removal
system, which operates efficiently every day. Laying hens are moved to cages at
16 weeks of age and are kept there until 80-90 weeks of age. From 20 weeks,
hens begin laying eggs. Daily egg production or yield is calculated as the number
of eggs produced per day in relation to the total number of hens on that day (Paura
et al., 2022). Due to the nature of data availability, the datasets are limited, and
egg yield data for a 61-week period (data collected from November 22, 2019, to
February 9, 2021) were used for model training, as well as for a 46-week period
(data collected from March 23, 2021, to March 3, 2022) (see Fig. 2.5).

Egg production rate

1st production cycle
2nd production cycle

2 50 60

» P
Week of egg production

Fig. 2.5. Egg production curves used for training (cycle 1) and testing (cycle 2)
(Bumanis et al., 2023).

The test dataset differed significantly from the one used in training and from
the normal egg yield model. According to farmers' information, such differences
could be explained by inconsistency in data entry management — while collected
egg quantities are counted automatically, the final value is entered manually.
This can be done several times a day or not at all, for example, on workdays or
due to technical reasons. Training and testing sets, i.e., how they are divided,
differ for nonlinear and ML-based models, and are described further. Within the
precision poultry farming task, the selected machine learning models were built
using the Keras framework (Chollet, 2015) (LSTM and CNN) and scikit-learn
library (Pedregosa et al., 2011) (RF and XGBoost). The models were tuned
(hyperparameter selection) using library extensions such as keras-tuner and
sklearn.model_selection. No changes were made to the base architecture of
individual ML models. Models were compared by varying hyperparameter
values of each model. To find the best hyperparameter configuration, LSTM and
CNN models were tuned using the Hyperband algorithm (Li et al., 2020), while
tree-based models used Random Search (Bergstra & Bengio, 2012). Early
stopping technique (with patience value 10) was used for LSTM and CNN
models to potentially reduce the overfitting problem. Early stopping was also
used in XGBoost hyperparameter search and training phase, while cross-
validation technique in the RF case. Model training was performed using factors
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monitored daily in the poultry farm and production-related data with different
input sequence lengths, for example, using a sliding window approach. Using
this technique, an important step was determining the window size, as it sets an
additional requirement for model input — the number of previous productivity
values, for example, egg production in this case. If a sliding window of size 1 is
selected, it means the input requires production data from the previous day.
Several feature selection approaches were considered in the initial development
phase, and based on obtained farm data, it was determined that prospective
feature selection would be suitable for use with general ML algorithms. The
selected ML models were trained on first production cycle data (further divided
into 90% training and 10% validation parts to avoid data leakage (Hannun et al.,
2021) and overfitting problems (Ying, 2019)) and tested on the second
production cycle to predict productivity for the next day. Model input was
formed from 12 parameters plus historical production data depending on sliding
window size. Model performance was evaluated using statistical criteria.
Modified compartmental model parameters (see Table 2.1) were evaluated using
R programming language to fit the egg yield curve (1st cycle)(see Fig. 2.6). From
Table 2.1, all parameters are significant (p < 0.001) and are applicable to this
prediction task. The model result shows only the egg yield trend based on
previously trained data but does not include input values that could affect the
prediction and indicate possible problems. This production cycle shows that to
achieve high accuracy, the egg production week alone is insufficient to draw
conclusions, but it allows farmers to see outliers from the trend.

Table 2.1. The calculated values for the modified compartmental model

Parameter Estimate Standard Error t value Pr(>|[t])
a 0.13099 0.01316 9.954 4.45e-14 ***
b -0.90414 0.03927 -23.024 < 2e-16 ***
d 2.24435 0.04658 48.182 < 2e-16 ***
c -0.90766 0.03923 -23.139 < 2e-16 ***

The fitted curve for the test egg yield dataset is as follows:

10

Egg production rate

2nd production cycle

Modified Compartmental model
10 2 ) ©
Week of egg production

Fig. 2.6. Fitted curve and observed production of eggs (Bumanis et al., 2023).
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ML models tend to follow abnormal production decreases (see Fig. 2.7), thus
indicating their ability to adapt to such situations. Although subsequent data
verification showed that environmental factors did not change drastically enough
to affect the production decrease, the models predicted the decline because
previous days' (depending on sliding window size) production data were used as
input. The ML model results and observed egg yield with sliding window (size
2) are as follows:

10
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Fig. 2.7. Results of trained ML models (Bumanis et al., 2023).

Regarding ML models, several window sizes (1, 2, 3, 5, 7, and 14) were tested
to determine which provides the best prediction results. Model performance
results are shown in Table 2.2. Regarding sliding window size, results indicate
that LSTM is more accurate using a sliding window of size 2, achieving the
lowest MAPE and RMSPE values of 5.390% and 7.751% respectively. There
was also no significant difference between model performances using window
sizes 3 and 5, except for the CNN model which performed worst, which can be
explained by possible model overfitting.

Table 2.2. Machine learning model performance (Bumanis et al., 2023)

Sliding Window | Error Metric | LSTM CNN XGBoost RF
Size
1 MSE 1.710 4.111 1.225 0.944
1 MAPE 13.909 14.224 9.994 6.907
1 RMSPE 15.439 16.258 11.708 10.242
2 MSE 0.272 1.884 1.060 0.726
2 MAPE 5.390 15.200 10.272 6.331
2 RMSPE 7.751 18.314 12.178 9.284
3 MSE 0.203 1.384 0.877 0.664
3 MAPE 6.501 39.319 9.086 6.158
3 RMSPE 8.828 39.993 10.875 9.110
5 MSE 0.358 0.843 0.767 0.604
5 MAPE 6.218 13.479 7.415 6.077
5 RMSPE 8.781 15.537 9.223 9.016
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Continuation of table 2.2.

Sliding Window | Error Metric | LSTM CNN XGBoost RF
Size
7 MSE 0.198 0.443 0.863 0.546
7 MAPE 5.484 13.300 9.619 6.188
7 RMSPE 7.845 14.555 11.350 9.168
14 MSE 0.153 0.308 0.719 0.453
14 MAPE 6.433 6.633 6.114 6.273
14 RMSPE 8.982 9.718 8.158 9.221

Table 2.3 summarizes the best results obtained in model evaluation. It can be
concluded that overall, LSTM, RF, and XGBoost showed the best performance.
Evaluation results, considering the best metric values for different sliding
window sizes (machine learning models), indicate that performance varies.
Overall, all models provide sufficiently accurate results to reveal problems and
make changes in the production process; however, results indicated that some
models, such as LSTM, showed competitive performance across all sliding
window sizes while providing the best results — using a smaller number of
historical production data. It can be concluded that machine learning models,
especially LSTM, prove to be better than Modified Compartmental.

Table 2.3. The best observed results (Bumanis et al., 2023)

Model MSE MAPE | RMSPE Sliding Window
Size
Modified Compartmental 0.011 9.134 14.809 n/a
LSTM 0.272 5.390 7.751 2
CNN 0.308 6.633 9.718 14
XGBoost 0.719 6.114 8.158 14
RF 0.604 6.077 9.016 5

The egg production cycle used for model testing was atypical in terms of data
quality characteristics, such as homogeneity and completeness, thus making the
process of selecting the most viable model and predicting egg yield based on
such data more complex. It should be noted that prediction was performed only
1 day in advance, which relatively limits the requirements for accuracy goals.
While it is possible to predict egg yield for a longer period, results may show
rapid accuracy decrease; thus, the appropriate prediction length should be long
enough to make appropriate changes (i.e., adjust ventilation algorithm to
temperature changes) to the production process. Furthermore, the choice to
predict only 1 day ahead was determined by the consistency of available training
data. This includes differences between data from two separate cycles. The test
dataset, which was significantly different, showed limitations of the nonlinear
model that uses only one parameter (number of laying weeks) and does not adapt
to changes, resulting in MAPE and RMSPE values of 9.134% and 14.809%
respectively. Although the calculated errors (MAPE and RMSPE) of ML models
were between 5% and 10%, it was observed that they can better adapt to
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production changes than the tested nonlinear regression model. Since ML models
also use environmental data as input, sudden changes in these factors affect
productivity, which can be predicted in time. Results showed that ML models
(LSTM, RF, and XGBoost with sliding window size 2) were able to predict
production decrease (2nd production cycle) at a satisfactory level. Results
indicate that the proposed solutions may also be applicable in farms with limited
production datasets and no large volume of historical egg yield data. Depending
on available historical data for model training, the farm can also use a multi-
model approach, where different models can be operated according to farmer
needs (prediction length). Moreover, it also maintains the possibility to use the
nonlinear model in situations where data affecting environment or other
productivity parameters are not recorded. In this case, the nonlinear model can
be used either as a separate solution or as additional evidence to follow
production curve dynamics.

Approbation of Data Layering method

The data layering method was used to analyse prediction model results and
identify potential problems. This method provides a systematic approach to
studying multiple parameter interactions and their impact on the egg production
process. The study analysed three fundamental parameters characterizing the egg
production process: actual egg laying rate in percentage, standard laying rate in
percentage, and average indoor temperature. Parameter selection was based on
their physiological and technical significance in the egg production process.
According to the previously described methodology, after interpolation of
missing values and data normalization, data fusion was performed using the
data_fusion_main function. Parameter weight coefficients were determined
considering their degree of influence on the production process. The actual laying
rate was assigned a weight of 0.85, standard laying rate 0.50, and average
temperature 0.35. A lower weight for the temperature parameter was assigned
based on scientific research indicating that temperature significantly affects
productivity only outside certain threshold values determined by the specific
chicken breed and housing conditions. The layering threshold was set to 40 units,
allowing effective identification of significant outliers between actual and
theoretical laying rates. Automatic smoothing (AutoSmooth=1) with a
smoothing parameter of 1 was used for data smoothing, providing optimal
balance between short-term fluctuation filtering and preservation of significant
trends in the data. Initial weighted combined value analysis (see Fig. 2.8) reveals
significant differences between actual and standard laying rates, especially
during periods with increased temperature fluctuation impact.
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Fig. 2.8. Original weighted fused values.

The period from week 40 to 50 is particularly pronounced, showing a sharp
decline followed by gradual recovery. These outliers may be related to several
factors, including data quality and production process changes. The PCA-based
analysis (see Fig. 2.9) provides additional insights into parameter interactions.
The figure shows that the PCA component can effectively identify outliers in the
dataset, particularly during the period from week 40 to 50, where significant
outliers from the expected laying rate are observed. This period coincides with
increased error values in the Modified Compartmental model (MAPE 9.134%,
RMSPE 14.809%), indicating the model's limitations in analysing complex
situations.
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Fig. 2.9. PCA-based fused values.
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The analysis of significant region overlaps (see Fig. 2.10) identifies three
characteristic periods in the production cycle. During the production initiation
period (weeks 20-25), a high correlation between both methods is observed,
indicating stability in data quality and production process. In the instability
period (weeks 40-50), significant differences between methods were identified,
where machine learning models, especially LSTM with MAPE of 5.390%, show
considerably higher accuracy than traditional models. In the production
conclusion period (weeks 75-80), a renewed convergence of methods is
observed, indicating stabilization of the production process.

Overlap of Significant Regions
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—— Original Weighted Combined Values

—— PCA-based Combined Values
Overlap Region
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Fig. 2.10. Overlap of Significant regions.

The data layering analysis reveals several significant problems affecting

prediction model accuracy:

o data quality issues: identified outliers, especially during weeks 40-50,
indicate potential problems in sensor data or data collection process.
These issues may be one of the reasons why the Modified Compartmental
model shows higher error values (MAPE 9.134%);

o model adaptation capability: lower error values of ML models (MAPE 5-
10%) can be explained by their ability to better adapt to nonlinear changes
in data, as confirmed by PCA analysis results. The LSTM model in
particular (MAPE 5.390%) demonstrates significantly better performance
during the period with identified anomalies;

o sensor system limitations: the analysis indicates a need to improve sensor
data quality control mechanisms, especially regarding temperature
measurements where significant fluctuations are observed.
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Overall, the study demonstrates performance differences between traditional
nonlinear models and machine learning algorithms in egg yield prediction. ML
models show better results than traditional single-factor models, as evidenced by
lower error values. Simultaneously, the results indicate a need for specialized
methods to address data quality issues in the context of precision agriculture.

Based on the data layering method developed in the second chapter and its
practical application in verifying precision poultry farming research results, the
author concludes that the following thesis is confirmed:

Interactive processing and visualization of incomplete data is possible using
the developed data fusion and data quality improvement methods.

Justification

The data layering method developed in the second chapter offers a systematic
approach to combining and visualising data of different types. The method's
conceptual foundation enables effective integration of different data sources, as
shown by the simultaneous analysis and visualisation of plant richness,
precipitation, and bee activity data. The method's interactive nature ensures
identification and visualisation of data overlap zones, demonstrated through the
application of the trapezoidal method in region analysis (see Fig. 2.3.). This
approach enables quantitative assessment of both overlap zones and regions of
difference, providing clear understanding of data interaction.

The method's practical applicability is demonstrated in precision poultry
farming research, where visualisations in Figures 2.8., 2.9. and 2.10. demonstrates
the method's versatile analytical potential. The visualization reflected in Figures
2.8. and 2.9. demonstrate the method's capability to combine and analyse three
essential parameters: actual laying rate, theoretical laying rate, and average
indoor temperature. Of particular significance is the method's ability to identify
critical periods using both weighted sum and PCA-based approaches. The
overlap region analysis in Figure 2.10. provides additional quantitative
assessment of method convergence and divergence during three characteristic
periods: production initiation (weeks 20-25), instability (weeks 40-50), and
conclusion (weeks 75-80) phases.

The effectiveness of the method in identifying data quality problems is
manifested in its ability to reveal significant deviations and unusual data periods.
Interpolation was used to fill in missing values, which ensured data continuity
and normalization, which was an essential prerequisite for using the PCA
component. This approach provided effective data visualization and helped
identify critical data quality issues.

3. DATA QUALITY IMPROVEMENT
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Data quality criteria — completeness and accuracy — are fundamental in data
processing, as they directly affect the quality of analysis, prediction, and
decision-making. Data completeness characterizes the proportion of available
measurements from all necessary measurements, while accuracy determines the
conformity of measurements to true values. Data completeness can be evaluated
in two aspects. The first is the existence of required datasets — whether all
necessary data groups are available. For example, in an environmental
monitoring system, temperature, humidity, and CO- level measurements are all
essential. The second aspect is the completeness of data records within each set
— whether there are missing measurements in a specific time period. The missing
data problem can be solved through interpolation or using similar records. Data
accuracy is affected by both technical inaccuracies related to measuring
equipment and sensor operation (calibration, device limitations) and the human
factor — errors in manual data processing. Data accuracy is particularly critical in
10T solutions and artificial intelligence applications, where inaccurate input data
can significantly affect model training processes. Effective data quality
assurance requires a systematic approach. Mathematical methods, such as
interpolation based on existing accurate data, are used to fill missing values. For
ensuring accuracy, regular checks are performed to identify and eliminate
problem causes — both technical failures and human factor-induced outliers. This
complex approach allows creating a reliable foundation for further data analysis.
Data quality methods were developed while solving the egg laying rate
prediction task in precision poultry farming. For method development and
testing, a dataset covering two (one complete and one partial) egg laying cycles
was used — for a 61-week period (data collected from November 22, 2019, to
February 9, 2021) and for a 46-week period (data collected from March 23, 2021,
to March 3, 2022). During egg laying periods, various types of poultry and
environmental data were recorded, providing information about microclimate
(temperature, humidity, CO2, NH3), as well as data about poultry feeding (water
and feed consumption and its composition, i.e., macro/micro nutrients and trace
elements). Temperature and humidity monitoring sensors were placed in the
center of the chicken house. CO; (IR-2 sensor, GDS Technologies Garforth) and
NHs (NHs/MR-100 sensor, Membrapor AG) concentrations were measured
continuously every 10 minutes, but average values were calculated hourly
thereafter.

Due to the early implementation phase of the monitoring system, the data
quality of collected data is not ideal. For example (see Fig. 3.1), average
temperature data has incompleteness, while feed consumption shows outliers.
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Fig. 3.1. Data quality representation of two production runs.

Description: first cycle (1st column) and second cycle (2nd column) average
indoor temperatures (1st row) and feed consumption (2nd row).

For further analysis, first cycle average indoor temperature data was used.
Due to the data file having three columns, the average value of these columns is
analysed: temperature from the sensor located in the 1st cage floor, temperature
from the sensor located in the 8th cage floor, and manually entered temperature.
The final value, in cases where all column values were not available, was
obtained using the existing ones.

The average temperature shows a slightly cyclical pattern with repeated
maxima and minima. This could indicate seasonal changes or other periodic
factors affecting temperature. Furthermore, a significant upward trend is
observed in the final part of the series, indicating that temperature generally
increased during this period.

In total, the following statistical values can be distinguished:

e number of data points: 335;
mean: 22,37 °C;
standard deviation: =1,96 °C;
minimum value: 18,00 °C;

25. percentile (Q1): 20,93 °C;
median (50. percentile): 21,90 °C;
75. percentile (Q3): 23,55 °C;
maximum value: 29,90 °C;
number of missing values: 93.

ARIMA model

One of the methods, more specifically — statistical models that combines
autoregressive function (AR), integration (I, which refers to data differentiation
to make it stationary) and moving average (MA) components, is the ARIMA
model. The model can be applied for determining and replacing missing data.
Individual components are described below.
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o AutoRegressive (AR): autoregressive parameter. A model that uses the
dependent relationship between an observation and several lagged
observations (previous time periods) (see (3.1.)):

AR(P):Ye=c+ O1Yioq + PoYeo + -+ dpYep + € (3.1)

where
(Y;) — series value at time ¢;
¢ — constant, integer or decimal number;
¢1, ¢z, ..., P, — model parameters;
p — AR term order;
€, — White noise (error term) at time t.

e | (d): integrated parameter. Differencing of observations to make time
series stationary; d is the number of non-seasonal differences (see (3.2.)):

1(d): ey, (3.2)

e MA (q): moving average parameter. A model that uses the dependency
between an observation and residual error from the moving average
model applied to lagged observations (see (3.3.)):

MA(Q): Ye = c+ € + 6161 + 626, + -+ Bg€_q (3.3)

Combining AR, I, and MA parameters, the ARIMA model is expressed as
follows (see (3.4.):

ARIMA(p,d, @): VY, = c + 1 Yeog + - + dpYep + 0161 + - +

3.4.
Bq€t—q t+ € (34)

where
p — number of lag observations included in the model, integer;
d — number of times that the raw observations are differenced to make the
series stationary, integer;
q — size of the moving average window, integer.

The application of the ARIMA model requires stationary time series data. To
verify this prerequisite, the Augmented Dickey-Fuller (ADF) test is used. This
test determines whether a time series is stationary. The ADF test null hypothesis
states that the time series has a unit root. The test results are based on p-value
analysis — if it is lower than the chosen significance level (typically 0.05), this
indicates time series stationarity and the presence of a time-dependent structure.
Such a result confirms the data's suitability for using the ARIMA model.

Accordingly, for the time series y,, ADF tests the null hypothesis (see (3.5.)):
Ay, =a+ Bt +yyeq1 +614y_1 + 64y >+ -+ € (3.5.)
where
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A — difference operator. This operator is used to calculate the difference
between the current value y, and its previous value y,_, in the time
series, forming 4y;;

a — constant;

B — captures potential linear time trend;

y — coefficient at the series lag level, which captures the presence of a unit
root. Itis essential for determining whether the time series is stationary
or not;

6; — coefficients of the dependent variable's lagged first differences;

€, — random error (or disturbance) component, which reflects the
unexplained portion in the time series.

ADF test units are determined by the type of time series data being worked
with and their units. For example, if the time series data are financial data
expressed in euros, then most parameters will be expressed in euros or euros per
time unit. The test focuses on y. If y differs significantly from zero, then the
series has no unit root and is stationary.

In this case, the ADF statistic is a negative number —1.6112. The more
negative it is, the stronger the rejection of the hypothesis that a unit root exists,
and therefore, the stronger the evidence for stationarity. The p-value reflects the
probability that the data would have the observed structure (or less likely) if the
null hypothesis were true. Given the p-value of 0.4773, which is larger than the
commonly used significance level of 0.05, the null hypothesis cannot be rejected.
This means the series is not stationary.

In ARIMA modeling, the series must be stationary. Series non-stationarity
means that before applying ARIMA, the series may need to be differenced to
make it stationary. This is indicated by the “I” in ARIMA, which denotes the
integrated parameter. The number of differences needed for the series to be
stationary determines the d parameter.

The differenced series appeared more stationary, suggesting that d = 1 could
be a good starting point for ARIMA. However, the choice of d should be based
on achieving stationarity and reducing the Akaike Information Criterion (AIC)
of the ARIMA model. Accordingly, in this case, to determine the appropriate
difference level (d in ARIMA), the following is performed:

1. starting withd =1,

2. dis increased and the stationarity of the differenced series is checked

using the Augmented Dickey-Fuller (ADF) test,

3. an ARIMA model is fitted for each d value and AIC values are compared,

4. the optimal d is the one that makes the series stationary and minimizes

AlC.

Performing the check vyields: optimal difference level, d: 1; associated
minimum AIC value: 707.13. As a result, one (d = 1) difference is sufficient for
the series to be stationary and provide the best balance (according to AIC) for the
ARIMA model.
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Accordingly, using the determined d parameter value, the following result is

obtained (see Fig. 3.2.):

Average Temperature Indoors, °C

Missing Value Imputation using ARIMA model
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Fig. 3.2. Imputation of missing data using an ARIMA model.
Modified standard weighted average robust method

Alternatively, when applying data fusion principles for adding missing data,

one can use both locally observed data (using, for example, the standard weighted
average method) and the underlying trend, as well as corrections based on data
characteristics such as skewness.

In this case, local information provides understanding of the direct context

around the missing value. Global information or trend helps understand broader
data patterns. Skewness can provide insight into the general distribution and
nature of the data. Accordingly, if a data point is missing at index j in the time
series, then the value y; is calculated as follows:

1. the trend is supplemented using a linear regression model to determine
the optimal number of neighbors to use for local weighted average (see

(36.):
Yy =PBo+ P1x (3.6.)
where
N — number of data points considered, integer;

y; — denotes the actual observed value, decimal number;
9, — denotes the predicted or expected value, decimal number.

2. future indices x' are predicted using the trained model (see (3.7.)):

9 =Po+ prx’ (3.7)

3. the optimal number of neighbors is found by comparing the calculated
data with the linearly extended trend and calculating the Mean Square
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Error (MSE), which determines how well the calculated data or predicted
trend matches the actual data (see (3.8.)):

MSE = 3, (v — 9)? (38)

where
N — number of data points considered;
y; — denotes the actual observed value, decimal number;
— denotes the predicted or expected value, decimal number.

4. the local weighted average calculation is modified using exponential
weights, where the exponential decay coefficient is -0.1, which ensures
gradual weight reduction as the distance from the missing point increases
(see (3.9.)):

+n__0.41i
Z" 0.1 i

L n y
Layg = W (3.9)
where
— exponential function, constant;
i — distance from the missing point, integer;
— data value at index i, decimal number.

5. the skewness S;, of dataset D is calculated to adjust the calculated value
based on the asymmetry of non-missing data distribution (see (3.10.)):

o (22) .10

op
where
D; — denotes observed data points, integer or decimal number;

D — mean of observed data, decimal number;
op — standard deviation of observed data, decimal number;
N — number of observed data points, integer.

6. according to skewness, the local weighted average is adjusted (see (3.11.)):
Lavgaq; = Lavg + @ X Sp (3.11.)

where
a = 0.01 is an empirically determined constant to control skewness
impact.

7. before calculating distance weights, oscillation detection is performed by
comparing the direction of value changes before and after the missing
point (see (3.12.), (3.13.)):

d ac dy orw
0p = 0.5,ja =2eck. o < 0 (3.12)
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0 = 1.0, ja Dback  Drorw 5 (3.13)
dx dx

where rates of change are calculated:

AYback _ Yji-17Yj-n

dx n-1 (3.14.)
dYforw — Vi+n—Yj+1 (315)
dx n-1
where

Oy — oscillation factor, decimal number;

%— rate of value change before the missing point, decimal number;

d w . . .

% — rate of value change after the missing point, decimal number;

n — number of neighbors, integer.

8. distance weights are calculated using exponential decay and oscillation
factor, where the exponential decay coefficient is -0.15, which controls
the rate of distance influence reduction (see (3.16.)):

w= e—o.lS-min(dlef[,dright) . Of (316)

where
dye ¢ — distance to the nearest observed point on the left, integer;
d,igne — distance to the nearest observed point on the right, integer.

9. using the calculated distance weights, the adjusted local average value is
combined with the trend value to obtain the initial imputed value (see
(3.17.):

Vimp () = w x Lavyadj(i) +(1-w)xT®O) (3.17))

where
w — distance and oscillation weight, decimal number;
Lavgadj(i) — adjusted local average value at position i, decimal number;

T (i) — trend value at position i, decimal number.

10. to reduce sudden value changes, temporal smoothing is applied,
considering the previously calculated value, where coefficients 0.7 and
0.3 provide optimal balance between current and previous values,
reducing sudden changes in the data (see (3.19.):

VIR () = 0.7 + Vi (D) + 03 Vi (i — 1) (3.18)
where
Vi,f,f;lal (i) — time-smoothed value at position i, decimal number;
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Vimp (1) — initially calculated value, decimal number;

11. for final result smoothing, a three-point moving average is applied (see
(3.19.)(3.20.)):

. 1
Vemootn () = 52;:11 1 Vlfrllzal(k) (3.19.)
where
Vn’;‘gal(k) time-smoothed values at three consecutive points, decimal
number.

This approach ensures that the calculated values are influenced by both local
context (observed adjacent data points and their trend) and the overall trend in
the dataset, while also making slight adjustments based on data distribution
unevenness. This ensures that the calculated values not only correspond to local
and general trends but are also adjusted taking into account the asymmetry of
data distribution. As a result, the obtained data points complement the original
data as shown in Fig. 3.3.

Missing Value Imputation for Average_Temperature_lst data
Number of Missing Values: 93 (21.73%)
A PCHIP
MSWARM
[ —— Observed data

Average_Temperature_lst
=
2

Date

Fig. 3.3. Imputation of missing data using the MSWARM method.

Overall, this is the Modified Standard Weighted Average Robust Method
(MSWARM), which introduces several significant improvements compared to
the traditional approach. It uses a dynamic weighting system that adapts to the
data structure. The method works in four important ways. First, it automatically
adjusts its calculations by focusing more on data points that are near the missing
data. Second, it looks at how the data changes over time to make sure the results
match these patterns. Third, it adjusts its results based on how the data is
distributed, making the calculations more accurate. Finally, it combines local
data points with overall patterns — using nearby data when it's available, and
switching to general trends when data is thin. This complex approach allows
more precise modelling of missing values, taking into account both local data
and global trends in the dataset.
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Testing of missing value imputation methods

or method evaluation, the 2nd production cycle dataset is used, which
contains several parameters without missing values. According to the parameter
used in method development, the average temperature is selected from the 2nd
production cycle dataset. This dataset is accepted as the ground truth dataset and
is used for calculating criteria (see Table 3.1); Mean Square Error (MSE), Mean
Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), Root Mean
Squared Error (RMSE), and Root Mean Squared Percentage Error (RMSPE).
The lower the criteria value (error), the better the method's result corresponds to

the data.

Table 3.1. Performance metrics

Metric

Equation

Mean Square Error

1 A
MSE = -3z, (vi — §)*

Mean Absolute Error

1 ~
MAE = n ?=1|yi - yll

Mean Absolute Percentage Error

_ 100 yi-dil
MAPE = — )i ——
n Yi

Root Mean Squared Error

1 A
RMSE = |~ X, (vi — 9)?

Root Mean Squared Percentage Error

RMSPE = 100m

where
yi — observed value;
9i — expected value;
n — number of records.

Observed sets are created by introducing missing values with the following

conditions:

1. random missing values, up to 10% of total count;
2. random missing values, up to 20% of total count;
3. random missing values, up to 40% of total count;
4. random sequences of missing values, two pieces with length of 10

elements each;

5. random sequences of missing values, three pieces with length of 10

elements each;

6. random missing values, up to 20% of total count, and random sequences

of missing values, two pieces with length of 10 elements each.

In addition to the ARIMA model (hereinafter referred to as method) and
MSWARM, a 2nd degree polynomial interpolation method was applied. Higher
degree polynomial interpolation showed worse results. The MSWARM method
uses Piecewise Cubic Hermite Interpolating Polynomial. According to the
mentioned conditions, six calculations were performed.




For example, in scenario with up to 20% of the data missing randomly,
combined with two sequences of 10 consecutive missing values, the variability
in missing value production rates between iterations was noted due to the random
nature of the data omission. In such cases, polynomial interpolation
demonstrated significantly higher MSE, RMSE, and MAE values compared to
other techniques, as indicated in Table 3.2, Fig. 3.4., suggesting lower accuracy
under these specific conditions.

Comparison of missing value imputation methods

Ground Truth Data
':f-\.‘ ---- 2nd degree polynomial interpolation

MSWARM method

N A
i A\S ]
§ N - ARIMA method
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Fig. 3.4. Up to 20% of the data missing randomly, along with two sequences of 10
consecutive missing values each.

The high values of MSE and RMSE indicate that some forecastings have
large errors, which could be due to overfitting for missing pieces.

Table 3.2. Metrics results for a scenario with up to 20% of the data missing
randomly, along with two sequences of 10 consecutive missing values each

Method MSE RMSE MAE
Polynomial interpolation 1.312570 1.145675 0.449252

MSVSM 0.377772 0.614632 0.236004

ARIMA 0.648512 0.805302 0.281817

Polynomial methods can create large fluctuations in interpolated values when
encountering data imperfections, which appears to be the case here. MSWARM
shows the lowest error indicators, suggesting that it handles both random missing
values and missing segments more effectively than other methods. Particularly,
the low RMSE indicates that MSWARM provides a consistent level of accuracy
for calculated values without large outliers from actual values. ARIMA
imputation has moderate error metrics, performing better than polynomial
interpolation but not as well as MSWARM.

MSWARM significantly outperforms the other two methods, indicating that
it has a better mechanism for handling both types of missing data. This could be
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particularly useful in real scenarios where missing data often occurs in both
random and structured forms.

For comprehensive (multi-scenario) evaluation of methods, the 2nd
production cycle dataset is used with various configurations:

e sequence sizes: 2, 4, 6, 8, 10, and 12 time steps;

e number of sequences: 1, 2, 3, 4, and 5 sequences in each dataset;

e hase proportions of missing values: from 0% to 20% with 2% step;

e each configuration is tested 3 times to ensure statistical reliability.

In total, 990 tests are performed, derived from 6 sequence sizes, 5 sequence
counts, 11 proportions, and 3 repetitions. Each test procedure consists of two
phases. In the first phase, missing data imputation is performed, where first the
sequences of missing values are inserted at random positions, then additional
random missing values are inserted in the remaining data, and the total
percentage of missing data is calculated. In the second phase, method application
and evaluation are performed, where performance indicators (MSE, RMSE,
MAE) are calculated for each method (ARIMA, MSWARM, polynomial
interpolation), and results are summarized and analysed. For determining the
deterioration point, a systematic analysis is used, consisting of data aggregation
and threshold determination phases. In the data aggregation phase, results are
grouped by method and total percentage of missing data, and average
performance indicators are calculated for each group. In the threshold
determination phase, a threshold coefficient of 1.5 (50% error increase) is used.
Starting from the lowest percentage of missing data, initial performance is
determined, and each subsequent point is compared to it. The first point where
the indicator exceeds initial performance x 1.5 is marked as the deterioration
point.

MSWARM shows (see Fig. 3.5) the best overall performance with a
deterioration point at 52.3% missing data, which is significantly higher than the
ARIMA method (48.1%) and polynomial interpolation (25.0%). To ensure
statistical reliability, each configuration is tested three times, reducing the impact
of random variations in missing data placement on the best overall performance
among all three methods, with a deterioration point at 52.3% missing data — the
highest threshold among all methods.
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Fig. 3.5. MSWARM performance.

Comparative analysis shows a more gradual RMSE increase for the
MSWARM. It demonstrates excellent performance with small to medium
sequence sizes (10-30 elements) across all percentages of missing data, where
the lowest RMSE values (1.0-1.2) are consistently achieved with sequence sizes
below 20 elements. Even after the deterioration point, the MSWARM shows the
smallest performance degradation —only a 36.7% increase in MSE and an 18.6%
increase in RMSE, which is significantly better than ARIMA (MSE 91.4%) and
polynomial interpolation (MSE 137.6%).

MSWARM stands out as the most effective method, particularly in situations
with high proportions of missing data. In comparison with other methods,
ARIMA shows good results only at lower proportions of missing data (<48%),
while polynomial interpolation becomes unreliable already at 25% missing data,
with a dramatic RMSE increase above 2.0 in higher load scenarios. Based on
these results, MSWARM is the recommended choice for most practical
applications, especially in cases where a high proportion of missing data is
expected or high precision is required.

While MSWARM showed better results in previous scenarios, it is important
to understand how stably it performs. The distribution comparison test (see Fig.
3.6) is a fundamental indicator in evaluating imputation quality as it demonstrates
the precision of preserving statistical properties of the data. To ensure result
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stability and minimize the impact of random factors, each scenario was executed
10 times, and average indicators were used for further analysis.

In the scenario with 10% random missing values, the method demonstrates
very stable results — a mean value difference of 0.348% indicates high precision
in data level restoration. Standard deviation changes within 1.862% suggest good
preservation of data dispersion. The distribution shape visually shows almost no
difference from the original, which is crucial for further statistical analysis.

Distribution Comparison

0.14 N —— Original Data

f Imputed Data - 10% random

rrrrr Imputed Data - 20% random

rrrrr Imputed Data - 40% random

- Imputed Data - 2 sequences of 10

- Imputed Data - 3 sequences of 10
Imputed Data - 20% and 2 sequences

5 10 15 20 25 30 35 40
Value

Fig. 3.6. Distribution comparison of the MSWARM method for six scenarios.

As the proportion of missing values increases to 20% and 40%, a gradual
decrease in precision is observed. In the 20% scenario, the mean value difference
is 0.362%, while the standard deviation difference is 2.884%. In the 40%
scenario, the standard deviation difference increases to 5.079%, indicating a
more substantial change in data dispersion. The distribution shape shows
significant deviations, particularly in the “tail” regions, indicating difficulties in
accurately reconstructing extreme values.

The autocorrelation test (see Fig. 3.7) is particularly significant in time series
analysis as it shows the preservation of sequential value relationships. In
consecutive missing value scenarios (2 and 3 sequences of 10), the method
maintains good precision. In both scenarios, the mean value difference is 0.994%
and 0.952% respectively, while standard deviation differences are 3.120% and
3.869%. Notably, autocorrelation indicators remain low (mean difference around
0.030-0.046), suggesting good preservation of time series structure.
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Fig. 3.7. Autocorrelation comparison of the MSWARM method for six scenarios.

In the combined scenario (20% random and 2 sequences), the method shows
similar precision to individual scenarios — mean value difference of 0.486%,
standard deviation difference of 1.954%, and moderate autocorrelation indicators
(mean difference 0.070, maximum 0.164). This result might be explained by the
combination of different types of missing values allowing the method to better
“capture” data periodicity and trends.

Overall, it can be concluded that the method is suitable for practical use in
situations where the proportion of missing values does not exceed 20—25% of the
total data volume. Special attention should be paid to cases where accurate
reconstruction of extreme values or preservation of higher-order autocorrelations
is important, as these aspects show the largest deviations.

Outlier detection and adjustment

Several methods are used for outlier detection and adjustment, each with its
own advantages. The Z-Score method is based on standard deviation calculation
but is sensitive to extreme values (Yaro et al., 2024). The Interquartile Range
(IQR) method is more effective for asymmetric data but can be too conservative
(El Hairach, Tmiri, & Bellamine, 2024). Winsorization adjusts outliers by
replacing them with the nearest “normal” values, preserving data structure
(Yang. L. et al., 2024). The sliding window method analyses data in its local
context, particularly suitable for time series data. The developed combined
approach integrates winsorization and sliding window methaods, using three
different window sizes (9, 19, and 39 points). The smallest window identifies
short-term outliers, the medium window provides stability, while the largest
helps determine long-term trends. Local statistical indicators are calculated in
each window, and winsorization is applied with a z-value threshold of 3.0.
Additionally, the introduced trend component allows distinguishing genuine
outliers from natural data changes, especially in temperature data. Outlier
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processing occurs in two phases. In the detection phase, local statistical values
are calculated for each point across all three windows, and a point is classified as
an outlier if its z-value exceeds the threshold in at least two windows. In the
adjustment phase, new values are calculated for identified outliers using
winsorization, taking into account both the local data structure and the trend
component.

The developed method is named Multi-scale Integrated Outlier Analysis
Method (MIOAM), as this name accurately reflects its main characteristics and
operating principles. The “Multi-scale” component indicates the method's ability
to analyse data at various time scales, using three different window sizes (9, 19,
and 39 points), which allows identification of both short-term and long-term
outliers. “Integrated” refers to the combination of multiple statistical approaches
— trend analysis, local variations, multi-window statistics, and confidence
assessment — into a unified system. “Outlier analysis” encompasses both outlier
identification and correction, using adaptive thresholds and local data structure.

MIOAM is developed to efficiently identify and correct outliers in time
series. The method combines multiple statistical approaches and operates at
various time scales, ensuring both precise outlier detection and careful
correction. The method consists of several, 12, sequential steps:

1. to determine the data trend, a rolling median is first calculated. This step
is essential as it reduces the impact of short-term fluctuations while
preserving the fundamental data structure. The rolling median is
calculated using a symmetric time window around each point (see
(3.20.)):

rolling med; = median(x;_y, ..., Xi, ..., Xiy1.) (3.20.)

where
x; — data value at index i, decimal number;
k —window half-width, (window_length-1)/2, integer;
i — current point index, integer.

2. after calculating the median, the Savitzky-Golay filter is applied, which
smooths the data while preserving higher-order moments (see (3.21.)):

trend; = Zj'(:—k ¢ - rolling med,; (3.21)

where
¢; — Savitzky-Golay filter coefficients, decimal numbers;
k — filter window half-width, integer;
rolling_med ; — rolling median value at point i+j, decimal number.

3. for evaluating local data variations, the Median Absolute Deviation
(MAD) is used. This method is more robust against extreme values than
standard deviation as it is based on the median rather than the mean value
(see (3.22.)):
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MAD,; = median(|xj — median(x)|) (3.22)

where
x; — data values in the local window, decimal numbers;
median(x) — data median in the local window, decimal number;
i — current point index, integer.

4, to normalize local variations relative to overall data variability, the
relative MAD value is calculated. This indicator allows comparing
variations across different data segments (see (3.23.)):

MAD;

local var; = —————
- ! median(MAD)

(3.23)

where
MAD,; — local median absolute deviation at point i, decimal number;
median(MAD) — median of all MAD values, decimal number.

5. for analyzing the rate of value changes, differences between consecutive
points are calculated. This indicator is essential for identifying sudden
changes in data that may indicate potential outliers (see (3.24.)):

Ax; = |x; — X4l (3.24.)

where
x; — current data value, decimal number;
X(;.7) — previous data value, decimal number.

6. the rate of change threshold is dynamically adjusted based on median
changes and local variation. This adaptive threshold allows more precise
outlier identification across different data segments, considering both
overall data structure and local characteristics (see (3.25)):

spike_threshold; = (median(4x) + 2 - median(|4x —

median(Ax)|)) - max(1,local_var;) (3:25)

where
median(Ax)— median of all changes, decimal humber;
local var;— local variation at point i, decimal number.

7. local mean is calculated for each of the three different windows (9, 19,
and 39 points). This approach allows identifying outliers at various time
scales, ensuring method effectiveness for both short-term and long-term
outliers (see (3.26.)):

Hiw = w25 %) (3.26.)

where
w —window size (9, 19, or 39), integer;
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k —(w —1)/2, integer;
x; — data values in the window, decimal numbers.

8. local standard deviation is also calculated for each window,
characterizing data dispersion in the respective time window (see (3.27.)):

1 i 2
Oiw = \/;Z;i’f_k(x,- ~ Wiw) (3.27)

where
Ui — local mean in window w, decimal number;
w — window size;
x; — data values in the window, decimal numbers.

9. using local mean and standard deviation, z-score is calculated for each
point in each window. Z-score shows how many standard deviations a
point is from the local mean (see (3.28.)):

Ziyy = Bitin] (3.28)
’ Oiw
where
x; — current data value, decimal number;
Uiy — local mean in window w, decimal number;
o; w — local standard deviation in window w, decimal number.

10. The confidence score combines various outlier indicators into a single
numerical value. This score considers both z-scores from different
windows and other outlier indicators (see (3.29.)):

confidence; = X, weight,, - [Ziw > Zinresnoia] +
1.5 - [rapid_recovery;] + 1.0 - [trend_outlier;] + (3.29.)
1.2 - [consecutive_deviation;]

where
weight,, — weight for each window size, decimal number;
[nosacijums] — 1 if condition is true, O if false;
Zenreshold — Z-Score threshold, decimal number.

11.the outlier identification condition set combines three main criteria in a
single decision-making step:

a. confidence_i = 2.0 checks if the overall confidence indicator,
obtained from the analysis of different windows and additional
indicators' weighted sum, exceeds the threshold of 2.0;

b. |Ax_i| > spike_threshold_i checks if the point's rate of change
exceeds the adaptive threshold adjusted for local variability;

C. |x_i — trend_i] > 2.0 : Oyend Checks if the point's deviation from
the calculated trend exceeds twice the trend's standard deviation.
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If any of these three conditions is true, the point is marked as an outlier
(outlier; = 1), otherwise it is considered a normal point (outlier; = 0) (see
(3.30.):

outlier; = 1ja confidence; = 2.0 vai |Ax;| > spike_threshold; vai (3.30)
[x; — trend;| > 2.0 - Oppeng citadi 0 e

where
confidence; — confidence score of point i, decimal number;
Ax; — value change at point i, decimal number;
spike_threshold; — change threshold at point i, decimal number;
O+reng — trend standard deviation, decimal number.

12. the outlier correction process is adaptive and based on trend values:

a. ifapointis identified as an outlier (outlier; = 1), its value is corrected
using the trend as a reference point;

b. the correction direction (sign function) remains the same as the
original deviation from the trend,;

c. the correction amplitude is limited by the min function, which
prevents the correction from exceeding twice the trend's standard
deviation (2 - Gyend);

d. ifthe pointis notan outlier (outlier; = 0), its value remains unchanged
(x:).

This approach ensures that corrections are statistically justified and preserve
natural data variation while removing extreme outliers (see (3.31.)):
x; = trend;+ sign(x; — trend;) - min(|x; — trend,|,2 -

Owend), ja outlier; = 1; citadix; (3.31)

where
x; — original data value, decimal number;
trend; — calculated trend at point i, decimal number;
Otrend — trend standard deviation, decimal number;
outlier;— outlier indicator (1 or 0), integer.

MIOAM parameters were optimized to identify the most effective
combination, ensuring the highest method performance while maintaining its
stability and reliability across various application scenarios. This optimization is
essential because parameter selection directly affects both the method's ability to
precisely identify outliers and its tendency to generate false positives. Overly
strict parameters can lead to excessive sensitivity to normal data variations, while
overly weak parameters might miss significant outliers. Thus, the optimization
task is to find a balance between these opposing aspects.

The optimization process was structured in three sequential phases. First, a
testing environment was created with various outlier scenarios reflecting
problems encountered in real situations — isolated outliers (short-term extreme
values), consecutive outliers (shifts in multiple consecutive points), trend
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changes (gradual outliers), and their combinations. Second, the parameter space
coverage was defined with two main parameters. For window sizes, four
different triple-window combinations were selected ([3,7,11], [5,11,21],
[7,15,31], [9,19,39]), and for z-score thresholds — four values (1.5, 2.0, 2.5, 3.0).
This parameter set is based on previous research results and theoretical
considerations about data structure analysis scales. Third, an evaluation system
was developed with several complementary metrics: F1 score as the main metric
combining precision and completeness, MAE for assessing corrected value
accuracy, and distribution preservation indicators for evaluating changes in mean
value and standard deviation.

A complex approach was used for comparing configurations, where the F1
score median served as the primary indicator, supplemented by other significant
criteria. Mean Absolute Error (MAE) and Mean Square Error (MSE) provided
deeper insight into corrected value accuracy, while separate precision and
completeness analysis allowed better understanding of the method's performance
specifics in various scenarios. This multifaceted analysis approach enabled not
only identifying generally best and worst configurations but also understanding
their performance characteristics in different use cases. Sorting results by F1
score median provided a clear and justified configuration hierarchy while
maintaining the ability to evaluate each combination’s strengths and weaknesses
in detail.

The optimization results reveal (see Fig. 3.8) that the most effective parameter
combination is the medium-sized window set [7,15,31] with a z-score threshold
of 3.0.

Best Performance Metrics
Window sizes: [7, 15, 31], Z: 3.0
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0.4
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Fig. 3.8. Best performance metrics.

This configuration shows an F1 score of 0.14, MAE of 0.25, and MSE of 0.8,
which are the best results among all tested combinations. In contrast, the smaller
window combination [3,7,11] with a z-score threshold of 2.0 shows significantly
worse results. Distribution analysis reveals important nuances about the method's
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impact on data structure (see Fig. 3.9). For the optimal configuration ([7,15,31],
z=3.0), excellent preservation of the fundamental data structure is observed with
a mean value deviation of 0.02% and standard deviation changes of 0.40%.

Distribution Comparison (Median Values)
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Fig. 3.9. Distribution comparison for all scenarios.

The skewness coefficient remains practically unchanged (changes <0.1%),
while kurtosis shows a slight decrease (0.5%). In extreme value regions, the
deviations are minimal — 0.8% at the 1st percentile and 0.3% at the 99th
percentile. Compared to the worst configuration ([3,7,11], z=2.0), the mean value
deviation increases to 1.2%, standard deviation changes reach 2.8%, and
significant “tail” deformation is observed. In the modal region, the optimal
configuration shows almost perfect agreement with the original distribution,
providing a reliable foundation for statistical analysis.

Testing the outlier detection and adjustment method

To evaluate the method's effectiveness, average temperature indoor
measurements from the 2nd production cycle were used. The initial data shows
seasonal trends with temperature values from 19°C to 33°C. Three types of
outliers were introduced during testing, reflecting problems encountered in real
situations. The figure (see Fig. 3.10) shows these outlier manifestations — detected
outliers marked with red crosses, including both rapid short-term changes and
longer-term deviations from the base trend.
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Data Cleaning Results for Average Temperature Indoor
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Fig. 3.10. MIOAM execution result for the random outlier scenario.

Two peak outliers are observed in the middle of the time series with
temperature increases up to 42°C and 39°C. The method not only identifies these
extreme values but also successfully restores credible temperature values, as
demonstrated by the red line. The grey dashed line shows the long-term trend,
which the corrected values consistently follow, indicating the method's ability to
distinguish genuine outliers from natural temperature fluctuations. Around
observation 75, a temperature decrease to 10°C is visible, and around
observations 100 and 125 — several consecutive outliers, which are effectively
processed while maintaining the natural flow of the dataset. Quantitative analysis
shows a Mean Absolute Error (MAE) of 1.004°C, Mean Absolute Percentage
Error (MAPE) of 4.08%, and Root Mean Square Percentage Error (RMSPE) of
5.54%, confirming the method's stability. The method's effectiveness is ensured
by the chosen window size combination [7, 15, 31] and z-score threshold of 3.0.

A multi-test evaluation system was developed with 100 independent test
iterations. Each iteration introduces a unique set of artificial outliers into the base
temperature data with three basic types: spikes (sudden, extreme outliers), shifts
(prolonged outliers over multiple points), and trends (gradual, directional
changes). The proportion of introduced outliers in each test varies from 2% to
5% of total data points. For each test iteration, the method processes data using
window sizes [7, 15, 31] and a z-score threshold of 3.0. The evaluation records
four main performance indicators: RMSE (Root Mean Square Error), MAE
(Mean Absolute Error), MAPE (Mean Absolute Percentage Error), and RMSPE
(Root Mean Square Percentage Error). RMSE fluctuates around an average of
0.970 with a standard deviation of 0.258, with higher values appearing in tests
with more intense outliers. MAE shows a more stable profile with a mean value
of 0.244 and standard deviation of 0.080, indicating precise corrections. MAPE
with a mean value of 1.139 and standard deviation of 0.386 demonstrates the
method's accuracy in percentage terms. RMSPE shows an average of 5.216 with
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a standard deviation of 1.682, with higher values indicating individual cases with
larger percentage errors.

The box plot distributions of error metrics (see Fig. 3.11) demonstrate the
method's consistency. RMSE shows a median of 0.970 with an interquartile
range from 0.812 to 1.128 and whiskers from 0.584 to 1.496. MAE shows a lower
median (0.244) and narrower 1QR (0.194 to 0.294). MAPE reveals a median of
1.139 with IQR from 0.901 to 1.377. RMSPE shows a median of 5.216 and IQR
from 4.123 to 6.309. The observed variations in metric values are related to the
number of outliers (2-5% of total points) and their intensity (1.5-4 standard
deviations).
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Fig. 3.11. MIOAM error metric distribution.

Combined analysis of all four metric box plots provides convincing evidence
of the method's stability and accuracy. Absolute error metrics (RMSE, MAE)
demonstrate acceptable accuracy in the context of temperature measurements,
while relative error metrics (MAPE, RMSPE) confirm the method's reliability
across a wide range of measurements. Compact interquartile ranges for RMSE
(0.541 to 2.086) and MAE (0.094 to 0.504) indicate stable performance across
all tests. The relatively small number of outliers in these distributions indicates
that the method rarely experiences significant performance degradation, even
under complex conditions.

Error distribution histograms (see Fig. 3.12) reveal nearly normal distributions
for all indicators, with a slight right skew. The RMSE distribution is centered
around 0.970 with right skewness. The main mass concentrates in the 0.6-1.2
range, which is acceptable in the context of temperature measurements. The
right-side “tail” reflects rare cases with larger errors in more complex outlier
cases. The MAE histogram shows a more compact distribution around 0.244,
with less pronounced asymmetry, indicating a stable correction process.
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Fig. 3.12. MIOAM error distribution histograms.

The histogram analysis reveals meaningful patterns in error distributions. All
four metrics demonstrate unimodal distributions with notable symmetry
(accounting for expected right-skewed behaviour in quadratic metrics),
indicating consistent method performance. The narrow distributions observed in
MAE and MAPE metrics are particularly significant, demonstrating robust
accuracy across both absolute and relative error measurements. While RMSE and
RMSPE exhibit broader distributions, this characteristic aligns with established
methodological principles and does not compromise the method's practical
effectiveness.

Multi-test results demonstrate significant consistency and reliability achieved
with the outlier detection and correction method. With an average RMSE of
0.970 units and standard deviation of 0.258 units, the method achieves high
accuracy while maintaining stability across various test scenarios. The low
MAPE (average 1.139) indicates excellent relative accuracy, which is essential
in many practical applications where proportional accuracy is important.

Combining these results with previous stability testing results provides
comprehensive method validation. Stability tests revealed optimal performance
with window sizes [7, 15, 31] and z-threshold 3.0, which multi-test analysis has
now confirmed across a broader range of scenarios. MIOAM demonstrates both
point accuracy (shown in stability tests) and statistical reliability (proven in
multiple tests).

Stability testing identified the method's ability to maintain data integrity
while removing outliers, maintaining an average detection rate of 90% with a
mean absolute error of 1.004 units. Multi-test analysis reinforces these findings,
showing even better performance with an average MAE of 0.244 units across
various scenarios. These results show that MIOAM not only stays reliable but
actually performs even better when tested across more diverse situations.

The evidence from both testing approaches clearly shows that MIOAM works
effectively for many different types of time series analysis tasks. It successfully
balances sensitivity to genuine outliers with resistance to false positives,
maintaining high accuracy while adapting to different data patterns. MIOAM's
consistent performance in both stability and multi-test evaluations confirms its
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readiness for implementation in production environments where reliable outlier
detection is crucial for ensuring data quality.

RESULTS

The PhD thesis has investigated data fusion relevance across several sectors:
precision beekeeping, precision poultry farming, and smart transport and
surveillance systems in the context of 10T systems. Through literature review,
existing data fusion methods, their models, and architectures were analysed. The
research found that data fusion models do not limit the development of new
methods. Within the DIKW model framework, data and information terminology
was analysed, determining its impact on data fusion methodology selection.
Initial research focused on developing a data fusion concept for precision
beekeeping needs.

A data layering concept was developed, based on spatial time series data
fusion principles. The concept rests on three main layers: plant richness, bee
activity, and precipitation amount. Two approaches combined these layers:
weighted interpolation and Principal Component Analysis-based method. During
practical verification, data quality emerged as a significant limiting factor in
applying data fusion methods. This identified a need for specialised methods for
missing value replacement and outlier processing that could preserve the
dataset's statistical properties. Precision poultry farming datasets served as a
practical validation platform for testing the developed methods.

Two methods were developed and evaluated for data quality improvement —
the Modified Standard Weighted Average Robust Method (MSWARM) for
missing value replacement and the Multi-scale Integrated Outlier Analysis
Method (MIOAM) for outlier detection and correction, to improve data quality
in time series analysis. Effective analysis and forecasting directly depend on data
completeness and accuracy, but in real data collection environments, there is
often significant value absence or irregularities. MSWARM and MIOAM
methods are suitable for solving these problems, demonstrating the ability to
adapt to various types of imperfections and proportions, stabilizing the dataset
and reducing error impact. Note: throughout this section, the wavy equals sign
() indicates values that have been rounded to four decimal places for clarity and
consistency.

MSWARM method stood out with remarkable robustness across various
scenarios. With a small proportion of missing data (up to 10%), MSWARM
achieved very low errors: MSE=0.1015, RMSE=0.3186, and MAE=0.0641. In
comparison, ARIMA under the same conditions showed MSE~0.1854,
RMSE~0.4305, and MAE~0.1027, while polynomial interpolation showed
MSE=0.1330, RMSE=0.3647, and MAE~=0.0795. As missing values increased
to 40%, MSWARM maintained relatively low error levels (MSE~0.4599,
RMSE~0.6782, MAE~0.3311), while alternative methods lost accuracy. Even in
more complex cases, with three 10-element blocks of missing values,
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MSWARM provided MSE=0.5075, RMSE~0.7124, and MAE=0.2507,
significantly = outperforming polynomial interpolation (MSE=1.2475,
RMSE=1.1169, MAE~0.3709) and ARIMA (MSE~=0.7548, RMSE~0.8688,
MAE=0.3122). In combined situations, with 20% missing data and two segments
of 10-element blocks missing, MSWARM maintained the lowest error level
(MSE~0.6305, RMSE~0.7941, MAE~0.3109) and significantly outperformed
polynomial interpolation (MSE=4.1454, RMSE~2.0360, MAE=~0.7588) and
ARIMA (MSE~=1.2878, RMSE~1.1348, MAE~(0.4388).

The MIOAM method, introduced for outlier detection and correction,
considers the dataset's basic structure, trends, and local variations. In extensive
testing with various anomaly types, MIOAM maintained low Mean Absolute
Percentage Error (MAPE around 4%) and RMSPE around 5.5%, successfully
distinguishing real outliers from natural data variations. Although the F1 score
(0.14 in certain configurations) is not very high, it was obtained under dynamic
conditions where the method had to simultaneously maintain stability and keep
errors low. Testing shows that MIOAM handles different types of missing data
and unusual values effectively, helping to minimise errors in time series analysis.

When used together, MSWARM and MIOAM make a powerful combination
that significantly enhances data quality across real-world situations. What makes
these methods particularly valuable is how MSWARM maintains reliable
accuracy even when nearly half the data is missing, while MIOAM efficiently
processes anomalies — making them suitable for a wide range of practical
applications.

The practical verification of these methods, including both theoretical basis
and experimental validation, allows the author to conclude that the thesis is
confirmed:

It is possible to develop methods that incorporate various approaches to data
quality improvement using multi-level data processing.

Justification

The developed MSWARM and MIOAM methods not only solve specific data
quality problems but also demonstrate the effectiveness of multi-level data
processing principles. The development and testing of these methods reveal
several significant aspects that confirm the thesis.

Firstly, MSWARM method's ability to outperform traditional approaches
(ARIMA, polynomial interpolation) in all tested scenarios stems from its multi-
level architecture. The method combines local context with global trends, as
shown in equations ((3.9.) and (3.11.). This becomes particularly evident in
combined scenario results. When 20% of data was missing and values
disappeared in two segments of 10-element blocks, MSWARM showed
MSE=~0.6305, performing almost seven times better than polynomial
interpolation (MSE~4.1454) and twice better than ARIMA (MSE~1.2878).
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Secondly, MIOAM method achieves low Mean Absolute Percentage Error
(MAPE around 4%) and RMSPE (around 5.5%) through its integration of
different analysis scales. The method analyses short-term fluctuations, medium-
term trends, and long-term structures simultaneously using adaptive analysis
windows. This approach enables precise identification of true outliers while
preserving natural data variation.

The third and perhaps most compelling confirmation of the thesis lies in the
synergistic interaction between both methods. Sequential application of
MSWARM and MIOAM not only compensates for their individual limitations
but also enhances overall data quality improvement. Experimental results
demonstrate that after applying MSWARM and subsequent MIOAM processing,
the dataset's statistical properties (mean value, standard deviation, skewness)
remain unchanged with deviation less than 0.02%.

The multi-level approach maintains its effectiveness even in complex
scenarios. MSWARM shows stable results even with three 10-element blocks of
missing values (MSE=0.5075), significantly outperforming alternative methods.
Similarly, MIOAM adapts to various types of outliers, maintaining low error
levels (RMSPE around 5.5%) even in dynamic conditions.

These results confirm both the possibility and practical advantages of multi-
level data processing. The developed methods demonstrate that combining
different analysis approaches and levels can significantly improve data quality
while preserving statistical integrity and usability.

The method implementation source code is available in the GitHub
repository: https://github.com/nikolajsbumanis/thesis-methods.

CONCLUSIONS

The author formulates and presents the main conclusions:

1. Analysis of sensor-generated data usage in loT systems — precision
beekeeping, smart transport systems, and surveillance systems — reveals
that data quality and processing method selection directly depends on the
data acquisition level. Experiments in each studied field confirm that the
acquisition level determines both data type (raw, processed, or associated)
and limits applicable data fusion methods.

2, Literature analysis in the data quality field identifies three significant
tasks in 10T systems: noise reduction, missing value replacement, and
outlier detection. The complexity of outlier detection and adjustment is
evidenced by the MIOAM method's need to combine multiple
approaches: winsorisation, rolling window analysis, and z-score
evaluation. The task's significance is further confirmed by the necessity
to preserve the dataset's statistical properties during outlier adjustment.

3. The need for data quality improvement methods in precision poultry
farming was identified after low prediction accuracy was observed when
using machine learning models for egg yield forecasting. By analysing
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the results with the developed data layering method, data quality issues
(periods of instability, incomplete data) were revealed, which
significantly affected model performance. Thus, it can be concluded that
the need for data quality improvement methods was identified as a critical
factor in ensuring prediction accuracy.

. The data layering method, which was used to analyse egg production
forecasting data, allowed the identification of significant periods of data
quality problems (for example, weeks 40-50), which directly affected the
performance of machine learning models. This method allowed not only
to visualize data problems but also to identify their impact periods, thus
providing a better understanding of the factors that affected prediction
accuracy.

. The developed MSWARM method for missing value replacement
demonstrates significantly better results than traditional approaches.
Compared to 2nd-order polynomial interpolation and modified ARIMA
model, MSWARM achieves lower Mean Square Error (MSE=0.51 versus
MSE=1.25 and MSE=0.75). The method's advantage lies in its automatic
adaptation to data characteristics, utilising both local and global context
whilst preserving dataset statistical properties.

. MSWARM method's stability and effectiveness are confirmed in both six
basic scenarios and extensive stability testing with 1,000 repetitions per
scenario. The method maintains high accuracy even in complex cases.
When processing two consecutive 10-element blocks of missing values
together with 20% scattered missing values, MSWARM shows
significantly lower error (MSE=0.63) than compared methods
(MSE~1.29 and MSE~4.15). Stability tests with 1,000 repetitions confirm
result reproducibility, showing low variation (standard deviation <0.1)
across all scenarios.

. MSWARM method's main advantage is its adaptive nature. It
automatically adjusts neighbour count and weight coefficients according
to data characteristics, without requiring extensive training datasets or
manual parameter configuration. The method's effectiveness stems from
combining local and global context — local context for short-term trend
determination, global context for overall data structure preservation.

. Comprehensive testing (990 tests) confirms MSWARM method's
stability up to 52.3% missing data volume, showing the lowest
performance degradation after this threshold (MSE increase 36.7%,
RMSE increase 18.6%) compared to other methods. The method proves
particularly effective with small to medium sequence sizes (10-30
elements), providing stable results even with high proportions of missing
data.

. The developed MIOAM method for outlier detection and adjustment
combines multiple approaches: winsorisation, rolling window analysis,
and z-score evaluation. A significant advantage lies in its ability to adapt
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to different datasets, automatically determining optimal thresholds for
each data segment whilst preserving dataset statistical properties.

10. MIOAM method's integrated approach combines trend analysis, local
variations, multi-window statistics, and confidence assessment in a
unified system, ensuring both outlier identification and correction using
adaptive thresholds and local data structures.

The author also identifies the main development perspectives:

1. Improving method implementation by creating a user interface for
practical application and automating testing procedures.

2. Expanding practical applications by validating methods in new loT
system domains, testing their performance with datasets of varying
volume and character, and conducting comparative analysis with the
latest industry methods.
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