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L3 HaujioHanbHUIA TeXHIYHMI yHiBepcuTeT YKpaiHu
«KMIBCbKMI MONITEXHIYHUI IHCTUTYT iMmeHi Iropsa
CikopcbKkoro», m. Kuis, YKpaiHa

AHomayifA. 3anponoHo8aHO Memod 8U3HaYeHHA 0axosux
06’ekmie COHAYHOI 2eHepauii Ha cynymHUKosux ma aepogo-
MOo3HiMKax 3a ymos dezpadauii ix npocmoposoi po30inbHOI
30amHocmi. BuaeneHHA 06’ekma 6a3yembCa HA po36’A3aHHI
3a0a4i Knacugikayii Ha 306paIeHHAX 8E/UKO MOBHOK MO-
0ennto 0414 3MeHWeHHA 064YUCN08a/16HO20 HABAHMAMEHHA
ma npuweuoweHHs npouyecy ideHmugpikauii. 3anponoHosa-
Huli memood npusHa4yeHo 0718 onepamusHoi iHeeHmapu3auyii
06’ekmie COHAYHOI eeHepayii 3 memoro nidsuweHHa cmilikocmi eHepaemuyHoOI iHgppacmpykmypu YKkpaiHu. Ha
8i0MiHy 8i0 nidxodie cemaHMuUYHOI ceameHmauii, wo nompebyrome cneyianizosaHo2o HA84aHHA modesell i 3Ha-
YHUX 06YUCI08ABHUX PECYPCi8, 3arnponoHOo8aHUl nioxio 3 6IHAPHO KAacuiKayieto A0KAAbHUX hpazmeHmis
306paxeHHs LLM He nompebye 000amK08020 HAB4YAHHA MA OA€E 3M0O2y 3MeHWUMU CYMapHi 064UCt080asbHI 8U-
mpamu 3a paxyHoK repexody 8i0 pecypCcoeMHOI 3a0a4i cemaHmu4Hoi ceemeHmauii 0o 3ada4i 6iHapHoI Knacugi-
Kaujii 10KanbHUX hpazmeHmie 306paxceHHs. 3arnpornoHo8aHo Yomupu npomnm-cmpamezii 8useneHHA 3a0aH020
06’ekma Ha 306paxeHHsX. Po3pobeHo anzopumm mooesntosaHHs obmexceHoi npocmopoeoi po30dinsHoi 30am-
HOCMI 3HIMKiB, W0 6a3yeEMbCA HO KOHMPOAL08AHOMY MAcWmabyeaHHi ma iHmMepnoaayii 10KanbHUX hpaemeH-
mie 306paxceHHsA. [TposedeHo 06YUCA08AsbHI eKcriepuMeHmMU Ha 8euKili MogHili modeni GPT-40 3 NnopieHAHHSA
cmpameeili popmysaHHA Kpumepiige ideHmugpikauii 06’ekmie coHAYHOI 2eHepauii 3a pi3HOI NpPocmMopoesoi pos-
dinbHOi 30amHocmi. BcmaHoeneHo 3akoHOMIpHOCMI 8riausy dezpadauii npocmopoeoi iHghopmauii 8 0iana3oHi
1-2 m/nikcenb Ha eghekmusHicmb aemomamu3osaHoi ideHmugpikayii 06’ekmia. iomeepdxiceHo AouinbHicMb
eKkcriepuMmeHmanbHo20 subopy noeiku ideHmudgpikayii 0o ymos npocmoposoi 0ezpadauii 306paxeHHs. BcmaHo-
871eHo, wo 3a sucokoi demanizauii, 0.1-0.3 m/nikcensb, Halisuwy moyHicme 3abe3nedye cmpamezia «biHapHa
Knacueghikauis Ha npuknadax 306paxceHs» (F1-score = 0.9523), moodi Ak y pa3i 36inbuwieHHA macwmaby nikcens,
1-2 m/nikcenb, cMIliKiWumMu 8UABAAIOMbLCA «KAACUPIKAUIA HA OCHOBI MOKPOKOBO20 aHAni3y 03HaK» (F1-score =
0.6801) ma «knacugpikauis Ha ocHosi einome3» (F1-score = 0.6502). 3anponoHosaHuli Memod 3acmocy8aHHS
MYyAbMUMOOAsTbHUX MOBHUX Modesnell HA0ae MOXIUBICMb MacwmabosaHoi a8MoMamMu308aHOI iHeeHmMapu3a-
uii 06’ekmis po3nodineHoi COHAYHOI 2eHepauii Ha 8eAUKUX MepUMOpIsX.

2 |HcTUTYT BigHOBAIOBaHOI eHepreTukn HAH
YKpaiHn, m. Kuis, YKkpaiHa

Knrouosi cnoea: aepogomo3sHiMoK, cyrnymHUKo8uUl 3HIMOK, COHAYHI NaHesi, BU3HA4YeHHA 06’ekmie Ha 306paxceH-
HAx, LLM, GPT, npocmopose po30ineHHs aepoghomo3sHiMKie, eHepeemu4Ha iHgppacmpykmypa.

I'IepeniK BUKOPUCTAHUX NO3HAYEHDb Ta CKOPOYEHb

[33 — auctaHujiiiHe 3oHAyBaHHA 3emni

CEC — coHAYHa eneKTpocTaHu,in

CEPA (Center for European Policy Analysis) — LieHTp aHa-
Ni3y eBponencbKoi NoNiTUKK

WMS (Web Map Service) — Bebcepsic KapT

OGC (Open Geospatial Consortium) — BigkpuTtuii reonpoc-
TOPOBWI KOHCOPLLiyM

CRS (Coordinate Reference System) — Cuctema KoopamHat

Bctyn

AKTyanbHiCTb aBTOMaTM30BaHOI igeHTUOIKaLil gaxoBux
06’€eKTIB COHAYHOI reHepalLii CyTTEBO 3poc/ia BHACNiA0K Ma-
cwTabHMX PpyNHYBaHb eHepreTMYHoi iHPPaCTPYKTYpK

EPSG — Koa cuctemmn KoopamHar (y poboTi BUKOpUCTaHO
EPSG:25832)

GeoTIFF — reonpue’a3aHmit pacTpoBuin popmat 306parkeHHn
GetMap — Tvn 3anuTy cepsicy WMS gnsa oTpMMaHHA pacT-
poBoro ¢pparmeHTa KapTu

LLM (Large Language Model) — Benvka moBHa moaesnb

API (Application Programming Interface) — npuknagHuit
nporpamHuit inTepgeic

YKpaiHW, CNIPUYMHEHUX BOEHHUMU AiAMMU. Y TaKMX yMOBaAX
onepaTMBHa iHBEHTapM3aL,ia 06’ ekTiB reHepalLii Ha BENIMKUX
TEPUTOPIAX € KPUTUYHO BA*KNMBOIO ANA OLHIOBAHHA MoTe-
HUia/Nly BiAHOB/IIOBAHMX OyKepesn eHeprii Ta NaaHyBaHHA
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eKCTpeHUxX Ain i3 3abe3neyeHHs CTIMKOCTI eHepPreTUUHOI iH-
bpacTpyKTypu. 3a JaHMMK aHaniTMYHOro ueHTpy Center for
European Policy Analysis (CEPA) [1], yHacnigoK pakeTHUX Ta
LpPOHOBMX aTak y 2022—-2024 poKax YKpaiHa 3a3Haia cyTTe-
BMX BTPAT e/1eKTPOreHepyBaibHUX NOTYKHOCTEN. 30KpemMa,
y 2024 poui 6yno BTpayeHo 6113bKo 9 BT reHepalii, Lo
BignoBigae npmMbAM3HO OAHIN TPETUHI JOBOEHHOIO PiBHA
CMOXMBAHHA eNeKTPOoeHeprii, a YacTKa Tena0BOI reHepau,ii
cKopoTuaack 3 23.5 % o 6amnsbko 5 %. Y umMx ymoBax oco-
6/11BOrO 3Ha4YeHHA HabyBalTb 06’EKTU AeLEeHTPaNi30BaAHOI
Bi4HOB/MIOBAHOI reHepau,ii, 30Kkpema [axoBi 06’€KTU COHAY-
HOI reHepauii, AKi 34aTHI NiABULLYBATU eHepreTUYHy CTil-
KiCTb JIOKaZIbHUX CMOXKMBAYiB Ta 3MEHLUIYBAaTU HaBaHTa-
KEHHA  Ha  MowkKoaxKeHy  iHdpacTpyktypy. [pote
BiACYTHICTb aKTya/IbHUX PEECTPIB Ta ONEepPaTUBHUX IHCTPY-
MEHTIB iHBEHTapM3aL,ii TakMx 06’ €KTiB iICTOTHO YCKIaAHIOE iX
ypaxyBaHHA B €HepreTMYHOMY MNaHyBaHHi. TpaauuiiHi
nigxoam Ao aHanisy aepodoTosHimKiB [2—4], 30Kpema me-
TOAM CeMaHTUUYHOI cermeHTaLil [5], XapaKkTepusyoTbcs BU-
COKMMM 0BYMCOBANIbHUMM BUTPATaMM Ta 3aNeXaTb Big,
cneujianisoBaHnx BMBIpOK, WO 0bMeXKyE iX 3aCTOCyBaHHA B
YMOBax Pi3HOi AKOCTi 3MOMKM Ta 0BMeEXKeHOT NPOoCTOpPoBOI
pO34iNbHOI 34aTHOCTI. TOMY aKTya/JlbHUM € CTBOPEHHA Me-
ToAiB WBWAKOI ineHTUIKauii faxoBux 06’eKTIB COHAYHOI
reHepaduii, 34aTHUX NPaLOBATU B YMOBax 0OMeKeHOI Bi3y-
anbHoi iHpopmauji Ta maclwTabyBaTUCb Ha BeNWKi gocni-
AsKyBaHi naowi 6e3 nonepeaHbOro HaBYaHHS.

3a/a4a aBTOMATU30BaHOI iAeHTUIKALLIT 4aXOBUX COHAYHUX
naHesneun Ha aepodOTO3HIMKAX Yy BiNbLIOCTI Cy4acHUX AoCAi-
[)KeHb PO3B’A3YETbCA i3 3aCTOCYBAHHAM 3rOpPTKOBUX HEM-
POHHUX MepeK [6]. OCHOBHMIA aKLEHT y TaKUX poboTax po-
6MTbCA Ha NiABWULLEHHI TOYHOCTI PO3Mi3HABAHHA LWIAXOM
YAOCKOHANEHHA apXiTeKTyp moaenei Ta BUKOPUCTaHHA ba-
raTopiBHeBUX Bi3ya/IbHUX O3HaK.

Y pocnipgeHHi [7] po3rnagaetbeca 3aava aBTOMAaTUYHOO
BUABJIEHHA COHAYHMX NAHEeNeN Ha OCHOBI CEMAHTUYHOI ce-
rMmeHTauii aepodoTosHiMKiB. JoCNiAHNKM BUKOPUCTOBYOTb
3ropTKOBY MMUBUHHY HEMPOHHY MepeXKy, HaBYEHY Ha cne-
LanizoBaHoMy Habopi po3miYeHUX AaHUX, Ta LEMOHCTPY-
IOTb BMCOKi MOKA3HMKW TOYHOCTI igeHTUdIKauii COHAYHMUX
naHenen Ha 306 pa*keHHi BUCOKOI AKOCTI. [LocArHyTi pe3yib-
TAaTU NiATBEPAKYIOTb ePEKTUBHICTb BUKOPUCTAHHA 3ropT-
KOBUX MMUBUHHUX HEMPOHHUX MepeXK ANA Liei 3aaadi, oa-
HaK niaxig notpebye nonepeaHbOro HaBYyaHHA MoAeni,
3HaYHMX 06YMCNIOBANIbHUX PECYPCIB Ta BUCOKOI AKOCTI 30-
bparkeHHA.

IHWKWI NpuKnag npeacTaBieHo B poboTi [8], ae aBTopm 30-
cepenyKytoTbCa Ha NiABULLEHHI TOYHOCTI cermeHTaL,ii CoHA-
YHUX NaHenen. [Ina UbOro BUKOPUCTOBYETLCA YCKAAZLHEHA
apXxiTeKTypa 3ropTKOBOI HEMPOHHOT MepesKi 3 baraTomactu-
TabHUM aHaNi30M O3HaK i 4OAATKOBUMWU MOAYNAMM MPOC-
TOPOBOI PeKOHCTpyKUii. LUen nigxig 3abesneuyye nokpa-
LLEeHHA AKOCTi po3ni3HaBaHHA MOpPIBHAHO 3 6a3oBMMMU
MOZeNIAMM, NPOTe AOCATHEHHA TaKMX pe3ybTaTiB CynpoBo-
OMKYETbCA 30iNbLIEHHAM CKNAAHOCTI MoAeni Ta obuncntosa-
NIbHUX BUTpPAT.

Cy4acHi gocnigeHHa 3 aBToMaTM3au,ii po3ni3HaBaHHA CO-
HAYHMX NaHenel nepeBaXKHO CNPAMOBaHI Ha MNiABULLEHHA
TOYHOCTI LWIAXOM YCKAAZHEHHA apXiTEKTypu 3ropTKOBMX
HEMPOHHUX MepeX, BUKOPUCTAHHA A04aTKOBUX PiBHIB 06-
pobKM 03HaK Ta cnpAmoBaHi Ha 0H6POBKY YITKMX 3HIMKIB.
Xou4a TaKi nigxoan AEMOHCTPYIOTb BUCOKI MOKA3HMKM AKO-
CTi, BOHW 3aNMLIAOTLCA PECYPCOEMHUMM Ta MOTPebyloTb
cnewjianisaoBaHOro HaBYaHHA MoZenew, WO YCKNa[HIoE iX
3aCTOCYBaHHA 415 onepaTMBHOI 06pObKM BENMKUX MACcKBIB
aepo¢doTo3HiIMKiB abo poboTM B ymoBax obmexkeHoi npoc-
TOPOBOI PO3AiNbHOI 34aTHOCTI.

Mpobnema nonarae B HeObXigAHOCTI BENMKOI KifibKOCTi 06-
YMCNIOBANIbHUX PecypciB, Hacamnepes 4acy, ANA TOYHOro
BM3HA4YeHHSA 3a[aHOro 06’eKTa Ha BEJIMKIA MHOMUHI 3HIM-
KiB METO4aMM CEMaHTUYHOT cermeHTaL,ii meperkamu ranbo-
KOro HaB4YaHHA. Tomy HeobXiAHO MaTK 3acib WBMAKOrO He-
PeCcypCOEMHOrO nonepeaHboro BU3HAYEHHA NigMHONUHM
3HIMKIB, Ha AKMX 3 BEIMKOIO MMOBIPHICTIO 306pakeHnin 3a-
[aHWN 06’€eKT.

3anponoHoBaHWit y Uilh poboTi Nigxia cnpsmoBaHO Ha 3me-
HLWEHHA BUKOPUCTAHHA 0BUYMCNIOBANIbHUX pecypciB 3a pa-
XYHOK BiAMOBM Bif, cneLiani3aoBaHOro HaBYaHHS Moaenen i
nepeHeceHHA aKLEeHTY 3 YCKAa4HEHHA apXiTeKTypu Ha dop-
Mani3aLito KpuUTepiiB NPUIAHATTA pilleHb Npu aHanisi 306pa-
eHb. [1na aBToMaTM3oBaHoi Knacudikauii o6’ekTiB Ha ae-
podOTO3HIMKax 3aCTOCOBYHOTLCA BEAMKI MYAbTUMOAANbHI
mogeni [9-12]. Ha BiamiHy Big KnacuuHux meToais
Komn’toTepHoro 3opy [3, 4], ae norika Knacugikauii 3akna-
[J€eHa B napameTpax HaBYeHOi MoAeNi, Y pasi BUKOPUCTaHHA
BE/IMKMX MOBHUX MOAENel pe3ynbTaTt aHanisy 3Ha4yHOo Mi-
pOt0 3aNeXnTb Big cnocoby 3agaHHA KpUTepiiB iHTepnpeTa-
uii BisyanbHoi iHpopmalii. LUBMAKKI Ta nonepeaHin aHani3
6e3 eTany cnewjianizoBaHOro HaB4YaHHA Ha ocHoBi LLM mHo-
XUHU aepodOTO3HIMKIB AaCTb 3MOTy CTBOPUTU OBMeEKEHY
MHOXWHY 306paxeHb, AKi 3 BUCOKOK MMOBIPHICTIO MICTATb
COHAYHI NaHeni, i CyTTEBO CKOPOTUTU pecypcu ANs ix noaa-
NbLUOT CEMAHTUYHOI cermeHTau,ii.

MeToto pob60TH € CTBOPEHHA METOAY BU3HAUYEHHA 06’eKTIB
COHAYHOI reHepau,ii Ha CynyTHUKOBUX Ta aepodOTO3HIMKAX

[na pocArHeHHA nocTaBNeHoi MeTu y poboTi HeobxiaHO BU-
KOHaTW TaKi 3aBAaHHA:

1. dopmanizyBatn 3agayy iaeHTUdIKaLii 06’eKkTiB COHAY-
HOI reHepauii Ha aepodOTO3HIMKax ANA BUKOPUCTAHHSA
MynbTUMOZaNbHOT mogeni (LLM).

Po3pobuTtn npomnT-cTpaterii ana LLM.
MiarotyBatM Habip 306pakeHb A5 06UYUCIOBANBHUX
eKcnepumeHTiB.

4. Po3pobuUTV anropuTm MoaentoBaHHA YMOB 06MeXKeHOol
NPOCTOPOBOI PO3Ai/IbHOI 34aTHOCTI, ANA AOCAIAXKEHHA
BMNAMBY Aerpaaauii BisyanbHoi iHbopmauii Ha pesynb-
TaTH ineHTUdIKaw,i.

4. MpoBecTn NOPiBHANBHWUI aHani3 pe3yabTaTtie 0bunc-

NOBA/IbHUX EKCNEePUMMEHTIB 3 BU3HAYEHHA COHAYHUX
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naHenemn 3a PisHUMKU NPOMNT-CTPATErAMMU Ta YMOBAMM
pO34inbHOI 34aTHOCTI.

06’eKTOoM AOCNiAKEHHA € MeToAM Ta 3ac0bu po3B’A3aHHA
3afayvi 6iHapHOT Knacuodikauii 06’ekTiB Ha aepdoTO3HIMKaX.

MpeameToMm AOCAIAMKEHHA € 3aCTOCYBAaHHA MY/bTUMOAA-
NIbHUX MOBHUX Moaenein ana knacuoikauii 06’ekTiB Ha f10-
Ka/NibHUX ¢dparmeHTax 306pa*keHb 3a Pi3HOT NpPOCTOPOBOI
pPO34inbHOT 34aTHOCTI.

MeToau pocnipXXeHHA: HaBYEeHi BeNUKI MOBHI moaeni,
GPT-40, cTparepii npomMnT-opieHTOBaHOI igeHTUdIKaLii Ha
306parkeHHi, MoaentoBaHHA PisHWUX piBHIB AeTanisauii ae-
pPOodOTO3HIMKY.

1. 3apaua BM3HaYeHHA HAaABHOCTI COHAYHOI NaHeni Ha ae-
po¢dOTO3HIMKY Ha OCHOBI LLM

3afaya BM3HaYeHHs 06’eKTiB COHAYHOT reHepaLii Ha aepo-
$OTO3HIMKY CTaBUTbCA AK 3a343a4a HiHapHOT KnacudiKkauii Ha
306parkeHHi.

[ns KOPEKTHOro aHanisy 306parkeHHA, OTPMMaAHI B pe3sy/ib-
TaTi aepodOTO3MOMKM, MatoTb BYTU nonepeaHbO NiAroTo-
BaHi. TOMy BM3HaYeHHA COHAYHMX NaHenel BigbyBaeTbCA
3a ABa eTanu:

1. MpocTopoBa AEeKOMMNO3ULLiA.

O6nacTb iHTEpecy Ha 306pakeHHi PO36MBAETLCA HA MHO-
YKUHY NIOKaNIbHUX parmeHTiB piKcoBaHOro po3mipy, Lo 3a-
6e3neyye NOKanisauito aHanisy Ta yHidikauito BXigHUX Aa-
HUX 15 NoAanblwoi 06pobKu.

2. Knacuoikauis coHayHoi naHeni abo ii BigcyTHOCTI Ha no-
KanbHuX dparmeHTax aepodoTo3HimKa.

[Ons KoxKHOro ¢parmeHTa 306parkeHHs Ha ocHOBI LLM Bu-
KOHYETbCA NepeBipKa HasgBHOCTI 06’eKTiB COHAYHOI reHepa-
L.

Ona 6e3nocepesHboi Knacudikau,ii nepes npeacTaBieHHAM
KOXHOro 306pakeHHA LLM nponoHyeTbcA NPOMMT-KOHTEKCT
3 OMMCOM XapPaKTEPUCTMK 06’eKTiB COHAYHOI reHepaLlii Ta 3a-
BAAHHAM. LLM Hapae OuiHKy HaABHOCTI COHAYHOI NaHeni 3a
wkanoto Bia 0 40 1. BBaXKaeTbcA, WO 3HIMOK MiCTUTb COHAYHY
naHenb, AKLWO OUiHKa B Agiana3oHi Big 0.6 oo 1.

3apava BM3HaveHHA 06’eKTa Ha 3HIMKaX YCKNAAHHOETbCA
TUM, LLLO BXifAHi 306paxKeHHA MOXYTb CYTTEBO Bigpi3HATUCA:

1. MpocTopoBOIO PO34iNbHOK 34aTHICTIO — PO3MIPOM Te-
puTOpii, Wo npmunagae Ha 1 nikceno.

2. AKicTio — HaABHICTIO BTpAT ¢pparmeHTiB 306 parkeHHA abo
HEYiTKMX CEerMeHTIB.

3. CXoXicTio 3 iHWIMMM 06’EKTaMM, OCKINbKKN XapaKTepHi Bi-
3yasibHi 03HaKU 06’€KTIB COHAYHOI reHepauii MOXyTb
6YyTV YacTKoBO / MOBHICTIO BTpayeHi abo MaTu cnifbHi
pucK 3 iHWKMK 06’ eKTamu.

3a Takux obcTaBUH besnocepeaHs Knacudikauina 306pa-
YKeHHA 6e3 ABHOro onucy 03Hak NpU3BOAMUTL A0 HecTabi-
JNIbHUX Pe3ynbTaTiB i 3POCTAHHA KiIbKOCTi XMOHMX pilleHb.

Mig yac onucy BisyanbHUX 03HAK COHAYHMX NaHenen Heob-
XioHO BpaxoByBaTW, WO 300paxkeHHA 06’eKTiB COHAYHOI

reHepauii MoXyTb MaTK CMi/IbHIi PUCK 3 TaKUMKM 06’ eKTamu,
AK CiIbCbKOrocnogapcbKi Tenaumu,i 3i CBIT10NPO30PMM NOK-
pUTTAM, MeTasieBi abo CBIT/IOBIAOMBHI NOKpPiB/i, Aax0Bi Bi-
KHa, iHXeHepHi HaabyA0BM 1 TiHi Bif, KOHCTPYKTUBHUX ene-
MeHTiB. HasBHicTb noaibHux o6’eKTiB y mexax LWinbHOI
MiCbKoi 3aby0BW iCTOTHO YCKNaAHIOE aBTOMATU30BaHY iH-
TepnpeTaw,ito 3HIMKIB Ta NigBULLYE PUINK XMBHOMNO3UTUBHOT
Knacuoikauil.

BukopucTtaHHa LLM ga€e 3mory YHUKHYTU MOBHOrO aHani3y
BCbOr0 306pakeHHA, 06MeXKYUN 06UMCNEHHA NULLe TUMMK
NIOKanbHUMK dparmeHTamu, ana aknx 6iHapHa Knacudika-
Lia mogeni BUABAAE HaABHICTb 06’ EKTiB COHAYHOI reHepau,ii
3 J,OCTAaTHLO BMCOKOO OLLIHKOM. 3aBAAKM LbOMY 33434y 3
PECYPCOEMHOI CeMaHTUYHOT cermeHTauji, Wo notpebye
crneLiani3oBaHOro HaBYaHHA Mogenen, MoXKHa TpaHchop-
MyBaTM B 3aauyy JIOKanbHOi BiHapHOi Knacudikauii, wo
CNPUAE 3MEHLLEHHIO CyMapHUX OBYMUCAOBANIbHUX BUTPAT
ANrOPUTMIYHOrO UMKNY Ta 3abesnedye macwTtaboBaHicTb
anroputmy npu obpobui CynyTHUKOBUX 3HIMKIB BENUKUX
TepuUTopin.

2. NpomnT-cTparerii gna LLM

EdeKTUBHICTb aBTOMaTM30BaHOI iaeHTUdIKaLiT 06’eKTiB co-
HAYHOI reHepauii 6e3nocepeHbO 3aMEXKUTb Bif cnocoby
dopmanisauii KpuTepiis aHani3y BisyanbHoi iHdopmauii.

[ns 3038’A3aHHA 3a4adi 6y/N0 BUKOPUCTAHO YOTUpU nig-
X04W, AKi BIiAPI3SHAKTLCA NOriKOK BWMABMIEHHA 334aHOr0
06’eKTa:

1. Knacuodikauia Ha ocHoBi 6a30Boi iHTepnpeTau;i 03Hak.
2. BbiHapHa KnacuodikaLis Ha NpUKnagax 306paxkeHsb.
3. Knacudikauia Ha oCHOBI NOKPOKOBOrO aHasi3y 03HaK.

4. Knacudikauina Ha ocHoOBI rinoTes.

Knacudikauia Ha ocHosi 6a30Boi iHTepnpeTauii 03HaK.
Mpwn ubomy nigxoai ana LLM BM3Ha4vanacb poab ekcnepra.
A BUABNEHHA COHAYHOI NaHeni HagaBaBCA ONKUC ii Xapak-
TEPHMX O3HAK: TEMHA NPAMOKYTHA CTPYKTYpa, PerynAapHicTb
$bOopMM, KOHTPACT 3 HABKOAULLHIM GOHOM.

Takui nigxia, GakTUMYHO IMiTye iHTYITMBHY iHTepnpeTauito
306parkeHHs 6e3 geTanizoBaHOI NepeBipKU OKpPeMUX Xapa-
KTEPUCTMK. 32 BUCOKOT MPOCTOPOBOI PO3A4iNbHOI 34aTHOCTI
uen cnocib 3abesneyye NPUNHATHY TOYHiCTb. OAHaK y pasi
3HUKEHHSA AeTanisaujii CLeHW 3pOCTaE KiNbKicTb XMBHOMNO-
3UTUBHMX pilleHb, 30Kpema yepe3 noAibHicTb 3 TeEMHUMMU
nokpisaamu abo TiHAMM.

biHapHa Knacudikauia Ha npuknagax 3o6pakeHb. pu
ubomy nigxoai ana LLM Bu3Havanacb ponb «You are a
specialized Al for detecting solar arrays in satellite
imagery». LLM HagaBanocb ABa npukaaan 306paxkeHb co-
HAYHUX MaHeNel, KOXKeEH 3 AKUX € TUMOBUM A5 Kiacy Has-
BHOCTI Ta BiACYTHOCTI. lTPOMAT-TEKCT MICTUB BM3HAYEHHA
3aK/IIOYEHHA Wo[0 06'eKTa ANA KOXKHOro npuknagy y dpop-
MaTi cninKyBaHHA 3 LLI-ekcnepTom.

Y ubomy nigxoAi BUKOPUCTAHO YTOYHEHHA KpUTEpIiB WANA-
XOM BMKOPUCTaHHA penpe3eHTaTUBHUX NPUKAALiB 06’eKTiB
LiIbOBOTO KNacy Ta TUMOBUX rPaHUYHUX BUNAAKIB. PileHHA
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NPUMManocs Ha OCHOBI OLiHIOBaHHSA NoAibHOCTI aHai3oBa-
Horo ¢parmeHTa 40 nonepeaHbo BU3HAYEHUX 3pasKiB.

Ha 306paeHHAX BUCOKOI AKOCTI el niaxia nae amory cyT-
TEBO MiABULLMTU TOYHICTb KNacudiKaLii, OCKINbKU CTPYKTY-
PHi enemeHTU COHAYHMX MaHeneh nobpe 3b6epiratoTbes.
MpoTe 3i 3HMXKEHHAM NPOCTOPOBOI PO3A4iNbHOI 34aTHOCTI
epeKTMBHICTb MeTOAY 3MEHLLYETbCA, OCKINbKU APibHI TeKc-
TYpHi AeTani, Wo BM3Ha4aloTb NOAIOHICTb A0 eTasoHy, Yac-
TKOBO ab0 NOBHICTIO BTPaYatoThbCA.

Knacudoikauia Ha 0oCHOBi MTOKPOKOBOro aHani3y o3Hak. [pun
ubomy nigxoai ana LLM Bu3Hayanacb ponb ekcnepra-aHa-
NiTKa. BU3HayeHHA 06’eKTa BiabyBaeTbcA 3a TpM eTanu:

1. BWOKpeMNneHHA Halbinblw 3HAYyLWMX XapaKTepucTuy-
HUMX 03HaK 06’ekTa: Luminance, Uniformity, Edges.

2. [eAyKTMBHEe BUBEAEHHA Knacy Ha OCHOBIi KOMbiHauil
3HaYeHb O3HaK.

3. [llepeTBOpeHHA BEPANKTY Ha OUiHKY Big 0 go 1.

Takum YMHOM, HA NepLloMy eTani OuiHOBaNacA BigHOCHA
ACKPaBiCTb 06’€KTa Ta Moro reomeTpuyHa dopma. Ha gpy-
romy etani nepesipAnacb HAABHICTb NPOCTOPOBOrO rpyny-
BaHHA e/IeMEHTIB.

Takui nigxia Aae 3mory 3MeHLWNTU 3a/1eXKHICTb Big, APiOHUX
TEKCTYPHMX O3HaK i NepeinTn A0 ouiHoBaHHA Binbl 3aranb-
HWX XapaKTEPUCTUK, Lo 36epiratoTbCa HaBiTb 32 NOMipHOro
3HUMKEHHA NPOCTOPOBOT PO3A4iNbHOI 34aTHOCTI. [TpaKTUYHI
pe3ynbTaTh NoKasanu NigBULLEHHA cTabinbHOCTI Knacuodi-
Kauii 4na 306pakeHb cepeHbOi AKOCTI.

Knacuikauia Ha ocHoBI rinotes. Mpwu ubomy nigxoai ana
LLM BM3Ha4anacb ponb ekcnepra-gocnigHuKka: «You are a
Lead Scientist in Remote Sensing». Ha BigmiHy Big, noKpo-
KOBOFO aHasi3y 03HaK, npouec Knacudikauii opraHisoBaHo
AK NapanenbHy NepeBipKy KiNbKOX anbTepHATUBHUX rinoTes
wozao npupoam ob’ekta Ha Aaxy. 3a UMM Niaxon0m BU3Ha-
YeHHA BiAOYBaETbCA B YOTUPU €TaMNU:

1. dopmyBaHHS Ta OLiHIOBAHHSA rinoTesn A (cBiTanit Biabu-
BHUI 06’eKT / Tenaunus). AHaNi3ytoTbCA 03HaKMU BUCOKOT
AckpasocTi (High Luminance), HasBHicTb Big6auMcKiB Ta
BHYTPILIHbOT CTPYKTYPMU.

2. dopmyBaHHSA Ta OUiHIOBaHHA rinotesn B (i3onboBaHuWi
Manuii 06’ekT / maHcapaHe BikHO). MNepesipaeTbea i30-
NbOBaHICTb 06’€KTa Ta 1Oro BiAHOCHO Mannii po3mip no-
PIBHAHO 3 N/IOLLEIO AaXy.

3. dopmyBaHHA Ta ouiHOBaHHA rinote3n C (coHAYHI na-
Heni). AHaNI3yTbCA 03HAKM HUMKYOI ACKPABOCTI BigHO-
CHo nokpisAni (Low Luminance), a TakoX HanABHICTb Npo-
cTopoBoro rpynysaHHsa moaynis (Clustering) abo pery-
NAPHOI CTPYKTYPU.

4. CuHTe3 pe3ynbTarTis. [NOPiBHIOOTLCA BigHOCHI OLiHKM ri-
notes. Knac «COHAYHI naHeni» NiaTBEPAXKYETLCA AnLLe
33 ymoBM, Wo rinotesa C € 6inbw 06r'pyHTOBAHOM, HiXK
A Ta B. Y pasi nepesaru rinote3 A abo B pilweHHA npuii-
MA€ETbCA Ha KOPWUCTb BiACYTHOCTI COHAYHUX MaHenen.
Takuit nigxig npoaeMoHCTpyBaB HalBULLY CTIMKICTb A0
3HUXKEHHA NPOCTOPOBOI pPO3A4iNbHOI 34aTHOCTI, OC-

KifIbKK 6a3yeTbcA He Ha OAHIl OKpeMild 03Hal, a Ha 3ic-
TaB/IE€HHI aNbTepHaTUBHMX NOACHEeHb. BogHouvac y Buna-
OKax TEMHUX OAHOPIAHMX MOKPiBENb MOX/IMBE 3pOC-
TaHHA XMBHOMO3UTUBHMX Pe3yNbTaTiB yepes nepeoLi-
HIOBaHHA rinotesu C.

3anponoHoBaHi MPOMMT-TEKCTU A/ BUABNEHHA COHAYHUX
naHenen Ha aepodoTO3HIMKaxX 32 KOXKHOIO OMMCaHOIo CTpa-
Terieto npeactasneHo B [13].

3. NMigrotoBKa Habopy AaHUX

Habip 306pakeHb CTBOPEHO Ha OCHOBI LUndpoBux aepodo-
TO3HIMKIB BMCOKOi MPOCTOPOBOI PO3A4i/NbHOI 34aTHOCTI,
OTPUMaHUX 3 BiAKPUTOro KapTorpadivyHOro cepsicy Aepa-
BHoOro piBHA Web Map Service (WMS) [14] yepes API. Ons
3aBaHTaXKEHHA 306paxeHb BUKOPUCTOBYBABCA 3aMuT TUMyY
GetMap y npoekuii EPSG:25832 [15], wo 3abe3neuye Kope-
KTHY METPUYHY NPUB’A3KY Ta Y3roAKeHicTb po3mipis obna-
CTi 306paskeHHs.

[Ona KOXKHOI TepuTopianbHOT 30HM BU3HAYaBCA 0OMeXKyBa-
JNIbHUIM NPAMOKYTHUK GiIKCOBAHOro PO3Mipy B MeTpax Ta Bif-
nosigHe rMomy aepodoTo y pactposomy popmaTi 3 3aaa-
HUMM NapaMeTpamu LWMPUHU Ta BUCOTU 306paKeHHs, Wo
Bi4NOBiAAlOTb LiNbOBIM NPOCTOPOBIV PO34iNbHIl 34aTHOCTI
0.1 m/nikcenb. 3aBaHTaXeHi 306paKeHHsA A0AATKOBO ne-
peTtBoptoBanucs y ¢opmat GeoTIFF i3 3anMcom npocTtopo-
Boi npue’asku (CRS i reoTpaHchopmalii), wo 3abesneuye
BiATBOPIOBAHICTb E€KCMEPUMEHTIB Ta MOXIMBICTb NOAasb-
Lwoi npocTopoBOi 06pobKM.

[nAa npoBefeHHA eKCnepuMEeHTaNbHOMo AO0CAIAXKEHHA cho-
pmosaHo TectoBy BMGIpKY, Wwo mictntb 1000 nokanbHMX
dparmeHTiB 306pakeHb, 3 AkMx 390 BigNoBiAalOTL HAABHO-
CTi 06’€KTiB COHAYHOI reHepaLii Ta 610 —ix BigcyTHOCTI. PO3-
noAin Knacis € He3baNaHCOBaHWM, L0 BPaxoBaHO Mig Yac
iHTepnpeTaLii MeTpUK TOYHOCTI. Y peanbHUX 3agayax gmc-
TaHUiMHOro 30HA4YBaHHA 3emAai NPOCTOPOBI XapaKTepuc-
TUKKM 306paXkeHb CYTTEBO 3asexaTb Bif, TUMNY CUCTEMMU, LLO
pobuTb 3HIMKM, NAapameTpiB CEHCOpa, BUCOTU 3MOMKM, aT-
MmocdepHMXx yMOB Ta eTaniB noganbwoi o6pobkun 306pa-
YKEHHA MPUCTPOEM. Pi3Hi CynyTHMKOBI M aepo3HimMasbHi
nnatpopmu GopmytoTb 306paxkeHHA 3 HEOAHAKOBOI NPOo-
CTOPOBOIO PO34iNbHOK 34aTHICTIO, WO NPU3BOAMUTbL A0 Ba-
piaTMBHOCTI PiBHA AeTani3auii CUueHW, YiTKOCTi KOHTYpiB
06’€KTIB Ta CTyMeHs NPOCTOPOBOro 3rNaAMKyBaHHS.

4. MogenioBaHHA yMoB 06meKeHOoi NPoCcTopoBOi Po3-
BOinbHOI 3aaTHOCTI 306parkeHHsA

Y peanbHUX ymoBax BXigHi AaHi HE 3aBXAM MICTATb YiTKO
OKpecneHi mexi 06’ekTiB, a ApibHI CTPYKTYpHi enemeHTH
MOXYTb YaCTKOBO ab0 NOBHICTIO BTPaYaTMCSA. 3a TAKUX YMOB
aNropuTMu aHanisy 306parkeHb NOBUHHI ByTH CTIMKMMK A0
3MiH NPOCTOPOBOI PO3A4iNbHOI 34aTHOCTI Ta 34aTHUMU KO-
PEKTHO MpauoBaTH 3 AaHUMM Pi3HOT AKOCTI.

Y 38’A3KY 3 LM BUHMKAE HeObXigHICTb GopMyBaHHA penpe-
3EHTaTUBHOIO Habopy BXiAHWX AaHWUX, AKUIA BiATBOPIOE TH-
MoBi 0OMEXKeHHA peanbHUX CUCTEM CMOCTEpPEeXKeHHA. 3a-
Jaya mogentoBaHHA obmeXKeHOoi NPOCTOPOBOI PO3AibHOT
34aTHOCTI MONAra€ B WTYYHOMY BiATBOPEHHI Aerpagadii
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NPOCTOPOBMX XapPaKTEPUCTUK BUCOKOAETANI30BAHOMO aepo-
$OTO3HIMKA 3 MeTOL0 iMiTaLil AaHWUX, OTPUMAHMUX i3 Pi3HMX
3HIManbHMX Nnatdopm. Takuii Niaxiag, fae 3mory 4ocaianTm
BMN/IMB 3HUXKEHHA NPOCTOPOBOI PO3A4iNIbHOI 34aTHOCTI Ha pe-
3y/bTaTU NoAanblIOT Knacudikalii 06’ekTiB Ta 3abesneuye
KOPEKTHY Bajigauilo meToaiB aHanisy 306paxeHb B yMO-
Bax, HAOIMKEHNX A0 peanbHUX.

MogentoBaHHA ymoB obmeKeHOoi NPoCTOPOBOI PO34iNbHOI
3/aTHOCTi BMKOHYETbCA Yy BUMNAALI GOpManbHOro anropwm-
TMY, L0 CKNA[Q€ETLCA 3 4,BOX NOC/iAOBHMX eTaniB:

1. MpocTopoBa AekomnosuLis aepodOTO3HIMKA Ha JIOKa-
NbHi pparmeHTH.

2. KOHTponboBaHe 3HUMKEHHA MNPOCTOPOBOI PO3A4iNbHOI
3[,aTHOCTI KOXHOTrO ¢pparmeHTa.

BuxigHui aepodOTO3HIMOK PO3rNAAAETLCA AK baraTokaHa-
NibHe pacTpoBe 306paxKeHHA. s 3abe3neyeHHA NOKanb-
HOro aHanisy Ta yHidikauii BXigHUX 4aHux 306pakeHHs no-
OINAETbCA HA NIOKaNbHi dparmeHTU OL4HAKOBOro po3mipy,
chopmoBaHi y BUrNsAAj CiTKU. PO36UTTA BUKOHYETHCA B Ta-
KM cnocib, wob 3abesneynt MoBHe MPOCTOPOBE MOK-
puTTA 0bnacTi iHTepecy, BKAOYHO 3 FPAaHUYHUMW LOiNAH-
Kamu  306parKkeHHs. UMHOM, 306parKkeHHn
po36uBaeTbcA Ha dparmeHTV po3mipom 512 x 512 nikcenis.
ba3oBa npocTopoBa po3aisibHa 34aTHICTb BUXIGHMX aepo-

Takum

dotosmimkis cranosuts Iy = 0.10 m/nikcens.

[na moaenioBaHHA YMOB 3IOMKMN BUKOPUCTOBYETHCA CKiH-
YeHHa MHOXWHa 3Ha4YeHb NPOCTOPOBUX PO3AiNbHUX 34aT-
HocTeln

R ={0.10,0.20,0.30,0.40,0.50,0.70,1.00,1.30,1.50, 2.00}

m/nikcens.

[nAa KoXHOro 3HaueHHA I € R BusHauaeTbea KoedilieHT
BiANOBiAHOCTI Nikcena

) (1)

ne I —pedepeHTHa NpocTopoBa Po3ainbHa 34aTHICTb dpa-
rmeHTa 3HiMKa (m/nikcenb),

I, —3Ha4YeHHA LinbOBOI NPOCTOPOBOI PO3Ai/NbHOI 3A4aTHOCTI
(m/nikcens).

[unckpeTHe baraTokaHaNbHe 306paKeHHs MA€ BUMNAL,
1:{0,..,H =1} x{0,.., W -1} x{1,..,C} > R, (2
ne H —sucora 306paskeHHa (KinbkicTb pagkis),

W - wupmnHa 306paskeHHA (KisbKiCTb cTOBMLB),

C —kinbkicTb CNEeKTPaSIbHUX KaHanis,

Xe {O, v W —1} — rOpU30HTa/IbHa KOOpAMHAaTa MiKcens,

ye {0, o H —1} — BepTUKasibHa KOOpAMHaTa MiKcens,

ce {1, . C} — iHA,EeKC CNEKTPaNbHOrO KaHasy.

3meHlweHe 306parKeHHA MacwTaby I BM3HA4YaeTbCA one-
paTtopom

10 =D(I), (3)

ae DS — onepaTtop ycepeaHeHHsA 3 KoedilieHToM macLu-

po3mipy
H xW x C na 306pasents posmipy H xW xC .

Taby S, wWo nepeTBOplOE 306parKeHHA

Po3smipu 3ameHweHoro 306pa)+(eHHF| BU3HAYAKOTbCA AK
, (4,5)

ne H —Bucora s06paskerHs B nikcenax
W' — wupuHa 306paxeHHs B MiKcenax

S — KoedoiuieHT macwTaby.

[na 3abe3neyeHHs egmHoro popmaty BXiZAHUX AaHUX BUKO-
HYETbCA 3BOPOTHE MACLITabyBaHHA:

~(r)
I =us(l“)), (6)
ae U, —onepatop b6iniHiiHoi iHTepnonauji, wo macwrabye

306paerta posmipy H xW xC no dikcosaroro pos-

mipy H xW xC .

Mig yac aHanizy aepoPoTO3HIMKIB MICbKMX TEPUTOPIN OCO-
6nvBa yBara npuainanaca rpaHUYHUM BuNagKam, TobTo
06’ekTam, MopdOoOriYHi XapaKTEPUCTUKM AKUX YACTKOBO
36iratoTbCA 3 03HaKaMM eleMeHTIB COHAYHOI reHepaLii.

[nA BU3HAUEHHA NOTEHLMHO CXOXMUX 06’EKTIB 3 0O3HaKaMm
peanbHUX COHAYHMX NaHenen 6yao0 NpoBeaeHO NOPIBHAMb-
HUIM aHani3 reoMeTpUYHUX | TEKCTYPHUX XapaKTepUCTUK
06’€eKTiB 306paXKkeHb MiCbKUX TepuTopii. OuiHtOBanucs pe-
ryNAPHICTb CTPYKTYpM, NPOCTOPOBI nponopuii, ogHopig-
HiCTb IHTEHCMBHOCTI B Me¥ax 06’eKTa Ta KOHTPACT 3 HAaBKO-
JINWHIM PoHOM. [loAaTKOBO A0CANIAXKYBaANOCA BUAO3MI-
HEHHA TaKMX 06’EKTIB MPU KOHTPONbOBAHOMY 3MEHLUEHHI
NPOCTOPOBOI PO3A4iNbHOI 34aTHOCTI, WO 43N0 3MOry Mpoc-
TEXUTU, AK Aerpagalis aeTtanisauii 306parkeHHs BNAMBAE
Ha 36epeKeHHs XapaKTepHOi CTPYKTYpW.

5. 06uncaoBaNbHI eKCNepUMeHTH

Ob6uncntoBanbHi €KCNepUMEHTU NoaAaraan B PoO3B’A3aHHI
3a4a4i knacuodikauii mogennto GPT-40 [16] 3a ycima 306pa-
YKEHHAMM cTBOpeHoro gatacety 3 1000 aepodoTo3HIMKiB.
3a KOXKHUM 306paXKeHHAM moaenb pobuaa YoTUPKU BUCHO-
BKW BiANOBIAHO A0 CTpaTerii, npeacTaBneHux y po3aini 1.
BUCHOBKM oOLiHIOBanuCb 3a precision, recall Ta F1-score.

PesynbTat 064YMCAIOBANbHUX E€KCMEePUMMEHTIB NpeacTaB-
ieHo y Tabauui.
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Ta6nuua. Pesynbtati Knacudikauii coHAYHUX NaHenel Ha 306 paXkeHHAX

Mpocroposa
:::f‘:ll;:_:: Crparerif iaeHTUdiKauii TouHicTb MNoBHota | Fl-mipa
m/nikcenb
0.1 Knacuoikalis Ha OCHOBi NOKPOKOBOro aHani3y 03HaK 0.8365 0.959 0.8936
0.1 BiHapHa KnacudiKkauia Ha NpuMKknagax 306parkeHb 0.957 0.9477 0.9523
0.1 Knacuoikauia Ha ocHoBI rinotes 0.6225 0.9431 0.75
0.1 Knacuoikauis Ha ocHoBi 6a30B0i iHTepnpeTaL,ii 03HakK 0.7906 0.9573 0.866
0.5 Knacuoikauia Ha 0OCHOBi MOKPOKOBOrO aHai3y 03HaK 0.69 0.828 0.7527
0.5 BiHapHa KnacudiKkauia Ha npuMKknagax 306parkeHb 0.9404 0.7029 0.8045
0.5 Knacudoikauia Ha ocHOBI rinotes 0.5603 0.9566 0.7067
0.5 Knacuoikauis Ha ocHoBi 6a30B0i iHTepnpeTaL,ii 03HakK 0.6494 0.8511 0.7367
1 Knacuoikauia Ha OCHOBI MOKPOKOBOroO aHasi3y 03HaK 0.5529 0.6575 0.6007
1 BiHapHa KnacudiKauia Ha NnpuKknagax 306parkeHb 0.5853 0.4029 0.4773
1 Knacuoikauia Ha ocHOBI rinoTes 0.5106 0.9153 0.6555
1 Knacuoikauis Ha ocHoBi 6a30B0i iHTepnpeTaL,ii 03HaK 0.5205 0.8654 0.65
2 KnacuodikaLis Ha OCHOBi MOKPOKOBOrO aHani3y 03HaK 0.552 0.8857 0.6801
2 BiHapHa Knacuodikauia Ha npuKnagax 306parkeHb 0.6653 0.2972 0.4109
2 Knacuoikauia Ha ocHoBI rinoTes 0.6991 0.6077 0.6502
2 Knacuoikauia Ha ocHoBi 6a30B0i iHTepnpeTaL,ii 03HaK 0.4573 0.5769 0.5102

MopiBHANbHWUI aHaNi3 pe3ynbTaTiB 3 PiSHUMK NPOMNT-CTPa-
TeriaMu NiaTBEPAKYE CYTTEBY 3a/1€XHICTb TOYHOCTI Big, Npo-
CTOPOBOI PO3A4iNbHOI 34aTHOCTI aepodOTO3HIMKIB.

Ha pucyHKy, npeacrasneHo 3anexHocTi F1-mipu Big npoc-
TOPOBO PO3A4iNbHOT 3AaTHOCTI 306parKeHHA, OTpUMaHi 3a
BCiMa NpomnT-cTpaTeriaAMu. 3a BMCOKOI AeTanisauii Han-
BULLj 3Ha4YeHHA F1-mipy oTpMmaHo 3a cTpaTerieto «biHapHa

Knacudikauia Ha npuKaagax 306parkeHb», ogHak npu 1—2
M/NiKceNb CNOCTEPIraeTbCA Pi3Ke 3HMMKEHHSA L€l XapaKTe-
puctukn. CtpaTerii «knacudikaLia Ha OCHOBI MOKPOKOBOro
aHanNi3y 03HaK» Ta «KaacudikaLisa Ha OCHOBI rinoTe3» xapa-
KTEPM3YIOTbCA MOMIPHILIOK Aerpasalli€to NOKasHUKIB, WO
CBiAYNTb NPO iX 6iNbLUy CTIMKICTb 40 BTPATU NPOCTOPOBOI iH-
dopmauii.

MeTopa knacudikauii

—8— Knacudikallis Ha OCHOBI NOKPOKOBOro aHanily 03Hak
BiHapHa knacugikauis Ha npuknagax 306paxeHs

0.9 1 —@~ Knacudikauis Ha 0CHOBI rinoTes

-8~ Knacudikauis Ha ocHoei 6a3080i iHTepnpeTaLii 03Hak

0.8 1

o
N

F1-mipa, oa.

<
o

0.5

0.4

25 50 75

100 125 150 175 200

Po3ainbHa 3aaTHICTL, cM/nikcenb

PucyHok. 3anexHicmoe F1-mipu 8i0 npocmoposoi po3dinsHoi 30amHocmi
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OTpuMaHi pe3ynbTaTh 3acCBig4ytOTb HAABHICTb Pi3HUX pe-
KMMIiB eeKTUBHOCTI CTpaTEril 3a1eXKHO Big, macwTaby nik-
cenA. 3a BUCOKOI NPOCTOPOBOI PO3AisbHOI 34aTHOCTI Halle-
beKTMBHIWKMM € nigxia, opieHTOBAaHWIM Ha noaibHicTb A0
€TaNIOHHUX NPUKNAAIB, TOAi AK 3i 3HMKEHHAM AeTanisauii
CTIMKIWMMM BUABNAIOTLCA CTPATEril, 3aCHOBAHI Ha CTPYKTY-
pPOBAHOMY Ta iEpapXiYyHOMY aHani3i 03HaK. Pe3ynbtath BKa-
3yI0Tb Ha pi3HY ePEKTUBHICTb CTPATEri 3a/1EXKHO Bif, PiBHA
NPOCTOPOBOI AeTanizauii. Miaxogm, Wo cnNMpaoTbCa Ha No-
KaNbHi TEKCTYPHi O3HaKW, € ONTUMANbHUMU MPU BUCOKIM
pO3A4iNbHIl 30aTHOCTI, TOA| AK 3i 3pocTaHHAM maclwTaby ni-
KCena nepesary oTpUMyHTb METOAMN, OPIEHTOBAHI Ha iHTer-
panbHi reomeTpuyHi Ta GOTOMETPUYHI XapaKTEPUCTUKM
ob6’ekTa. Le niateBeparkye HeobxigHicTb aganTauii noriku
ineHTMoiKauii 4O YyMOB NMpocTopoBOi Aerpagauii 306pa-
YKEeHHA.

BucHOBKM

1. ®opmanizoBaHO 33434y aBTOMATU30BaAHOI iaeHTUIKA-
Lii 06’eKTiB COHAYHOT reHepaL,ii Ha aepodoTO3HIMKax AK
3afa4y biHapHOI Knacudikauii NoKanbHUX GparmeHTiB 3
BUKOPUCTAHHAM BEAMKOI MY/JAbTUMOLANbHOI Mogeni
6e3 3miHK Ti napameTpiB. 3aNpPONOHOBAHO ABOETAMNHWUIM
anropuTM, a came NPOCTOPOBY AEKOMMO3ULit0 306pa-
YKEHHA Ta NepeBipKy rinoTesu Woa0 HaABHOCTI 06’ekTa
Ha piBHi okpemoro ¢pparmeHTa. Lle gano 3amory TpaHc-
bopmyBaTH pecypCcoeEMHyY 33434y CEMaHTUYHOI CermeH-
Tauii y 3a4a4y N0KanbHOI Knacudikau,ii 3 HUKYMMUM 06-
YNCNIIOBAJIBHUMW BUTPATaMU.

2. 3anponoHOBAHO YOTUMPWU MPOMNT-CTPATErii BUABNEHHA
3afaHoro o6’ekTa Ha CynyTHMKOBMX Ta aepodOTO3HIM-
Kax, WO [Aa€ 3MOry eKCnepuMeHTasbHO BU3HAYUTU On-
TUMaNbHY 32 TOYHICTIO CTpATerito ANA NPUKNALHOI 3a-
[adi 3a/1e}KHO Bi, NPOCTOPOBO PO3A4iAbHOI 34aTHOCTI.

3. Po3pob6aeHo anropnt™ MmoaentoBaHHA 0bmeKeHoi npo-
CTOPOBOI PO34iNbHOI 34aTHOCTI 3HIMKIB, WO Ha3yeTbeA
Ha KOHTPO/IbOBAHOMY MaclTabyBaHHi Ta iHTepnonauii
NIOKaNbHUX pparmeHTiB 306pakeHHA. BctaHoBAEHO 3a-
KOHOMIpHOCTI BN/AMBY Aerpagauii npoctopoBoi iHpop-
Mmalii B gianasoHi 1-2 m/nikcenb Ha ebeKTUBHICTb aBTO-
MaTM30BaHOI  igeHTUdikauii. [okasaHo, wWo  3i
3MeHLUEHHAM AeTanisau,ii 306pakeHHA 3HUKYETbCA iH-
bOPMATUBHICTb IOKANbHUX TEKCTYPHUX O3HAK Ta 3MiHIO-
€TbCA peXXMm ePeKTUBHOCTI cTpaTerin knacudikauii.

4. MMpoBeaeHo 064YUCNIOBANbHI EKCMepuMeHTU 3 Mnopis-
HAHHA cTpaTerin ¢opmyBaHHA KpuTepiiB iaeHTUIKaLil
06’€eKTiB COHAYHOI reHepaLii 3a pi3HOi NPoCTOpPOBOT PO3-
AiNbHOT 3a4aTHOCTI. BcTaHOBAEHO, LLLO 33 BUCOKOI AeTani-
3aui, 0.1-0. m/nikcenb, HalBMLLY TOYHICTb 3a6e3neyvye
cTpaTeria «biHapHa Knacudikauia Ha Nnpuknagax 306pa-
KeHb» (F1-score = 0.9523), Toai AK npu 36inblUEHHI Ma-
cwraby nikcensa, 1-2 m/nikcenb, CTIMKIWKUMU BUABAA-
H0TbCA «Knacudikalia Ha OCHOBI NMOKPOKOBOrO aHasi3y
03Hak» (F1-score = 0.6801) Ta «knacudikaLia Ha OCHOBI
rinote3» (F1-score = 0.6502). MigTBepaxeHo Heobxia-
HiCTb aganTauii norikn igaeHTMdiKaLii 4o ymOB npocTo-
poBOi AerpaaaLii 306parkeHHs.

OTpuMaHi pe3ynbTaTm A[0BOAATb MOMKAMBICTb 3aCTOCY-
BaHHA MY/JbTUMOZANIbHUX MOBHWUX MOAeNen oaa maclita-
60BaHOi aBTOMaTN30BaHOI iIHBEHTapKu3aL,ii 06’eKTiB po3no-
AineHoi  CcOHAYHOI reHepauii 6e3 cnewuianisoBaHoro
HaBYaHHA MoAeNel, WO 3HMKYE 06YMCNtOBaNbHI BUTPATH
32 PaxXyHOK BiACYTHOCTI eTany cnewianisoBaHOro HaB4YaHHA
Ta NigBULLYE NPaKTUYHY NPUAATHICTb MeToAy A/1A 06po6KM
BE/IMKWX TEPUTOPIN.
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Abstract. A method for detecting rooftop photovoltaic sys-
tems in satellite and aerial imagery under degraded spatial
resolution is proposed. Object detection is based on solving
an image classification task using a large language model
to reduce computational load and accelerate the identifi-
cation process. The proposed method is intended for rapid
inventory of solar generation facilities to enhance the resil-
ience of Ukraine’s energy infrastructure. Unlike semantic segmentation approaches, which require specialized
model training and significant computational resources, the proposed method reformulates the task as binary
classification of local image fragments using a large language model. This approach eliminates the need for addi-
tional training and reduces overall computational costs by replacing the resource-intensive semantic segmenta-
tion task with a binary classification problem applied to local image patches. Four prompt strategies for target
object detection are developed and evaluated. An algorithm for simulating limited spatial resolution through con-
trolled scaling and interpolation is introduced. Computational experiments were performed using the GPT-4o large
language model to assess alternative strategies for formulating identification criteria for solar generation assets
at different levels of spatial resolution. Degradation in the range of 1-2 m/pixel significantly affects detection
accuracy. At high detail levels (0.1 — 0.3 m/pixel), the highest performance is achieved by the “binary classification
based on image examples” strategy (F1-score = 0.9523). At lower resolutions (1-2 m/pixel), the more robust ap-
proaches are “classification based on step-by-step feature analysis” (F1-score = 0.6801) and “classification based
on hypotheses” (F1-score = 0.6502). The results demonstrate that multimodal language models can support scal-
able automated inventory of distributed solar installations over large territories without task-specific training.

2|nstitute of Renewable Energy of the National
Academy of Sciences of Ukraine, Kyiv, Ukraine,

Keywords: aerial photograph, satellite image, solar panels, object detection in images, LLM, GPT, spatial resolu-
tion of aerial photographs, energy infrastructure.

EPSG — Coordinate reference system code
(EPSG:25832 used in this study)

GeoTIFF — Georeferenced raster image format
GetMap — WMS request type for retrieving a raster
map fragment

LLM — Large Language Model

List of Symbols and Abbreviations

RS —Remote — Sensing

SPP — Solar Power Plant

CEPA — Center for European Policy Analysis
WMS — Web Map Service

OGC - Open Geospatial Consortium

CRS — Coordinate Reference System

Introduction

Automated identification of rooftop solar installations has
become increasingly important in the context of large-scale
destruction of Ukraine’s energy infrastructure resulting
from military actions. Under such conditions, rapid assess-
ment of distributed generation assets over extensive terri-
tories is essential for evaluating renewable energy poten-
tial and planning emergency measures aimed at
strengthening energy system resilience. According to CEPA
[1], missile and drone attacks between 2022 and 2024 led
to substantial losses in electricity generation capacity. In
2024, approximately 9 GW of capacity was lost,

APl — Application Programming Interface

corresponding to nearly one-third of the pre-war electricity
consumption level, while the share of thermal generation
declined from 23.5% to about 5%. In this context, decen-
tralized renewable installations — particularly rooftop pho-
tovoltaic systems — play an increasingly significant role, as
they enhance local energy resilience and reduce pressure
on damaged infrastructure.

The implementation of rooftop solar power plants in
Ukraine is rapidly developing as a means of energy inde-
pendence. Their use is economically beneficial in the long
term, allowing communities to reduce electricity costs and
increase independence from the central power grid.
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Scientific research on the implementation of rooftop solar
power plants in Ukraine focuses on assessing the technical
potential, optimizing structures, reducing energy losses,
determining the efficiency of placing solar power plants on
the roofs of residential and industrial facilities, assessing
their impact on the stability of distribution networks and
the possibility of reducing the load on the networks [2-5].

Since the implementation of rooftop solar power plants in
Ukrainian communities is a priority for increasing energy
resilience, especially during blackouts, the government
simplified the procedure for their installation on the roofs
and facades of buildings, eliminating the need for many
permits, which requires an operational inventory of solar
generation facilities in order to increase the resilience of
Ukraine's energy infrastructure [6]

However, the absence of up-to-date inventories and oper-
ational monitoring tools complicates their integration into
energy planning processes. Traditional approaches to aerial
image analysis [7-9], including semantic segmentation
methods [10], are computationally intensive and rely on
specialized annotated datasets, limiting their applicability
under variable imaging quality and reduced spatial resolu-
tion. Consequently, the development of scalable methods
for rapid identification of rooftop photovoltaic systems that
can operate under degraded visual conditions without prior
model training remains an important research challenge.

Most contemporary studies perform rooftop solar panel
detection in aerial imagery using convolutional neural net-
works (CNNs) [11]. These approaches primarily aim to im-
prove detection accuracy by refining network architectures
and incorporating multi-scale visual features.

In [12], the authors propose a semantic segmentation
framework based on a deep convolutional neural network
trained on a specialized annotated dataset. The study re-
ports high accuracy in detecting solar panels in high-resolu-
tion imagery. While the results demonstrate the effective-
ness of CNN-based approaches for this task, the method
requires prior model training, substantial computational re-
sources, and high-quality input data.

In [13], the authors propose an enhanced convolutional neu-
ral network architecture incorporating multi-scale feature
analysis and spatial reconstruction modules to improve solar
panel segmentation accuracy. While this approach achieves
superior performance compared to baseline models, the im-
provement comes at the cost of increased architectural com-
plexity and higher computational demand.

More broadly, contemporary research on automated solar
panel detection focuses primarily on maximizing accuracy
through increasingly sophisticated CNN architectures and
additional feature processing mechanisms, often assuming
high-quality imagery. Although such methods report strong
performance, they remain computationally intensive and
require specialized training datasets, limiting their suitabil-
ity for rapid large-scale analysis or for operation under re-
duced spatial resolution conditions.

Semantic segmentation methods based on deep learning
require substantial computational resources and pro-
cessing time for accurate object detection across large im-
age datasets. This creates the need for a computationally
efficient preliminary screening approach capable of identi-
fying image subsets that are highly likely to contain the tar-
get object.

This study proposes an efficient alternative that eliminates
task-specific model training and shifts the emphasis from
increasing architectural complexity to formalizing decision
criteria for visual interpretation. The method leverages
LLMs [14-17] for automated object classification in aerial
imagery.

Unlike conventional computer vision approaches, where
classification logic is embedded in trained model parame-
ters, LLM-based analysis relies on explicit prompt-driven
specification of visual criteria. This enables rapid prelimi-
nary screening of large aerial image datasets without addi-
tional training, facilitating efficient selection of candidate
image subsets with a high likelihood of containing solar
panels. As a result, the overall computational burden of
subsequent semantic segmentation is substantially re-
duced.

The aim of this study is to develop a method for detecting
solar generation facilities in satellite and aerial imagery un-
der conditions of degraded spatial resolution.

To achieve the stated aim, the study must address the fol-
lowing tasks:

1. Formalize the task of identifying solar generation facili-
ties in aerial imagery for the use LLM.

2. Develop prompt strategies for the LLM.
3. Prepare a set of images for computational experiments.

4. Develop an algorithm for simulating conditions of lim-
ited spatial resolution to study the impact of visual in-
formation degradation on identification results.

5. Conduct a comparative analysis of the results of compu-
tational experiments on solar panel detection under dif-
ferent prompt strategies and resolution conditions.

The object of the study is methods and tools for solving the
problem of binary classification of objects in aerial imagery.

The subject of the study is the application of multimodal
language models for object classification in local image
fragments at different spatial resolutions.

Research methods: trained large language models, GPT-4o,
prompt-oriented image identification strategies, modeling
of different levels of aerial image detail.

1. The task of detecting the presence of a solar panel in an
aerial image based on an LLM

The task of detecting solar arrays in an aerial image is for-
mulated as a binary image classification problem.
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For proper image analysis, aerial imagery must be prepro-
cessed. Therefore, solar panel detection is carried out in
two stages:

1. Spatial decomposition.

The region of interest in the image is divided into a set of
local fragments of fixed size, ensuring localization of the
analysis and unification of input data for further processing.

2. Classification of the presence or absence of a solar panel
in local aerial image fragments.

For each image fragment, the presence of solar generation
facilities is evaluated using an LLM.

For classification, each fragment is provided to the LLM to-
gether with a prompt describing the visual characteristics
of solar panels and the detection task. The model outputs
a confidence score in the range [0,1]. A fragment is classi-
fied as containing a solar panel if the score exceeds 0.6.

Object detection in aerial imagery is complicated by the

variability of input data, which may differ significantly in:

1. Spatial resolution — the size of the ground area repre-
sented by a single pixel.

2. Image quality — the presence of missing fragments or
blurred regions.

3. Visual similarity to other objects, as characteristic fea-
tures of solar panels may be partially or completely lost,
or may resemble other rooftop structures.

Under such conditions, direct image classification without
explicit feature specification may lead to unstable predic-
tions and increased misclassification rates.

When defining the visual characteristics of solar panels, it
is important to consider that rooftop PV systems may share
similarities with agricultural greenhouses with translucent
coverings, metal or reflective roofs, skylights, rooftop me-
chanical structures, and structural shadows.

The use of an LLM enables selective analysis of local image
fragments rather than full-scene processing. Computation
is restricted to fragments for which the binary classifier in-
dicates a sufficiently high likelihood of containing solar pan-
els. This approach transforms the problem from resource-
intensive semantic segmentation requiring task-specific
training into localized binary classification, thereby reduc-
ing overall computational cost and improving scalability for
large-area satellite imagery processing.

2. Prompt Strategies for the LLM

The effectiveness of automated solar panel detection de-
pends on how the criteria for visual interpretation are spec-
ified within the prompt. Four identification strategies were
evaluated, differing in the decision logic used for object
recognition:

1. Classification based on basic feature interpretation.

2. Binary classification based on image examples.

3. Classification based on step-by-step feature analysis.

4. Classification based on hypotheses.

Classification based on basic feature interpretation. In this
strategy, LLM was instructed to act as an expert. A textual
description of typical solar panel characteristics was pro-
vided, including a dark rectangular structure, regular geom-
etry, and contrast with the surrounding background.

This approach approximates intuitive visual interpretation
without detailed verification of individual features. At high
spatial resolution, it provides acceptable accuracy. How-
ever, as spatial detail decreases, the false-positive rate in-
creases, particularly due to similarity with dark roofs or
shadows.

Binary classification based on image examples. In this
strategy, the LLM was prompted with the role: “You are a
specialized Al for detecting solar arrays in satellite im-
agery.” Two example images were provided, representing
typical cases of the presence and absence of solar panels.
The prompt included explanations of the classification de-
cision for each example.

Here, the identification criteria are implicitly defined
through representative target-class examples and border-
line cases. The classification decision is based on similarity
between the analyzed fragment and the reference samples.

For high-quality imagery, this method significantly im-
proves accuracy because structural panel elements remain
distinguishable. However, performance degrades as spatial
resolution decreases, since fine textural details essential for
similarity comparison become partially or completely lost.

Classification based on step-by-step feature analysis. In
this strategy, the LLM was instructed to act as an analytical
expert. Object identification is performed in three stages:

1. Identification of key visual features: luminance, uni-
formity, and edge structure.

2. Deductive inference of class membership based on fea-
ture combinations.

3. Conversion of the final decision into a confidence score
in the range [0,1].

At the first stage, relative brightness and geometric struc-
ture are evaluated. At the second stage, spatial grouping of
elements is analyzed.

This approach reduces reliance on fine textural details and
shifts evaluation toward more general features that remain
stable under moderate spatial resolution degradation. Ex-
perimental results showed improved stability for medium-
quality imagery.

Classification based on hypotheses. In this strategy, the
LLM was prompted to act as an expert researcher (“You are
a Lead Scientist in Remote Sensing.”). The classification pro-
cess is organized as parallel evaluation of alternative hy-
potheses regarding the rooftop object:

1. Formulation and evaluation of Hypothesis A (bright re-
flective object / greenhouse). High luminance, glare,
and internal structure are analyzed.
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2. Formulation and evaluation of Hypothesis B (isolated
small object / skylight). Object isolation and relative size
compared to the roof are evaluated.

3. Formulation and evaluation of Hypothesis C (solar pan-
els). Lower relative luminance and spatial clustering of
modules or regular structure are analyzed.

4. Synthesis of results. The hypotheses are compared, and
the class “solar panels” is assigned only if Hypothesis C
is more strongly supported than A and B.

This strategy demonstrated the highest robustness to de-
creasing spatial resolution, as it relies on comparison of al-
ternative explanations rather than a single feature. How-
ever, in cases of dark uniform roofs, false positives may
increase due to overestimation of Hypothesis C.

The full prompt formulations for each strategy are provided
in [18].

3. Dataset Preparation

The image dataset was constructed using high spatial reso-
lution digital aerial imagery obtained from a national open
Web Map Service (WMS) [19] via API access. Images were
retrieved using the GetMap request in the EPSG:25832 pro-
jection [20], ensuring correct metric referencing and con-
sistent image area dimensions.

For each selected territorial zone, a bounding rectangle of
fixed size (in meters) was defined. The corresponding raster
image was downloaded with specified width and height pa-
rameters to achieve a target spatial resolution of 0.1
m/pixel. The images were subsequently converted to Geo-
TIFF format with embedded spatial referencing (CRS and
geotransformation), ensuring reproducibility of the experi-
ments and enabling further spatial processing.

The experimental dataset consists of 1000 local image frag-
ments, including 390 fragments containing solar panels and
610 without solar panels. The class distribution is imbal-
anced and was considered during the interpretation of per-
formance metrics.

In real-world remote sensing applications, image character-
istics depend on the imaging platform, sensor parameters,
flight altitude, atmospheric conditions, and post-processing
procedures. Different satellite and aerial systems produce
imagery with varying spatial resolution, resulting in differ-
ences in scene detail, object boundary clarity, and spatial
smoothing.

4. Modeling Conditions of Limited Spatial Image Resolution

In real-world conditions, input imagery does not always
contain clearly defined object boundaries, and fine struc-
tural elements may be partially or completely lost. There-
fore, image analysis algorithms must be robust to variations
in spatial resolution and capable of operating reliably with
data of varying quality.

To address this issue, a representative dataset was con-
structed to reproduce typical limitations of real observation
systems. Modeling limited spatial resolution involves

artificially degrading high-detail aerial imagery to simulate
data obtained from different imaging platforms. This ap-
proach enables analysis of the impact of spatial resolution
reduction on object classification performance and sup-
ports validation of the proposed method under conditions
close to real-world scenarios.

Modeling limited spatial resolution is implemented as a
two-stage algorithm:

1. Spatial decomposition of the aerial image into local
fragments.

2. Controlled reduction of the spatial resolution of each
fragment.

The original aerial image is treated as a multichannel raster
image. To enable localized analysis and standardized input
formatting, the image is divided into equal-sized fragments
arranged in a grid. The partitioning ensures complete spa-
tial coverage of the region of interest, including boundary
areas. Each fragment has a size of 512 x 512 pixels. The
baseline spatial resolution of the original imagery is

I, =0.10 m/pixel.

To simulate imaging conditions, a finite set of spatial reso-
lution values

R= {0.10, 0.20,0.30,0.40,0.50,0.70,1.00,1.30,1.50, 2.00}
m/pixel is used.

For each value r € R a pixel correspondence coefficient is
determined:

S, =— (1)

where I — the reference spatial resolution of the image
fragment (m/pixel),

I, —the value of the target spatial resolution (m/pixel).
The discrete multichannel image has the form

1:{0,..,H —1}x{0,..,.W -1} x{1,..,C} > R (2)
ne H —image height (number of rows),
W —image width (number of columns),
C —number of spectral channels,

Xe {0, oW —l} — horizontal pixel coordinate,
ye {O, . —l} - vertical pixel coordinate,
Cce {1, ey C} — spectral channel index.

The downscaled image with scale I is defined by the oper-
ator

10 =D,(1) (3)
where DS —is an averaging operator with scale factor S,
which transforms an image of size H xXW xC into an im-
age of size H xW xC .

The dimensions of the downscaled image are determined
as
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. H W
H =1 |, W = |, (4’ 5)
S S
where H —image height in pixels,
W —image width in pixels,

S —scale factor.

To ensure a unified input data format, inverse scaling is per-

formed:
~(r)
1 =u, (1), (6)

where U, —is a bilinear interpolation operator that re-

scales an image of size H xW xC to the fixed size

HxW xC.

During the analysis of urban aerial imagery, particular at-
tention was given to edge cases, i.e., objects whose

Table. Results of Solar Panel Classification in Images

morphological characteristics partially resemble those of
solar panels.

To identify visually similar objects, a comparative analysis
of geometric and textural features in urban images was per-
formed. Structural regularity, spatial proportions, intensity
uniformity within the object, and contrast with the sur-
rounding background were evaluated. In addition, the be-
havior of such objects under controlled spatial resolution
degradation was examined to assess how loss of image de-
tail affects preservation of their characteristic structure.

5. Computational Experiments

Computational experiments were conducted using the
GPT-40 model [21] on the full dataset of 1000 aerial image
fragments. For each image, the model generated predic-
tions according to the four strategies described in Section
1. Performance was evaluated using precision, recall, and
F1-score metrics. The results are presented in Table.

Spatial resolution, m/pixel Identification strategy Precision | Recall | Fl-score
0.1 Classification based on step-by-step feature analysis 0.8365 0.959 0.8936
0.1 Binary classification based on image examples 0.957 0.9477 | 0.9523
0.1 Classification based on hypotheses 0.6225 | 0.9431 0.75
0.1 Classification based on basic feature interpretation 0.7906 0.9573 0.866
0.5 Classification based on step-by-step feature analysis 0.69 0.828 0.7527
0.5 Binary classification based on image examples 0.9404 0.7029 | 0.8045
0.5 Classification based on hypotheses 0.5603 | 0.9566 | 0.7067
0.5 Classification based on basic feature interpretation 0.6494 | 0.8511 | 0.7367

1 Classification based on step-by-step feature analysis 0.5529 0.6575 | 0.6007
1 Binary classification based on image examples 0.5853 0.4029 | 0.4773
1 Classification based on hypotheses 0.5106 | 0.9153 | 0.6555
1 Classification based on basic feature interpretation 0.5205 | 0.8654 0.65

2 Classification based on step-by-step feature analysis 0.552 0.8857 | 0.6801
2 Binary classification based on image examples 0.6653 0.2972 | 0.4109
2 Classification based on hypotheses 0.6991 | 0.6077 | 0.6502
2 Classification based on basic feature interpretation 0.4573 0.5769 | 0.5102

Comparative analysis of different prompt strategies
demonstrates a strong dependence of detection accuracy
on spatial resolution.

Figure illustrates the variation of F1-score with spatial res-
olution for all evaluated strategies. At high levels of detalil,
the highest F1-score is obtained with the “binary classifica-
tion based on image examples” strategy. However, at 1 — 2
m/pixel, a sharp performance decline is observed.

In contrast, the “classification based on step-by-step fea-
ture analysis” and “classification based on hypotheses”

strategies show a more gradual performance decrease, in-
dicating greater robustness to spatial information loss.

The results indicate that the effectiveness of the evaluated
strategies depends on pixel scale. At high spatial resolution,
approaches based on similarity to reference examples
achieve the best performance. However, as image detail
decreases, strategies relying on structured and hierarchical
feature analysis demonstrate greater robustness.

Methods focused on local textural features are optimal for
high-resolution imagery, whereas with increasing pixel size,
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highlight the importance of adapting the identification
strategy to spatial resolution degradation.

approaches based on broader geometric and photometric
characteristics become more reliable. These findings

Classification method
—8— Classification based on step-by-step feature analysis
Binary classification on image examples
0.9 -8~ Classification based on hypotheses
-@— Classification based on basic feature interpretation
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Figure. Dependence of F1-score on Spatial Resolution

Conclusion

1. The automated identification of solar panels in aerial

imagery was formulated as a binary classification prob-
lem applied to local image fragments using a large mul-
timodal model without parameter modification. A two-
stage algorithm was developed, consisting of spatial de-

The results demonstrate that multimodal language models
can be effectively applied for a scalable automated inven-
tory of distributed solar installations without task-specific
model training. By eliminating the training stage, the pro-
posed approach reduces overall computational cost and
improves practical applicability for large-area image pro-

composition and fragment-level hypothesis testing. This  cessing.
approach replaces resource-intensive semantic seg-
mentation with localized classification, resulting in re- REFERENCES
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