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gT. «. fS. (UAV) &&= Irea Nted TR2AT @R FHcaA fadize: eqw Adiestoa
Rt ", s A TEIN, . G T @EH°, (8 AT A

SRR SIT=1<6 , BoIeT @ wAfeat ety srzriaeei g, sTor, BIeT-5983
8o7qS , TOANET @ AR o, e’ R, sieE, BIeT-508%

STRPRTF: *RCA M AR wwrged o

AR FCR, (TF- SroE@l @, IR T ST @R FET

TR | S2, I FAGANT G AT TR At Féfiaer s wwoiferzrd | o9 evfre oy wiffrefed safe
- Gl TAFACATF @ HHATHTF G RO 03 I #1277 G117 @b Il & At | @ sicqaenfors UAV
A5, RGB @[, fog Reamer @i a3z @i aifiR oIafs orege a1 2t | et [Reasee ol I,
e e ("oemE (CNN) @2 1% R-CNN @51 et feo-aifele siafoet oy =mrewe avke
Wwﬂfwﬁ@,mﬁ@@amao% G bTe @M | G IR STy ZCAT SIS &RT
e (2eE UAV- fofes xieta 375 wifawiel fderm sigfae &fo ¢ erferst=ia fosaed | @eis oo
RGB foaazd I3[ 2@ S0 ECR | 24 RISt 04 ICACT MR 2ewa9 ¢ eyt syemifiveta
Tl TR, efEeIe ¢ RREE orieete fdiwer, a3 ofkmre EdR TBRy e fofes 11 @ sigaelr-
SRS AR *2ed I FAGHNT UAV efed Teiaess Wiks s 417 fofe Rema wme #40q |

T e, UAV, RGB, if#is =1ifek, CNIN, *=ta 35

R AR 797 2/ S @z
FE | QT SPNEl TEES, IRE TG S, IR
TRFFA GR qME G [ool wwged Ao
T AT FCH | AT, ==CT ARAR N WA
8 ¥R JFoR 2 SABF &SR 0, @I- AT 5
AT, THERE TG T @ A AT I
Hassaan et al., (2016); Kestur et al., (2018) | *=¢d 99
G, fsfadae @ar AR g o= *=E@ww
MRATTR A A fdaet @ «iframer otz | o1
Zrfere AR wiffpefes wafs, @wF- WFRE @,
TRPICTF, ANST GR IR *RA IR RN
(G AR WP | G @ ore T 38 @iog
TWEAI AE R AREHT GRS @R
(resolution) ST FIRC W fRCFTeR Ty 1@ o7
IR R0 W8S = 91 Akca & Polat, (2022); Hassaan
et al., (2016); Kestur et al., (2018) | Unmaned Aerial
Vechile (UAV) &3fed B89 @R o RIE Red,
Green, Blue (RGB) Ftxdl @il ooz 59yl *=Ew
M SIFRIee ¢ *RETwed ¢Fa {29 qhwe |
Unmaned Aerial Vechile (UAV) OF«EFFOT F
O, R IRFT AT SH-Fer*taa [FeAs EIkR

‘25@5
Pl ! 2w

Qv

O] IRATRT A Cof FCACR, A *RA I TG
ey fea fReaee <94 (7 Hassaan et al., (2016) |
UAV- ef& @2 39 eifereied ey aafs afas
A RO 92 207, A1 7R *re<wael , EfafqwyeT
R Y AR T T 8 SN 27 &AWl
FF | TERTIG 8 @ =R Sror Txe ba [ose
ogfea 1gfe UAV-TSfes =imra g s fdracex
el WiRe Jm FACR Akca & Polat, (2022);
Haddadi et al., (2020) | UAV-f$fe& RGB foarze 9593
*ged 3 el fNdiwee T MRl tof T, R
TR IR, OIHIT ©=lf ROl G BFfe Sferaifzms
SR IR B I S C BRI S G IS ST
TS |

@ I T epIfRre &3 *RITevar, @I UAV
eRfeq WGTT RGB TR IR =27 GBI AR
IRATT @I FIICAI et fFeig Fa1 zear ©f femeng
TG F4T ZCACE | G2 IFHFS @& F0E (Google
Scholar) 3G @& el [raae 1 200E |

@ NI UAV - Tofes et 35 wifamel fdimed raze
g “mafe ¢ dyfen @ fge e aum
7y fam sfifre ztaer, @Aty [Reweiie RGB
fomarze g il wiceTb® 220 | @2 *it3ael e
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ST (A

5. *=ra g% i fRdiwee UAV- fefés RGB
foamTaa IS Fafore FOIN [esEe w1, T
oy o2 R, foa afemead v R Aqreae
T SEYE;

3. ffeq e ¢ @fafmpT syEmfmer frgerer
¢ frSarrrer TR S, I W e foa
et »rafe, i ik ~rafe a 2=REe @
N ICH

©. *EE AREE UAV J32EE J2RE ST 8
ARSI THRE T, @A efErs,
fIfrel TfFe G2 2Mafoe AN_me! [eIoar

405

T, SRS e aa sfare e fdma
9T

TT.0.fS. (UAV) 255 @ O “afe

wigfRT 9oy AR @ ReAEead (F@ Unmanned
Aerial Vehicle (UAV) @36 157 @ Saimwe o5fE

fReTR wwgrf Sfi@ AR IR 1 UAV 256w

AYReTS TEF ¢ TREIRT @ IJT I =, @
X TH @CETSHTR FCR RIS ACF | et oa
RATET G (G S Teeaw THS! (YIS ¢o-330
o) I&T @0 S ARGE 07 | 927 MR 71

@ 3: TUEH 21U [Se: aw,2028]

(FRGATC 8 AR GORE# (A d0-bo%) [os Far
Y, ACS ARISICS (FOECNGE [eeaeem e
SAFCET ofge FA1 WA =X | Tewze < (flight path)
(fo@ ») g @ieas «ifs, SR @i, Fheer s
G O STOPE &3Py HRFICH (4ol a1 2, ACS g
At ¢ T et fow wewaw Wive =@ ele
TRAPTRA  Cowdw Ao AR oifer
e caat =ees

FARAT S: AR TG AR Il

oTF E?Eq(UAV) FTICRT Teww Tl SOREH RS RS WA
Hassaan et al., oo TG, S¢o 3¢o, 90, 305
(2016) WFB-@5T W& (RGB) el - & (o )
Atas & Talay,  fG.T& =] TN
(2022) 8 cof wEf&{ (RGB) o o™ 0% NCURE]
Haddadi et al., ZH O™ (€ qofb =f9 (da8
(2020) TS oo fibr 2% &, ¢ )
Hon of al AT

podddint Blerptiic WEf& (RGB)  0-90 RGE vo% s5of5 TR
(2022) A

fore.

élf)%f‘ Polat, S Wf - wFfER (RGB)  wo fGR vo% soofb 2K

(-) NI &FCH ST (72

Q8



2T, @. 8. (UAV) 2Rfe e siited TRT Gk T fdime: eqw wicstwar

o afereas (Image processing) @ feame safs T T W

fou efeaead ¢ RuEd sm® gy RuEd s
AREeTe NREAE @ e TAmE Re
fafos | MeRre foq afered ¢ Rugaem [fen

e JCACT | AafS e Je-

foq TR @ SFaw

(PRI @IBIRT PR Q[T G 1 HARTT &A™
Jieaet 7o (barrel distortion) 96, AF T GI&TT
T (AR | @t A T Ty, 57 TN (image
rectification) “&fs 2™ A1 =7 A oo erer X i ™

T COIT | AR 23 O 2 I wefes ~rafifs f5a 3 TS @< Tw RGB fba
(intrinsic parameters) €=t MG, I MATLAB- [®st: Hassaan et al., (2016)]
9 IS fom IR T w41 =, A [7fS ARe=iregera

G QTS I S (F A0S A I | 6 (T 2BOFIY (Mash Generation)

TRTHATG FAR ARG, S GR ARKR FRC q0ed o@ A 709! ¥ (G F#0e 907 9316 eififes
SIS 0 A | 92 TG T FACe, 06 TE  FI o T =, @RI Rfeq #6 (@705H), 24
(color saturation) JMET F41 T ICS [foq TG R PRI IRE AT @G 78 ge+T 2D A 3D
TR AFT 8 = O TS Ol T “NGq  FAY Syifaife fReTa Sogee 341 =7 | 99 2T6 F16T
TR (F@-2) | por T+t <6 #fs @ «iear I, (TS Delaunay FRIFETN 2fod MLTT 3D (¥ T
T okl faeeEe @R Rerea & T4ge Hassaan et Cofd 741 =¥ (fow-0) | fagearm crifbes srasics oy
al., (2016) | AL, TS A GAER 919 A 8 SrFISIT (7l

qrY Kestur et al., (2018) |
SCFIoT (TENRfIR (Orthophoto Mosaicking)

SAIDT (SRR T UAV TG 2% foaet s «afs
A TAiv@ aafges a7 afer, @w afss fog
rififoderng MeAfie =1 98 “iI9™, Adobe
Photoshop @R Pix4D FFOER IJITE A TR
GG A TCLRCHT O TS, T WK 0o % 2R
goenel AR (Pa-5) | Pix4D FFCEWR AN
G Sed fgeTe! ff5e Far ¥k Soo FIGR FIRE
Troor e TS =T 92 T | Open Cezeri Library
(OCL) fom afaace ey FRF AHT R Fer
AR, R G0 NFH-(QreT FAEF IR I
T @erpe et R s= =g, [ P 5@ ©: 3D Mesh. [est: 7w, 2038]
g fefere «iited Ryl R F0s TR RE |

«2gls, Tfen b (vegetation index) R (GO TR A=z Aol (DSM)

o ofs e 2eawg RSl ROIRR &0 Atas & Talay,  ffeBer et W@ (DSM) AR Jroa Tl
(2022); Boon et al., (2016); Haddadi et al., (2020); TG R, AR MR, O GRS SIS
Han et al., (2022) T AFoF GR TAPPE 67 WOYS ACF | 2 fOfEore

e
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5@ 8: 2fqre K-means oI Atz s o[
[Es1: Hassaan et al., (2016)]
SR TCET (DSM) T ARG F1OT (ATF SHS! AT
SBRCATEA (interpolation) IR & G TR T
fofs wta tofa a1 2rare | TS ABTAR &=y, UAV-
7 *ifq T B Tooo] FFIFS SISl A= (outlier
values) 78 R & 36 @G BB (median

filter) &AM 4T *CACR Atas & Talay, (2022) |

T NG 7S

T AP Tw© GG SR e g, T
T e g= i 3% geife e e iy fdme
A WA | @ Awhere AgREe R[Nt EBR, foa
AfeFae 8 (I iR 2R& IIRIT I O TRAR 8
fReeer =7 |

ebfere B aferaae Aafs

TH *AMeFAC ebfere T AfeFared e «3lh
gl Bl #Ae SR, e 303 foram e, GHvE
@ SPIER fefere oie s | @ “afe 5
TiheTe! 8 HRS IR Tt @i fRosaeet
JF7FeIF 2 =T | AbfeTe S efermead Amfe
T RCeTI-

T fofes e

@R QB NRF IRAT FA, G AR AT &)
FEE QERiReR Tafe FIRR I =, T BReRE
O35 RoME q0ed A4 e s | @t el

R\

Rfog wa [iow Fare 7ol I | ¥2 & Taelis
A e M 0y FROCe & RS B | 9O
k-means FFOIRR &fe =R FCF 2T IS SR {0e
(@ A= GRS a1 = (bw 83), A Aofre
TS BIGI2 MRETE 7= B F41 A Hassaan et al.,
(2016); Moranduzzo & Melgani, (2014); Wang et al.,
(2019)|

5@ ¢: PrraF-fofes «fes foa
[Est: Atas & Talay, (2022]

@3 (Texture) Roame

ISR e oig o e a1 «@ft PR
R T0GH Z TSR Ti7 fofe I3 et 91,
S Sfen (AF AFMI FE | G (-ETST (-
@ WGH (GLCM) g pzeg A=l Pirserets
A T [ReEe ea GAbIa e 63 | @G,
TET -GICOS A IONEAGR @6 2= 1afs
GBI GibeTo! fgRTe! o] FCa @R JHCF ZACETT
FIRATCTSH A TAMI (AT FHFAOIE 4T FACO
ARRF 0 Hassaan et al., (2016); Jain et al. (1995) |

Entropy = —Xi%jP [, j]logP [L,]

&R ANIGFAY (Edge Detection)

JCFT DO T TG FACS AT A FAAGFe
(edge detection) *afe IR T TW| €2 “@whe
AR AR Tg @9 (pixel intensity) @@got
ARRENGTE ANS I pelscea 2 e @ (foa-
@) | OFR, ETRE TH-GFEAN A2« (local non-
maximum suppression) &N IH VI SRS




2T. . fo. (UAV) 23fea 4oy #Ite FRAT G AT fdel: e s

ARG T3 IR ST TGS ABFTT Tl 74,
e el RS RER = | G, SREFTGHE
G (morphological transformations) G
TR (dilation) @R ZCAM (erosion) FIRF FCH
TAEFS TN e TFge T4 = | «f5 e
PONRTER T Wl e I @R @EHCAr
PREET SeTE=T O (noise) A1 AP AT
@ o % fEe cmfe wfre oem por
e fagerel 3 Fta Akca & Polat, (2022);
Bearman et al., (2015)

GeeB Wifor (Template Maching)

BT ifbr G0 Zower AR (@ ieT AT e fomfa
I IE L@ @@ I GR G A G JIZS T,

@ v: NDVI =G &<
[Cs1: Haddadi et al., (2020)]

@I e @36 G Jorem A e @t
W @8 Rl JF NS &5 NDVI
(Normalized Difference Vegetation Index) @R
GTG-fefes @t raeR 39 = (ba v) | TRetTR
T ¥ NDVI > 0.8 @ NDVI &GP > 0.¢ |
@R NDVI T 0.0¢ 4R 0.8 -47 N« AT,
TS NDVI SRS @R (>0.8) @7 fefers
fim 1 2 | FNSFS ARG AW S L
61 T4 =, @A @R AR AfFHCS 59% @3
@ &< ez T Haddadi et al., (2020) |

SIBIATHT EPCICE* (Water Segmentation)

SABRAT EPITTCo* (6 Jer &TIPR (@ 3l
GO T BLTECE 2T ST G GO 2 | @
*afers, JNGHE GF GrrRfes o e fReasr

aq

T W, @A effSfb AT wrgs S efsfiiag

@ QAT SpECNmEG gew w4y = (local
minima) (At #AIf¥ e[t=a PrEeir 3 BRI
e (wEr) Fé@er 3@, a1 FFTeE ol
Tee 301 | ARY UAV AT SORE el Jovd
TS BT GRTE eTa 41 & | G397, SORS
CTTCNCT IR FC AT Jo7a Pl e a1 =7,
@A SR A fofere Awmr e a1 =71
«% ~fs TSI e ol fofes Fa ax e
AR el FACS ATl FF Kestur et al., (2018)|(Jing
etal., 2012)

¥ AR &S (Machine Larning)

TR Srerenzrs (UAV) eRfE 39 I3iom! 3
AT A ewg Bfvel qrecz | UAV foq
(ATF TF I ATGHFACA AbfeT® *afex Jaze!
FioICS fo =it wreet @sw CNN, R-CNN @ U-Net
[IZ© 0", Tl ADF GGG 8 ENRTIET FIEF
AL Al FC |

FASHR NEAT @H\SHF (CNN)

FAGTHE oA (HeTE (CNN) @5 fest-amfefe
(Deep Learning) Ste= 1 foq efeaisael «ae 256
FAGHAC & 7S = | UAV Z0aer Reaaeets &y
CNN-ffes ey dem “mafe g7 T =1 | @36
oI CNN T+ (odl 1 2, A0S aff % 4R oy
TG WL AT FACO AT IR TS GiveT AT
@ @@ I G2 Agrers @REER Syt
SEREMTSNE [0Y I, I TSI J0FA pUl *AIS
FACO ARR A AR AW TCCEF SAMICTT AL
fa@nfe @ Kestur et al., (2018) |
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o ffEF- CNN (R-CNN) 8 % R-CNN

o -fofed Faeq=AE fMeam @56 (R-CNN)
SRIGSE AeH Gk eres wey ez a1 @3t
ot aMife. sewet | Wb TR TWY LA *FE IFE GR
CNN 3=F 03 Clef @fiqa 303 | @7 TFe TFed
@9 Faster R-CNN 5[ W51 (2t s fafenes
AT ST TSI (odl $Ca, M@ Mask R-
CNN TF AqreFaeed &= Faster R-CNN-(F €€
W@ (segmentation mask) IF I | Faster R-CNN
UAV BCEE M7 TG & 9= 0 =7,
2T Iy &S| = (Region Proposal) tofF 6

(Ancoder) FTSFH TR IR FCA CA¥IBT WHHT
@ @R FF A@r (spatial dimensions) T I |
ftae™ (Decoder) =it (upsampling) @3k
e @M (skip connections) TR FCF BN ©=F
TFER I GR [oTem e 3@ IUAV-fofes g
e, U-Net T frgerer «fzzie foa cite Jowa
POl freTet &=y G3e w9 77 | efeil e =3 (ubt
3990 F(F, @A NDVI I RGB @ UAV 0&t
T TRAAE I 2 | G397 FFo GG =,
qFer og Rems s, e s s e
s W@RENRR @@ @ | R /i, TR
IR BT 27w T, v v @ e e
TG TRCE | KT, NDVI CPRGF (3f*8] TIe

Robust Matching Pose Recovery Images Fusion .
1 )
term H
SIFTGPU Relative S Image
Keypoint —>| Homography Warpping term :
Estimation \1[ r’o“ ):’ :
o .
v it i
Absolute Tiled Fusion :
Rotation and LOD Ko :
Averaging Rendering 1x1xC HxWxC 1x1 convolution, .
> ¢ @ softmax
Robust . L § )
Matching I’o.mt . 3x3 convolution,
Optimization Relu
| added with
| HxWxC channel-wise L J Concatenate

fo@ a: @R I Togre SyFrPIRma aFt s v Fors, I Weey qeacg "real time Stitching” @3 "%s *ig
o T | 92 FIICIG 2rez UAV &3 & GITTeE PG 2t 341 @s AS; ot UAV SRerR faeasizmge
FRTF (- GOENT R TTE oA IR TS M A7 P AN 0, A FG Wol TSI TS T

AT | (< (Han et al., 2022)

@R IR I R 2T ifeqa <0 | @391, Mask
R-CNN 23557 feifers 303, qre afefs s Afsena
TP *FE T AR | @2 AG(S AR AJGEFICI
fgeTel SEREPTed Jw T R PR AT OF
DI (AP AT FH00 ARl F¢d Akca & Polat,
(2022); Han et al., (2022)|

ET-176 (U-Net) &S

U-Net =1 15 &9 #1ifeRk cee a1 Fnifos Rerecs
e oz wa zae, wdie Gt Towed dfelt
e 3t e @fice R @1 3 2mafs
GAFCH-TECHCR NFGCHR APRT I | G ICF

v

FCF 2G4 (refinement) 91 27, [T AR @R
THo W@ @R MR € A THECFA SAMCI NS
1T TR F! ACR Han et al., (2022))]

EEC LTS

TH e T ~&fe 2 @b TFe efe, Al
ffon Seenfims ¢ @ e @ G T AT
Ted gwife fFafad w1 @? smafere Mymers fog
e, (e =R @ oSt formr egfesa sTieE 905 |



2T. . fo. (UAV) 23fea 4oy #Ite FRAT G AT fdel: e s

BT @ e =TifeR safon sFefiee

g IR TRET afe [IrE I TR, @A
afezarr f@re™ (segmentation) (FENETETR T
festamfe @™ (deep  learning-based
classification) «Ff@® FAT TR | GIF0 NI,
SOEC Ferew (watershed segmentation) 3=
T AR JOFA POT Tfo FCO, o CNN TCeeT
TR A AT B AR, A JF ST
fageTel I S0 | W GG IR, Mask R-CNN
ReMetT & JI7e AT, AR 2R FTewae
(edge detection) YHgS FA AR R AN TS
FACe | @8 RS Awfe Fifewwe e gwgRe=w
(feature extraction) R fEI-afE «IFfae I
freTers fgeTel I weat= Kestur et al., (2018) |

T-TPR RS &

R e e YOLO @< Faster R-CNN &
a3fas 3 9 U-Net 527 I Reem me
T, A TS IF ANew WS F= At e
POl AR TFfs WoR1 | U8 I Awfen e @k
frerere frgeTel Teng @1 wea Han et al., (2022) |
TG 2N AR POl *IHIe FarS GG~ Fepiier
AT I, 7o NDV |- fofes o w1 cadfifqerer

JRE IE@ | CoRgE [esmead e CNN-fefes
IS NLFIFACIT NI WG, 93 e g
oI fTgeTe! S Haddadi et al., (2020) |

(NIR — Red)

NDVI = ‘""" """/
(NIR + Red)

o7 @G

7MTRA THol € puia FPE ez &=y Depth 351# @R
3D SR e R A1 & R BT AT
A (DSM) (& TSf&5T (51337 NCea (DTM) @3 A
O B NCRT Sl el 1 =7 | 2(1=d Twvol feftaa
314 Kestur et al., (2018):

Ht= DSM-DTM
FICAA OIS

IS Kea T IJITE T FIAI FeFS
oy aca 193 “mafere ofsl P o feae
FHT AT FE FCAI FORF *roFa =9 T4 =7
e AT Tafore WiB-EeE @A

P®

B e T JORA O IS T = | G2
@A™ At NDVI - (Normalized  Difference
Vegetation Index) @R EVI (Enhanced Vegetation
Index) @3 TS CHIAGET BT FIRIT I | ek
G5 9%© NDVI 3@ Haddadi et al., (2020):

Tl TR 8 ErER [esEe
fgeTS! FURA (Accuracy Assessment)

feg smafere UAV-fSfes o= INEFTT R
fRaeR g JrRTT & © IS
a;ai\'.) E1&3 1:5:

Precision (IYRAST): CECTR BT AASF© RS T
2P AT TS |

Recall (&l 2W): PO ARYETT N AT
FOGE! AT FG FACE |

loU (Intersection over Union): & TS5 AfSFeIT
GG TR T 8 AT LR FCE |

F1 Score: Precision <& Recall- @3 anfifss or@,
TR AT SRS e 363 |

RMSE (Root Mean Square Error): SwoR <<y
éimTeR ey ze @6 AR |

Average Accuracy: &fefb smafed s fagerer |

fafeq oz o sraton fNgeol Fnree ke fgqe
-5 @ SAFIS AR | FR FpFECTE 04 AR
ISl (Precision), 7FF@E 2 (Recall),
FHRET 9o RCfRA (loU), F1 CFR, & 1T
@6 (RMSE) U3k 1G fgete] | 16l Zeeteil fNen=l o
Q@ R I @90 WS IpPCIR Trard Tl =AM |

FEFTOR G

emel a0 c@foet@E W Point-Supervised
Attention Tree Counting (PSATC) <&fefs Ems
FHTO! AT FCACR, (@I TS (Precision) fe#t
SY.b¢ %, 7FFad TR (Recall) 54.8¢ %, @R F1 FF
54.2¢% | @b R ST o TSy, FRA
«qre v 2feqws (False Positive) € $o1 (feqms
(False Negative) T« 3% f2eT | ©I=l, 1 I @0
(RMSE) ©.2%9 QG @7 2 DIFFFed I |
63 loU (Intersection over Union) B &1 =3, A
T 7 [ores el FE T Gl Anedl AR Al
(Akca & Polat, 2022) |
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Normalized Difference Vegetation Index (NDVI)
Ao B JTEaE T (55.2¢%), loU (b5.5%),
GR Fl B (58.9%) SEw I(ACR, I T ANES
frgeTe! WIferTE 58.8% | ¥t Sfew *Mresat T4,
S0 GO ATEd 207 Feac 7y Swmel Wi
Haddadi et al., (2020) |

Extreme Learning Machine (ELM) spectral-spatial
A& 53.5b % IS (Precision) ¥R 9v.8% % loU
TG FCACR, IR T AAERE 9Tl TR brv.02% |
O F, 99 PTFad W (Recall) $EREFONT N
(b5.9%), T 99 FFEHRA (Dense Tree Clusters) ¢F(q
e fFerea 2fere fre #ta I Han et al., (2022) |

Convolutional Neural Network (CNN)- fofes Graifo
@A 10U b¢.5¢% 9R F1 (TR 85.5b %, T =I
AT EIITNCEHR & Sos [WEay A& e
Rafo® =0e 2t Kestur et al., (2018) |

T FCACE | O, loU €I RMSE 1 Braret 41 23,
1 @7 Rere fearirs! R R g e
Cof B Atas & Talay, (2022) |

K-means Clustering + Entropy Filtering &l
TS AR el (kee, @ loU
¢¢.0% 9R Fl (FF 0.5% &, T 97 Awas
fTgTor @.59% Targ | @ oM @ @ afsgrs
FrofR Tafoetn @ffm ifk ¢ fEraifR fefes
Ao PN T FIXPA Hassaan et al., (2016) |

035Fa9 (Validation) &S

O ITANSTIR N HIZ© (LI AR ORTHA (A &
JEI-79;  (Ground Truth) ©F RIRI AN
Jredfefes (q4F2e (Empirical Validation) R €&
(TR WS TCACR | iG> 60T TSy “mafe Zrd
e =7, TR 46 2S¢ FFOPRFS IR eI 0Ly
b1 5 IO O S B (31 B G G 4 B
FITAEG G2 26 MYREST FI© AR | O 4,

R S: TG IR NG TeTol Vel

P aa ToU RMSE
KIS ?IQITZIQIET T (Intersection  F1 (FR (T T e
(Precision) (Recall)  over Union) o) oS

é%%’%%%ﬁ %ﬂ * vo.3%  s% ¢@¢.0% 90.5% - 3.59%
() W= ERIR ARG

(MLP) cfefqaymsar - - - b .5% - b b5 %
RGB (S

%TEIE‘\T/?)W ofen 50.8% 55.2¢ % o0 % 8.9 % - 58.8%
(8) @G =R e

(ELM) CHRGIT- C=IIeT 3.5 % v>.8% .84 % ve.9% - rY.03%
K]

(@) TTT-PAROIZEGTC

SpIceTe § Frefor SUbe% 5.9 % - 59.2¢ ©.254 -
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SRR qpel TR wmgsd 9w e wea
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IE O RS Temiet Rl
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Atas & Talay, (2022); Haddadi et al., (2020); Han et
al., (2022); Hassaan et al., (2016); Kestur et al.,
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W R A FOH GO

T EIfer RIE WEEeeE (Occlusion) FR =7, IF
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foras e STPHT (Image Quality Issues)
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bd
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T EREeR fFgerer 29 A7 | ariers, STdeT
CEET 7 @B T gore oo Cofdl I AN |
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[Est: Akca & Polat, (2022)]

e arReetece g 1o e 2tz Akca &
Polat, (2022); Atas & Talay, (2022); Haddadi et al.,
(2020); Han et al., (2022); Hassaan et al., (2016);
Kestur et al., (2018) |

@RI S8l (Classification Ambiguities)

TR @I S T ((@- FT, RITPRITG ) -7 CPIRRG
AV A PIRC B @RI TRl A1, Al AR
W MR fgere! ST 77 | 92 TS Akca
& Polat, (2022); Atas & Talay, (2022); Hassaan et al.,
(2016); Kestur et al., (2018) "FFeIe=TS o
AR |
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(Han et al., 2022) #fea= *=eawcel UAV 2fed 989
e =eEer Feaces, @A [eeaFeng S IR
(carbon storage estimation) 8 &RCIAD@ AL IHCeR
(biodiversity monitoring) €79 ¥Fg (ST AR |
NDVI-fefes Sfem 5% (vegetation indices) =T
PR NG “CRd W& ©9 (tree biomass) fEwe
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(multispectral) fo@ IR FCHCRA | U2 NI NCRA
BRIV SO T ST SR ST fwger Fea
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G, TR AOEGE 8 (GFE TN A
Gl I AR 21T |

efsqmel ¢ Axae!

IH AINE A TATA (e A= afeqwmeel @
Ao TR 2ee @[S &fE GRE Mee
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@I IrOPT G (CIF AT UAV-«3 gfsmieTer «ag
@ wdNFE geiffe FACo AF, A (CO] TTAF




2T. . fo. (UAV) 23fea 4oy #Ite FRAT G AT fdel: e s
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YRAFAT FACS AN_TS! T 2, IR T ffoqg
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Abstract: Urban trees provide critical ecosystem services, including temperature regulation,
air quality improvement, and carbon sequestration, making their accurate quantification
essential for effective urban forest management. However, traditional methods of tree
inventory, such as manual surveys, are time-consuming, labor-intensive, and prone to human
error, particularly in large-scale urban areas. The emergence of Unmanned Aerial Vehicles
(UAVs) equipped with RGB (Red, Green, Blue) imaging systems offer a promising solution,
enabling efficient and high-resolution data collection for urban tree quantification. This review
aims to analyze the current state-of-the-art methodologies and technologies for UAV-based
urban tree quantification, focusing on RGB imaging systems. The objectives include evaluating
the accuracy of detection and classification algorithms, assessing practical challenges, and
identifying future research directions. A comprehensive literature review was conducted,
covering UAV platforms, RGB sensors, image processing techniques, and machine learning
approaches. Key findings reveal that deep learning methods, such as Convolutional Neural
Networks (CNNs) and Mask R-CNN, outperform traditional techniques in tree detection
accuracy, achieving precision rates above 90%. However, challenges such as shadow effects,
occlusion, and image quality issues persist, impacting the reliability of UAV-based tree
quantification. Practical applications, including urban forest inventory, species classification,
and health monitoring, demonstrate the potential of UAVS in supporting urban planning and
environmental management. The review concludes that while UAV-based RGB imagery has
revolutionized urban tree quantification, further advancements in multi-sensor integration, real-
time processing, and algorithmic development are needed to overcome existing limitations.
This review provides a foundation for future research and practical applications in urban forest
management using UAV technology.

Key Words: Canopy, UAVs, Machine Learning, RGB Imagery, CNN, Urban Forest
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