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ASSOC. PROF. JIRAPHON SRISERTPOL, Ph.D., 146 PP.
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Automated Guided Vehicle (AGV) positioning is a factor in increasing
productivity in the industrial sector, but it is limited by the high cost of sensors. This
thesis presents the development of an accurate and stable indoor positioning system
for AGVs by fusion of data from a set of low-cost sensors. Starting with the evaluation
of sensor performance, which includes cameras, dead reckoning, inertial measurement
units (IMUs), and ultra-wideband (UWB) sensors, it is found that UWB sensors have the
highest error rate among the other sensors. To ensure stable and reliable data fusion,
data from three main sensors: cameras, dead reckoning, and IMUs are used. A
comprehensive methodology is proposed, starting from data quality improvement with
bias correction techniques and inverse-variance weighting. The heart of the research
lies in the design and evaluation of the Blended Extended Kalman Filter (Blended EKF)
algorithm, a novel approach that combines measurements from primary sensors

- before inputting them into the state updating process and compares them with a
standard Extended Kalman Filter (EKF). Empirical experimental results confirm that the
proposed Blended EKF algorithm can excellently estimate the position and orientation
of AGVs, providing significantly smoother and more continuous trajectories than
standard models. These findings demonstrate the potential of the proposed approach
as an effective solution for AGV ‘system applications in real-world industrial

environments where accuracy, stability, and cost-effectiveness are required.
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Ao LINwasAIUAL (EKF Prediction Step)
Ao AUSATAURAZAILT LTI

Ao ANURUTUTILYRITRRANAIALNY X Y

Ao ANULUSUTINYRIT aRaNaaLnL O

Ao A5 IVRIRRE8-1IT (M/s)
flo A5990 P Aoty

A < ¥
M8 ATIULIIYN P 8891

Ao gu IMU lEluanidy
Ao NOAFILALIlULNY X wag Y (Wns)
Ao ANENULNUTEUNE

A a

Ao NNmlu Global Frame

[

2 ANAlu Robot Frame

o)

4

o Y v

3] ﬂlﬁu'MUﬂGUENGUE]S,IUﬁﬂ'ﬁNaJJ

o)

oY

Y

9 ATUINUNUDY CAM Wag DR AIULNY X LAY y

Db

A9 919158 NIN9NNTIN
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=
A
Ao drudgauuinnggiu uag AuwlsUTIU
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uni 1

UNu

dl o L a v
1.1 Auwazadudfyvasdgyniluanuidy
AAYAAMNTIUAGUNTYAUNTUITUATULTIINTY AINANTILTINUNFTUBEN
AoLag (AgUNl 1.1) vaueiienfiudnuiunsanuidigssuunduanas an1unsadsenaiivinli

negaamnssudndudeniuinnssuun Weliiunisudidusazszaulsednsnmnszuiu

NSHER
Rocket - g T P .
Media dsoomsdurAiusvuuchnous:ind 29 ASY
duwsaunulinu goga-chaa dvnurils Wwgsvsgunalatho
usoduch
(vwn/3u) L] ol L]

w S -

.

gi

g
€
&

1un 60
Twe 62
5]

gﬂﬁ 1.1 dr91ausstus (Rocket Media, 2023)

501199 lulA %38 AGV (Automated Guided Vehicle) 1unil e& afdAgylu
AAAAINNTIN I vudsianlugnannssy onAWIULIEUNYYE vl AGV Hulaan
Pu (fagU 1.2) sglsimunisidan AGV fillguassadidyvessunuiigs Tudiuvesszuy

[

M35 URUMUN (Localization System) adludauiidrdglunistims



[
a o 1

lunuddeil Ari “euwess1m19n (Low-cost sensors)” viingde gunsalnTIadnlgandivg
AfiFunusi uazduninensiifogudviemsiegluszuugnamnssuaslel 1wy ndes
199530 (CCTV), toulamnes wavvrilesausades (IMU) ﬁugm Ingyaiukuifnnisu
ningnsiistegunlilfiAnyselovigean (resource reuse) unumsiiingfaulflanzmaiil
5IAG4 il whguiresainazdanuliuiueuveinisings wiausayasetadnin
aananlaniedaneifiunisasuniudeyanasn1sUssunn@nIug 1y Extended Kalman

Filter waz Blended Extended Kalman Filter @ 90unuIn1vanve1911i 184

3R]

3x growth

o
-
0
8]
=
L
=)
&

2 2028

gﬂﬁ 1.2 AGV-AMR Market (ThelLogisticslqg, 2023)

dmsunaisa AGY lunaatligiudueg furuiavessauazinalulad Tnosa AGY
yuIndnenadsiangaie 30,000 fia 40,000 WRBgansy lusaedisn AGY Fsimsesuay
wiwdnagdlisnFuduiiuszana 15,000 wieganss (Network, 2024) uonannsldaulu
AAgeamNITLLAY AGY Segndszyndldluiuii fidudunse wu Auiluniadde
(Trevelyan et al., 2008) ‘vﬁamiﬂﬁﬂ’ﬁmﬂuﬁuﬁﬂmﬁaumimﬁé’umw (Fragapane et al,,
2020; Okin et al,, 2019) Tumssimurszuy AGV Tnevildfndenld szuuufiinsuoud
%39 ROS (Robot Operating System) tJuunanvasundn Lﬂmmﬂﬁwdaﬁqmuﬁ’ﬂﬁ’wm
yunelvigfilsinnsatuayy ognslsfinnu ROS Tdmiwensuszinanaiig danugsenndmsy
nsseus waslifediosnmainnisendeufiananisuen (Robotics, 2023) Imsﬁugmué’a
AGY fifinuansnsalumsimisdnlui@ (fagu 1.3) awdszneudielasadisdmsviu

W niln (Heavy load chassis) ssuutuiaiiau (Drive System) WSoUWUALADT LASYALTULYDS



WU Lwuwesiaies (LIDAR) i tausties (IMU) waziwuiwasn1n (Cameras) 11400
RGB wagndesinAdudn (Depth cam) Gausenaulusiy 1y deuana Yuvgaanidu (E-
stop) wazigugasHTITuAIRATIe (Collision Sensors) AMNBIAUTENBURINGTT A13NTALUS
AGY oonidu 4 du laln a¥aunudl afradunma Mseuauiisn wagssyiumiweaiis
111 a¥reunud

unudusumeunsnluniadudunmshau 89 AGV asfesiudiumiaiudy
nou mﬂﬁ?u?jﬂﬁi’fmuL%@%LﬁuﬁagamﬂL%L%%Lﬁaﬁwma%‘mL'fluLquﬁ AS¥UIUNISE S0 AGY
vgynsadaunuiinagszysiuislundeniu 13891 SLAM (Simultaneous Localization
and Mapping) Tuviusafgaiu winly ndes agi3un11 VSLAM (Visual SLAM) (Tao et al,,

2020)

L ——
E-stop
10.1inch screen

e———o Depth cam
=

~—

Indication 1
light strip
r———
Customizable
shelf
Lidar/IMU
B cam Heavy load

Auto charge chassis

U7 1.3 gunsaisn AGV (Anewtech, 2024)
diold LIDAR 138031 LIDAR SLAM (LIDAR Simultaneous Localization and Mapping)
definsifuteyadimiiuaziiutoyavessnazlédaneitu Support Vector Machine (SVM)

Tdlunisasramsaniaulala (Wang & Zhang, 2022) L oaS 19N U INLGULLOTAG 9 A3



)=

v £ < [ = 1% A v v aAY < i aa L=| aa
asuziiudnuarlunisiSouiunuiudadunuilddiasduunud 2 35 vse 3 46 2z
mafiudayamaitunsuunaiiuiiviowniilunsldou wweildasradunsduidedaly

1.1.2  #@519dunig

[ (]
Iy = i 4

PMnuuRnleaziinisiAununnduaUassansedannvnadun luwkud 1ies

9 Y

IS I

AuaTeeiage AGV wassieanishudinaulanasinisldnisduvesduniaaznidunig

[

Ina Inglddanesiu A* Tun1smaurudunie (Guruji et al., 2016) kazazdnsnauiuIsias
deatipeaniolildunisdunazsiuu (Liu et al, 2022) Lﬁailﬁumqﬁ%ﬁﬁagawﬂ’q AU
N59IN9UVBIFISD LR 1
1.1.3  AIUANAIIA
Yy & @ PR A P P 9 aa = v
andudnvagiiniounnudu ldnundedaeisaiuauwuy Fuzzy Wieli
AT IUSEY (Davoudi & Heidarian, 2020) NMsyinauresisaldldidusossidunians
YMUVDIAT AGV WaLFainN1sAIANISAEILUaRsaazlUNaY a1n1sAIRNITAIALALIANg
nfsaunniullagyilidasaldegludunieimunuld widwnsdeglagyilidasa AGY
Ad aunilauy T975n15UsTINMAIUNY N IYAe §ane37a Pure Pursuit Controller
(MathWorks, 2024) i 83sunua7Adaun zlUdeuiI5n AGY agdn15ATUIMK Y
LUUTIR09A350 AGY R1UAIAIUANLUUBRNLEAINFAAI (PD) F9a13150AUANUURIN LA
A v . o 0 v d' k4 v ¥ aa L
witlouu (Li et al,, 2022) Tun1991197119996750 @3190NUT @S10EUNTS INNABINRANUG

50 AGV L18LAAUND1LYINIAINLDEY AINNNSFUVBIRITDENT M balsaladTunisusu

=

AN VYU AAN1IFUVBINABY (Zhao & Ding, 2018) uddsndrAgundmiusa AGY As

AUVIUBIRAITD AGY 8133vlviiansiana1nf i unig Ieluinegludiuaniney

Calle

Mo

ey
1.1.4 seyiunievadiase
hagtuiimediansssysiundaaesuuuuillflunainvas fusnistmig
TudTadszanTuliaudenisldnulugnamnssy sguuminuasiunuye GPS (Global
Positioning System) Lﬂuizuumuﬁwmﬁ%yjaﬁwLmu'q Iagldvayaandyy1aain
prudien szuuiidnnsldauediaialy wu soeuddnlugd wildlufufdalals (Firdaus et

o 1

al., 2023) n3asvysunanielueIn1g IPS (Indoor Positioning Systems) in1sldinalulad
U Wi-Fi Bluetooth 3a RFID lnefin1sfindagunsaiifislunisssysiumis 19y OR code
Lﬂuqmé’qmmLﬁ'@ﬁué’uﬁwLmﬂwmﬁaiﬂﬁuajué’wﬁﬁu (Ang et al,, 2020) @21 LIDAR %39
naen18lue1A1553uAU YOLO V3 Tunisuisunusiazaniugyeeaisala (Chen et al,,

2019) Faunuzdmsurueunsnludh vieeunvuzdnluduidainisninensussaiana



figs uazmsszyiumisnemuLees (Sensor-based Positioning) Tnennsléleuiwositu IMU
(Inertial Measurement Unit) fi571 accelerometers wag gyroscopes A8lUN1TUIAILAUS
Tuszovau Inesnldufumaiady 5 (Jang et al., 2019) wuiwasiimanulduiusuSensor
Uncertainty) 8ns1msifiudeya anmiiugrveseuwesiuandadu viliiAndadudie
WAIAVOIAIWIUY (Alharbi & Karimi, 2021; Jiang et al., 2021; Sari, 2020) 3sl435n15va0u
S ULYas (Sensor Fusion) Dunilaizlumsifiuauusiug (Zong et al., 2020) N151adY
sansuwosviliteiuauuiug uideli AGv anunsasuiiiuiiidudou Inglidoya
YOUPUBDI N WAL (Wang et al,, 2020) nsvapusIwLgasina1e3s Wy Kalman
Filter (KF) W untsnasusimeueedAfgunuuifadu Extended Kalman Filter (EKF)
A10150%a059 08w 05 L7 v J usuuli i aduit lududeu Adaptive Monte Carlo
Localization(AMCL) %3® PF (Particle Filter) kag UKF (Unscented Kalman Filter) @13150
vausamwuesleiidunuulidadu uafinisuszananadiuiumn (Gupta et al, 2015;
Liu et al,, 2024; Pastor, 2024; Sentech, 2024; Stelzer et al., 2017; Ullah et al., 2021;
Wang et al., 2020; Yuan et al., 2022)

defiansaunnelugpamnssy Tnoialufinisviiauves AGY didunadi
Faraunazdudoulsigs vilmdenld Extended Kalman Filter (EKF) tisanniduisfianansa
THuduszuuilidudadu Ingldnmsusznanaditosnindodieuduisn1sdu 1w Particle
Filter (PF) 1130 Unscented Kalman Filter (UKF) Saduitivanevaniiagyinliidunudi 39l
‘ViaﬂLgﬂﬂL%UL%@§ﬁuiiau3Qﬂ@ﬂﬂﬂ LiIDAR %38 Depth Camera @3fiaan1sninensussuiana
a¢ uazdnidmuneenisldisumesdunusinnyinisnisaensan suldun Encoder wiine
Sausaides (IMU) Sanilasiuud (UWB) uazndesisastn (CCTV) Fsogudlueans A
Fveveseuieifun i Aeanuuandfuegiannvousuees Helududasinisdy
A79819781A AIAINUEANAIA warAuulsUTIuvesdyIad warillonaiindofinnain
vosdyaalanaaniial

uoniilennnslduwesuuiisonds JagUuiuumaildfuauaula
wntu Aenslindesdrunansiifndannyugeaiomaiu ileliuusosnmemuuy “God’s-
eye view” asauAguLTaLAvDlssY wusitisannsE ek usuesatevdn
Uu AGV wazdrensznsuszananagsyuudiunans damnzassenisiannlygdusuyusii
g9lsfiny szuundeaiissedrufeidididediinannadsunlaseas niidudou
uazmsuatduuisa iliteyamumisilafinmailiniueunaziAneunainindeuldite

Tuanmnslganuass



LLﬁ’i’lﬂ”ﬁUi%ifJﬁNﬁﬂ’lW%ﬂQﬂ 191 Deep Learning %6{1’:}sﬂ,ﬁmmmaé’ui’mqﬁﬂé’uﬁuﬁﬁu el
fasslimaeUssananagaariniulviennuulsusiureswEnmwinaey Wiy illumination
variation, occlusion way motion blur de8ely uunyes198 s@msunisld s1uasaly
aensuAnfidannizliulusuuasiudsuulamasaia anusimemarivilinslideya
Mnndoufissegafedliifisaedmiuszuy AGY fidesnisanusaiosuarainuaiosves
nsseyiuridlunnanIunsel

o NsvaeuTINTaYaIINMAIEINaY (Multi-Sensor Fusion) 13U Encoder,
IMU, UWB wazdgeraainnassdsdanudiaglunis@suninuudugiazannanssnuain
noise iAnduruuesifen nsnaiudoyanarsvintsandodiinanizveusiay
\wuLwes LY drift ¥e8seUU Dead Reckoning 138 dropout ¥8sdayanIn yilissuusey
sunsdiandeiolduntumelianiisundeniifinnuiunugs

é’aamqﬁy N151apNTINTOYAIINMAIBUNAY (Multi-Sensor Fusion) 13
Encoder, IMU wardayanauninainndes 3adunalnddnlunisifiuninsutusivessiumia
warandesiinvewuiwesifes wu diift 990 Dead Reckoning 3o dropout 31NN&B4 N3

NautayanateilntisiinaMudofalaLarsossuanImwIndeun dauduNIugela s

AR

1.2 IngUszaesfnuIlY

1.2.1 Lﬁ@ﬁ%u%mﬂﬁﬂﬂ’]ﬁ%qﬁ’]LL‘WIJQGUEJ\ﬁﬂ AGV msiuiummﬁﬁmmgﬂ

122 iefmunlusunsumsseyiuniswessa AGY melusaliiinugniedes
ﬁﬁuagﬁﬁ%maq Extended Kalman Filter

123 L‘ﬁa‘ﬁ@uuﬂﬂiLmimﬁmammwﬁa%amﬁmmﬂL%L%i‘ﬁ’ﬁ%‘mm Extended

Kalman Filter lunisseusiuniiaassa AGV aelusuliognaiusednsnin



1.3 49Anasulve

13.1 14 AGV funuudmnsunside (BALTY AGVY) Ssfivunalasuszanns aauning
0.4 1WAT AINNY1T 0.3 LMT wazgs 0.6 1R SrAnmilumandouinaaeulieylutis
0.2 89 0.5 WATHOIUNYI

132 TnefvunvesiuiilummaasdasUszana 4 x 8 was

133  fsvvudumdounuudesdodase (Differential Drive)

134 msszyiumisordensasusindeyaainyaieueesdunudi egsiios 3
¥in JaUsznousie Encoder (13U Dead Reckoning) e iausuies (IMU) uay ndes
2935Un (CCTV)

[
| (%

135  nsiwuInszuiunmvasusindeyaiiugiueyuy danasiy Extended

Y

Kalman Filter (EKF) 1Jundn

136  satunsinnisteyannmuresiifnudnuasuanetu isluduanall
wdweu (Uncertainty) Uagdninn1sgusaegnatoya (Sampling Rate)

1.3.7  myiawdaneifiy n3diaesaniumsal uazn1sinsgvideya Tolusunsy

Python (Juiasasilevan wuusewlall

1.4 s2l8ulnidY
1.4.1  nSANYINUNIUITIUNTTY
AnwuarTusINnsaTivimkazienansiiigades ievhaudlangud
fugruvessatvnedmlul® (AGY) WATANTITEUALMUG ANAN UMY TUERsYaf1e 9
Lazdane3iiu Extended Kalman Filter (EKF)
1.4.2  nsAnwInuanuuUasUYs
yimsfnuinadnuazionzreasuesiunusiiisazydadldlunuise
1@un Encoder, muneausadon (IMU), sansalasuuus (UWB), wazndessasda (CCTV)
iievhanadlademginssa
1.4.3 A139BNLUUNITNARDY
ustunsuLar fvuafiuilunsassudefuloyausesionun las
WUty 2 @anng fie am’swqmﬁﬂ (Static) ua¥aN1IZLAABLT (Dynamic)
1.4.4 measuaziutayaluaniizvgails (Static Test)
duflumsnaasslagly AGY ngails a Fumisfinsueuiueu esiusm

6

Toyadmiuihluinge



1.4.5 mswﬂaaeua:Lﬁuij’agaiuan'mm?iauﬁ (Dynamic Test)
dudunsnaasslagli AGV indouilunmuduma ilesusaudeyaan
wugostaualunslinuats
1.4.6 Waunlusunsudmsuliulsenuninvasdayafuanniauiees
Usznaude mauflumnuideauu (Bias Correction) way nsdasiwiin
PEEIUNAUVDIANLUTUTIU (Inverse-Variance Weighting)
1.4.7 ¥MN1352UAUNUIAIY Standard EKF
Ingldlusunsunisvaeusiudeyadniwugesnumann1svesdanesi
Extended Kalman Filter (EKF) TusUuuuansgiu
1.4.8 AIINAIUINITIZUAIUAUIAIY Blended EKF
ponuUULAT AN Ay Indeyalnglias Blended EKF dwiuided
LﬁaLﬂ%ﬂULﬁauﬂszﬁm%mwﬁugﬂLmummgm
1.4.9 mMsiAseiuazasuna
thradnsildannisszysumisiesanefuiaesguuuuaiinsgy

Wisuieu wazafusivaunaniside

1.4.10 AANWBNAITHALIIHIIUNISIREY

1.5 Ustleviiiaadnaglésu
151 anfuNUUBITIUUTEUAILALS
yaiamnanuwiugt nelddunui lunrgeamnssufideanisszuussy
swnssaUszndauazaunsausuldle
152 anuuasansuazdseinsain
TunsuoAsnu AGY fimiumisiigniasaztagannissuniogiAmglu
nszUILNIYeL Snviedstglfmmihouleeriuissaniug
153  adnanuiuasinezaunalulad
n5UszgNAlY Extended Kalman Filter (EKF) uagn1swaudeyanagvila
(Sensor Fusion) Faifuilaveanalulad vilmifinanadilalusunsiesevinadeya n1s
nsasdyan warlvlussuuusuddanies
1.54 Juwuwmelusuian
wadnslHdudeyanisfmuimadanismeumisi Aanansausuldivey

JUADRLUTALA



uni 2

USNAd95unIsuRazIUIeNNe29949

Tuunilasiiausnisnumuienats 1uIds wasuurRanaguifiiedostunis
ansruusEysumdsdmiusavudssalugd@ (Automated Guided Vehicle: AGY) aifu
fuguddyroamiiiunuiduasul nedevnagEunnseiuenimsiuvesssuy AGY
Tasvadrsuaresdusznoundniildlunisrugunisiedoudl antusznaniunaiauag
wuwes AR Bdesiunmiumis sufamsiinzideyaainunasdeyanainvany
Usglan uenanilfsasounaunguiifiiisatestunisvasusiudeya (Data Fusion) wag
M&NMSYBIMINTBIAAINLUULEY (Extended Kalman Filter: EKF) faidunalnmdniiiaun

SEUUMELAU LW T

2.1 s0vudednludf (Automated Guided Vehicle: AGV) uasanrdnanssu

TUU

NM35rUMUIIaTeIsn AGV faiduessrusenaud1Anyvessyuudnludflugaaiinssy
dlesandanareUsydvinmiazaraasadisveanisinnuves AGY FalangUsuian 1wy
A13eTuau (Unit Load Vehicles) nsendudn (Pallet Trucks) wazM5a1Nge (Towing) R
Foainsanauiugilunisiime dmsunelueiasdsliannsasudyyia GPS 1d 338y
funsdsioserdoeueeiuiindu q Taonisléam AV iistlunngeamingsy uidsaad
MAfigesdmiuningeavinssurnidn dadudesineddnlunsianaivinlranduyuain
wuwesas lagmly anlinenssuredszuu AGY (Fsguil 2.1) Usznoudiessuugosd
auUsgauiu auwn

1) M9 WEUNI9 (Global Planner): ﬁmﬁfﬁﬁ’]mmé’umqmwmmmqmL'%'uéfulﬂ
fagardmane

2) M3FuFuaznaniassdsinuing (Perception & Obstacle Avoidance): 144oya
Nnisueslumsiu anadulazvanideing

3) AruANR23a (Motion Control): ¥l ATuAuA21HISY 3uLd 87 wagnIs

JULAADUVDIADTD AGV LARBUNLUANULAUNIINNTUA
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o A

4) n135¥YAIIALRIRITa (Self-Localization): farluszuuiidfyiign Tnevin

nhfAIMMsWIILaE L iANweIiisavastayanlianwuges Iieaseiurlad

ANNYNHDS

Waypoint

(Cameras, GPS,

| Perception | = it
IMU, Encoders, e it

decision
l_" Collision
Local Planner . Avoid
—

PEER

Self
Localization

gﬂ‘ﬁ 2.1 antnenssussuuveesndnludf (Alcala et al,, 2016)

o = [ v & v = Y @ =2 < a
N13v9uYessrUUdANUFNTus Ay 2.2 Feuanddiiiudsanududassves
AGV Tu 3 szdv de anuludasevesdise (Vehicle Autonomy) Az1ududaszaingly
(Independent from User) kagAa1utd ud @sgannaninuwing o4 (Independent from

Environment) #aiwianiifesendedayasmuiafiudugnluiugiu
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-® oo mooa

Vehicle autonomy

Path & motion
planning

Localization & mapping

Independent from environment
JUN 2.2 11591197UV89 AGV (cgeorge, 2025)

uenanandnensauiindusuigesoguuisouda Jagtuiuuiliumetauissuy
AuAuuuuldndasdaunans (centralized camera-based control) fifinfsndosainyuuaags
i neuvdolassairaniiofuiivha delilfuumesninsuvesiiudl (God’s-eye view)
fansounquiuLires AGY nedundeurtu FiTisann1srnsiaiagume AUy
#90 wardneniszmsUszsnanandnlugudsnnesdiunarsiidensetuinietionde s
Un (CCTV network) agalsiniu Iassasrawuuldndesdiunarsiisseg1aufen Sandyaim
¥1M1891An151UA suLAsEnIMULEY N15UATY (occlusion) LAZAMATHATHA HUNIY T
Fududsseonuuuisnvasusiuteyasintuimuires dulilesnwimnuwiugwaz A

W05 VRINTTEUA MU LA INKINH 01D

2.2 weallauasiwuwasdniunisszuiuisluenis
nsszysundaniglueinsdulssiiuddglunisiauissuudimiweseiusud
Saluld eswndyaamnsyuuaadisnfvussumdsuuiiulan (Global Positioning
Systern: GPS) lalanansadaudsinuang wu wilvielaseadenns Seldmunsauiunigly
0113 Saldinsimungunsamarnvansuuuiianansalfununisssysuwmising GPs ¢ 3
sudanalulagszuuszydunianielueiais (Indoor Positioning Systems: IPS) Lay

WULRITUIEIANAN 9 NTRTEYENTaAUINMAILALLLA A9l
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2.2.1 msszqﬁ'll,mﬂ\imnl,auiﬂﬂLﬂﬂ% (Encoder-based Localization / Dead

Reckoning)

mssvysiumislasendedoyannieulanines (Encoder) viefli3enlneimly
71 Dead Reckoning 1Hu3smsldfulusa AGV iieuszanammeAiumisiazAyafiennaves
soluvuziadeond Insofonsindyanuiad (pulses) Mndefildunnwugesioulannes
Fsazuvastoyanuiudeuvesdeiduszogmanazyuiievng ndnnsues Dead Reckoning
§19899nuuudiasadsaatmand (Kinematic Model) @ slédurumanmingadu
AU NGy uaziuntwessaluszuufinngneds Tnevalu AGV drulngjaslduuy
Differential Drive Mobile Robot (DDMR) @sl#&eassinsfinyudaszaniuiiedmunyudia

MNMSARBUN AS3U 2.3 MSAUIUMIFIUALISUALINNSMVUATEUURARTWINEITEUY

¥

AD IEUUNNNO1984 (Global Frame, (Xg, Yg)) WAy S2UUNNAU0IA250 (Robot Frame,

'
=

(X, Yo) lngdiganiilnegyanainalavedinuas (Qa A)

Op : %

gﬂﬁ 23 LUUS1a99 AGY TULAA DUNUUApADIDETE (FALUasann (Bouzoualegh et al,
2018))

lngMvuAs Lz iAN19aITaIRauTAe
q9 =[xq Ya © ]T (2.1)

FupaulunIsiUaIsenInamsuyisanstl duniiawesalag vuimsaausaivualalunsy

Yp9sananalull
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q9 =[x"yr o]’ (2.2)

[
£ v v 6

WuRinaueaaaimnualunsauvesdise ntuiiasasssduiusiumeaniswUaalli

9

X' = R(O)X" (2.3)
Tnofl RO) Ao wyEndnsvsu

cosf —sinf O
R(@)=|sinf cosf 0 (2.49)
0 0 1

aun1silglunsulasfinavesauisiannsausaludannnenadalmiu
X' = R(®)XT (2.5)

e X! Ao nnwesanusilunseuiiingede wag X7 Ae nnwesanusilunsey
NiAUDIAITA 91NAUFUNUSY FIU1T0ATNUVUTIABIIAUAIENTVDI AGY LalnsauuRgIudn
o w A v (=] A L . L B = [ v o <
d1fyAe denyulasliiinisdulaa (No-slipping condition) @winlianansaAiuIniAIIus,
a v <@ a Y i %

LU (V) LagAuLTnseyy (W) 0IR350LANNAINSIABT1BUALUIN (Vg, V)

AT UAUVDIFITO VAIUINIINANRASVDIAIULSIADNIADIT1IAIAUNTT

v:vR+vL =R(¢R+¢L) (26)
2 2

[

LaYAULTATIY ) VBITEUULUU DDMR fisil

b .

W= R L :R(¢R ¢R) (27)
2L 2L

il L Ao reeviesenindgudnaleneige

Pp, Pp PO ONTINIVIYUVDNBVI ALY (rad/s)
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Tunsm xy wag v, v, Weuldiduilduvesenuiivenagudnaisvesiism A

X,z =X, +vdtcosd

Vo =Y, tvdising

X, =X, +vcosd (2.8)
Vpr =V, tvsing

0 =0, + wdt

2.2.2 N53TYMUMLIINMLAETALSIRY (IMU-based Localization)

MineTAusad 08 (Inertial Measurement Unit: IMU) 1 udiansiadanas
indouifiddnlussuudigm AGV iesananinsaliUseiiuainisiss anududey uaza
famalaglidesondedygiuniousn Jeuszneudieuees 2 vlandnde Taaaud
dmiunsivinanus wdadulunnu x, v, z kag Gyroscope @1M5UNTIITATNIINTUYY
Waluwsiazuny Uayaa1n IMU @13nsafiuium x, y kaviufianiavessala

NANNISATUIUTINAAIEAT (Dynamic Model)

MSAINMIRILILGRE IMU 01fuuuTasadanamansveinisndoud
FaRansananuduiusseninenusalad (@) waranndi ) lnsauuidenseitiald
371 Accelerometer f93AU52N0UTBINITTIIIUANNKAY (X, y) VOIFH2T0 T9a1U15ON
AuSaz i umuelaaINN1SUnLATA (Integration) mmuaﬂugmwwimﬁm WAZEINITO

UseanauasLmie (x) Inge1duaunisvasiagy (Becker, 2023) Aaukangbuaunis
X = Xy + VoAt + %aAt2 (2.9)

a 2 ° | a v a & a v 2 1
11D xo AB AWKUITUAU (M), Vo AD ANMLEITUAU(M/S) ez At Ao 131987(s)
Weuannises IMU lngan1usanszsuy (xy z) UsenaulUnlgdunis aas wagaanuLgs

Tuwnusng 9 (x y Z1'=[x, Y, 2, Vio, Voo, Voo, 3 3y, 3,)") Auansluaunis

X = Xo + Uyt + %axAt2
Y = Yo + UyoAt + > a,At? (2.10)

1
Z = 7y + vyt + EOLZALL2
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Ing IMU Ao a1snsafwlnyuiirnie (Heading) ved AGV lalagnssaindeyavedialsalay

[y

FadAayon1sthmig
2.23  nsszyduniaaIndanialaduuun (UWB-based Localization)

welulad Ultra-Wideband (UWB) uszuudeansliaeilinduingainud
gauaziiuuuaInvindneun (Che et al., 2023; Dong et al., 2019) AaauUFiures UWB Ao
nsasdayanamdsumlugianaidy q ilrdyaadinnssumudesuasldnulslusyuy
nelueans dnsussuumiaunisves AGY lagld UWB lun1sAiuiussuysening Tag
(Bastauusrunmug) uag Anchors (andnadeasiiluiiuf) Tnevialuiiaeaislunsmsses
Teun

1) Anuuvesdy I (Received Signal Strength Indicator: RSSI) @115
nsfnmudumialasld UWB (Ultra-Wideband) 2101 RSSI wagseey (d) fildanieues
UWB @1u67(Che et al., 2023; Dong et al., 2019) TAYNNTAIUINSLEENNNINAIIULTUYD

dygnad anunsalglun1sAunszezna d anANuNUeIdy I (RSSI) 21naunis

(A—RSSI)

d=10 1on (2.11)

A fo  enuduvesdyaaitialdiissesnie 1 wms (dBm)
RSSI Ao AMuLNvesdtyqIu (dBm)
n Ao ﬁwaamqmﬁwmﬁmmm (path loss exponent)

2) 18119 UNIVBIF Y8l (Time of Flight: ToF) @1usuni1sfaniu
fumalagld UWB (Ultra-Wideband) 410 Time of Flight (ToF) slefuiasumislagnis
Javanveadyananin Tag WS Anchors Tnefuamszeyn1a91naun1s d = cx t 3¢ d fe
ULV (WAT) € ApASIvRsdg I (WAS/AWT) t Asatiuniswesdygyiu Guid)

lel#srayniaain Anchors uwdara 2 38ud asudady 2 s 53
wsnidloldszesne d; d, war d; annLuLes UWB a1msa suis Anchor 1 ag}'ﬁqm@m&%

1%
a o

(%1, y1) Anchor 2 8gM13ARARAY (x,, y,) Wag Anchor 3 8g719ARRA (x;, ys) Yauwuwes UWB

9

a1115019735 trilateration Tun1sAunudLALY AGY (Mobile Node) @unsatdeuaunisia

(x—x)*+ (@ —y)?=di (2.12)
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(x—x)*+ (y—y2)? =d5 (2.13)
(x —x3)*+ (y —y3)* = d (2.14)

NEUMS (2.12), (2.13), uae (2.14) aunsaudaunisisauindeufussliaiinves
Furdaufinues x wag y ve9sa AGV 1
3391 2 Waunsedlnadld emszesms d; way d, 9nwuwwes UWB waaessa (Anchor 1
wag Anchor 2) MNARUS (X4, y1) WA (g, ¥,) VOULULYDS UWB AIUEIAU Lazssaghiig
5% Anchor 1 uag Anchor 2 (dy) Tagldfaunisn3lnoudls

2.2.4 MITTUAUNLRINNGDII9A5UA (CCTV-based Localization)

nildlunuimisdrdgAenislyna 9919930 (Closed-Circuit Television:

'
aa

CCTV) wWiom x, y vesiisanielueias dadumaiaiivang fulssunsafunnifinnd g
a Y] ' L da @ v a 2 & Ao
1935UnBgUAT WU WuNfAnfenaedsuge (Overhead Camera) ianunsauadiuN Ui
vaeiasale sruulazlininainndedlun1snsiadunar i x, y vesnlsawuueaulall laeg
9fenann13ves Absolute Positioning &alel x, y 1@eiiinasevesiiuil Teyanltiavgninunld

< ¥ o | [ e 1 A a I

Wutalun1samuinm x, y TINAUwuleesou 1w Encoder kag IMU iatiinanukiulunis
Uz x, y vesdasaluuisanidnenssy ndesazlulafndsuuiisaiiesdusied uign
AnnudunIornendesdiunansiinseunguiiuivinnunmunvedlssu nyusesludnvug
“God’s-eye view” Uayadnndemangsiiazgnaslududsnireinaraiveyssinanasiuiuy
Mlianusafnnuawrilees AGY varsaulanseunulul@eiunifediu wwineidiean
AunuirugeTULiIa uivinlideyaniniinnnugsulniseaninuas n1suads wazauly
NITONLARANLNUS AITUT AL DY19E N LUINANITINAINNA BIAIUNANUNIMADUTINAY
Uoyaan Encoder uaz IMU tiaiiuAuueiovain1susEanamumisluszuuas

NANNITNUFIU: NITUUAINNATENINNINLEENANDTY

JununanveInIsiinasaivassumunisasnisuuasiinavesingluainlveylu

a =& v 1

SpUURAN95e FadoninunszurunsifieusunilaAaunainaisuresauduasnisaey
{Jfleundes (Camera Calibration) wielruias x, y
nsunleaudadouvasiaud (Lens Distortion Correction)
asinfianadadouaindnuvazveaaud lnglamgndosuning dse1aviilinig
fuamm x, v Weiidadiaunaiaedeu Weudludymieeldiinseudadeuvonaud

ludnwaizeil (Radial Distortion) uaziBeduria (Tangential Distortion) (fa3U 2.4) Msaau
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\sundesazilagldainatonszaiumuingn (Checkerboard Pattern) LiteniAngly
(Intrinsic Parameters) wagAneuen (Extrinsic Parameters) vaendes daildenlosdifin
szrinenmiuiiuiiaidldogneuug nsdeulfisundas (Camera Calibration) iuduneud
Pelisruun x, y Areninainsaulasiiinainssuiunmludaiinaialaegegndes
nsaeuisuItliveayarvandas 2 Ussam Laun
Anelu (Intrinsic Parameters) Aonudnunizianzvesiindosuaziaud JsUsznoude

1) szeglia (f, , f, ) uwnussezlndavaaaudluinu x uag v

2) PAUINANVININ (C,, ¢,) IRFATBIUILNUAINAUTEUIUTUA N Tadnlainsariv

U

NINANVDININDTY

)}

3) AnduUseansenudnideu (Distortion Coefficients) AMMLTBSUNSLAZ LA bIAINY

UnUoutesrillaz ¥eduna (Radial & Tangential Distortion)

Projected Image

Camera

.

Real World Coordinates

JUN 2.4 nstalouvesnnnaIniaud (Garcia, 2023)

A1N18UBN (Extrinsic Parameters) Ao sﬂ’azﬂaﬁ'a%maﬁ']Lmu'qLLazyuﬁﬁwflmfmflwamiau
NANVDINADINUNTOUNANDTY Usznounle

1) wwsndn1svsu (Rotation Matrix, R) 85U18LNANIANITAUNIITVLUTDINGBY

2) nsiousumls (Translation Vector, t) 83U18558%%18 X, ¥ U89NE899INTZUL

[

ANRD19D4
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TumaUfiR nszutumsasuifisundesazsilaonisarenmingidvuauagsuuuud
NFIUENTN 1 aIaNeNTEAIUMLNNGN (Checkerboard Pattern) luviangyamios Lilels
svuuansafwamendewisnslusazaeuenliediuiug Inaldlausid Opencv
DIAINUALATI p (P, Py, P.) WATUDIAINIABNBIVBINABY Pegm = T15*™p Loy T,54™
Ao LUN3INGNITLUAINANR3 LU IT8 UUUNUNAATBINADY Peam wmaﬁqqmﬁﬁ’ammimu
sruUfiinveendes wnu Z Aeunuileandnngananaaudlunagnvedndas unu X azidu
wnueuluszuureIndes wazuny Y axuuwasidlussunureindosasnsaidouldsauns
(Kala, 2023)

Peam = ™™D = [Raxstax1lPax1 = |T21 T22 T2z Dyl|.” (2.15)
31 T32 T33 DPg

1 T2 T3 Px] lpx
nagEAIEANINAINAIRSelUvwaudeaUin Fearegludnuazvainmaiediuuming
MM5USUWIEUNaad C 18I URURIANUMAELARNE @1USOAIUIUNITRIEAIUUAIN 2 TR LA

Taglit p; (u), v), w)Aeaalunnitarstu Tagldauns (Kala, 2023)

Pr = CPcam (2.16)
u; fx 0 ¢
UII =10 fy Cy | Pcam (2.17)

wl L0 0 1

s

lned f, way f, Ao sverliialuunu 2 unu uag (c, ¢) ABINATDIIAAUGNANYRBININ T4

9 Y

AUN1S 2.15 wag 2.17 oaunis

Uy fr 0 ¢ fr 0 cx][11 Tz T3 DPx Px
vi|=[0 £ ¢ Te™p=[0 f, c||721 T2z T2z Dy py (2.18)
w 0 0 1 0 0 11131 732 133 P 12

log# w uansdiansusunnsdin Tunsaigninuuszuiunn deyansuiuuinsdiuag

gaymigliidesainndesusadudu 2488 a0n (u), v, w) gnudandu (u,v,1) =
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AvRINABIAD (Prcams Pycams Pzcams 1) WWfiAaluAMAILN

(up/w, v} /w, 1) aglagad

AMUUALABENNTT
U fx 0 c][Pxcam fxPxcam + CxPzcam
vi[=10 £ cy||Pycam|= fyPycam + CyPzcam (2.19)
w 0 O 1 1 1Pzcam Pzcam
[ul] _ (fxPxcam + Cxpoam)/poam] _ [(fxpxCam/poam + ¢x) (2.20)
Vi (fypyCam + CypZCam)/poam (fypyCam/poam + Cy) '

fitavesnwluitfgaiideafypuudieresnin w X veanim (@1 u) oglukuiuey
9ndgluean uazuny Y vesnn (81 v) eglunuadsainuuasans (agu 2.5) illensy
Funaasudragmardulsranilunsuasdudidaluninld Tumandufundesanunsn
seyduvdlugunmlavilvianunsamiiingsele

Xirrage (U value)

\‘bll"
Camera coordingte system. Zoen is outside
the camera lens, Yo points wr the ground,
World coordinate system: Y wudz points to the

\' warls

ground. the robet translates and rotates in the

Xeon looks ot the right
Xowveld-Loncend pi;lnc

gﬂﬁ 2.5 Mwangeduenna (Kala, 2023)
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2.3 33n159A (Measurement Methods)

nstedoidufanssuiugiud A sades walududin duinereansuas
Fmnssuenans lnouszifiuavesuSnaianw degradu msingumgivesing ng
AunaUiinavesvm vionsUsuliuns msfanruusiuduasiidefiodfydenisaun
AsEUILNS UAmnssumans myindifsonunmvesanaass iesandwasioninu
walufildifuszuu (Fisliola & Beasley, 2011) nsidenldiadesile 330153 el ialduaiu
atuawe auingUszasd

2.3.1 msdanaly

a1u1saesuisladndunisulasusinamsmenmlinanedudoyaids

'
=

Fyradfiaunsasuniedieseild Tneialy ssuunisiadnusenoudisdundn tdun
wugesTvhvthinsiduamisnienin 1asUszananaduiudvsureenieuum wag
dunanmadmutiiaueaiinldlusuiuuiinyedanunsasuild wu siuvthae
szuUiiRmstinnugndes issnss waeiliafiesnmgs iieruaunszuIuMIMseRaMnTTy
2.3.2 SuRpUNTHINY

m3¥n (Feguit 2.6) Tnesaluuvs il

1) dumeuiiuiiaznTuaiises(sensor—transducer stage) dsagnsIady
Foyafifeansin 1wy gaumgll Arwdu v g

2) ‘f?umauﬂ%uLLm'\‘iﬁauJﬁyﬂﬁu(signal—conditioning stage) umsusuruInves
SyanauiinsanduliiunisnsesSevens

3) dumeunisuansaloutput stage) MvhwtiiuUas “iy,mw']mﬁlﬁﬁ‘]ugmwu
fangudanansasuile Wy wihesuanse vennstudinidus

4) Gi']jumaumUﬂu(feedback—control stage) \dunaanmsTarfieusunis

90TV Wi AduANgauTlunieu nieatuauluaienisnds el luniuein

AMuuAtY
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Calibration

Signal conditioning stage

Output
I stage

Transducer

Sensor stage
path stage

|
\ Control signal Control

__________ | stage

JUN 2.6 drulsznauvessruumsTaily (Figliola & Beasley, 2011)

2.3.3  N1399NLUUNIINAGRILALATTIN
rosmilsiinisauguiadeluseninanismaaes
1) AvuningUszaiduesnismaasy A5I3NALIBINNTOONLUY AD N1
uasuvieinguszasd 1wy lunsdifinuinmslfidomamossnsudlnl Sududessey
Mesmanmunisliiduedenielfanznsiuiluvienizas
2) szyuazarvNadeiifeades inadeUsvandnalumunulivuizan
oA
2.1) #uUsBasy (Independent Variables) munefssuusiianunsausu
visormunaldios 1 @umamsdud §iud
2.2) @uUsmu (Dependent Variables) fonafitunnmsdsuvesn
uUsBasy 19U SEevnail AGV MielamsUsvananadeya
2.3) Fhuusunsndau (Extraneous Variables) idusuusiiniuaulaile
Tnemsausidana wu amsdulueinia wiogumgivesiuivnaey
3) MsandyIuTuNINkarn1sAtUALANltLYueaY Tuaruidenis
PINTIU N1FTUNMUTBIA YR8 (Noise) hagn1sinsnuas (Interference) frdetuanuma
Anpuen fathy Jedndudosannavesdyausuniy ioaziiounasswasiuUsiiaule

3.1)  dyayrusuniu (Noise) LUAINISAUAILAIIUNTZINNTZIEVD

3.2)  n133UMU (nterference) \udsiilisieansiignuvsnludoya Ly

NSWABUANNALUTIEINIAIINIALADAYBIL
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2.3.4 wallAN1TaANaNIEUaN
nsinnazANUwiug iy desanladunieuen Felley Ae
1) nsgulunismeaeu (Randomization)
nmsdutisaneafnaznaandadenisusn annsneaaeuliiiuwuudy
1 v 6 o VY & dy
HIuNT¥BVBIMAaNS vilmTunansuniy
2) nskduienuuudu (Randomized Blocks)
e al Y = B oA | L
anunsaindadenisusniivwiliuwuulidsdeiiios wu gunsaivsenuly
uwiazsounveaesliviloudu lnsavimsdnnaudeyanaeduliedluvdenideaiu e
muaudadanieluvdenlviaei uwavanlladenieuen
2.3.5 msvignaznsitgun
nsvgkasnIsvdLwIaINNsaI el
1) A195v1e (Repetition) nunefsnisinaArgmatsasinieldkeuluieaiu
Wy NMsnaaesgilugngunsalifevseluisiaibed welssiiudadevestayanlauay
ATIvERUNA luNITURURNSRE Y
2) n19vid@un (Replication) #a18fen15vinn15ing1n18ldan11813e
o av o 9 1 A ¢ A = v oA A v
Reulvildwidoudu wu medsugunsaivseau iedadefAivessuuuazAINgNADs
UYBINTEUIUNITIN
n139ALuY Concomitant Methods G dunisldguniianareaialunig
nsaeudadunednu Fsltiensiaaeuiuauiulalunadns
2.3.6 N1sEBULIEY (Calibration)
nsaeuliguasn1siAdeunnswALLeY (Standard) Tdidng sy uunis
[ = [ ! v & J & d' L Y [ !
ToLie FUANAHATNTVDITEUY ANUAININTFIU (Standard) MTungausy weUsuAInIs
MEUANBILIADAARBINULIATFIUENND AD
NsEpULgULUUADA (Static Calibration)
= a < = A v o ¥ v d'
nsaeuWisukuvaiadunsaeuiisuna1vesladeninetvesdsnsd lagly
nszuIunsil ArdeunnsuAwiusuazgnldiingseuu wagyinisduiinAwadwsin
ausaunAlaulazANadnsNInlau11ansiteas1an NI Ta U BULUUASY 91N
nsadunesgu iveldlunisAwinianduusuiieu (calibration curve)
gouLiiuluUNaIn (Dynamic Calibration)
= v k4 d‘ v N = dyv ¥
aousuwuunainvzldilieUadeivasununan msaeuiisudseinnildnly

[ ¢ A o [ ) ! =~ = LY [
wanalsiniedygraaauiluadeuisasuiiisussuunsinwuunain
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2.3.7 anuladanisianuuann (Static Sensitivity)

AAulIsenTinwuLada (Static Sensitivity) A1lAaInANLTY Ao

K=% (2.21)

dx xX=xq

1ag K Aip Aulinen1sinnsuiue X,
439n15%197% (Range) ¥394n1591191UVBITEUUNTIAgNAMUAlABTUATDIATTaURIN

X 09 X BIENUTOATUINYIINSTINNULARIEUAS
Ti = Xmax — Xmin (2.22)
WIS UATNAANEYI9NTINIUEINNTaAIUILA RN

Yo = Ymax — Ymin (2.23)

Arpulransinazasioutian1snsradunisisuvesadeut mnssuuianuligs 2
WoNFYIUVIIIAZIBANINEITY (Yuan et al., 2022)
2.3.8  AMULUULIUAZTANUAAIALARDY
AULLUET (Accuracy) RUNBNTEAUANMNLALDUVDIANIALANUAIRSS AN
Tnlainiiaanuaaiamasuantadunieuen
d' &
ANAAIALAADU (Error) A

e =@l

[y

f - AIAIINDS (2.24)

1%
a L v &

wananildsllenagluguves Armnunaianiouduiing (Relative Error) tilauanidndiuves

AMAgUAUAIRTT AD

le]

A, = ( )x100 (2.25)

ANenede

AULUUEININTUNNE AUABIALARBULTITEUU (Systematic Error) hag ANUARIALAZDY

LL‘UUEjﬂJ (Random Error)
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1) eunanedeudeszuy mnedsaaianaaiiineldnieldaniiznsafeatu
1 gamgiandeunsiliviiudnsgu
2) ArwAaAAARULUUGY venefsnsRanannilidldiuey Wy msduasifieu ns
WAsuussan
fiadl nsandrausnldeugUnsaififinnuasBoaiy Uiulgeisnisaeuiieu uazan
NANTENUBY 9
2.3.9 arnulinuusu (Uncertainty)
mnalsiusiueulunmsimnefsinnueainndouiilsiy JuAnanawmgle
msUsadudauliuiuouisiosilumenuimnssy Wy nskenisia

AsAANU kLU LEUSIY AB

U = JuZ +ud + -+ ud (2.26)

108 Uc Ap AANUlULULaUTIN M Ap 31uudade
2.3.10 Fawn3ga (Hysteresis)

%mwﬁ%mmaﬁamamﬂmmisu'mmiaﬂé’umagﬂuamuzLﬁu WU ANSLAY

[
v = [ 1

ANUSUIUNTATUAUNNTARAIEY TRA LULINAUNIERIAN1e F9o19tnnanAnuiavesnaln
IansuRnunelussuu

ANPNURANAININNBANDIDAA USRI UIUlAINENNTS

_ Xt1— X2
uh = —2

(2.27)
4 Xpq Ao Aiildlusnsiing war Xppfe aildlurnzandl Ainandamedasy
iiduAaulaiuiueusIN FeruesBainida (hysteresis uncertainty) axgnseyidudiion
a0t 9BUNeT IRl avun
2.3.11 anuduldadunazanuianainvasninula (Linearity and Sensitivity
Errors)
gunsalingasldnuaisiinaududadu (linear relationship) s¥winedumns
uaziodme unnddliifudunss (non-inearity) manefsanifaldlddudadusenin

a I3

Sunpuaziodnsvadszuy inlidndudesmdeRanainainidunswuaunis
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u(x) = y(x) =y (x) (2.28)
F1 yu0) Ao Afiaainagldanaunisdadudieds uay yx) Ao afiialaase Aazviouds
msideavuvesszuuanngAnssudadu fliauysavesesdusznounelugunsal Ay
Ranannveaniull (Sensitivity Error) dnefiea1niuly (Sensitivity) suaaﬁgﬂﬂiaiﬁi’mhjmﬁ
PaBAY2NTYIU WU MaAsuTanlueuees anueuaran wionsdeuanmues
1ATVYYA YY1
2.3.12 é’]é’U%’waammgﬂu (Hierarchy of Standards)
ssuumsiaisndudeadeuiuinnsguddiyouiu wWelvnanisiadeu
lelusyfuanna whnnnsgrundniauysaivuvasliannsaldldlunsasuiiiou dwsuns
UftRe Snsasediuturennnsguillinds Tneflassaisdfuiuvesnasgiudsd

1) wwsgIuvan (Primary Standards): L0unasgrunfednduaiwiuen

e
2) wmsguanelou (Transfer Standards): Mifieaeulfisusasgiuiosnu
3) IAsgIUVsiu (Local Standards): MHifleaeuifisuunmsgrunisieny
4) 1195§11N15%139U (Working Standards): 1 unisaeuiisugunsaily
AAUURUsEITY

'
=Y

N15ILAS1EALT @A (Statistical Analysis of Measurements) 13 8lavi1n13

v
v A

NARBITY NITUIAINGN UAZAITNIEANYVRITY Ao U UNANTTR ATTALY Alady

(Mean) ANRALABAINANYDINANITIANINUA AD
n
Mean = % (2.29)

e x; Ao AL Lay n Ap SuIuAITINAT Inla

ANULUSUTIU (Variance) Aa NM3NTenemivesteys Aialaanaunis

Y, (xj—Mean)?

n

Variance = (2.30)

ANIUINUBNDINITNTLANBAINAG VueAN o8 UIuanNDaNanIikazionals diudesuy
1195574 (Standard DeviationJusndi desvesa1n11uuysusiu ldusvenszauaiy

uana1svesteyandadeluniemgiiuiuteyadss
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Standard Deviation = v/Variance (2.31)

| aa . . ° 1 o A al 1 A A = [ -:94"
AU Standard Deviation 1 LLﬁﬂﬁ’J’]ﬂWi')@mLﬁﬂEJiﬂWWLLﬁBﬂ’J’]ﬂJH’]L‘UEJO@QQ %QLUuwugwu

angylunsusziliuanuliuiiusuresnisin (Figliola & Beasley, 2011)

2.4  mMviaausudayauasnsianisauliviueu

Al

Toyailasuannugesiieswdaneuinddedndansluiuaiuaziden Anudves

[
LY =

Foyeyas fatiu Fadinalianswaiudoyaainvatewwuiges (Multi-Sensor Fusion) g
msTdeya weudeyaiiieanmauliuusulazinauwiuvesaszana Weifiey
fulguesieaife
uenanil mswautayarininisUsznaAils mnuE vioyNfianisueaiase
WU SosualSautU 3o AGY ‘UNﬂ%’jﬂﬁ’zyzymmﬂLsdul,sziai’mqﬁaqzymw%ﬁé’@@msum‘u
a9 nszvrunsNaudeyaaztisaiiunsthdefiveswuwessianianvae dedrinves
wuesnvdanis
2.4.1 STUUKNAN89ATINNSIAUAI881e (Multi-rate Sensor Systems)
FYUUHAIUT0YAADAINLANGIVBIATIN15F UMDY (Sampling Rate)
wuwes usazvie 1y foyann IMU e1afinrmiaeds 100 Hz wieunnin Tuvazdideya
NS LTI Mg 198999500 1aflAImAfis 5-20 Hz (Liu et al,, 2024) A3
uansnstiviliAn szuuvanedaTmafiuiesns (Multirate System) Gsgnnsanistndeya
FandslinfeutumUsznanasufulufmenanieaty dWedanstudgmil Sesegndld
Multirate Kalman Filter ﬂ'mJ%’Uﬂqaﬁﬁgumauﬂ'ﬁﬁﬂmuﬁuaqﬁaﬂiaaﬁ’amﬂﬁmmimaﬁu
Poya wagldn13vineauves Multirate Kalman Filter As3U 2.7 Az n1mnnsvitung (Prediction)
anuzaziinlutiaine (AD) o1duiwugosaigs (Sensor 1) lazuuudiass luvaei
funeu n155Uian (Update) axiin1ssuimngosmnasaiila¥udagann Sensor 1 waxiin1ssy
L@@ﬂ%ﬂﬁﬂﬁﬁgﬁ@lﬁ%%’ayjamﬂLszjuLezfa%ﬂ’s'mﬁﬁi"ﬁ (Sensor 2) a4 1381 3At 6At ... dudun1sih
Foyauldudluaifindussvinanmsviung (Becker, 2023) ssuunaudoyauuunatsdng
1541 (Multi-rate Sensor Fusion) \JuesdUsznoudfgyvasssuudiniasmludfgalm

99N TIEANANABLLDY AUNUUIUATZUIUAITATUIATLALA
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(1) (2} L1 (1) (1) (1)
n n L1 Zniz Znts Zpig

Fusion

Lnn-1 Lnt+an+s

Ant+In+d

gﬂ‘ﬁ 2.7 Multirate Kalman Filter (Becker, 2023)

242 n1swiluaMu089ul (Bias Correction)

a . = ' a Ao | o PR P
AUdBeUY (Bias) AvAImuRanaInTiddnwuzAud19An Taulsagly
Toyanuiinlannuues luuiweigsdiivg (Relative Sensors) 8814 IMU uag Encoder

1 Ql' le’ ] o w d‘ . A
Arpudsauuidmnlignidasenly an AnuAaadeuaay (Cumulative Error %30

. 1 I3 a a = [ 1 I o ¥ < fa

Drift) agesaasalunszurumsdudinsaiiendiunus Ingidunisiideyadugesauly
NILTUIUNTNADUTIY Axin15UsEULAZEAlUA1AILL T S U ITE UUTD BT USRS WAaZF
(Perera et al., 2006) 35UV lalagn1sAIUINANLTSIUURAYTENINNAINIALA S kazaINAN

Ground Truth (GT) @u@un1g
by = ;Zt=1(5t — GT,) (2.32)

Tne S, Ao AnTalaanduwesd & 180 t uay GT, Ap A1919899NEUN199Se GT Tuan

Wi A S, Aunlukainualag
S! =S, — b, (2.33)

nsrUIUNSHazYIsandl Root Mean Squared Error (RMSE) wazUSuusatoya (Khaleghi et
al., 2013)
243 N15A29UMUNAEIUNAUVBIAULUSUSAIU (Inverse-Variance

Weighting)

[y

PAIINYIINITHA LUAMUAMUTHURUULAY AZNUIANYTULYDIANITLATTE AU

A o o a Y1 a ! U ) o § v Y ay 1a
ﬂ'g']gJLSUaiJulianﬂu UqﬁsﬁuﬂlﬂﬂWWLaﬂﬂiﬂjq U’Nwmﬂﬁﬂi%nwnq\‘l Vlﬂslwwaufuayjamlum
o ada sala 1 o

TINAMNERRNLTENTT ANLUSUSIU (Variance, 0%) WWIAA AB WULwasNAAIAN UungD

N13NTEAVRIAHARNS LAV KAEAIaT e Aeldn1sarsmdniiediunduvesniigy
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[ [y g

WUSUIU (Inverse-Variance Weighting) LUU%ann15719@d# (Chen et al., 2025) 5Uauna

oY

! N | o

Iduresndranuudsdsiwmagldsuimidnianitlusenitmissudeya Wmdn w,

v
v

dvsuusaziduwes | Muinanal 02 fail

1
o?
i

Wi = (2.34)

0,

Ml wnazgnuTulina e mianmuawiiu 1 wislvieglusnsguieiu lag

wUaduguuuu normalized fadl
’ Wi

w;: =
i M ,
Zj:le

(2.35)

g M Ao uuduesiimun Hglisiudeyarnaisunas lnefiauwiugigeasd

saA o

NTNANDANUTETUIUTINNINATNTULYBTNHFYYIUTUNIUES LUNEAU AGY 18U 115574

Uoyaa1n Encoder IMU ay UWB iivedsudsssuvianazsuiianig

2.5  qufAInseeRanny (Kalman Filter Theory)
mimmu%’a;ﬂawmaLma'aLﬁasmsé’u@mmW%dé’@fgWLLﬁ’g melUApNITUsSZIAUNTS

YMUVDI AGV T9RB901FENTSALINTBNaNIAN kL ukazi AUkl SUSIUINNKANY

Y
v

waslamnisussanaaianiugssuvanuueil Ao AmnuliliusuveIdyILAaEAl 210
ToNAVDIT1TALIT @NINIINGN Lazdyusuniu (Noise) Jsin1sudnuIAnYes “6a
nsesfaNIU (Kalman Filter)” anldfUszanauszuy fansesdauuymihfinaunaiudoyad
Nnuuuiiassiudoyasiediin nanlavagd dnsosdauudumadaiiiszansamgaly
mﬁﬂizmawm’fagaﬁﬁmmwLLu'uau Jusnguddguesnssuiunisnietiasnaiudoya
TuszuumuausalusiRadielval 19 AGV usudindeud uaze1uliaudy
2.5.1 @ansasfaniu (Kalman Filter: KF)

MINT03AaLIYU (Kalman Filter: KF) lun1sussunama@niug e ssuunain
Jadu (Linear Dynamic System) fiflanuliuiueunodaainsuniu finssuiunsvhauy
2 Sunoundn Ao Msviune (Prediction) uay NsEMAR (Update) (Becker, 2023)

RANNIININUY

wladfyresinsesdaiufeanusvesszutkazayllulueuiiisides

e N13HINKIIANUIELTY (Gaussian Distribution) Nswanuastigniienusagaada1man
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N19aBR Ao AIULUIUTINTIY (Covariance Matrix, P) Fadusnasiadeusunaesainulyl
Wuueu (Uncertainty) TunisUsvanaantiu andudansesazyiau Tagldnssuaunisiung
uardmaniiiofuussteaUsznaaniugkazarliuiueuiiinuuiudigetuogng
seifloaslofidoyatalyaidmn

ASTUIUMSTNUYEITINTaeRasUAINSauU IRl

1) Funeunisyiune (Prediction Step) fnsesaglfuuuiassesssuuiiioriung
anuzuarauliudusuvesEnuzeuIan (1Da1 k) lngenfetayadinaniugnounin (vian
k-1)

auN1svinuNganIUy (State Prediction Equation)

5C\k|k—1 = Fk£k—1|k—1 + Bkuk (235)
laeil

o A A o %% =

Xie|k—1 Aa  anueiliwg o an k leeldteyaianan k-1

~ = = X

Ri—1jk-1 Ao aougiuszanuale e an k-1

Fy Ao wvsngnIsaBuEn UL (State Transition Matrix)

By Aa  umiIndalunu (Control Matrix)

=

w, A LNwesAIuAY (Control Vector)

AUNITVINUIEANULUTUTIUIIU (Covariance Prediction Equation)

— T
Prik—1 = FiePe_qjk-1Fx + Qk (2.36)
IR

= | tN‘ o
Pyjk-1 Ao AULUTUTIUTILVBIAN I UL NN UNY
Py_1jk-1 fo  AnunUsUTIuTILRsEnuEIUTEaA LA

= 1 U
Qx Ao AMNLUTUTIUT v sdy g rusuniulunszuIunig (Process

Noise Covariance)

[

2) Junoun1sewan (Update Step %38 Measurement Update) Lﬁaﬁ%’a;&aam

Tnaiflaase () Whun dansesasldtayatiousuuiAnlaainnisiuglidauwtug

£%
=

899U
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ANNNTATUIUDNTIVUABNNU (Kalman Gain Equation)
-1
Ky = Pk|k—1Hl'€(HkPk|k—1Hl'€ + Rk) (2.37)

Kalman Gain (Kj) fie  Aniwinilglunisaimasenitenuiiieisvesdeyarinuenay

N3R5
H, Ao wy3ngn13in (Observation Matrix)
Ry, Ao AULUTUTINTIIUNTIR (Measurement Noise Covariance)

AUNITONLARANUY (State Update Equation)

Rk = -1 + Ki(zk — HiRgpre—1) (2.38)
Junsusuudenaougiivinungls
aun159UnAMULUTUTIUTIN (Covariance Update Equation)

P = (I = Ky Hi) Pejie—1 (2.39)

WumsuSuamanulduwiueu
2.5.2 AINT99AAUTULUUVEY (Extended Kalman Filter: EKF)

Hosanfinsesdaununuuunfanunsaldlafussuud adumingu udsyuy
w99 AGV AuaTeliiidudadu (Non-linear) (1w dflandun3lnaufinlunuusiass) Jedinng
Wi Extended Kalman Filter (EKF) Jusniitednanas

WANNISNIU

EKF A msuszanauifladduiilifudadiliduadouileidudadu a 9o
¥91ui19904 (Local Linearization) 1ngld m3ndanlaideu (Jacobian Matrix) daifutum
Sndinunueuiusgosvesilsitutiu q mnduishssuuiignuadmiudaduuduing

ASZUIUNISYINUILLAZDNLANVBIFINTDIAANIUAINUNG (Becker, 2023)
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JUNDULALANNT

[ a1 g a £ A
wuuaeslildudadu fie

X = f (-1, up) + Wi (2.40)
z = h(xp) + vy (2.41)
= A
Xk Ae  anuzvessyuuluIaIi k
we A8 BUNAAIUAY
A [
ze AR MR

Wi has vk Ao AQasuniu
1) dumaun13vitune (Prediction Step)

A1SYINUIEEUE (State Prediction)

R = [ (Ri—1jk-1, ue) (2.42)

Toaddunldidudadu £ Tunsviune

ANSYINUIEAINLUIUTIUTIN (Covariance Prediction)
Pijk—1 = FiPe—1x—1Fi + Qp (2.43)

logil F, Ao wvsndanladou vesileddu £ ifguiuaniug x o 90 11

=

=2 (2.44)

Rpe-1|k-1.Uk

(%
U [y

2) Tumaun15auas (Update Step)

ATuIed Kalman Gain (Kj,)

-1
Kk = Pk|k—1HI’€(HkPk|k—1HI’€ + Rk) (245)
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lng¥l Hy, Ao wnsndladou vesileidu h eufiuaniug x o 90 Zx_qje-1

_on

k=5 .
0% | 211 1e—1

(2.46)

SNARaEnIUg (State Update)
Riepe = Riepe—1 + Kie(zx — HiRpepe—1) (2.47)

TdHaridunladidudady h TuniseuiuanaIninazinle

INANAUWUTUTIUTI (Covariance Update)
Py = (I — K Hi) Prjge—1 (2.48)

FKF 9¢anu5aynnisuszanasbidswazatanubivduauls aunsaltnisrasusiveuas

P a v
Weannistanuwasunfadle

[ = v

26 wAdEIAgITes

nssEUibndsdms v unIuzdmneenlula (AGV) angluaianslasuanuaula
athaunsranslumsideuas e Wiesnseduanuuiiy (Accuracy) Anudeie (Reliability)
uazALMLNIL (Robustness) 799n13¥11UYes AGY vuiifuualifusjadumsnaiutoys
mannvasussnLilaiunaiulunsAnzui et U luus e 1wy
Tsanuniendsdud Jefesnisanumsiulussdvgaaznsnovaussliiin Tuvusideiuf
neneaaduyielrlilunagramngsy ansausnguldssd

N131ANIIUTINAIINVABIULBTHIMTU AGY

LnAnvesnsnasusIteyanvanelwuItes (Multi-Sensor Fusion) tileandasos
vossliteyaviiafen esndeyausazeleidoniu wazdedesunntu mahteyavans
Uszianundszananasaived sdunasiy suiseduiuanldtnauenisasusiudeya
TENIIUGULLDTIFIFUNNS (Relative Sensors) 1881009 U LywgasIeduWS (Relative
Sensors) 9814 Encoder waz IMU @ dlvideyadifianuigusiuszaudamanunainiad ou
agau (Drift) WnuwwlesiBaduysal (Absolute Sensors) A108141U Naas LIDAR %30

[y

UWB &slvidayasmumianedaivanimwinaauuaiininudaninil 819iiyadudyain bse
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Ty IusuNIuLazanmuas lnemsnaudeyadniwulges (B. Cheng et al,, 2024; Guan et
al,, 2024; Teng et al., 2024; Zhang et al., 2024)

Fingadastununiurssunssu

luAu3s Usenaunag Kalman Filter nsasdoyadnvalsunaslunisussanamien
AUNLS way Extended Kalman Filter (EKF) dvsunisaiangiuuazusuusaananiugainen

° o 1% a'

aalaiurueu vaiAeatu 358y 9 feeavu Particle Filter dmiunmsnsestoyaiidudou
wazinaiian1sFeusidedn (Neural Networks) uonaIni§sii3s faoenaivu LS-AKF (Least
Squares-Adaptive Kalman Filter) wae IUPF (Implicit Unscented Particle Filter) EJ”flt;_]ﬂ
Warnduiit oufiuanuusulunsisums (8. Cheng et al., 2024; L. Cheng et al., 2024;
Song et al., 2024; Wan et al., 2024; Xue & Liang, 2024; Zhang et al., 2024; Zhou et al,,
2024)

35 Extended Kalman Filter (EKF)

EKF Idnanedugunsalisnsumsgudildlunisaensindeyadimiv AGY Lilesan
annsadnnistusuuiaesilddudadunardyaiasuniu wu nsfanadunianisves
AGV

wuIneitiiauanuide

mMsnasuTmdeyadviy AGY widsiiaessznsddey Ao nils msvanszuILNS
UszifluuagAndonimuireddunusedisluanmifoadu uag aos Insiannisnsvasy
sudeyalnsentaziaerudfnyvesiunounsUssinanadeyailodi (Pre-processing) i
Uszavsnm Inendinusil Busuainnmesneaeaiieulsyaninmusiazein dwiunisdaden
TneSinsnedt nsuilenusbeuu (Bias Correction) war msdsimindasdundures
AULUIUTIU (Inverse-Variance Weighting) ﬁmasia%a;ﬂa&gﬁuuamwaﬁ'm::w

WBNANNSTUINNNTITE Usaifundnfitiauefonisesnuuy wazifisuaantnenssu
mMsnasusdoyanigly EkF lasfiuuifalyel Ao Blended EKF §31991n Standard EKF
lae Blended EKF vn13viaeusiadeyadin Dead Reckoning wazndaaddeiunoufiay
doudinsswan uagldfigauiliiiuitaunsaainaniny sudunazseieanin Fau 54

I a

Ussgndldmadanfogiiu widunisuiausnszuiunisuasuinnssy Jaszuumaiwnus

Y

AU AGV Fuvue
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27 @yl

Tuundldvhns@nwinswamnssuuniuntadingy AGY egrsasaunau lay
pSurEAMII aniinensay warosAUsznouTEUY AGY 493 IWifiudn nsszysiunia
(Localization) fevladfywesssuudendu 1 vmun

Ideumadiauazisnisine q Aldlunsuisuntsnislueians dmsuisuges
Fumua leun Encoder e iausudes (IMU) Saniladuuus (UWB) uazndoseasde
(CCTV) mdnmahaunazdesesveusuesuiazvin wuilym anunaiaed ouavas
(Cumulative Erron) Tuiuiwadideduing (Encoder, IMU) Faduliaymdndey

iiodanisfudodessinan diaue nmsmasusiudeyaainvatsiuiges (Multi-
Sensor Fusion) uagldesuieiannuvinmefiiietesegisazden lidasdu Jymszuy
VanesnIINTSAuRI0e13 (Multirate Systern) wagimunnsaunsyauiie danisarnul
uieuvestoya ddlituneudnmateyaosiuie nisudluarudesuy (Bias Correction)
way NMstsimingedunduresauelsUsiu (Inverse-Variance Weighting)

vhedign léiinseBuienguijves Mnsesdainuuuueny (Extended Kalman Filter:
FKF) Fafugunsaifildlunisvasusiudeyadiviy AGY szuvitliiduidaduves AGV Lile
i lUldluisideuasinuinsaunsiaudmsunisvasusiuteya AGY Tuuwsialy lunism

FRUIEIMTU AGV 71 Aumuen wagldlaase
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a\ %

S U8UNSIY

3.1 unmdh

msddumsideafaiidulumudfutuneuiisinuslfosadussuy fagu 3.1 Tog
uiart uUsENDUAIBNTEUINNNIA SUANITATBAINNS DU DUNITNIAADY NITHAILA
wuuiaosuarsruuiildlunisuaiudeys aufanisussfiuUsyAnsnmuosdsiwaundy
wmsmsidiunusnangnesnuuulraenadesiuinguszasdueaniside ielvianansa
yadaukarATIRdoUANgNFaesszuUldogudutuneu uavagviounanisiauluwsiay

1 a o 1 I~
TRVONUIVYDYTUFUSIIU

& =
AU NNIAL

Aasissuiuna

mMsitaszilszandavuaznsasnl

ANSHERIUN

nsiszananaliayauaznisilaudanasviu

ATSLALIZIDYA

ATEaNLUNATTVIAA2ILAZNITVIAdal

ANSLASHNANNS

NTTVLNIWITIRATTHLAZ NI TVIAAaULTUL DS )

JUN 3.1 nsudunawisy
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nszuruNsIREgnuUady 3 du
1) N0ONLUVLAZIASYNNITNAABY (Experimental Setup and Design)
FoareSunsunanrlesunIseanuuUTTULFULUY AGY nsideniasfiafusuigesniu
Audnuziazduyueiildmun wazannrlunismeass sawdamadvdeyarisluanne
e aila (Static Test) 1l o3ATIzviANd nynzlamz v dures uagluaniiziad oud
(Dynamic Test) Wlasrusanpdeyadmiumsuseiiuna
2) msiwuNsinnudmsun1sasusIdaya (Sensor Fusion)
lngtiauendinFnansuagisn1s Extended Kalman Filter (EKF) gnusulsdlvioglu
HOAUUU FD
2.1)  Standard EKF dw3uinly
22)  Blended EKF spnuuulsiansauiuimiindeyanuamninvesusiazyin
Finmafutuneuldimadamssanteyadewiu wu nsudludinim
. 8aLun (Bias Correction) waghulrAnnisnandayanisindenisaiaiinin (nverse-
Variance Weighting)
3) naInUsziiuUszansnm (Performance Evaluation)
Feazimuaismsiingsiuasifisunadndnlianisaeddudsusum lagld an
mNuAAALARUIRAETINAEsEes (Root Mean Square Error: RMSE) Wisaguuagdusuliien
ATALLYDY EKF flaaossUiuuLag sy Uiy
Tasa s dumeunisdiiinnuimunldfunisdnisesditedeatudugdu faus

nMsweNdoya MyUseaiana wdNsUssliueg Weliaunsansivaeuwasyigila

3.2 aaUnenssu aunsaluasgennuas

LIAANIIHRILITEUUMIWIUIdInTU AGY neldantdnenssy "n1sAIuANan
drunanslagldszuundes (Centralized Control with Vision System)” Faduaanilnenssud
wiunsUszanudeyaanvansunas ieatuayunissudiumiaaznsndoulmves AGY
Tuituiarin iuandunuuazanaududouossa AGY uiazdu waAndsnaingsling
Uszananandnifinduneuendasn lnefinthauaudmnarsiminfinunuwegdun
Yoy deudsaunisiivszdiuldnduluauny AGY uuuseulal stuvidasannisznis
AMurauuisauazifinmuaansalumsinusmiuseivasdu msdrensdunily

dqunansuuseaniuassdiu Town
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9

1) laseadieiugiu (nfrastructure) FeUsenaumenaen I uingNAnAeg lunud

nadey Wiviesdmiumwinnm warseuunseTneideulesgunsalnmunidie iy

¥
6 A

2) 30 AGV FefinfgulwesNugIu U Encoder IMU wag UWB dwsuldlunisssy
Auvdaluiage
ANUFUNUS ¥ 1vdIuUTEnaUNtaRIgneanuuulivinIus iy degy 3.2 lag

eavdunvesgunIal e1aus uastendwisnldlunisideasuandluiidednly

c:CCTV Central
amera Control Unit

(Remote Wi-Fi)
. =

Wi-Fi
communication

Q\:z_/ Ultrasonic

Sensors
(Obstacle Avoidance)

U 3.2 an1UnenssusyuuAIUANIINEILNANY

3.21 d'su%'uifmnmﬂuan: AN1V932UU (Eyes: The Perception Layer)

drutliaiiouniinvesssuurivian lagldlaseadaiugiunSuteyanmsiu

' o
] a va 0%

YoINUNUHURNIVIavHAANYNES (God's-eye view)
1) 52UUNaBINATUA (CCTV System): Tndea TP-Link Tapo C200 Aauens

Tugui 3.38nRsl30umAuATOUANALTINITYINUaNLA M IanvesduilAanIsHs

v

TayanIniflenaiiles (Video Stream) lUgsdrumvaunatsiiiavinisuseuianaludidy

Y

dald
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5U# 3.3 nde9asia TP-Link Tapo C200

2) sruudanitliduuus (UWB System): Usenaunlsaunsaldsdeyeyiod

[ Ag]
[

(Anchors) 31 ESP32 UWB DW1000 fie3U 3.4 97u3u 4 77 Anfeniuyuvesiunuiuiinig
wazgUnsalsudyand (Tag) NARAIVLAD AGY S8UUIVITMINTIATEEEM198WINe Tag uae

Anchors LiifAWINM X, y 183 AGV uagataya x, y (Position Data) lUgdiumuaunang

»
>
>

»

»

»

»

.

»

-

'y =

U7 3.4 Sandiladuuud ESP32 UWB DW1000

3.2.2 d7UAIUANNATN: dNBIVBITEUY (Brain: The Control Layer)
drumuaunaimiiialouaudUssaianandnvesssuu nelifudeyad

AnsavumisanazeglufiuinageuuiiunszuIunsAwaLuuduaduty (Processing

Pipeline) taaietayaasuililunisdndulamuauves AGY urazau
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[

nsvuaumsiungluresdumuAunasaInauls fil

1) msuszalananIn (Computer Vision)
ssuvazsudeyanmainndesaindiusug (Perception Layer) tlavanfuinge
wediansuesiuresanfinees wu namsadusumisasfngflaulanigluiiud

UURNNT F9570DIN1TTLYVDUAVRY AGV 130ENAYINN tawnseuteayadmiu

[
[

TuRBUNTIATIRTLUERUEALY

2) MIIALNULLAZN1TIANT5T0 (Localization & Fleet Management)
doyannmIdunazgmitnuiuiomun x, v iBsiufifuiugives AGY u
azAuluszuy Ingldnszurunisvasusiudaya (Sensor Fusion) H1W3F Extended
Kalman Filter (EKF) w3a Blended EKF a1niiuszuuazdnnisnisia AGY enunli
Furusiuiioannsvunar sr oz e uduN 19T

3) AISINLKULEUNS (Path Planning)
ileg x, y fagtiuvessoudd szuvagihmsmauazanadumsivnsaudimiy

AGV WAazAU tAENANTUNTITIAIUTEILNIG A9NAU19 waztd1u1en15 U89 AGY

1 1 =

PnUuAdINIsindeulnIazgndwmnusEuvdsanswuulians (W MQTT Protocol)

Tuddulfuinisuudisaiedtunsaumdsuusualng

3.23  dwufjianis: dasa AGY

1 a va < o A o Y o 1 o o Y

drudfuinmsdutunimiiiveusedinszuuaiuaunatndng AGY
333 IngusazAuas AGV lasumsesnwuulniilassasiauseudty Wiminu wasaiunse
novaupsAdalfog g luaIRse WeuauedosikazanaududeulunisaIua
Fsavimifnanlunssudenainmiieauaunad Wy AMERNUSaERLTAN1 91NTY
amwinunglulilasroulniaaeivemisaiiotuindounuAIdINNGTd SEUUdEusad
TayaaniuznIadeunnduludinudaivay weldlunisusuusmseunludunaldegng
J A
mollo

1) AGV ildeu iuduuuu @e3U 3.5 (BALTY ROBOT) Gagnaenuuuly
TUARDUAIETEUY dodaseuuuaadas (Differential Drive System) lnganunsanyulaseou
Y = vy o Y AL % @ D Y a o
Abes waztAdaud neg1audugluiuidndn Nidlaseadgniauilisessunisings

wuaivangyiiaiveldlunisvasusiudeya Wi Encoder IMU wag CCTV
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2) wiieAIuANEEUUaTA (Onboard Controller)

[y

19 NVIDIA Jetson Nano vintinf il uanainauudise Suaidaseauas

Y

¥

PNFINIT wagldtayanniugesuuiisaiioniuanuaimesiiuuesa Teensy 4.1 o

LAADUNANUANES

U7 3.5 AGV. BALTY ROBOT

3) YAULYDTUUAITA (Onboard Sensors)

A 9 v 44' g v Y @ o o ]
wWieliszuu AGY annsaindeuilvidenadeiumdaindiumuaunans
Jaladnss gaugesuuise weldlunisnsirasuuazuduninugniearein1sniuase

12

wulgeswaidunuimdAglunsiideyaieusuna wu ssey ANuSUTWN way yuia
mensviyy Fegnihluldlunssuiunmsvasusiudeya (Sensor Fusion) LiveLiaAauifiesnss

YNNI X, ¥
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Encoder lddunsuinszagnisazanuindaduresds lngaruinain
SruiediiAnturrdonyu feggunsalilld fusu 3.6 Fedelfsruuanunsaussdi
MaiAdeuTluLIEURSS

IMU (Inertial Measurement Unit) T4d1%5uns193un1svyuaznsides
Y0470 lUTN T TRMSNTITUATINTINTALUTBULNY X, y UaE Z VDI UNIMUE fa5U
3.7 deyaan IMU azgnldsaududoyasin Encoder ilafuinsuiiryanazamuiiudag
VO3 AGY

U7 3.7 IMU

4) n1sdadouaanuEnau (Status Feedback)
AGV agilszuudeayaaniuguaintsinaunsulududsniesnans e

Ilunsfemusarysedivdsednsnnnisviunuueeulal Teyadinanienausenausieg
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x, y Y990 AuEy guiiania w3ean1usvedn1sne Wy “Ga9anuneudl” nie “n13na
i@59auysel”)

msdﬁagaﬁgﬂqumi?{ammmm%ﬁdm MQTT (Message Queuing Telemetry
Transport) § . ulusTaneani3d oa15wuy publish-subscribe LNz UTEUU 0T waz
\w3etneiifuuudinvidrda MOTT drelinsdsdoyatianusaig dwdnu uazanse
vauldegnafiadesnmuluanigineteldnad

nsneaedld AGV fiuluu BALTY AGV Fadlusaduirdeuuuu Differential Drive lng
fivtrefuiumdndu NVIDIA Jetson Nano vimiinfideanssevinesdasafussuunieuen
LLawnuqumaﬁwmumaqswwé’ﬂﬁwm s2ufiv lulasmoulnsaiass Teensy 4.1 Favi
wihfldeuseuazrmuauMIsUAANWLLLeS 19U Encoder Lay IMU
MU nsuanduiunisfeniw Python tiesnnilianudangugs 1Haude uas
5995UlaUTIMEIAMNTTULAEINYINITABNAILADS 191 OpenCV, NumPy Wag paho-matt
dielflunsuszinananin nsdadsiitay uasnsdeansdeyaseninsaunsal
SEUUNISA0a1555W319 AGY waz 1i5iaesnans 19 1uslnaea MQTT (Message Queuing

Ly

Telemetry Transport) Fa.duu1nsgiunsieaisuuy publish-subscribe AfiuniniuILaz
¢

Usgdninmes mngdmsunmsiwenlesdaualuiaietny loT (intemet of Things) Adlgunsal

AUy leegunsaluaglusunsunannsned 3.1

M50 3.1 emsaunIaiuaztensins

NUIANY S18N15 %’agaﬁﬂmw/wﬁﬂﬁ
T0 AGV AGV AUKUU (BALTY - 9UR: 0.4x0.3x0.6 4.
ROBOT) - szuUtuLmaeu: Differential Drive

- 8 UsEUIaNaKan: NVIDIA Jetson Nano

- UasRAIUANLBLNDS: Teensy 4.1

WULEES | Nelmas Wi Encoder | - Ju: JGB37-520 high-torque
(Fansluga) - M9 INTEEENILALNANIINITLARDUN
IMU - 3U: WitMotion WT901C

- wif: FaAAIsATUEY SnTNTUTIYY

WAz
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M139 3.1 TemsaunIaluazwedws (v

e LolEY 578015 dayadnwiz/mii

sanihduuun (UWB) | - 3u: ESP32 UWB DW1000
- T SaszeriasEning AGV (Tag) way

9091984 (Anchors)

NAB39sUA (CCTV) - 3U: TP-Link Tapo C200
- T ATIIIVLALI X, Y VD9 AGV 210
UUDIPUUY
goWAws | Awlusunsu - Python: MW uAIINAIUIID EKF uag
WATIIURYA
lslameadeans - MQTT: 140w Broker dwsusu-dedeya

SEMINUYULL DAL NUNUTEUIARNANAN

nlAsassandnenssuvasssuukasyngunsain laesutelitiaduy nuidedle
WAWINTZUIUNTANTUNISVIAAR WAz UTRLATaEUTZAY 119910 SEUUTugIU (CCTV
Lay UWB) uag uudlsa (Encoder hag IMU) 8 ausasydaunna1eiu wweldsuiuly

N¥UIUNTVIRBNTINTeYA (Sensor Fusion Algorithm)

'
= o

nszurunavaeusdonaluiuiTedls 35 Extended Kalman Filter (EKF) 44
unumddalunisuindeyanniidannalivyueunazdnsinisduiaogiaunnsineiy
Tnewfumsfiauuuudiasstaznszuiumsmumnivangay ieifiunudiemsawesnism
x, ydmsu AGV meldanidnenssunisaivuauwuusinaug (Centralized Vision-Based

Control Architecture)

3.3 N1999NLUUNTITNAABY (Experiment Design)
oo s A o [ ¥ a ° [
nsnaaestiilingusvasAivedninularIusIndeyailannaes (Dataset) dmsully
nsUszllunuaudRnazUssaninmvesisviasusiuteya (Sensor Fusion Algorithm) #1ld
Wawn nseaniuunaaesLiunsngluiiunniuauanide Wiednaesan1mnisinay
39VBITLUUAIUAN AGY Iaglutnaiuinaaauiiniu 4 x 8 luns fagu 3.8 uNBIINNADS

CCTV 19 4 flUNUANAEaUAINSUNISAAANAILALIUDY AGY Aegu 3.9
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USnauiiunaenanalaangg 1assasieiugiunieuen (External Sensor Infrastructure) Liie
soe5uNInTTusaziiutoya aeld ndaiastln (CCTV) Andsludnvasyuuesninduuu
(Top-Down View) wiialdlunisinaiy x, y ve35n AGV wag gunsal Ultra-Wideband (UWB

Anchors) 91U3U 4 30 FasslumumiiivgauseuiuinegeunseAuaLaIUsEa 0.6

al

WA W lElUNITINSELLA A UIUALAUIUDY AGY TULTeNy

CAM 4 (-1.14,9.18)
@ ® CAM 3 (4.58, 8.93) ®

Anchor4 (-0.6, 9.0 (0:8) Anchor 1 (4.685, 9.0)

Y(m)

@ CAM2(4.78,1.85)

Anchor3 (-0 6, -0.225) Anchor 2 (4.685, -0.225)
@ (00 X(m) (400 @

® CcAM1(-0.1,-1.15)

JUT 3.8 FUnIAARINAB9aTUAKAE Anchor

JUT 3.9 3u119991nndRe CCTV 919 4 Mluiuivaaaud miun1sinmusmumies AGY
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o

nsgvrumsnaaeslusuideddiiunsludnumeaoins Yssinanauuveonlar (Offline
Processing) Famefis N39ANULATTIUTINTRYaAU (Raw Data) 91NIWULRSIININNNIT
naassaislinsuiiunazanysaiiga eldidugrudoyadmsunismuianiendsly
TUTUNTUIATIINANITVINIUVBITEUY

TayanltivzgnindidlusunsuiioaniunsinseidaiivazieuUsednsnneesisn

[ (%
% =

WAWITY Laglusean A9l
33.1 waseuluaniizvgais (Static Test)
ﬂ’]iVI@ﬁ@Uiuﬂﬂ’]’wﬂqmﬁlQQﬂ@@ﬂLLUU%ULﬁaﬂigLﬁUQQWMLLlI'uLLaSLﬂaEJiﬂ’]W
YBITLUUM x, y 9InA8un (External Localization Systems) Gsludaiuilld UWB wag CCTV
Hugunsaindnlunisnsiadum x y vesanaaeviinmunliarminingussasdueenis
wmaauﬁaLﬁlammaaummgﬂﬁmLs‘z?whLmﬁwauwfazﬁ’a ADUNYUAUUANAIVD S
wAlANTAIWIN X, y Tugukuuag 9 neufiaztmadnsluldlunsinseviiasrasusiy
Toyasaly
noUszasn
1) WieuUsyansn naedlinnIsAILI X, y Al UWB 5811930 Trilateration
(3P method) 314 Anchor 3 7 waz33 Triangular (2P method) @314 Anchor 2 &
2) 1EUAMULIUVRITOUAUBI X, y i1§m191n35e1umAI09 UWB 523131933
ToF uagis RSS|
3) eusziduauululunisn x y 1995zuUndas CCTV Ma991nN Y
nsvuaumsuilunudaideivesaud (Lens Distortion Correction)
1) ioiSeuiisuanuuwsiugilaesanseninesyuu UWB (feiiiiafgn) uay
s¥UU CCTV
Suneutazdouls
1) AvUAR UMY IAgeY FNUAYAYAREUT NIIUAIR AALUUeY (Ground
Truth) 18 4 sundsnnslufiufivaassuuin dx8 was Weuaida (1,1), (3,1), (1,7), wag (3,7)
e 3.8
2) MAUARUAANIUOY AGY 4 UaaziwnLanagay 98915919 AGV Tviviu
MlUMULNTANI 4 e Am 0, 90, 180, way 270 B3AT LBUAULNY X lonsa9aeun
Arnnsesiisaiinasennuiiulunsin
3) fiutioya luuday x, y uazusagsufiama sgyhnstuinteya x, y Aetuls

MNTEUU UWB lay CCTV
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4) N13NAABITI NTTUIUNINMUATLYNINGIT I 3 Asslunyniteuly el

lodoyaimhluimaem
5) thadeyafisunuldtmuaussnanaiiodfioua Eror Tesusiazinaie
mudaly
332 wagauluan1iziedoudi (Dynamic Test)
mswmaauiuamwLﬂﬁauﬁLﬂuﬁi‘?umauﬁwﬁ’msuaﬂﬂizmumsnm’mﬁaga
(Dataset Collection) iieldlun1siiaseaussourvesszuuneldieulunmsinnuass lng
JatfumsUszidunginssuveseulwoilagnsanaziuiunusazindoud dsliaansa
Funaldluanneveais Wy n1siia amnuAaIaIAAouayay (Drift Error) Sulflesnainaliy

AeLlpIuauduMT ANSY uaznsABuYLTiATNg

v
=3

nmnegeuludIniiaueen laun
1) yeaeuLiiensesinudnume
2) weaeutilesIUTINTeyaiasn AGY
3.3.2.1 nageuLiieiaTginadn v d a5
nanaaeuludaudiatulufinnfutoyaluannsdumaniees
AGV LiteAnszsindnumsiugiuesusiazyia 1y anula n1smeuausrenuise way
mmﬂmwam@muﬁmmﬁmﬁu
foyaildargninluldlunsuiusuuuiaemsadnmaniuazdunaunis
waousIMTeya (Sensor Fusion) tielsfszuvanansamulnsumialdeg1ausiuginiold
GHRPERRN
nOUszan
1) enuruyateyafiauysalfsusznaumedeyaaniduiesnuda (UWB
CCTV Encoder wag IMU) wieuifunan (Timestamp) finssiu meldan1zaugu
2) ilousufiupnuuidug (Accuracy) was@inudnuaues N33y X, y WAay
Wuwesweniu lnewSeuiieuiudunieg1984339 (Ground Truth Path) lu
N1591 x, y A8 UWB
NS X, y fe CCTV
AU X, y ANEUNALEAY Dead Reckoning (31n Encoder wag
IMU)
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3) Wednyyavteyas 1989 ug1u (Baseline Dataset) 7 19 lun15UseLiiuy
ausInuTvRLTUILTURarUsELAN Lagynt i

Tayadinud1Ayran1sIAIIeRanYIEN1T

Mukaztedimanizvesdasisuges wWeoldidudeyassiulunisimuisasysuuss
TUNBUNTVIRNTINTRYAT N8N

JURDULAZIIBULY

1) AMruALdUN1 N1sneasdaslddun1anidu 1dun1anse (Linear Motion) wile
IpTiRunvUzTRLT U3

2 o a 19 A a v =
2) MIMIUANAIINTY NMINAaRzaLlunsagly AGV 1adauimennus
DAY 2 S¥AU AB 0.27 WASAUN way 0.4 WAS/AU

3) mstuindeya 559397 AGV LR eud ‘vT’]ﬂﬁﬁ’uﬁﬂﬁé’f@gaauﬁgﬂﬂﬁmw%uﬁu
athesiaiilos Feusznause
Yoyaruiaan UWB (Position data from UWB)
Uoyasumnisa1n CCTV (Location data from CCTV)
UoYaN1IMIUYBIR831N Encoder (Encoder data)
UoyanAnN1931n IMU (direction data from the IMU)
) Fnandosdu ﬁﬁ%’ayjaLLGiazﬁaﬁmmﬁﬂmmﬁumqmim?{auﬁ (Path

Trajectory) LENANNLARYSEUULTULYRS

5 Ansgvindnuae dldunaduinlawiasssuunUTeumeuiudunig

£19999549 (Ground Truth Path) i 93LAS1¥% %A1 RMSE LagAnu13URUULRNIEAIVBY
= & 1 a A ~
LHULDS LART LA MAN1IZLARDUN

3.3.2.2 negauliloTIuTINdayadisn AGY dmiulsnisvaeusiudeya

n1snadevludiuilasunisesnuuulaediingussasdiadniuias
swTNteya (Dataset) dwsuihluldlumsiawnasussdiuussdvinmuesdanesiiuns

reuTINteya Favtnauestvadualuinte 3.4 nsimundanesudmsunisvasusiy
Toya NYYad

o

1aRIANILNTARBUNIZIVDY AGV taganiglunsmivng
5¥UU Dead Reckoning o A8 03a31nt9ULY03

ANSNAADIL

Encoder way IMU %98 burluuy agLin

ANUAAIALARBUAYEL (Accumulated Drift Error) Wianainiuly dsnabidiwnusnanuinle
WWEUUIINAR34

TayanIvTINIINNTnaesiiFgniuildlunsussiivaussousves

gane3fiun1svasusIudaya (Sensor Fusion Algorithm) Lo Waund uluawided e
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nageuaNasalunsandeianainazauLazifinauwsiug1vesnsseysumaly
anmemaAAeuiaTiues AGY

Tnguszase

1) denusuadoyaiiauysalludumsiudeunaziinaden dadumeliiaa orift
Error Tun13A1ULUY Dead Reckoning

¥

Jayaud1 (Input) &m$U35 Standard

Y

2) teyanivageu (Test Dataset) 10y
EKF wag Blended EKF shiadnly ileiflsunisszysumisngldaniozass
Fupounsdiiunu
2.1) WWumansiadeuil AGV azideudilumudumadidun Usenause
L&#UMTY (Straight Section) wag Lgm/mgu (Rotating Section) Inaianau el
Suduiiidn (x=0, y=7)
waouTdudunssludsfidn (x=1, y=7) WAL
o fuvnlsdanan sns UL Tieng
i dumafudunsdneds wasvganisiadoudi
2.2) mstuiindeya: vhmstufindoyannidumesiisdestimmniiorldly
nszvIuMsvaeusIudeya dun CCTV, Encoder, uaz IMU etnssiilosnasn
2.3) doyaildannimanssisunazgnimfvegadussuy iieldidu
Foyasumilutunaunisiaun Tasssnsn1svinuresdinismasusaudeya (Sensor Fusion
Framework) saztiiausluiadedaly lnodgauszasdifiolflunisiinszinaziuiouidio

UszANSN1MveIswUY Standard EKF way Blended EKF aghadugisutunau

3.4 m'sﬁ'mmnsaum'ivi"muei"m%’umwaamw%’ayja (Sensor Fusion

Framework)
aAfeid Ao meimuInsaUNEYNu (Framework) dwmiunsvasusindeyainn
JuwosFunusvatoviin Ineddanedfin Extended Kalman Filter (EKF) Tunnsuszanauen
anuzves AGV nseummhauielfisulsyaviamseninanisvaensaudeya Ae Standard
FKF WA Blended EKF feil
3.4.1 ﬁm’amﬁ'agmﬁméfﬂ (Data Pre-processing)
NouNToyaNLTULYDT WA Az UTELANIYIE NTEUIUNITNABUTINTOYA

Indudsaiutuneunisuszinanailewy eliuugsnunmeesdoyaliiinuaenadas
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anANLAAIALAAEY LazlfiuALU T oRevaIrans T TeinsTUIuNSHIna1UsENeUR Y
aosiuneundn fuwielul
3.4.1.1 nsudlvrudesuu (Bias Correction)
\iean error vaadumoiudazin avvhmsussdiusazudlumniy
Josuulaemsimumaridosuuedossrineiialdanduses () fumdsdads (GT)

AINANNT
— 1
bs = N ItV=1(St — GTy) (3.1)

Tng St AeAinlaannuwas au 13an t wag GT, ABAID198991NLEUNN9939 GT Tuan

ey A1 St AwAluainrualag

nsvUILNsdiazdieandn RMSE vosdayaiu
3.4.1.2 gheumtingedundurasmuudsusiu (nverseVariance Weighting)
nasanuilonudeauund, %’azﬂamgﬂzﬁaﬁmamﬁmﬁ’ﬂmaaﬁﬁ
M Bumesiiimanuudsusiu (09 s demdeiiegeniuagesiimin
(w) Finnndn Tnefuanmiuaunis

W, = (3.3)

8-

NUURYINNTUTULRsgIULmEn (Normalize) Wivelvinaginvasuminvianuayiniu 1

w =" (3.4)

L M .
Zj:le

Tnedl M fs Sruudugesvisnn Anhwinfivsuaasguuwdrdldluisnis seld
3.4.2 #5849 Standard EKF (Normal Series Fusion EKF)
Tutumeaull Amnsed EKF aglduuuaiase (Motion Model) va95a AGV 591U
4 & d' d' 1 d' L4 1
TUAINLYULLETIANITLAGBUT WU IMU wae Encoder LaAIANTANIUEYRITEUY (WU

Auwiawazyuiianig) lugranandaly fansestvinnudunszuiunsidadiiu (Sequential
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(% (%

Process) wiauaUszifiumanuliiuusuveinsussanaeaugluduneuilde wazyinue
2 Fumouldun Funeunisiune (Prediction Step) LLaz%gumauﬂﬁU%Juﬂiﬁ (Update Step)
Ivinl3aundt 2 &ell

3.4.2.1 Fumeunsviune (Prediction Step)

Tudumnoud Ainsee EKF azldwuudItasd (Motion Model) 98950

=

AGV saufutaganiuau (u) NLULLRTIANTSIARDUN LYW Dead Reckoning (IMU Wag
Encoder) {aAInAN15aian1ueveseuy (Wi duwniakazfiayun) ludiaidald wieuns
Uszilluarauliuiueuvesnmsviune ey

3.4.2.2 %umaumsﬂ%’uﬂqa (Update Step)

v
A ¥

dlo¥n (z) Mndugesneuen (uiilAondss CCTV) W dinses
EKF aﬂ%ﬁﬁaa&aé’mdmﬁa azUSuAmsUsznaaaurlilngifosuiasanniy Tnefua
fin Kalman Gain titednsimdnsssinemiildanuuusiansnisindeuiivazaildainnisia
39 udnhanuiundanuses AGV Tiiiamaiusiughgedu
lusuiuy EKF mmgmﬁy miﬂ%ﬂgqm%ﬁmﬁu WUUEIAU (Sequentially) na1ife agld
ToyaaNNTInVeLAaL i lULFaL TIUVRININTBY
3.4.3 N1599NLUUAINTDY Blended EKF (WINNITUNANUDI9IUITE)

Blended EKF gnianund uiit oudlat uidunialagdssanailisuiu
(Unsmooth Trajectory) 3a:Ana1nn157 Standard EKF ARIHAUNITONLANTENTNTDYAN
naed (CAM) ﬁiumuqq kay Dead Reckoning 7t error azay

LWIAA D N3 Hay (Blend) Toyan15InINNGBY (zcay) Hardayadnn Dead
Reckoning (zpg) 1R8I ﬁwﬁﬂu%umaumiu%’wga (Update Step) ¥09 EKF n1swaviiaz

a51970AN1TININY (Zpiens) TIUYILAANITAUVRIANUTELUUAZY I LALF UM T1UTY

'
a

897U YA IURINENNTS

Zplend = %camZcam t QarZar (3.5)

18N acay HaT agr Ao AUIMUNANMUAlAUTayaaINNdBduay Dead Reckoning

puasudasondulumutauly

Acam + Agr = 1 (3.6)
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AR LW UUBUYBITOYATINANKET Ruen @11N5DUTENNILARIN

Rpiena = @éamReam + aG-Rar (3.7)

NTUT 2, 0ng B8 Rpjend Luldlunisusudse (Update Step) 984 EKF n1sidondn
hwiin o ansnsoshldlpemsvasesvioyiugunslinuais

winnaLazlseelalunsiamn Blended EKF

mInaudeyanouddiunsumssinnves EKF darmdndudosandeyaninndes
(CAM) Fnd A urIug RN dadea1ulas 191 n1suadauiediy wazaua191lunns
Uszanananin dawalininnisdunesarsunis (itter) wazaulusoidoswsudunisd
Uszanaan Tuvaugiifoyaain Dead Reckoning (DR) wiaeilmnusieilesd wilidedfinddry
ForuRnnanaazau (drift) Afindunusveznaiuagsvezng 314 Standard EKF dadu
wndedeyaneumedifiesiafodluusazads viliidunedlddaunsslan (ump)
y3ofinisunislugaadl CAM T noise g4 faifu Blended EKF Ssgnitmunduifioannanseny
99 noise MARTUANIZEN LaviiuAnuTUIuvestayanoudgnszuIuns Estimate

AULANAITENIN Standard EKF wae Blended EKF

Standard EKF M58 Uianan1ugmetayan1sinainunadiigs i CAM w3e DR
pudiidrunlunaidy eenariilinanisussanasiundsmeuauesse noise uniAuly
Tuvauzdl Blended EKF azaisdoyanisialmi Zp eng91nnssindoya CAM wag DR oy
nsduian vilvdeyailduilvaausidnvazaunasznitsnusiowos (a0 DR) uazAy
usiugn (310 CAM) danaliidunieiivszanadianusviutagaiauenin Standard EKF
98137

msdenesihmin aauerandeievensuises

103 AL A pghay AppannInfmusnsp I eievoseyaiiintuass las
§1983AAIILUTUTIU (Variance) Yasdayandannsvin Bias Correction dsagiiousyfuaiy
adesvosdeyaisumefsiarsia wuweiiimuudsusuhagldsuamimngend
wuvnsiitnelsl Blended EKF Usussunmsidedoyavesusazsumeslimnyanfvanne
MR LagthoanmuraaAReulagTILTBITEUL
sUnuusmEndueseyainauud (4lunissuian)

i1y Blended EKF ansnsaviausanfulnssaiafiuves Measurement Model I

v

pgaNysal anunsalisuleyanauuadlusliuvsndeiail
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Xblend XcAM XDR
Z = =« +a (3.8)
blend [yblend] CAM [YCAM] DR [YDR]
L.Lazm'mL%aﬁ’wuaamﬁmamé’uﬂu
R = a2,y Rrany + 3R (3.9)
blend — “CAM\CAM DR'‘*DR .

Foilfanansounuiirinsindaluannssuneves EKF Tdlaenss
UszloviangAngsuved Blended EKF
INN15NAGBT NUTUFUN1ALAN Blended EKF danusiuiunasannisduves
Fundlddnda Standard EKF Tnslangludiadsildmiedisiindasdl noise g9 nisua
Yoyanouldng EKF dsthsanauidanainiiiingin drift ¥e1 DR LAZAANITUAIIVBIAT
Fumaan CAM vhliantsUszanaswmlsiinnudeiewasadosuntu imuzdmiu

AUTTYANUS AGY N0 IAUNUATIUEN1IZLING DU

35  msAumnAndudszananisuan (Olx, Oly) $i78 Optuna waz TPE Sampler

AduUsEANENIHAL O, Lae a'yLﬁuaaﬁﬂszﬂauﬁwﬁ@ﬁﬁmummmé’uﬂ’uéﬁwiw
foyaanndos (CAM) uazdeyaainszuu Dead Reckoning ludunsunisastsdnis¥aiinas
(Blended Measurement) 15y Blended EKF nnsideneiimangauiilisansesaunsoan
AUARIALAA BUYB IR IUSEIN e wazE e AU aianuseliieanng ety Tumna

nAUAUW INAMUAAT lUNNZ ANV AR L ALNAI W ANLRANa ALY TnetanisTu

'
[

annuInRaNdy N MAINNGRsANNKUTUTINEN

o

3T 341Y Optuna F e dwnsuIsndnsuAum AN nes 3eiaulaeg
Faludf LareNLUUNIFINTUIIUT A BIN 1SN UUSZENTAINLTY Bayesian Optimization

(Akiba et al., 2019) Optuna T4’ naln Tree-structured Parzen Estimator (TPE) Tunns

a

1 1 vy a Ao 1 1 Y1 v saa ! 1 Id
Lﬂuaﬂ'lW’]i']llL(ﬂE]ﬂMN IG]EJE]’?]?’]LLUUI%?]UM']U’SL’JWVI&JLLU'JIU?,JQ’]ﬁlﬂﬁﬂ’lNaaWﬁVIﬂﬂ'ﬂaﬂ’NL‘Uu

szuv danesiiuiliduwnfailasunisiauilag (Bergstra et al., 2011) wagldsunsiiaanin

Tvinafna13sdunmlunazisnislamias ankuus iy

9 9



53

3.5.1 dlenduinguszeasa (Objective Function)
N5UsTUANUMINE ALY YANIT1Tm a5 1URaTTn RMSEgy Sefiansan
ANUAAIALAA BULTIANLAUIUULNY X BAZ Y SEMINNAAN5D1N Blended EKF hag@bALs

334 (Ground Truth) Inefwuadgymlvegluguuuunmiaisiian fail

min RMSExy (ay, a,) (3.10)
Ay, Ay

Optuna AgNARBIAINITIEMBTIAaYE WAIAIWINAINITIANALLAZSY Blended EKF naon
F2918183N VAR ANt uTsdaAuAaIAAG Y RMSE lidAumwisdinesiileld
U5uUsslumaves Bayesian Optimization islunumannisves (Akiba et al., 2019)
3.5.2 %#anNN15v8Ye TPE Sampler
TPE Wudanesiiuiadswuuiasininseaneivesmineaniadnsy
\AavInaeLa) Insuwlstoyaoanduaasnga laun
1) nguArlinadwsa Aefniilvidn RMSE fndinmusi
2) nguATTIFadwsliR Aor19l RMSE geninnausi
Tpeia1TUINNULLIAAYBY (Bergstra et al,, 2011)
9Nty TPE avadrauuusiass density gosiled®u e
[(x): manhazduresmsniiwesieglundunadnsia
g (x0): mnuthazfuvesnaiivesioglungumadnsilsia
oo x = (ay, ay)

ANDINUILABNAINISINLADST MUINUSHIUNYIN IToRnSdIU

J163)

(3.11)
g(x)

fifnganan JaneisuTnunivunldulvaianuidanainninitusiney

gy P o & A v | o @ ' ° o v
nalnfigael TPE drsaniuiinsAurianizduidanunisgs Yreaniiuiusouiines
NAaIaIRY NIUYEAY LavlU1nUNaNn15Y89 Bayesian Optimization 91 (Snoek et al.,

2012) Toaualiluanusmunisiiulseansnnnis 1 dwasi39@na

v
4

3.5.3 NISA9AINITAUNI

[y

UIY

o [

dnmuaaulylunisAaurmnis dmeseal
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Y9VDINFIANDT
ay, ay, € [0.0, 1.0] (3.12)

UILAIANITAUNN: 8nA1 RMSE (minimize)
$1uausaUNAGaY: 100-300 50U Lieli TPE fifeyaifissmelunisuiuuss
wuudnaes
Supeuwes Optuna luusiazseulsznoudg
1) dondmnsiiied (y, Ay )9nkuudiasves TPE

2) AUIANNNTIANEL
Zojend = AxZepy T Ay Zpy (3.13)

3) $u Blended EKF naantdun1anaaad

4) a1 RMSE yy wazdslit Optuna

5) wuudnaesved TPE gnduinasienaansil
6) VguniazaTUIwINTeUTit s

HIBNTLUIUMTAUMNAUANAY TEUUILIIBUANIMINZaN TN
v
(ay, ay (3.14)
Fagniluldiu Blended EKF

3.6 wnaeinnsuszidiulszansnin (Performance Evaluation)

W 0YNS T UUSEANE AINVBIUUINIINITIN X, ¥ WAazLUY Naludrulssiiu
WuwesuaznsuseiiuiSmvasusiudeya daldmmundsuinm ieldansaaguuals
agedotie

nasivdndildlunsinauulugivessyuu fie ArrurainedsusinvesAeay
fdsees (Root Mean Square Error: RMSE) @asiusad Sannsadadeuldiieusyifiuniny

WANAINTENINAINTTUUAIRALLULANUAIDSY 1ne RMSE
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3.6.1 UYIULATNITATUIUAT RMSE

A1 RMSE 9£0nAUIM S2n39 M3 suuLdunN19919849 (Ground Truth)

v

o | 14 aa v ! a v !
umumisnusealaanis NN YALIAINADALTUNIINITNAGDI AN RMSE vuagninay

(%
o

nefIsHuiaANNngnd1 Jaunslunisauineial

1 N ~

RMSEy = [251, (G =20 + 0= 909 5.15)
1 ~

RMSE, = \/;Zﬁl((xi — %)?) (3.16)
1 ~

RMSE, = [15Y (G- 909 B17)

Tnef

N o dunugadeyariomn

(x;, yi) fo ffuesduviuednsdaas (Ground Truth) sy v3and i

i, Vi Ao Afnvewhunisiivszanadldennds a el i

RMSE,, RMSE, RMSE, v Root Mean Square Error Guaﬂﬁgﬂ 2 WNU (XiagY) ved
X U84 Y Aua1au
3.6.2 Hy1uLazN13ATUINUAT RMSE
A1 RMSE %gﬂﬁm%ﬁawizawﬁmwé’qﬁ
1) msUseliulsyansnmueaduiwes
Toya "MIMARBIHUATY" (HTe 3.3.2.1) 11AUINUAT RMSE v8aiduns
filsanseunszysumiausiazsuuneniu (UWB, CCTV, uag Dead Reckoning) Tneniteuify
Fumadnedeass Tumsussiiugssavsnmasiure udumosunazain
2) msUszuIsnsviaeusIteya
1938 "NINAaRINIINaeNTINTeYA" (TR 3.3.2.2) NAUINAIYTT
Standard EKF wag Blended EKF
fuaA RMSE veadunmslagUssana (Estimated Path) ldannass
809 AU UNULEUN19D1989939
WguRn RMSE 1l oa3U31355uUnunla (Standard EKF 1130 Blended

EKF) anansaliRadnsnim x, y flanuuduganinniglaaniiznisnaaes
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3.7 dsd

]

unit 3 nauesudeuisiseedraduszuy swnlasiadrsanrtnenssuuuy
AIUANINAIUNANIAIETZUUNA DY ﬂﬁfﬁ‘vmﬁ’qﬂﬂiﬂjLLaB%@WG{LL’J{VIAI% (CCTV, UWB,
Encoder, IMU, MQTT wag Python) Iﬂﬁ]uax‘iﬂ’ﬁ@@ﬂLL‘U‘Uﬂ’]i‘VlﬂaENLﬁ@LﬁU%@QﬂﬁQLLUUMQQ
Jauazuuuind oudilufluiinageusuin 4x8 was uanaini dildesuienseunsvinay
dmsumsvasusiuteya Tasisuainnsusulsinanindoyasie Bias Corection uay
Inverse-Variance Weighting 9101 ustauiuasiussuifi susanesia Standard EKF fu
Blended EKF datluuuimadnueuide wiouriai Optuna (TPE Sampler) wdusmen

'
v =

UNInNSHaNTLIgan davingn1nuanugin1sussiliunanieal RMSE iialdgudu

a v

UsgdnSnmuesszuuwagisiimunvuluundaluogradugusssy
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NAN1SILaLNUSIUNE

X o U cav v o - A adawv o a =
unfidiauenadnsilaainnisaiiunisnaaewiuseleuisidenesueliluuni 3
lagisuannsuseiliudssdninmveseuigasusasstaieniu a1uaienanIsusuus
AMAIMTBYA LAZNANITUTEUIANAIE8aNDTTINN1TNADNTINT Y AV IHBIUUINAWMUY

aavnadunsinssiuaziSeudisuna Wieaglesdnnuduasdodunud gy

4.1 ﬂﬂﬁ@UﬂﬁSaW%ﬂqW‘ﬂﬂt‘ﬁuvﬁa% (ﬁaumi%aa&liau)
dloUsuifiunndnunsiazlsvans iilugiuresduesusazaia deuflazly
Uszgnaldlunszuiunisnasusiudeya (Data Fusion) AdN1588nkuun1sMAaeILu e
nsvageuluangrgais Lﬁammﬁugm nMsUfuiieu uagisnsianafimngauiian uay
nsnaaeswuunadh elssdiuuszansamveadueslurasionunnusimidnluda
(AGY) fdandeuiiass
4.1.1 m’:‘mﬁ@ﬂuﬁm’;mqﬂﬁa (Static Test)

N1SNABDLT DAALE DNI S UAL AU X, y ﬁ'ﬁﬁqﬂﬁ’m%’u UWB waziile
Wisuilsuanuusdugdasiusening UWB wag CCTV luaniazngails Ingviinisvaaes
Fumisiitnualy 4 9n wagls AGY stumihld 4 fiavns vnismeaesdn 3 ada Min191e 4.1

1) 1eudyrau UWB (ToF iguiu RSSI) kazisn1sAulIad LAsun1sin
srEEN1en8d I 2 SULUU A9 ToF wag RSSI $3uAUITNSAIUINM X, y 2 WUU AB
Trilateration (14 Anchor 3 90) g Triangular (4 Anchor 2 30) WU

dayeyeu RSSIdlein error gaainn laesan error geanluwny X 89 9.2825
ns uwagluinu Y gata 7.6216 wns Falyiados

doyay1ed ToF flAnuaiugandt Wieuiuuad ToF 14e1 error N3 RSSI 311N
9LARNITNITUY ToF

2) \iBudE At UWB (Trilateration wiwury Triangular) 1l ol
deyey1ad ToF wudn35Auiae Trilateration (3-point) A1 error gagaluunu X 7l 1.4464
AT WaTLAY Y 7 1.0464 wes Jadinnuuduannndnds Triangular (2-point) 3ldidend

Trilateration
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3) L UAIIUBL UTENINY UWB way CCTV @11sU UWB wa ld ToF way
Trilateration LWigufiusguy CCTV U51n931 CCTV TiAnuuiugendt awmsns 2 tag CCTV 3

A1 error gegAlukAY X 1ie 0.087 wns wagluunu Y 910.214 wns

M13199 4.1 MITNTNAFHBY error WUUNEATS

Type | Reading Method x (m) y (m)
UWB RSSI Trilateration | 9.2825 (Max error) —
RSSI Triangular — 7.6216(Max error)
ToF Triangular 1.4828 1.8054
ToF Trilateration | 1.4464 1.0464
CCTv — — 0.087 0.214

ayunanisnaaauluaniengaile seuu CCTV dauusiulunism xy Ty

'
a

anznyailgeiian uazdmsu UWB msdenldnsinszozedyna ToF Auduam
Trilateration 1d8n Anchor 7ilndsa AGV
4.1.2 MeaduuNadn (Dynamic Test)
nsnagevluanneind eudl davihduii oUseiliudstans amvesauiees

melaRaulunisldnuase lnglaponuuusuuuunsmeae L3 maindnuILaesaN vy Teud

1Y

azdnwardluvunisndeuiiuazingussatdlunisinudeyanuanaiaiu weldimsen

q

aruwll AuAsit wazauadesvesdanaiildaneuwesiuanunsaiilndfesiunis
M9U39BIT0 AGY
4.1.2.1 Mveaedii 1 @unse
nMsvaaesilingUuizasdudniile Ussiiukasiiiouanuuiiu veaseuy
syysuvdsusiazianuuiendau suldun UWB CCTV way Dead Reckoning (Faidiunns
%1971 Encoder way IMU) nngldnisindeudives AGY Tuuuidunss nsvaastutioanidu

AD3aNEUY 1AMNUAAINLLSIRREYY AGY 71 0.4 m/s way 0.27 m/s ATUa1AU Tun1sLAY

Y

Toya TuiinAeilleswagyiuvineil Wuwes UWB Encoder uag IMU gnasalidudinteyanne

Ly 1

Uszanad 0.1 W9 Turaeissuu CCTV 9vauniIuni1sUsEananan I Az uinAImn kL

a

anganAaled o LAY
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NANIINAADI WU Toya x, y Hlaandugesunazfigniiuniieuiu x, y 61989939

(Ground Truth) L 8A1WIANIAT RMSE §atdud@ii oUsziiuauia uidesuSuna wuqn

52UV Dead Reckoning (Encoder + IMU) fiadnauaiugngaanaeiailile

AN519% 4.2 11519A1 RMSE n157aandd 1 Ldusse

o w [

d1ngy 91919 4.2

Max Error RMSE
Type Speed RMSE RMSE(x) | RMSE(y)

(m) xy)
encoder 0.0805 | 0.1226 0.0526 0.0707 0.0881
Encoder + IMU 0.0101 0.048 0.0035 0.0731 0.0732

0.4 (m/s)
UWB 0.6562 2.2 0.3317 1.1858 1.2313
CCTv 0.3449 | 0.7537 0.1769 0.3951 0.4329
encoder 0.0979 0.107 0.0637 0.0642 0.0904
Encoder + IMU 0.27 0.0034 | 0.1086 0.0021 0.0678 0.0678
UWB (m/s) 0.4053 0.82 0.2591 0.5156 0.577
CcCcTv 0.3725 | 0.4794 0.2414 0.2628 0.3568
par petw @ real motion w the encoder and Comparison between the real motion with the encoder and
jer + heading (IMU) at ‘_," encoder + '.i‘-i: ng (IMU) at v = 0.27 mws.
)
_ i
| >
i i
4
(a) (b)

JUN 4.1 N9 igudun1aTeaiuLdunig

wag 0.27 m/s

Fncoder Wag Encoder + IMU A1a714157 0.4 m/s
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Comparnon between the real motion with the encoder and Comparmson between the real motion with the encoder and
encoder + headeg (IMY) UWE CCTV (a) at 04 més encoder 4+ heading (IMU) UWBS CCTV (a) at v = 0.27m/s

- New
N SR > Reasa 1 i — CSGRT + hesSng (ML)
— o

=

Y

it

e

e sneter

o

V
'd \
P
et eee eIy

N -/\‘/\\

AN

(a) (b)

JUT 4.2 n31fisutdunieaseiudumig Encoder + IMU UWB waz CCTV #iA113153 0.4
m/s wag 0.27 m/s.

JUT 4.1 uay 4.2 Waifleunisld Encoder agaifies iy Encoder + IMU gdindn IMU 93

anA1 RMSE 531189 @9 IMU reunluguiianiauazan error azau (Drift Error) 1o degy 4.1

Hunalnanuea3e waz §U 4.2 Luna Encoder + IMU (@@87) finnuusiuguazinizngs

ﬁ’mé’umw%qmﬂﬁqm AaLNee CCTV @Emdng) fiflannuudusisosasun wag UWB (Bda9)
‘17IILLﬁmﬂ’]iLﬁ;ENLUuaaﬂﬁlﬂﬂLﬁu%’]ﬂﬁl%\‘iN’mﬁQW FeaanAdosiuAl RMSE ﬁqqﬁqm‘lumawﬁ
4.2 Toglanzinuisa 0.4 m/s nInaeNTITaYaTINING Encoder tag IMU TwiSn1sm
x, y HfUszansnm Welle Tunseaesil wavselUagyinnsin UWB ﬁﬁmﬂﬁmmuqaaaﬂ
NNTNAAB
4.1.2.2 nsvnaeddl 2 EunsiLasiae)

n1Mnapsil Tinszivedoyaiu (Raw Data) 910 Camera (CCTV)
uaz Dead Reckoning (Encoder + IMU) 9ue 50 AGY 1A oufl unidunisiidgsenndy 49
Usznaudne wedwuiludunsavduiiiudulds lneniseassiduneldassaning
vessmsmaiuiiegsteya (Sampling Interval, dt) Auandnedu Téun (1) dt = 0.1 Jundl

Inadayasann DR gniiunn 4 0.1 Juri uagdeyaainndes CCTV gniduiinainnisdenin
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a1gn Fadidnsnisiuuseana 0.1-0.2 3wd uaz (2) dt = 0.2 3undl Fawis DR uaz CCTV gn

q

o v

aerliniutoyaludnsnfeddiu nsdwmssineuideyaluiiunssuaunisusudnunn
WAL HaN13ATLIMAT RMSE an51991 4.3 Faaevioutiasesiu error vesdayafuniglianiig

AU ND N WU LAUANTILATLAY

157991 4.3 @3UA1 RMSE ¥83983afiu (MIMnaedi 2 Liunsiuaziied)

dt(s) Sensor RMSE(X) RMSE(Y) | RMSE (X,Y) RMSE (rad)
0.1 |CCTV 0.06650 0.1002 0.1203
DR 0.0934 0.0503 0.1061

IMU heading 1.1959
0.2 | CCTV 0.0601 0.0993 0.1161
DR 0.0898 0.0561 0.1059

IMU heading 1.2039

13t 4.3 deyadurisansviiaiian error Tnoe1 RMSE 499 DR luinu X 2xgendn CAM usl
Tuunu Y azi1nin Jauamedadnuay error Aumnsnsiuveduimesuazaie Welviiiuamn
error vestayaiu thfeyanndenidunsiieudunisess (Ground Truth) furdumaitls
9ndeyaiuves CCTV wag DR #agU 4.3 way 4.4 Wduynsiildandoyadvresia CCTV uway
DR finaifesnindumiaie faadenlds awfuniadenou U 4.3 uae 4.4 uansliidiud
error fiflegludayaiu Fsaonndasiudn RMSE Tumss 4.3 msadns doyaiugu (Baseline)
vosUsEaAns nmduigesuudunsiigeenn wasiduneu muiuusaunmteya (Data
Pre-processing) LU msuiloaandesuy (Bias Correction) lLaig mwaamam%’aaﬂa (Data

Fusion) snlglugumausald
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Trajectory compariscen of ground truth (GT) and sensors (CAM/DR)

(dt =0.15)
7.8 4 =—*=— GT (Rx,Ry)
s CAM (raw)

7.6 1 DR (raw)
E
- 7.4 1

7.2 1

949 ¢ 0o .
704 o8 o0

0.0 0.5 1.0

X (m)

JUN 4.3 nsliguidunisvesdayanuain CAM (Raddw) war DR Radundu) Wisuiy
P a Y oo\ Aw -3y "y a =
EUN9938 (Wude) Ndnsnsiiudtegateya dt = 0.1 Jund

U

Trajectory comparison of ground truth (GT) and sensors (CAM/DR)
(dt = 0.2 s)

7.8 1 =+ GT (Rx,Ry)
o CAM (raw)
DR (raw)

1%
a o

UM 4.4 nmiifiguiduniwestoyaiuain CAM (Raddw) wag DR (RAdFUNY) Wguiy

;%

o a o0 gy Y oy a a
LEUNI9959 (LAUERN) MBRTINNTINUAIDE19URUA dt = 0.2 U

Y

4.2  WavaIn1suTuuTsnun ndaua (Bias Correction)

Tuidle 4.1.2.2 Wudeyadu (Raw Data) 990 CCTV way DR il error wazidosoen
Mndumeass Tasiamnedenlds dudu Wefiuaruwivvesteyaneuiluldfumanasy
U8y (Data Fusion)

421 Awsziandeavuede
Tuniswdly Wiinsmandeauuiade (Average Bias Errors) vaaiduiesus
avniin iievanudlafsdnuasuasfianwesunainedouiiugiu s 4.4 1dagy

1 = a [ s o 13 v 1 v a = @ 1
AU UULRRYVBILYULTDINDATINTINUAIDYIIUBY A (dt) 0.1 hag 0.2 TUIN LLUUIN
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uwesusazyiaddnvazanudesuuiianneduy Meiuyufiania (A1uin/av) wazuue

Poyawmarillailuldimeimuuazunluantssuuludeyanu

AN5199 4.4 ANLT8UULRAY

dt (s) Sensor Mean Error X (m)  Mean Error Y (m)  Mean Error O (rad)
0.1 CAM 0.0084 -0.0515 -

DR -0.0258 0.0423 -

IMU - - 0.2176
0.2 CAM 0.0058 -0.05 -

DR -0.0263 0.0463 -

IMU - - 0.2492

4.2.2 UszAvsammdanisudlvaudeau
e UszifiulseAns nmwesnszuIuNT Bias Correction IifiBua RMSE
yesdoya nouuiludeyaiu (Raw) was ndan1sudloAndssuy (Bias Corrected, BO) fa
A1519 4.5 A1 RMSE vndaanas 1as91nHILnsgUILnng Bias Correction g DR A1 RMSE

Tuwnu X waz Y anadoeg19uin

AN597 4.5 LiieuA1 RMSE waaduiwesneunasiain1syin Bias Correction

dt(s) Sensor X, (M) Xgc(m) Y, (M) Yge(m) O, (rad) O (rad)

0.1 CAM 0.06649 0.06595 0.10021 0.08595 - -

DR 0.09339 0.08974 0.05033 0.02724 - -

IMU - - - - 1.1959 1.1524
0.2 CAM 0.06010 0.05981 0.09934 0.08582 - -

DR 0.08979 0.08582 0.05612 0.03166 - -

IMU - - - - 1.2039 1.1497
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Trajectory comparison of ground truth (GT) and sensors (CAM/DR)
before and after bias correction (dt = 0.1 s)

7.8 4+ —— GT (Rx,Ry)
¢ CAM (raw)
769 = CAM (bias-corrected)
s + DR (raw)
- 747 4 DR (bias-corrected) "m‘
7.2 1 &
7.0 A
0.0 0.5 1.0 1.5 2.0 2.5 3.0
X {m)

JUN 4.5 nsiiisuidunianou (Raw) wagnds (Bias-Corrected) nsuilannuidesuy 71 dt

= 0.1 39

Trajectory comparison of ground truth (GT) and sensors (CAM/DR)
before and after bias correction (dt = 0.2 s)

7.8 4 —— GT (Rx,Ry) -
¢ CAM (raw) +
7.6 1 CAM (bias-corrected) T

’é‘ & DR (raw)
N 7.4 DR (bias-corrected) v
A
e
7.2 1 A
7.0 -
0.0 05 1.0 1.5 2.0 25 3.0
X {m)

JUN 4.6 nswlilguidunaneu (Raw) Wagnas (Bias-Corrected) mMsuAlvanndesiuu 91 dt
= 0.2 3u

JUN 4.5 uway 4.6 Wun1emaan1sui by (CAM-BC: 9addu way DR-BC: 3ndwAd) @11130
indeuiiiinlnduazaenndosiuidumnanss (GT: Wudd) lddnd1 idumswesdoyaiu (CAM-
Raw: 9AAUIU war DR-Raw: 9adife7) naideauueanannidunisaisanas lasians
Tughadienlds

Waf® N15¥11 Bias Correction Lﬂu%umauﬁ"lmmﬁyugm (Pre-processing) @Az Tu
nsUsudgadeyafuliinruwiudigegaiausiduns unisadesngudoya fdwade

WAIVaRUTINVRYA
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4.3 AuIudIniinaeranANLUsUTIUKNNEY (Inverse-Variance
Weighting)
vdsndeyaiilinnwurefudazaiaiunsuiulganunmionszuiunsuile

a . . vy O ) & a ) oA A %]
AULBULBYY (Bias Correction) Wa1 Tumaua@lﬂﬂ@ﬂqiﬂigLNU?S@IUQ?WNUWLGUE)QE]EU@\TGU@NUa

(%
=]

uazuas iislinszuiunsvaeusudoyalutuneudaluivssAvsnmunndslu 1uide
Eonldndnns srshmindaeaiunduresnnunlsusiu (Inverse-Variance Weighting) 3
Huuuvnansadalimindoyaunfuiumsuee sidaauulsusush @aruiug
29 Tusnriifoyaiifanuuususugasldsuimdndesnt

HANITATUINUI BAIAINHIUNITUA LY Bias Correction ka1 A1AULUTUTIU
(Variance) wazanuimin (Weight) i fuialafinnuduiusluiisniensedin nanie
L%ut.%@%ﬁiﬁ%@;ﬂaﬁLﬁﬁ&liﬂ’]‘v\llﬂﬂﬂj’]ﬁ]ﬂﬁ%ﬂﬁ’]ﬁ?ﬂﬁﬂ@ﬂﬂ’h HadNSINNINAADITISRIINIG
(fiudoya (Sampling Time; dt) winfiu 0.1 s uaz 0.2 s agula (M15197 4.6 way 4.7) SEUU
Dead Reckoning (Encoder + IMU) TriAnannauususanlunun Y dndign (Usgana 0.000744
m?) Wawflsufusuigesau

wonand Samuindlewseuiiaussninsinnundsuslunnuy X uaz Y A1Aan
wUsUsaluunu Y fidnfesnitessfidudifey (939 0.0007-0.001 ) Feaeviauiianinauiug
yosmsindouiluuuInge vuzideyaan CCTV fuwliiunAnanudesuunnnii
dewhdeyaiiiiunisusuusudluldlunisvasusiuteya (Fused Correction) wudn #in
AUARIALAAOL RMSE 203Hadnsa1n EKF anasegnsfitod1fy (m519 4.8) diawieuiu
nsfidoyadu (Fused Raw) valuunu X uaz Y Sawansliiiudanisudly Bias Correction

$UAUNTAUMUNRUY Inverse-Variance dnatalaulunisiiuaiiuutiug1vesdoyan

ausIule



AN3197 4.6 AUSUTIU (Variance) wagtwdn (Weight) veaiduiwasii dt = 0.1s

Vary Vary Varg
Data Sensor Wy Wy, we
(m2) (m2) (rad?)
Raw CAM 0.004374 0.007429 -- 0.648666 0.091047 --
DR 0.008076 0.000744 -- 0.351344 0.908953 --
IMU - - 1.320644 - - 1
Bias CAM 0.004374 0.007429 -- 0.648666 0.091047 --
Corrected
DR 0.008076 0.000744 -- 0.351344 0.908953 --
IMU - - 1.320644 - - 1
5197t 4.7 Audsusau (Variance) uaziimin (Weight) YouFuesn dt = 0.2s
Vary Vary Varg
Data Sensor Wy Wy we
(m2) (m2) (rad?)
Raw CAM 0.003599 0.007408 -- 0.673066 0.119823 -
DR 0.007409 0.001009 - 0.326934 0.880177 -
IMU B Y 1.320571 - - 1
Bias CAM  0.003599 0.007408 = 0.673066 0.119823 -
Corrected DR 0.007409 0.001009 = 0.326934 0.880177 -
IMU - - 1.320571 - - 1
571971 4.8 @50 RMSE vestioya Aeulagndsnsii Bias Correction
dt (s) Sensor Version RMSE X (m) RMSE Y (m)
0.1 Fused (Raw) 0.0718 0.0447
Fused (Corrected)  0.0695 0.0234
0.2 Fused (Raw) 0.0410 0.0414
Fused (Corrected)  0.0411 0.0223
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Trajectory comparison of ground truth (GT) and fused data (raw vs. bias-corrected} at dt = 0.1 s.

7.8 4 —— GT (Rx,Ry)

+ Fused (Raw) *;.'.." * .
7.6 Fused (Corrected) 5
é 7.4 4
P
7.2
7.0
0.0 0.5 1.0 1.5 2.0 2.5 3.0
X (m)

JUM 4.7 n51l7iBUdEuN195enI1e Ground Truth (GT) Uagdayanain1snasusid (Raw vs

Bias-Corrected) ‘17i dt=0.1s

Trajectory comparison of ground truth (GT) and fused data (raw vs. bias-corrected} at dt = 0.2 s.

784 —— GT (Rx,Ry)
+ Fused {(Raw) *
761 Fused (Corrected)
E
— 7.4
>_
7.2
7.0 1
0.0 0.5 1.0 1.5 2.0 25 3.0
X (m)

JUN 4.8 n91ilguidun 195813 Ground Truth (GT) Lagdayanain1snasusid (Raw vs.

Bias-Corrected) ‘1'71| dt=02s

5U14.7 uaz 4.8 Joyatiinunisudly (Fused Corrected) anunsa indeuiiiinlnduas
donAd N UEUN193 (Ground Truth) 1aAnan duvnsuestayadu (Fused Raw) agduiiu
54 nsidssuusanandumisess Tnediadealas weda Inverse-Variance Weighting
nMInaeNTINTeNAIINVAIEIEUEeS gauliiiudl n19vi Bias Correction Hutuneunis

o 42’ . I o w d‘ ¥ [ [ alld 1
ATUIUNUTTUY (Pre—processmg) UANUEAEY Welilanadnsn1sum X, Y NUAITULLNU

[ Y
4.4 WANTITNINLVAUINIY Standard EKF
NFIINNVOYAMNLBUYDT WA AZYTANIUNITUTUUTIAUAINAIINTLUIUNITUA b
Aadeaiuu (Bias Correction) Ui TumausialuAsnisvasusiudayatiiaiiuainuusiug

Y93n15UszIuAITuLs TagldiansesaanIuiuuve8uInsgIu (Standard EKF) 10y
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NsEUIUNMANTUNSUsSENIaNaTRYaRING T e‘z’imaé’w%ﬂfmﬂ'ﬁwaamamﬁgﬂL’%‘&Jﬂ'jw Normal
Bias-Corrected EKF

Tunseurunisil deyaainszuy Dead Reckoning dafidnsnisdstayafivoides gn
thanldluduneunisviuneg (Prediction Step) Wi eUszanaAIn1sLAd suii ves AGY an
wuuassmaafeufivesszuy Mnduteyannndes (CCTV) Felisumisiifianusiugigs
%Qﬂﬁmﬂsﬂu%umuﬂWiﬂ%’uﬂqﬂ (Update Step) il oUsundiansunisfimanisallilud
Armgndesnndaly uazandefianainilinainmsazanvesenuaaiaiadeu (Drift Eron)

31NT¥UU Dead Reckoning

9197t 4.9 miwagﬂm RMSE w94 Standard EKF
dt (s) EKF Mode RMSE X(m)  RMSE Y(m)  RMSE XY(m)
0.1 Normal (RAW) 0.055219259  0.044184317 0.070720722
Normal (Bias Corrected) 0.05358052  0.022927812 0.058279985

0.2 Normal (RAW) 0.039453961  0.041265908 0.057091945

Normal (Bias Corrected) 0.039536428  0.022022628 0.045256218

1NA5199N 4.9 15k Standard EKF fivdeyantunisuileaiudesuu (Bias
Corrected) @131138 aAAIAINAAINLAADUTIN (RMSE XY) adlaegnedlitedfny Walieuiu
mslddayanu (RAW) Taenss 1dnsn1siiudieg1adaya dt = 0.1s A1 RMSE XY anadaIn

0.0707 NS Vdawied 0.0582 LimS

Trajectory comparison of ground truth (GT) and EKF Normal models at dt = 0.1 s.

|
784 —— GT (Rx,Ry) N
= EKF Normal (Bias Corrected)
761 EKF Normal (RAW) i
‘ |
= |
iE— 7.4
>
7.2 e
7.0 1
0.0 0.5 1.0 1.5 2.0 2.5 3.0
X (m)

U 4.9 nywiiUSsuiisuidumanmsiadeuiives Standard EKF 91 dt = 0.1 s
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Trajectory comparison of ground truth (GT) and EKF Normal models at dt = 0.2 s.

7.8 1 == GT (Rx,Ry)
® EKF Normal (Bias Corrected)
76 EKF Normal (RAW)
E 74,
P
7.2 1
7.0 1
0.0 0.5 1.0 1.5 2.0 2.5 3.0
X (m)

311‘171" 4.10 nyWliisuidumaves Standard EKF 71 dt = 0.2 s

mﬂgﬂﬁ 4.9 way 4.10 W@UN19Ue9 Standard EKF (Normal Bias Corrected) @150

v

INENFURAZALLEUNIEATA (Ground Truth - GT) ladinda ldumsitldgainnisvasusiudeya

¥
aada A

Au (Normal RAW) agnawiulade eerelsAnu Wedunanudediinfidanfyresisd fe
Wunnedensfldnvas n1sundansensegaranides (Slight Oscillation) Usingnisaldilu
dnwavRnzrensUTuwiauiegneiui Weldsuteyalminnduesnieusn

(CCTV) ¥ IALEUNI9NISIARDUNVIAAIINSIVUSU (Smoothness)

4.5  wan13szuAIuvlenie Blended EKF

WloUsuugasransamuazuflatedidadumiusuiuveaduma (Smoothness)
Tu EKF wuuuasgiu ATeildlsiiaue Blended EKF faduuinnssundnvesenided
wnAndRTesItine Lmuﬁiﬁa;ﬂamﬂﬁumasf CAM e "uily’ Arfiviiuneann DR Wies
pghin 38013 waw (Blend) vosdioya CAM waw DR $auifu rieu Jeuludunsunmsuiulge
(Update Step) #an3a9

AszurumINand axld AadulsEans nsney (o, o) 3 wdufamuundadau
Auddvestayausailuldaziny ﬁﬁﬁmﬂi%ﬁ%émd’]ﬁlﬁﬂﬁumﬂﬂ‘ZTEJ@JUG RMSE taza

il (Inverse-Variance Weighting) 7ilsvinliluade 4.3



M19197 4.10 eusening Normal EKF uag Blended EKF

dt (s) EKF Mode RMSE X(m)  RMSE Y(m) RMSE XY(m)

0.1 Normal (RAW) 0.055219259 0.044184317 0.070720722
Normal (Bias Corrected) 0.05358052 0.022927812 0.058279985
Blend (0lx=0.50, Oly=0.50) 0.059065446  0.01733388 0.061556399
Blend (0x=0.30, Oly=0.30) 0.070483646  0.01756962 0.072640456
Blend (0lx=0.70, Oly=0.70) 0.052599105 0.01764171 0.055478787
Blend (0lx=0.30, Oly=0.70) 0.070489354 0.017659442 0.072667771
Blend (0lx=0.70, Oly=0.30) 0.052559833  0.01757374 0.055419964

0.2 Normal (RAW) 0.039453961 0.041265908 0.057091945
Normal (Bias Corrected) 0.039536428  0.022022628 0.045256218
Blend (0lx=0.50, Oly=0.50) 0.042735705  0.032831886 0.05389131
Blend (0lx=0.30, Oly=0.30) 0.056508568  0.018965989 0.059606434
Blend (0x=0.70, Qly=0.70) 0.039983346 0.051770278 0.065412764
Blend (0lx=0.30, Qly=0.70) 0.056461919 0.051781832 0.076611399
Blend (0lx=0.70, Oly=0.30) 0.03996311 0.018911546 0.044211953

99915797 4.10 W1 Blended EKF Iﬁmaé’wﬁﬁuﬂuqqm%ﬁmﬁw Standard EKF
og1etaau Tuannziinmafiudietsdeya dt = 0.2s edmunedudszansidu Blend
(@,=0.70, @,=0.30) @NM150AAA RMSE 523 (RMSE XY) asindaliles 0.04424 lums snfigaain
Wanun mmau%gaé’wé’mﬁauﬁmmzamhEJL‘ﬁummLLaiusTﬂ@EJi’JaJGsziSUUVL@’fa&JNﬁ

Y

ey

Trajectory comparison of ground truth (GT), EKF Normal, and multiple EKF Blend models at dt = 0.1 s.

7.8 4 —*— GT (Rx,Ry)
= EKF Normal (Bias Corrected)
764 EKF Normal (RAW)

Blend (ax=0.50, ay=0.50)
Blend (ax=0.30, ay=0.30)
Blend {ax=0.70, ay=0.70)
Blend (ax=0.30, ay=0.70)
Blend {ax=0.70, ay=0.30)

{

~J

=9
> >

0.0 05 1.0 15 2.0 25 30
X {m)

U7 4.1 nswlifisuidunses EKF gUMUUsng 9 7 dt = 0.1 s,
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Trajectory comparison of ground truth {(GT), EKF Normal, and multiple EKF Blend models at dt = 0.2 s.

7.8 1 —— GT (Rx,Ry)
= EKF Normal (Bias Corrected)
764 EKF Normal (RAW)

4 Blend (ax=0.50, ay=0.50)

£ 74l * Blend (ax=0.30, ay=0.30)

N 4 Blend (ax=0.70, ay=0.70)
73] A Blend (xx=0.30, ay=0.70) £ .

' Blend (ax=0.70, ay=0.30)

7.04
t 3
0.0 0.5 1.0 1.5 2.0 2.5 3.0
X {m)

g‘dﬁ 4.12 N3 ULEUNI9YRY EKF sULUUAIN 9 fidt=02s

Trajectory comparison of ground truth (GT), EKF Normal, and multiple EKF Blend models at dt = 0.1 s.

7.5 —— GT (Rx,Ry)
» EKF Normal (Bias Corrected}
+ EKF Normal (RAW)

7.6-
Blend {ax=0.70, ay=0.30)
g 7.4
>
e
7.2- n
7.0-
0:0 015 1?0 1.‘5 2:0 2j5 3j0
X (m)

U7 4.13 n3miilsuidumsves Blend EKF (Q,=0.70, 04,=0.30) #1 dt = 0.1 .

Trajectory comparison of ground truth (GT), EKF Normal, and multiple EKF Blend models at dt = 0.2 s.

78- —— GT (Rx,Ry)
»  EKF Normal (Bias Corrected)
+  EKF Normal (RAW)

7.6-
Blend (ax=0.70, ay=0.30)

Eqa
-~

7.2 -

7.0 - s

0.0 0.5 10 15 2.0 25 3.0
X (m)

Ul 4.14 Asmifieuidunisves Blend EKF (QL,=0.70, OL,=0.30) #1 dt = 0.2 s.

SUT 4.11 4.12 4.13 way 4.14 1 &§un19v99 Blended EKF laliftoaudag wuudaiu

Y

a

WEUNI9939 (Ground Truth - GT) wAgIdAIY 51U (Smoother) kag siawiiae (Continuous)

UINNI LEUN9VDY EKF LUUNIATEIU MTkneviTensennvaddunianmgysinglu Normal
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EKF éanas fivilidumanuiututy fanannsiiinmaudoyanou shildnsuiulss
Araatuzvassansandulieds Yuwawazfiadosnmuinnaa lalynisusuudauwuy
ngvtusty Aedldsmailueuase msemuauuemesves AGY Iéyuuia annnsdnvieves
gunsal i uAuUaeniy niswaudaya CAM-DR rfau{?umaumiu%'uﬂqa (Pre-Update
Blending) HipUSuuannumiug weansuszanusumtazanaiurIuvestoyanisin
AfeildldumnAnmanandoyainndes (CAM) wazdioya Dead Reckoning @it ey
L%’Waﬁi?umaumiﬂ%’UUw%Q Extended Kalman Filter (Update Step) WiAARINEI@0AAADY
fuseazdealusmideduatiuiiesuienaln “pre-blended measurement vector” &esjan
AmLUTUTILgsesteya CAM uavaudulvaliuassves DR Weldnuuenty

wafinll A nsasrannmesMTinlndnaudeyansaesunasnigdmtn ayuag

Ay AldnnszuaumsiiuUssdninmves Optuna Aewthidirgaunisuiuusses EKF lagdl

sUwUUisl

, = [xblend] _ (%x Xcam + (1 —ay) xDR] an
P Whtend ay Yeam + (1 — ay) ypr '

INABS Zy g Wazgnuninludunau Update maa@anIsuinggIuees EKF @9
Usenaun18n13AIuIn Kalman Gain, 13U5uUssanI1ue uagn1sdmaniuningainul
wiueu lnsdnwardidnyae Lifinsldh CAM 5o DR lngnse waldminauuaivindulunn
n3tl Aegy 7 4.15 nalpildreandedninvesnisadunvasdoyakuuiiy iaglvinaldunie

dl ! ! a @ o L gj U 1 a a ¥ dld U . 1
s1Sunegituddny Niduivandnsnavedeyaniianwuy noise a1y CAM luann

waslyainals wazluvaseINuanNadsauAIUAATINLAADUYEY DR TuYIAdnuNsseLe?

Dead Reckoning

Pre-Blending EKF Update Step

Zplend

U8y NNae3 (CAM)

JUT 4.15 uun ndunoun1snauteya CAM-DR naudngnszuiunsuiuugeves EKF
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o/ 1 74 Q‘
4.6  WAAWSNITANEUNUSEANSN1SHENAIE Optuna

=

msdumarduuszaninisuan (Qy, @y )#e Optuna flgausvasdiielilsen
Y288AAILARINLAG DUVBIHIUMY 3T Uszunaiann Blended EKF Tisniign Tagld e
RMSE yy iilusad¥andn nszuaunséunild TPE Sampler lunsiauesmsiilinesud
azsou nadnsiildannsauansliiiiuivwseanamuesisnsiuussansnnilldegadaian
faguil .16

Optuna Optimization History {ox, ay) I‘?MSE chtnlur over (g, a
10 I K. !

.09 ~ ®  Objective Value
Best Value

- 0.090

- 0.084

- 07

- 0072

- 0.056

5
@, (CAM weight in y}
Objective value

006y S%e . @068

Objective (Average RMSE X}
.

.
b} +* - .05
9 e os & B
YRR S CLLE LR 2L Y] 00 ‘
a 20 40 60 B0 100 120 0.0 02 0.4 0.6 . 10
Trial a, {CAM weight in x)

(a) (b)

- 0.048

JUN 4.16 wanmsAumAduUsEENSNSHANAIY Optuna

'
a

sUN 4.16(a) WEAINITANAIVBIAT RMSE LWBTIUIUTBUNTAUNUALTU ALNWUIN

Y

793650 RMSE fn15iasundasaoudnaning wsitiiaduiusounindy A1 RMSE Aay ¢ anad

a 1 o = Y a a o
LL@S@JLL‘MIU&JM‘JW’J LANINIAINUAINITOVDS TPE SamplerIUﬂWiHQﬂUMWU3L3m%u

' (% '
falal = A

A5 TmesnTuualiulinadnws nAvwses 9 3U 4.16(b) WWunsmaufifiuuuateuussuy

fuananmdniusvesgaiines (A, @y )dudmiuianain RMSE sziitulddaiauiy
= a g o ° ! a 41' = = [ ! <) d' ° U
fureusuilvial RMSE fnd1usindu Feledinleusenaridulsuimnzaudmniunis
° o a £ Ao = A Ay v o sad a
MuuamduUszavEnINay Ineanidseungalunsunmpemilinadnsingaluidinisan
RMSE

=

PNUANTAUMIAETIN NUNANTRDTNINaANSATaR Ao

9

ay=0.7,a, =03

Asaesgnin g duandudseansensdaluniseuan Blended EKF dwmsumsiUSeuiiey
Tup1919M@anws RMSE LazfdinaAnusIuTuUduniy sl nan15AunIaIn Optuna fdu

d1Aglun13vinlit Blended EKF @1119083 191 UNN951UT UNILAZHAMUAAIALAG DULTS
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fylawfisuiunsimuaeduussavsuuuduvieidenansiisne

o

Y

ANLUIanaIe19l Yt N

AULDN

Y 1
v v = 17 .
4.7  AVINANUIIVIUVIUAUNTY (Trajectory Roughness Index: TRI)
nsUsEliuAuAInYRRduINsAdau kit uegiisauAfIAINAIALAT DT
FILNUS LYW RMSE (11U LA g9ne9A1ied e “A21851UT UY89n15tAa aUN ” (trajectory

(%

smoothness) #aiAUd1AYeENBIEFMTUTTUUIINIDY AGY MUITLAIGANAI8TULARS
TAAUIMITInAUsIUTUI LU sEIsa iy ydnvaznsedeuniinunivseng Anssy
wnels Wy nsuenuesUssnnvadasumedaya track 31n45A15 (Roy et al., 2022) Taudi

v . . Al v o ' P o a i v aa
I1UAU representation learning A% MALAUINAUNNTTIUTUNINALTH atent feature Nl
ANUAIILALNEANRDNTEUIUNTREUTIINATY (Desai et al., 2024)
sewinll uiTeilduaue “Trajectory Roughness Index” 1Jusdinadudmsuuszifiu
AMANLEUNT LA A1NNSUTEUIaRAYRY EKF Iag TRI agazviouszauaudy auly
AOLlDY Y3DNNSLUABUTANINDE1INLYIURUYBILEUNNG 9 RMSE ldanunsaasuiele
a a -4
Rgrun1epninAansvas TR
A1 TRI ﬁsmﬁaaayﬁué@aﬁ?’ﬁmmﬁwLLWMULLGiasziNLam WDELVNDUTEAUAINUTIUIUVD
A15ARADUN:

N

X, — X
TRI = — s N

(4.2)
N-1 k=2 " [y — Yk-1

wIeluguiuureny

TRI = _Z \/(xk — Xp-1)* + Vi — Yi-1)? (4.3)

Feguuuuilaenndasiuwuifnnu trajectory smoothness Mlglususunisinny

[

nauazn1TUTEIlUEUN1aNISIAGUN (Roy et al., 2022) A1984 TRI ARMANEAUEUNIIT

a1 A

AFRUNLATIUTY duAs Larusimannnsundwsenisideuiiadundy Turasiangdud e

=2 o A = A A
mmmaumamimaauwLﬂaauLLUaﬂquLLiq
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HAAW3Ya9 TRI 2INN1INARDS
1571971 4.11 wansuadnsan TR anmsUssdiudunsdileain EKF Normal (RAW),
EKF Normal (Bias Corrected) waz EKF Blend luasaiioulunisgudeyadie dt = 0.1's uas

[

dt = 0.2 s FIFILIINUNANUAUAVUVDIIUIFYY

13197 4.11 A1 Trajectory Roughness Index @1w5u dt = 0.1 waz 0.2 s

dt (s) Mode TRI
0.1 | EKF Normal (RAW) 0.0405
EKF Normal (BC) 0.0371
EKF Blend (0x=0.50, Qly=0.50) 0.0368
EKF Blend (0x=0.30, Oly=0.30) 0.0266
EKF Blend (0x=0.70, Oly=0.70) 0.0455
EKF Blend (0x=0.30, Oly=0.70) 0.0301
EKF Blend (0x=0.70, Oly=0.30) 0.0428
0.2 | EKF Normal (RAW) 0.0235
EKF Normal (BC) 0.0235
EKF Blend (0lx=0.50, Oly=0.50) 0.0227
EKF Blend (0tx=0.30, Oly=0.30) 0.0219
EKF Blend (Qx=0.70, Oly=0.70) 0.0237
EKF Blend (0x=0.30, Oly=0.70) 0.0221
EKF Blend (0x=0.70, Oly=0.30) 0.0236

1NMS199 4.11 WU
1) lswna EKF Blend T3en TRI $n31 EKF Normal 9gnsasingme

2) itanigede (e, = 0.30, a, = 0.30) dwiuvisaose dt

3) #1 TR Mviyuueeasuain RMSE tngasviauainusnus ueoudunianis

[

AU faduddndusanisldau AGY Tuiunsne
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4.8 Awszidssuiisunazaiusnena
druil lauon1sduasIEinanIsnaaee s i oUsuiliukasiUisuliiou
ﬂizﬁﬂn%mmaﬁwmzq@hLmu'qLLazsﬁjumaumwaamm%’ayja‘tumaﬁ%aEJ'NLfJuizUU
wSaunseAuseiefunuiidfyuasuumaiannluswanvoseise
4.8.1 N1TAATISHAINEANTZNIN Standard EKF waz Blended EKF
nsUszfiulsEansanaessruuussanasumussnlunasiinsginaans
nuaedf liun RMSE, Aus1U3uresduny wasniuaenndosasd e 1manauges
#19 9 Tusuil Standard EKF uax Blended EKF gnid3suifleunisliansdnsnisuszanana
Y0959N5049 (dt = 0.1 s waz dt = 0.2 s) Vueindes (CAM) §8n51n15TAAAT 0.2 s laue
naidsdnildanunsoasuduiadosielud
1) wWaves Bias Correction siaUsednSn1wway Standard EKF
Foyandesilontainenfingil (systematic bias) 91ANTUUAINM
nsUsuifisuiaud viemnuamandeunnszuuansnines lnseafilildiAnuuuds wazas
gndating EKF nmm%&ﬁﬁmﬁﬂmm dawaliAn RMSE qqmﬁLLaﬁuLﬂaﬂﬂiLﬁﬁauﬁﬁlzgﬂﬁaq N3
¥ Bias Correction HeanaluRanaIakuuasi viliduns CAM Wrlndsuiaasaunn
Fu n§an15UA bias A1 RMSE va9 Standard EKF anawiuitluiidas sampling time axviou
11n19UA bias Lﬁu%gumauﬁﬁaﬁawﬁwd EKF Update wiigialaiunieynn noise mmﬁgwaﬂ
awlgravn
2) UNUIMIBY Sampling Time (dt) $ian13Y1197UY09 EKF
windesazdstoyann 0.2 3undl usruives EKF ansnsaidentiiiania
18 Tnelusilnaaouiiaosdn
2.1) dt=0.15(10Hz)
2.1.1) EKF vhamuiinindayanandes
2.1.2) swdwiauﬁﬂﬁ”aqs‘]’ﬂﬁaaﬂ%’@ga 2149 DR wag IMU 1w
MugEnIUY
2.1.3) Yoy CAM agii1u1Usuiiag 0.2 s uaggn interpolate 11
AT
2.1.4) il trajectory fiminuazldgng 3 o8 s innisdu
(oscillation) iile Toya CAM AU
22) dt=02s(5H2)
2.2.1) Wupnudifieasiu CAM

2.2.2) yniueignidlasiuduuunseial



14

2.23) umaflanusudunii winvazdennsdsunlandn 9
WANE
2.2.8) DR # drift innTudletrsasewinsseuenaty
niedeensd wuan dt = 0.1 s Weauasdeavesnis
\AAeuigandn uiANRURIUYES CAM dawaunnndn Tuvaedl dt = 0.2 s Tiawusuiud
fin1 Tneamzdeld Blended EKF
3) Wnwai Blended EKF Winadnéiniionin Standard EKF

a

ATULANA T9URANTEUI 19@ D97

=

=
A D

[

UNUIVDINITHANT 8L D

[
(XY

Blended EKF vin1swandoya CAM-DR aantiineudngiunay Update F987eam noise
V99N TINDENHTEdAY

LNwasNsInTNaNgnivuaRsil:

AxXcam + (1 N ax)xDR

VA = (4.4)
pend [ayyCAM + (1 — ay)¥pr

1Y

Jond1AyoInsHaNnau Update Step laun:

ANNANIYNUTBY Noise mm‘ﬁqqmﬂmw

an drift 989 DR Tug9aiuiu

%781 Kalman Gain lﬂgﬂﬂiauﬁﬂm%sﬂaﬁﬁumu

vnlianisuszanadetusialuinu X uay Y
NAANE9IN RMSE uaz TRI Tuunaauansdndt Blended EKF lsfidumaiifimnuiaiiosgandi
wagfiAnmnuRanaAdouRIN

4) msiaTIeving RMSE Wleldrfiléann Optuna
ﬁ]’mgﬂ Optimization History ez Contour Plot ﬁi’]W’li’lﬁLm%mﬁ RMSE
silan fo:
ay = 0.70,a) = 0.30

ALURILATIATN:
Tuwnu X dagain CAM dannuuiug1ndt DR — smasiiiudmvidn CAM
Tuwnu Y dyay10497n DR Hladesningandn CAM — Fsaatniin CAM a9

o & v Y] a v v & A
NaaWﬁua@@ﬂa@ﬂﬂUEﬂ contour °V|LLa@xﬂ‘WL‘Viu‘Wqﬁ@ﬁum?ﬂm@ﬂﬂqwqq NUNIBU (070,

14
2 & A

0.30) tuuAA RMSE sitgasgredaau

5) MSAAMUNA TRI (AU IUTUVDWEUN)
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1
Y [

dieldimizia TR wurANgn fie:
a, = 0.30,a, = 0.30

FassanAiild RMSE silgmegnaday iiesan:

sl CAM wa DR Indifesiutisannisunisvesdums

DR agtiufiamsluninsin dau CAM daefssuvalaalal drift

dlodndulndsu nasiwrilidumesuiuniinisiiu CAM u3e DR duladnumils
snAuly

fuanafis “Trade-off” d1AnysEninaALLUENT MU (RMSE) LaghunIw
LEUNIg

6) unasuigaanves EKF ﬁgqaaqgmwu

Standard EKF

1269 noise 189 CAM

Tame drift ¥ DR

AUt dt agawn

N15UA bias BulA welivdnAuRUNILY
Blended EKF

Waudayaneu Update — an variance vasdeyaasin

5995U noise VINAlAANT

an drift ¥4 DR ladiuszandnw

1% RMSE sniluynReuls

T TRI sian3n vldumiesusuniy

USULAIAIINE AR VDL D S LR UEA T NINA B3l

Tnes2u Blended EKF gy AGY fifosnssnnuuiuguaznnusiviy
yauduma Tnstarnzluanmadesiivusoslinunnuanssiudaiou

4.8.2 @asuuazlIguLiisunan1mnaas

N3IATIMTLUTBULTBULATUNTUTEEINUTEANEAINUDINT T T UL

Tuwsiaztunou fusdeyafureumsUszaanaluaufsnisvasurudeya Inedrededran
AanalAdoudesnitaeaads (RMSE XY) veaudaisnisauiiuandlunisned 4.12 iieldiiu

NN IUNITIAUTLENTAIMTIUS U UVBILFaE SEUUMETAZNINNNSNAaDULABINY
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3

gnsIMsu | aeu - RMSE XY | % N1sWaIu1ain
daya (dt) Tunou e (Wuns) Fumaurounti
0.1 Fui 1 | Yaya Fused (Raw) 0.0846 | (Baseline)
2 | Standard EKF (Raw) 0.07072 16.43%
3 | Standard EKF (Normal-BC) 0.05828 17.57%
4 | Blended EKF (Q,=0.70, O,=0.30) | 0.05542 4.87%
0.2 Jui 1 | Jaya Fused (Raw) 0.0583 | (Baseline)
2 | Standard EKF (Raw) 0.05709 2.07%
3 | Standard EKF (Normal-BC) 0.04526 20.72%
4 | Blended EKF (0,=0.70, 0,=0.30) | 0.04421 2.31%

0.09

0.08

0.07

0.06

RMSE (XY, t1»9)

0

Fused (Raw)

SU
Y

Standard EKF

AsSeufiguan RMSE(XY) Tuwnastumnau

Standard EKF | Blended EKF Fused (Raw)

(Raw) (Normal-BC) (01x=0.70,
Oly=0.30)
2 3 q 1

0.1 3wt

dnmmsifiveya wazduney

Standard EKF
(Raw)

0.2 3u

Standard EKF = Blended EKF

(Normal-BC) (0x=0.70,

Oly=0.30)
3 q

4l

4.17 ﬂiWWLVIEJUﬂ’]ﬂ’J’]QJﬂa’]ﬂLﬂa’EJU (RMSE) IULLﬁ]au?JuG]@uﬂ15WGNUW
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MnHan1saaesfiuandlumng 4.1 uaggu 4.15 ansnagulsin Blended
EkF ifuuumsilissansamgaiiaalumsssyiumtaves AGY lnganansasnsefuaiiy
wiugldesssaidaslunniuneuresnszuiums susnsudlvaanewdssesdoya (Bias
Correction) #atheanauaaiandeuiiugiu Tiegradited ey Tuaudansuszuanadie

Standard EKF Mfinanuuiiugdudnseaunily 0819lsAn nan1svmaassdliuag19daiay

o a

71 Blended EKF fimnumilonin Standard EKF Tneranelunsdliildaduusyans o,.=0.70

uay 0L,=0.30 F3l3e1 RMSE 5731 (RMSEyy) mitgeluvnnsdinaaou

N5 IATIERRLLANIINATS19 4.3 §9MUI1 S¥UU Dead Reckoning flaanu
Yndefiolunuannu Y g9nINaes (CAM) wanduianumaIneAouLnAITluLAY X denald
Lﬁ'aﬁwmiwawﬂ’mﬂa (Fusion) 5¥%319 CAM uag DR 71875 Blended EKF a13150uaL%e
InseuvesusazivuIeasldetavanzay vl ANuRaIRA ouTAnaset sl TadAey
N0 LLazazﬁauiﬁﬁuﬁwizﬁw%mmaﬁ%mwaamam%’ayjaLLUUﬁNﬁmﬁﬂﬁaamevﬁ

4.8.3 aAUsIENa V1NA LaZUDLEAUDLUS
§ane3iiu Blended EKF Aitauniulusuised ddnsnmlunisifiuniiy

1Y I

Weansavean1sseyiuwnualafndi Standard EKF agnsiiedndny wenanaduuwiugii

o

A9TU ITN1TAINANITINILATINAUNNNITAABUNVDY AGY TP UABLLDILALALEDYTUIN

Y

'
a

897U FenauanvarlliiaudfyresruumuaNnsTulni o ukuUsnLuliR
HAANSAINE NEELTsEUUA150anN15EIUNITAIVANNBLADS aRNIINTT
dnvsovesdiuysznauniena waztaiuseauaAuUaanduseni1an19v19ulun Ui

pannssy Jeudusuinenddnenmgelunisussandldiuseuu AGV adelml Jsdaenis

-0

Qe

a

Ipuaiysuazaukiug luseAugsdmTun1sUURNuas

=

49 &3l

wnfi 4 ldhauenanisnaasinagadvsnerassradudiiu Suannisusediu
UszAnSnmuauauweisnedi wuid CCTV 1anuusiugiaindt UWB uagdmsu UWB aas
Fonld ToF saufu Trilateration vauzfiluan1isiadeudl Dead Reckoning (Encoder+IMU)
Trnuwiugfuazdmiusaiiewanduns widhilenaia drift Wewdeuiiviuvieinng
e ntunanisuulsadeyadie Bias Correction uay Inverse-Variance Weighting %728
ammmﬂmmLﬂﬁlamaﬁagadawaamwasjwﬁ“mw louszutanadie Standard EKF
WUINEN15080 RMSE 161 waidallonn1sunisuadun1aninanuiuriuvesdoyandas VUil

Blended EKF @anautoya CAM-DR fieuduneu Update Winadnsnanan lnsianeiiield
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Ail#a1n Optuna (QL,=0.70, AL,=0.30) Gevily RMSE 5amsngn wazidumnsiausieiiies
nu wieueld TR Huidfaaiuifleasviounnusuiuvesdumesauiy RMSE

lagasd nan15MAaeduduIuuInIg Blended EKF a3n508nseaua 1Lkl g 1hag a1y
iafesvesnsszyiumidldiniendt Standard EKF meldfoulumumeidunus uaziving
dmsumsuszgndldifuszuu AGV Tuanmunedenaieiideyadmnulsiuivounazdnsinis

GHL PRI R RR



uni 5

ajUuazUaiauauue

¥
A 1w

ATl sl sEUUTTYILIsYese Uz duIRA oudalusid (AGV) nelu
01013 Tneufuifinanandieanss anuaies uayUszansamlunisuszinananielémuyud
wingau Walad1AguosIufonITWauIdana3 iy Blended Extended Kalman Filter
(Blended EKF) @soanuuulianansadanisfuanuliuiveuvesdyaiamnidusesvane
Ussialdognaiiuszavinm Sanesfiudignoonuuuiiosesiuamuuysiurasnunmdoyad
Waananuliiiusuveuduwes (Sensor Uncertainty) iauﬁqé’mﬂmﬂﬁuﬁagaﬁmem
fuvedwsargUnsal (Variable Sampling Rate) lngldiuiAnnisnauraudayaana1eLmas
pgramnzay Welfiuanuwiug1veansUszanasiumisues AGY aneldanimuindey
meluarasiifidesindudyynuardsinnn

91nN1IMAaBILazUTzIiuNa WUTT Blended EKF @11130anfA1A213AaTRLAR DU
Tnesnl@Fnduuunnsgiu (Standard EKF) sisluanmensvageusuuils (Static Test) waw

a a . P a N o Al Y
WuULAd oudl (Dynamic Test) laglviAaautianainiad oniaalunsaqldnisnay

=< o 4 aa

AIMNSITMET Ox = 0.7 uag Ay = 0.3 wandbiiudedneninvesnissiudeyaidead i

WMNZALAONNAILLN B 59U 95z Ul URNS

51  d@3Uuazafusnenan1iivg

a

NuITpldTnguszasdiioiaunssuussymunianiglueimsdmiverunivug

U d‘ v U 4 QI 1 o a 1
JULAA DUDALUITR (AGV) TSI UNTIUAIULUUET AUENET WATAUNUNIUADENIY

vosd ey raiuiees Ndanuliuduaugs dane3ny Blended Extended Kalman Filter

(Blended EKF) gniaustudfioufladodniaues Standard EKF luaniunsaiiideyaainndes

(CAM) Slanaiifuny wazdayaann Dead Reckoning duualifinfia drift auszeziian
MnnsneasaUssuiieulunaredeuly stdunsdnsidoufinuuis (statio) uaz

WUULAA BUTI3Y (dynamic) nuindane3fiu Blended EKF 4asanAaI unaInLad ol

Y [

munuds (RMSE) leegnsiitiodnny lnaangilloldmduyssanswanilaan Optuna taun

a, = 0.70, Ay = 0.30
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' '
o

Fafuadlsl RMSE sflgnnnamanisAumann Optimization History wag Contour
Plot WlefimsaunTeuiisuiuteya Fused (Raw) Bdldanmanatudeyafuseds inverse-
Variance Weighting Wu3ndane3#iu Blended EKF a13150anA1 RMSE adlé 34.49% 7isns
mMsifudeya 0.1 3undi uay 24.17% fAswsnafivteya 0.2 Furdl vnsideddu 1ile
\W3guiiiguiu Standard EKF (Raw) A1 RMSE anas 21.64% Wag 22.56% M1Ua16U Nadns
fananuandidiuiunAnmanandeyanoutuneumssiananiugves EKF 9aeifiuaay

wiug1veanIsUsEInuridlaegalited Aty Yaziediu MsUssiuaunNEUN1meY

Trajectory Roughness Index Wu31A1
a, = 0.30,a, = 0.30

Tidunmeiisnuiuign axviouliiiiuauduiuduuy trade-off 521319 “AnuusuEn
o [ « ! = &/ 9 = 13 o w o o
VOWUNUL” wag “Auselliowatduniy” FalulssinudAydmiussuuauay AGY Tu
& 4o
WunIfin
nsldimaila Bias Correction NeunaeusIutayaYIsananfiniluteyalINnaes vil
Tia1fdnladanulndifgariasannty kasdaiuli EKF Usuugsaniugladiadasnmn
wnNINAY @1wnisly EKF 93 sampling time @iy (dt = 0.1 s uag dt = 0.2 s) Flmiuin
nsinAudlunsUsTIM (dt = 0.1 5) Fresiusgazidenuaudun uivihlissuulsie
noise YBINADIINTY JsAvsafensuandeyavIzauiloUSuauna
lagagu 8anesiy Blended EKF AWmuTuaunsaiiunuuiug aaates Lagamunm
HuN1eves AGV laegrsiusednian wangausanisiluldauluiunanelueinisnd

YoIinaTUdY I aLarAINAUINY

Y o w a o
5.2  U93MNAVINIUIIY
LI TelagausaRmuIganeI NN uAMAINANTTEY WY sli g9l

Y] [

UseanSua widallidaaninuieusensnaisnansaiausesiludnaninlunisirluldanuass

5.2.1 dadnavasaninuinaenlunismaaas (Controlled Indoor
Environment)
n1snaaeaanaaadunsaeluiesUf URn1snin1samuANAIINaIng

¥

NEENURL kagduridain1sinnindes dewaliveyaiainuiadosguas noise dndnly
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an1un1saiase i Tssufifinnsed oudretagaasainat wiediuiifidnisuatenin
(occlusion) Ingliinafa WeulviimuguuniAulueravilinadwiazioulssansami
“fndnanmase” danu Fedvlianansoasulainas Blended EKF awasUszAnsamidaly
anmwandeud dynamic wazlilansnsamuesildegisanysal

522  AnnuslsUsiuvasgugasioindudindi (Sensor Statistics

Assumed Constant)

fnses EKF lunuildemnuudsusiwes i5yey10d (noise covariance)
LUUATIdM3 Ut CAM uag DR wilunistdauass noise avidsunaoniian 1y

1) ndesfinnuduriugeduile AGY 1l

2) encoder error WiuduiioNuiinisavloa

3) MU noise Wasumuusiduasiiiouvasise

FoauuRiuionayiliinsesszananaliaonndesiuaninnisineuas
AADALIAT mﬂ%maﬁﬂmiL%uiﬂ'ﬂmmhjLLﬁJuauLLUULamsiaLﬁaa 1% Gaussian Process
Regression (GPR) 138 Adaptive Noise Estimation e1a.Juniaudandigaglinisussuna
anuziinnubanduuazuaiugdeiu

523 msldaniminaauwuunsi (Fixed-Weight Blending)

uil Optuna AzeAumMaNT TN (ay, ay)ﬁmmsamﬁqmﬁm%'u RMSE
wiAndsnandradiy “Andl” dmsuradums Reiluaauniseiass:

1) mnudiiefieves CAM way DR Wasulumuanmuamsoiuiia

2) noise vesURIWAaza A

3) msiin diift wie outlier e1avinlfunsdaedosldthninansmintisiu
mﬂ%ﬂ'wmﬁ'maa@L’gaﬁqmalﬂL‘vmwaﬂuamwﬁﬁmmﬁumuqa FIAITHAIUITTANS
UszananaluuUsumIonlusls Lau

1) Adaptive Blending 71U5U (ay, (Xy)m:u uncertainty 959U09ULAAE
WUS

2) Reinforcement Learning Lﬁ@IﬁiSUUL%EJuiﬁ%Lﬁaﬂ‘lf’mﬁﬂﬁmmzaﬂu
WAz AIUNITal

3) Gaussian Process Regression (GPR) @m§utszanaisziuainud asiy

vosdyauwuUEEalngd
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5.3  dalauauuzaInsuaulIdgiuauing
Mndesrfinfingnun annsadesennuiseluiirneselul
5.3.1 wadauszuuludnIntIndauaie (Real-World Validation)
snmasszuluiudifldanunsamuauls 1wy Tsanusnludd adsdudn

& & Aaa o 4' Y] a1 N
ﬁi@WUWW@JﬂqiLﬂﬁauvLﬁUQ\ﬁ LNDNAFDUAIUNUNIUVDIBANDINUADNITIURYULUAIVDILLES

(%
= a £

FURY NTUATINN wazALLUSUSTIININNEATNEL 1
532 faulunauiudasaludfdmiunisideniinineuiwed (Adaptive
Online Learning)
mseanuuulimaianansnUsuivin (ay, @y )uvudaluinmuaniunissl wu
RL-based weight selection
Neural network fiUsziliumnundetuvesauses
Online bias estimation
\fiel¥ Blended EKF USUs91u noise a3wassuiasldneoiion
53.3 wg1elug szuuviaausludayanatsunas (Advanced Multi-Sensor
Fusion)
1115059 d QYey10431n Depth Camera, LIDAR #3952 UU Marker-based
Wiy Wofiuauutugvesiunddlunny Z ‘vi?al,ﬁaLﬁuﬂawmmuwwuiuﬁuﬁﬁﬂa”aqgﬂ
UAvY
5.3.4  WAIUITSUUAINSURAI1881UNI%UE (Multi-AGV Collaboration)
AITNAFDUNITUTZAIUUVDY Blended EKF Tuszuudia AGV HANUAU ey
mmsmmmﬂﬁlau%gaﬁwLmﬁﬁwdwﬁmwumzma (Distributed Fusion) Ll aufiumAay
Uaeadauarmsineusuduluiiuiisde
5.3.5 msussgnaldaulugaannssuass
msvaaedlddanasiiuuuunanrody AGY Aldnuaidlulssnu Weuszidiu
UsEANnS amaelin15291u81IUIY NS UERLTOUIZI LAZEAINAITIUAILLUY non-

o w o

stationary Faludeyadifydmsunisimugssuuindouldnudandive
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Abstract

Indoor transportation systems are a key area of development, where Automated Guided Vehicles (AGVs) help
to increase efficiency and reduce labor costs. However, high-precision positioning technologies such as
LiDAR and GNSS are expensive, making them unsuitable for widespread use. This research has developed a
low-cost positioning system for indoor AGVs using multiple sensors, including CCTV, UWB, inertial
measurement units (IMUs), and encoders. The experiment was carried out under both static and dynamic
conditions. In static tests, Trilatcration distance measurements show a lower positioning error than the
triangular method, with a maximum error of 1.4464 m (x-axis) and 1.0464 m (y-axis) in dynamic tests. The
integrated Encoder and IMU scnsor data yielded the lowest crror (RMSE = 0.0732 m at 0.4 m/s, 0.0678 at
0.27 m/s), Next is CCTV, while UWB has the highest error rate. The application of a Parallel Sensor Fusion
architecture optimized using a Genceralized Reduced Gradient (GRG) nonlincar algorithm, significantly
reduced localization errors. The RMSE values decreased to 0.0623 m (0.4 m/s) and 0.0411 m (0.27 m/s). The
results, in a controlled environment laboratory, indicate that combining multiple sensors will improve the
positioning accuracy. Combining the encoder and IMU effectively reduces accumulated errors and increases
system stability. While Adjust the weight of the sensor offline, this proposed system offers a cost-effective
positioning solution for indoor AGVs, which contributes to the development of affordable and accurate AGV
navigation systems.

Received: January 01, 2025 Revised: March 01, 2025 Accepted: June 05, 2025

Keywords: Automatic Guided Vchicles (AGVs); Positioning Technology: Low-cost Scnsors; Multi-Scnsor
Fusion; Localization

1. Introduction

Freight transportation is fundamental to the manufacturing industry. Starting with human and animal labor,
assistive devices such as trolleys and conveyors have been developed to increase transportation efficiency [1].
Modern smart factory transportation systems, a key component of Industry 4.0, are designed to operate
automatically. Automated Guided Vehicles (AGVs) are intelligent systems that increase accuracy and reduce
costs. These AGVs act as “delivery vehicles”, communicating within the Internet of Things (IoT) system by
collecting and transmitting data through a centralized control system. However, AGVs used in industrial factories
operate indoors.

AGVs used in industrial facilities often operate in indoor environments where satellite positioning systems such
as the Global Positioning System (GPS) or Global Navigation Satellite System (GNSS) are not accurately
operational because the signal is interfered with by obstacles [2, 3]. This challenge has driven advances in indoor
positioning technologies, including the Affordable Indoor Navigation Solution (AINS) [4], which has different
types of sensors for positioning. Automated guided vehicles (AGVs) rely on various sensors for precise positioning
and navigation. Among these, LIDAR (Light Detection and Ranging) is the most widcly uscd technology duc to
its high accuracy and accuracy in environmental mapping [5]. The high cost is still a major disadvantage |6, 7].
Camcras arc also ofien used (o create maps and detect objects. However, conventional monoculer cameras cannot
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mcasurc depth [8, 9], so accessorics such as ArUco markers [10] or light-cmitting diode pancls [11] arc required.
(LED) for better spatial perception.

Inertial units (IMUs) are used to track the movement of AGVs, but their accuracy decreases over time duc to
accumulated errors [12]. While these technologies can improve AGV navigation efficiency, the high cost of
LiDAR and camcra limitations have prompted rescarch into cost-cffective alternative positioning solutions [13].
New approaches such as Ultra-Wideband (UWB), closed-circuit television (CCTV), IMUs, and encoders are being
considered to replace LIDAR sensors in the indoor AGV, Which provides a reasonable price for accuracy

Ultra-wideband (UWB) technology is a reliable solution for AGV positioning, however, the performance of this
tcchnology depends on optimal transmitter positioning to cnsurc accurate linc-of-sight (LoS) transmission [14].
The accuracy of this technology can be further improved by incorporating Kalman filters to reduce noise and
improve state estimation [15]. In addition, closed-circuit television (CCTV), a technology that is widely used in
industrial environments, is widely used in industrial environments. AGV navigation can be supplemented by route
monitoring and identifying areas with a high density of obstacles, which improves overall performance |16].

Scnsor integration is an important tcchnique to reduce crrors and increasc the accuracy of low-cost sensors in AGV
navigation. The sensor data is processed sequentially, and the processing is parallel, where multiple sensors operate
simultaneously. A hybrid approach that combines the two methods can further optimize the sensor by taking
advantage of the strengths of each [17-19].

The integration of multiple scnsors greatly improves the positioning accuracy of AGVs. For example, combining
UWB and LiDAR yields an average squared error (RMSE) of 36.3 cm, while combining Odometry and LiDAR
yiclds an RMSE o0[43.4 cm [20].

While numerous techniques have been developed for indoor AGV localization through sensor fusion, many
cxisting studics still rely on cxpensive sensors like LIDAR or RGB-D cameras, making them unsuitable for cost-
sensitive AGV platforms. Additionally, there has been relatively little attention paid to how real-world factors—
such as sensor noise and inconsistent sampling rates—impact localization accuracy when using affordable, mixed-
sensor setups like UWB, CCTV, IMU, and encoders. Therefore, the objective of this research is to develop a low-
cost, multi-sensor localization framework for indoor AGVs. The proposed system integrates UWB, CCTV, IMU,
and encoder data using a parallel sensor fusion structure. A Generalized Reduced Gradient (GRG) optimization
algorithm is employed to dynamically determine the optimal sensor fusion weights that minimize positioning Root
Mean Square Error (RMSE) in varying speeds. This document is structured as follows: Part II describes in detail
the positioning methods and functions of cach sensor uscd in this study. Part IIT describes the characteristics of the
sensor. Part IV presents the results of the experiment. Analyse positioning accuracy for fixed conditions and move
at different speeds. In addition, Generalized Reduced Gradient (GRG) techniques arc used (o optimize calculations
in determining the optimal sensor set. Although Kalman Filter is popular, this research uses GRG to reduce the
computational resources for optimum sensor weighting configuration. Part V summarizes the findings and key
conclusions of this research.

2. Material and Methods

In this section, we describe the methodology for determining the position and function of each type of sensor used
in this rescarch. The study employs the BALTY AGV, an autonomous mobilc robot cquipped with multiple
sensors, designed to determine its position within the experimental area, as illustrated in Figure 2. To minimize
costs, the system utilizes low-cost sensors instead of LIDAR, which is commonly used in traditional positioning
but is expensive.

The developed positioning system integrates internal and external sensor data to achicve high accuracy. The AGV
positioning process can be divided into two main approaches: (1) internal positioning, which is inside the AGV
such as encoders and IMUs, and (2) external positioning, which uses external sensors such as UWB and CCTV.
By combining data from multiple sensors.

2.1 System Architecture and IoT Integration

The presented AGV operational concept is semi-autonomous. The core of the processing is the Jetson Nano board
connected to the teensy board to control the JGB37-520 DC motor for navigation and obstacle avoidance. The
system uscs a Camera (Tapo C200) as the main sensor for image processing to allow the robot to move along the
specified path, along with Ultrasonic Sensors installed to detect and avoid obstacles, as shown in Figure 1.
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Figure 1. Conceptual Diagram of AGV Operation with CCTV, Ultrasonic Sensors, and Central Wi-Fi Control.

The BALTY AGV robot (as shown in Figure 2) is used for localization. The system integrates both Internal and
cxternal sensors. Internal sensors include a motor encoder for estimating position from PWM signals and an IMU
(WitMotion WT901C) for measuring movement direction. External sensors include a UWB module (ESP32 UWB
DW1000) used to measure the distance between tags mounted on the AGV and anchors placed around the test
area. Additionally, a CCTV camera (Tapo C200) is used to process images to determine the AGV’s location. Data
from all sensors is transmitted over a Wi-Fi network using the MQTT protocol for real-time communication. The
data is then forwarded to the Central Control Unit (CCU) (as shown in Figure 3), which is crucial for data fusion,
route planning, and traffic management. Moving the processing load to the CCU significantly reduces hardware
costs and complexity on each robot, while increasing accuracy and coordination capabilitics across multiple AGVs.

Figure 2. AGV BALTY ROBOT.
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Figure 3. Communications of sensors.
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2.2 Sensor Specifications
2.2.1 Encoder Sensor

The encoder is a sensor attached to the DC Motor (JGB37-520) located on the back of the motor shaft. This encoder
uses a Double Magnetic Hall Encoder Disc that provides an AB-phase (Quadrature Signal) output signal. This
makes it possible to analyze the direction and number of revolutions of rotation. An operating voltage of 3.3-5 V
DC provides a frequency signal of 90 pulses per revolution of the motor shaft, as shown in Figure 4.

Figurce 4. DC Motor with Encoder Sensor.

2.2.2 Inertial Measurement Unit Sensor

IMU (Inertial Mcasurement Unit) WitMotion WT901C is a 9-axis sensor (9 DOF — Degrecs of Freedom) that can
measure a variety of values, including linear acceleration, rotational rate, and other factors. The WT901C supports
mcasurement of acceleration in the range of +16g and rotational rates of up to +2000 degrees per second (°/s). In
this study, the output rate of the IMU is configured to 10 Hz, as shown in Figure 5.

Figure 5. IMU Sensor.

2.2.3 UWB Sensor

UWRB consists of an ESP32 UWB board equipped with a DW1000 module, which can transmit and receive UWB
wave signals for distance measurement with Time of Flight (ToF) techniques and distance cstimation based on
signal strength or RSSI (Received Signal Strength Indicator), as shown in Figure 6. The Anchor installation is
defined at the 4 points of a 4x8 meter rectangular area, fixed to the bracket perpendicular to the ground, so that the
signal can be received evenly from all directions, as shown in Figure 8. The tag mounted on the AGV measures
the distance from the anchor at 4 points to calculate the 2D coordinates by trilateration or triangulation technique,
and then sends the location coordinates back to the central processor via WiFi using the MQTT protocol.

]

Figure 6. UWB Scnsor.
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2.2.4 CCTV

There are 4 CCTVs used in the system, that is TP-Link Tapo C200, which is a wireless IP camera (WiFi Camera)
that can be connected via a wircless network to transmit images directly to the central processing system. The
CCTV also supports low-light operation with infrared at a wavelength of 850 nm (850 nm IR LED), which can be
scen at a distance of up to 30 feet. This camera comes with a Iens with an /NO aperture of 2.4 and a focal length
of 4 mm. This is ideal for indoor medium-distance photography. The camera can record video at the highest
resolution of Full HD (1080p) at 30 frames per sccond. It uses the H.264 vidco compression standard to cfficiently
transmit real-time image data over a WiFi network, as shown in Figure 7.The CCTV is installed at four CCTV
cameras of the indoor experimental area (4 m x 8 m), as shown in Figure 8.

Figure 7. CCTV Sensor.

2.3 Localization Techniques

AGY localization has both outdoor localization that can use GPS sensors, CCTV, and Lidar, which is the main
sensor for localization, and indoor localization cannot use GPS sensors. Most of the users will use LIDAR CCTV
for localization but the price of LiDAR is high so it is the origin of using low-cost sensors, which will be localized
in 2 forms according to the reading of the sensor.

2.3.1 Internal Localization (Encoder and IMU)

Localization determination from inside the AGV is donc by using scnsors to mcasurc valucs from the AGV itsclf.
The internal sensors measure values from the encoder and the IMU. AGV localization determination from the
encoder sensor and its integration with heading Localization determination of an AGV using a two-wheel
differential drive system can be efficiently achieved by combining information from the initial encoders with a
mathematical model of the AGV, as shown in Figure 9(a).

The position of the AGV can be found by defining two coordinate systems. The first coordinate system is the
global coordinate system on the frame (Xo, Yo) and the second system is the robot coordinate system (X, Y,) as
shown in Figure 9(a). It can be seen that the two frames are defined, with the origin of the robot frame set to be
the midpoint A on the axis between the wheels, the center of mass C of the robot is considered to be on the axis of
symmetry, at a distance d from the origin A, with the radius of the wheel R and the distance from the center of the
wheel L.

CAM4(-1.14,9.18) o CAM 3(4.58, 8.93)
) ' e®

Anchor4(-0.6,9.0) (08 Anchor 1 (4.685, 9.0)

Y(m)

@ CAM2(4.78,1.85)

Anchor 2 {4,685, -0.225)
40 @

Anchor 3 (0.6, -0.225)
e 00 X(rm)
@ CAM1(-0.1,-1.15)

Figure 8. CCTV Sensor.

299




100

(a) Dillerential drive [21] (b) Right wheel [22]
Figure 9. Two components of the robot.

The kinematics and dynamics modelling of a two-wheeled sclf-driving AGV (DDMR, Differential Drive Mobile
Robots) is designed since this equation describes the relationship between the velocity and the robot frame. The
motion of the DDMR is characterized by non-holonomic constraint equations based on a set of assumptions [22,
23]. The first assumption is that there is no sliding motion. This constraint only means that the robot can move in
a curved manner (forward and backward), but not sideways. In the robot frame, this assumption means that the
velocity of center A is zero. The second assumption is the rotation of the wheels. There is one point of contact P
with the ground as shown in Figure 9(b). There is no wheel slip in the longitudinal axis (X;) and no slip in the
perpendicular axis (Y). The velocity of the contact point in the robot frame is related to the velocity of the driven
wheels in conjunction with the robot geometry, where the linear velocity of each driven wheel is the average of
the linear velocities of the two wheels.

VRHVL PRYPL
wi st =R @
Where vy is the speed of the right wheel (n/s), vy is the speed of the left wheel (11/s), ¢ is the angular speed of
the right wheel (rad’s), ¢, is the angular speed of the left wheel (rad/s), And the angular velocity of DDMR, i.e.,

- S
W= VR+VL = R PR™PL (2)
2L 2L

To determine the position and velocity, it can be calculated as a function of velocity from the center of A, i.e.,

X = X, + vdtcos @
Y =Y, + vdtsin@

X =X, + vcos 3)
Y=Y, + vsin®
R A. -

Where X is the position in the x-axis, Y is the position in the y-axis, X is the velocity in the x-axis of the AGV, ¥
is the velocity in the y-axis of the AGV, X, is the velocity in the x-axis of point A, Y, is the velocity in the y-axis
of point A, 6y is the initial angle of the AGV concerning the x-axis, dt is the change in time (Delta-time), 0 is the
angle of the AGV or heading of the AGV. and read the heading from the IMU sensor as an angle and use to replace
the angle that occurs.

2.3.2 External Localization (UWB and CCTV)

External positioning is the usc of cxternal sensors to measure the position of an object, which is ofien alrcady in
use and is a low-cost sensor. Positioning from the sensor has

2.3.2.1 Localization from UWB scnsor

UWB (Ultra-Wideband) position tracking from the Received Signal Strength Indicator (RSSI) and distance (d)
obtained from 3 UWB sensors [24]. The distance d can be calculated from the RSSI using the equation.

A=RSSI
d =10 10n )

Where A is the measured signal strength ata 1-meter distance (dBm), RSS! is the measured signal strength (dBm),
and n is the path loss exponent.

Another method is to use the distance from the UWB Time of Flight (ToF) to calculate the location by measuring
the distance based on the time the signal travels from the Tag to the Anchors, which uses Ultra-Wideband (UWB).
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From both methods, distance can be measured, which is divided into 2 calculation methods. When the distances
di, da, and ds from the 3 UWB sensors (Anchor 1, Anchor 2, Anchor 3) from the positions (X1, Y1), (X2, Y2) and
(X3, Ys) of the UWB sensors, respectively, the trilateration principle can be used to calculate the position (X, Y).

X =X+ (Y - 1)?=df ®)
X =X+ (Y = V)" =d} (6)
X = Xs)P+ (Y — V)P = d} &)

From Eq. (5, 6 and 7) we can solve this system of equations to find the x and y positions of the AGV.

Anchor 1

Anchor 2

Figure 10. The triangular method.

Method 2 uses the trigonometry principle, using trigonometry equations, to find the distances d1 and d2 from the
two UWB sensors (Anchor 1 and Anchor 2) from the positions (X1, Y1) and ((Xz, Y2) of the UWB sensors,
respectively, and the distance between Anchor 1 and Anchor 2 (do) is shown in Figure 10. using the equation.

2.3.2.2 Localization from CCTV

For localization tracking use CCTV to find coordinates. From the image in the area of interest and the location, it
can be scen that the image is distorted duc (o the lens inside the camera, which is corrected by placing the image
on a chessboard and detecting it. The image is passed through a mathematical model with a regression coefficient
to create a straight line and the robot’s position can be determined using an algorithm to detect and locate objects
from images [25].

2.4 Multi-Sensor Data Fusion Algorithm
2.4.1 Parallcl Fusion Algorithm

Fusion sensor architectures are divided into three types: series: operation based on one output as the next, parallel:
Simultancous operation and combination: scrics and parallel fusion, with the architecture divided into two types
according to the type of data fusion: the first type is voting, weighting, and priority voting, and the second type is
divide and conquer. The dataset is divided into subscts of the same size. The classification is then carried out,
followed by the inclusion of decision data based on the results of those subsets of the classification [18].

2.4.2 Generalized Reduced Gradient (GRG) Method: A Nonlincar Optimization Algorithm

The Generalized Reduced Gradient (GRG) method is an effective algorithm used to solve non-linear optimization
problems, extending the capabilities of the Reduced Gradient method by effectively addressing the constraints of
inequality. The process starts by dividing the variable into a base variable (y) and a non-base variable (x) and then
reducing the dimension of the problem by displaying y as a function of x, resulting in the target function F(x) =
J(x), x). This method turns the problem into a minimized F(x) within the scope of | <x < u [26, 27].

_or_or (25 0g
AF(X) ~ox dy (Dy) ax (8)
where:
of of L o )
aa are the gradients of the objective function.

dg 0
a—i% are the Jacobian matrices of the constraints.




102

GRG is a precise and versatile algorithm for the computation of nonlincar cquations. This algorithm is commonly
used in software such as Microsoft Excel Solver [28, 29], leveraging techniques such as numerical differentiation
and lower-upper [actorization (o optimize [26, 27] calculations. The GRG stands out for its complex cquation
management, making it ideal for using [30]. This algorithm requires heavy computation, especially for large
matrices, and that converges into a locally appropriate value instead of a generic optimal value [29]. Starting the
parameters correctly is considered important for achieving optimal results. Despite these challenges, GRGs remain
a powerful tool for non-linear computations due to their robustness and flexibility in reducing selected error
statistics [30].

In this study, the GRG algorithm was applied offline to find the most appropriate weighting coefficients (a, b, c,
d, and e) for the sensor fusion model. This process is not a real-time adjustment, but rather, the pre-recorded data
from each path were processed using the Solver tool in Microsoft Excel. The GRG Nonlinear method was used to
adjust the weighting coefficients until the lowest Root Mean Square Error (RMSE) was obtained when comparing
the path obtained from the fusion to the ground truth path. This pre-calculated optimal weighting cocfficient sct
was then used in the sensor fusion model for the experiment.

3z Experimental Design

The experimental design in this study focuses on the use of low-cost sensors to localize AGVs and partition the
experiments into two main parts: static experiments and dynamic experiments to verify the accuracy of the sensors
and the performance of the data fusion techniques. For the static experiment, the test is performed in a
predetermined localization within a 4x8 square meter test area, testing position readings from external sensors
such as UWB and CCTV, and comparing the different techniques used to calculate the position. The dynamic
experiment focuses on the localization test while The AGV moves in a straight line under specified conditions,
collecting position data from UWB and CCTV, as well as Pulse Width Modulation (PWM) from encoders and
direction values from IMUs, which can be used to analyse and improve the accuracy of the AGV’s positioning
system. Both of these experiments aim to evaluate the capabilities of various sensors and improve the accuracy of
AGV positioning so that they can be used as a practical guideline.

3.1 In static experiments

In experiments, four conditions are determined: (1,1), (3,1), (1,7), and (3,7), as shown in Figure 8, within a 4x8
square meter test area. The AGV moves in four directions at angles of 0, 90, 180, and 270 degrees relative to the
x-axis, repeating cach movement three times. The installation points of UWB and CCTV anchors arc shown in
Figure8. The study involves comparing Time-of-Flight signal readings with RSSI reading methods, evaluating the
usc of the 3P mcthod (trilateration) against the 2P method (triangular), analyzing the position of anchors uscd in
calculations, and comparing UWB and CCTV for localization accuracy.

3.2 In dynamic experiments

In experiments, linear motion is analysed by collecting position data from UWB in the specified conditions,
obtaining location data from CCTV, which are processed using a vision-based localization algorithm [25],
gathering Pulse Width Modulation (PWM) data from encoders, and recording vehicle direction data from the IMU
ataverage speeds of 0.27 m/s and 0.4 m/s. The study involves comparing movement data obtained solcly from the
cncoder with data incorporating dircction readings from the IMU, utilizing average Weighted Parallel Fusion,
applying Weighted Parallel Fusion customized in Microsoft Excel for each moving path, and implementing
Weighted Parallel Fusion from combined path customizations in Microsoft Excel.

3.3 Timestamp and Communication Management

To ensure data integrity for the data fusion algorithm, the data collection process has specific sampling rates: 10
Hz for UWB IMU wheel encoders and 5 Hz for CCTV. Since data from each sensor is collected asynchronously,
the temporal alignment is performed using event-based synchronization in the post-processing step. We sct the
'AGV start of movement” as the reference marker to synchronize all datasets. For sensor data communication, the
MQTT protocol is used, which has a basic QoS configuration that cmphasizcs [ast data transmission. However,
this method may occasionally cause data loss under unstable Wi-Fi network conditions.

4. Results and Discussion

This experiment was divided into two types, namely a Static Experiment, and a Dynamic Experiment, to study the
accuracy of the location of each sensor, which consisted of UWB, CCTV, IMU, and Encoder. After that, the
position valucs obtained from cach sensor were used to fuse the data (Parallel Fusion) to find the best results. For
UWB positioning, the ESP32 DW1000 UWB Module BUO1 is used, with anchors placed at all four corners, as
shown in Figure 5. The tag is mounted at the center of the AGV. The system reads the signal data as the distance
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between the anchors and the tag, then calculates the position and transmits it to MQTT. The obtained position is
retrieved and recorded into the AGV through MQTT. For CCTV-based positioning, TP-Link Tapo C200 cameras
arc uscd, positioned at four locations. These cameras provide Full HD 1080p resolution and connect via the Real-
Time Streaming Protocol (RTSP) to a computer, where the position is calculated. The computed position is then
transmitted to MQTT and recorded into the AGV through MQTT. In the static experiment, 4 points are set: (1,1),
(3,1), (1,7), and (3,7) by analysing UWB from the recorded distance values to select the measurement method,
which has 2 types: RSSI and Tof. When the appropriate measurement method is obtained, the appropriate
calculation method is sclected, divided into 2 types: trilateration and triangular, to sclect the appropriatc method
and use the method used in the experiment together with CCTV to find the error value that occurs. The dynamic
experiment focuses on testing AGV positioning while it moves in a straight linc under predefined conditions.
Position data is collected from both UWB and CCTV. An cncoder attached to the motor is used, which counts the
pulse width modulation (PWM) signals from the wheel encoders on both front wheels to calculate the position and
record it directly into the AGV. Similarly, an IMU (WitMotion WT901C) is connccled to the AGV and works
with the encoder to compute the position, which is then recorded directly into the AGV. The UWB, encoder, and
IMU sensors record data approximately every 0.1 seconds, while the CCTV records the most recently obtained
values. From the position values read from each type of sensor, the weight Parallel Fusion method is used by using
the weight value from the average of equal weights, from the weight value of the GRG method of each route, and
the weight value of the GRG method of both routes combined. The results can be displayed according to the topic.

4.1 static experiments Results

Static experiment using 4 positions with the car facing in 4 directions. The experiment was repeated 3 times, and
the experimental results can be presented as follows.

4.1.1 Comparing the ToF signal value with the RSSI value using 2 calculation methods: trilateration distance
measurement and triangular distance measurement. It was found that the highest error value was at the x-axis RSSI
value with a fault value of 9.2825 m (The trilateration is computed using anchor 4,1,2 at position (1,1) and angle
0 degree in the 2 experiment) meters and the y-axis error value was 7.6216 m (The triangular is computed using
anchor 1,2 at position (3,1) and angle 90 degree in the 3 experiment). It was found that the RSSI value was higher
than the ToF rcading from the x-axis with a maximum crror of 1.4828 m (Thc triangular is computed using anchor
3.4 at position (1,7) and anglc 270 degrec in the 2 and 3 cxperiment), and the y-axis had the highest crror valuc of
1.8054 m (The triangular is computed using anchor 4,1 at position (3,7) and angle 180 degree in the 2 and 3
experiment). It was found that the ToF reading method should be sclected based on the results of the experiment
as shown in Table 1.

Table 1: Summary of crror results comparing ToF and RSSI with two calculation methods.

Comparison Casce/Mcthod Key Finding (Error | Conclusion
Valuc)

RSSI  Maximum | Trilateration  (Anchor | 9.2825 m (x-axis) RSSI has very high
Error 4,1.2; pos (1,1); angle €ITor.

0°; Exp 2)
RSSI  Maximum | Triangular (Anchor 1,2; | 7.6216 m (y-axis) RSSI error is unstable
Error pos (3,1); angle 90°% in y-axis.

Exp 3)

ToF vs. RSSI

Triangular (Anchor 3.4;

ToF lower by 1.4828 m

ToF more reliable

(Difference) pos (1,7); angle 270°% | (x-axis) than RSSL

Exp 2-3)
ToF vs. RSSI | Triangular (Anchor 4,1; | ToF lower by 1.8054 m | ToF morc reliable
(Difference) pos (3,7); angle 180°; | (y-axis) than RSSL

Exp 2-3)

4.1.2 In comparison of the usc of the 3P method (trilateration) and the 2P method (triangular), the maximum crror
of the x-axis using the triangular method is 1.4824 m (The triangular is computed using anchor 3,4 at position (1,7)
and angle 270 degree in the 2 and 3 experiment), the maximum error value of the y-axis when using the triangular
method is -1.8054 m (The triangular is computed using anchor 4,1 at position (3,7) and angle 180 degree in the 2
and 3 experiment), the maximum error value of the x-axis when using the trilateration method is 1.4464 m (The
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trilatcration is computed using anchor 1,2,3 at position (1,7) and angle 90 dcgrec in the 2 and 3 experiment), and
the maximum error value of the y-axis when using the triangular method is 1.0464 m (The trilateration is computed
using anchor 4, 1,2 at position (1,1) and anglc 180 degree in the 2 and 3 experiment) as shown in Table 2.

4.1.3 When comparing the positions of the anchors used in the calculations. When at position X=1 Y=7, which is
closc to position 2,3,4 and has the Icast crror valuc. Position X=3 Y=1, which is closc to position 1,2,3, found that
the calculation from anchor points 4,1,2 had the lowest error value, but position 1,2,3 had a lower error value as
shown in Table 3. It was found that 2 out of 4, the ncarest calculation position has the Icast error value. Therefore,
the nearest Anchor placement position was selected for calculation.

Table 2: The table shows the static error test.

Type Reading Method X (m) y (m)

UWB RSSI Trilateration 9.2825 —
RSSI Triangular — 7.6216
ToF = 1.4828 1.8054
ToF Trilateration 1.4464 1.0464

CCTV — — 0.087 0.214

Table 3: The crror results using ToF trilatcration calculation.

Position RMSE (Anchor Combination)

X y 1,2,3 2,3,4 34,1 4,1,2
1 1 0.75 0.92 1.23 L2
3 7 0.77 0.68 0.55 0.58
1 7 0.96 0.74 0.33 0.56
3 1 0.51 0.76 0.96 0.77

4.1.4 The comparison between UWB and CCTV can be shown in Figure 11. when comparing the real position
with the CCTV position obtained using the method of vision-based localization algorithm, and the UWB position
obtained from CCTV is more accurate. Less dispersed. The positioning accuracy analysis CCTV shows that at
position (1,1) with an orientation of 270 degrees, the maximum X crror was 0.087 m, with an RMSE of 0.057061
m. At position (1,7) with an orientation of 180 degrees, the maximum Y error was 0.214 m, with an RMSE of
0.097567 m. The overall total RMSE for the system was 0.113028 m.

Comparison between real position, CCTV,
and UWB.
8
z o -
- )
8y *UWB
-
3 *CCTV
2 * Real
: e Lo,
0
0 1 2 3 4 5
X(m)

Figure 11. Comparison between real position, CCTV, and UWB.

The results of the error values that occurred in the static experiment can be summarized as shown in Table 2.
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4.2 Dynamic cxperiment Results

Dynamic experiment by testing 2 speeds at average speeds of 0.4 and 0.27 m/s, which is given the starting point
atx =1,y =0, moving in a straight linc with the wheel radius of 0.052 m, and the distance between the wheels of
0.379 m, and the experimental results can be presented as follows.

4.2.1 Once the starting position is set, collect data that reads the Pulse Width Modulation (PWM) from the direction
encoder from the speed difference of the two wheels (Encoder). Compare the direction obtained from the IMU
(Encoder + heading (IMU)) using the moving speed from the average of the two wheels. The first path of the
movement moved from the position x = 1, y =0 to x = 0.48, y = 7.68 m with the locomotive starting at an angle
0l 93.87°, the sccond path moved from the position x =1, y = 0 to x = 0.67, y = 8 m with the starting hcad at an
angle of 92.4°. It can be done as shown in Figure 12(a), 12(b).

When implementing each type of sensor, it can be displayed as in Figure 13(a)., 13(b). Selected to calculate the
position from encoder + heading (IMU) at a speed of 0.4 m/s with a root mean square crror (RMSE) of 0.0035 m
(x-axis) 0.0731 m(y-axis) and a total RMSE wvalue of 0.0732 m with a maximum error of 0.0101 m(x-axis
al(0.48,7.68)) 0.048 m(y-axis at(0.496421,7.437474)), spced 0.27 m/s with a RMSE of 0.0021 m (x-axis) 0.0678
m(y-axis) and a total RMSE value of 0.0678 m with a maximum error of 0.0034 m (x-axis at (0.7169,6.861))
0.1086 m(y-axis at (0.7046,7.1593)), calculate the position from UWB at a speed of 0.4 m/s with a RMSE of
0.3317 m (x-axis) 1.1858 m (y-axis) and a total RMSE value of 1.2313 m with a maximum error of 0.6562 m(x-
axis at(0.956211,0.646737)) 2.2 m(y-axis at(0.48,7.68)), speed 0.27 m/s with a RMSE 0f0.2591 m (x-axis) 0.5156
m(y-axis) and a total RMSE value of 0.5770 m with a maximum error of 0.4053 m (x-axis at (0.704678,7.159322))
0.82 m (y-axis at (0.67,7.8), calculate the position from CCTV at a speed

of 0.4 m/s with a RMSE of 0.1769 m (x-axis) 0.3951 m (y-axis) and a total RMSE value of 0.4329 m with a
maximum error of 0.3449 m(x-axis at(0.770105,3.395368) 0.7537 m(y-axis at(0.660632,5.012211)), speed 0.27
m/s with a RMSE of 0.2414 m (x-axis) 0.2628 m (y-axis) and a total RMSE value of 0.3568 m with a maximum
error of 0.3725 m(x-axis at (0.932881,1.627119)) 0.4795 m(y-axis at (0.827729,4.176271)). It can be seen that the
movement in a straight line is calculated from encoder + heading (IMU). The lowest crror rate is followed by
CCTV and UWB respectively. When considering the speed, it can be seen that the higher the speed of UWB, the
higher the crror rate. The integration of the encoder and IMU produced the most accurate localization duc to the
synergy between dead reckoning and drift correction. While encoders provide incremental movement data, the
IMU stabilizes heading estimations, minimizing angular deviation over time. At higher speeds, UWB readings
suffered from increased positioning errors. This is primarily attributed to multipath propagation effects and signal
delays that occur during rapid movement, affecting both RSSI and ToF estimations. CCTV localization
demonstrated high stability under consistent lighting conditions. As the vision algorithm depends on contrast,
environments with fixed illumination enhance detection performance and reduce positioning fluctuations.

(a) (b)

Figure 12. Comparison the real motion with the encoder and encoder + heading (IMU) (a) at v = 0.4 m/s. (b) at
v=0.27 m/s.
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e

(a) (b)

Figure 13. Comparison real motion with encoder and encoder + heading (IMU) UWB CCTV at (a) v= 0.4 m/s.

(b) v=0.27 m/s.

4.2.2 Using a Fusion sensor in parallel, as shown in Figure 14(a)., 14(b). At a speed of 0.4 m/s using the average
weight value, the RMSE of 0.1470 m(x-axis) 0.5241 m(y-axis), and a total RMSE value of 0.5444 m with a
maximum crror of 0.3248 m(x-axis) 1.124 m(y-axis). At a spced of 0.27 m/s using the average weight value, the
RMSE of 0.1681 m(x-axis) 0.2732 m(y-axis), and a total RMSE value of 0.3208 m with a maximum error of
0.2317 m(x-axis) 0.3840 m(y-axis).

a the resl moton wah
censor fuson the dverage wet aty = 04 M Sevior agkon e aerage weght oty -
-

— et

(a)

(b)

Figure 14. Comparison rcal motion with parallcl scnsor fusion using average weight at (a) v=0.4 m/s. (b) v=
0.27 m/s.

4.2.3 Use Weighted Parallel Fusion from the optimization in the Excel program for each movement path. When
testing the optimal parameter of the sensor weight multiplier, there are two conditions. The first condition is when
the sensor values are transmitted completely, allowing them to be used as described in Equation 9.

( _a - (Encoder + IMU heading)(x,y) "
20 4 a+b+c ©)
+b - UWB(x,y) + ¢ - CCTV(x,y)

a+b+c

The second condition is when the sensor values are not completely transmitted, and there are no values from the
CCTV sensor. In this case, use Equation 10. instead.
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d - (Encoder + IMU heading)(x,y) 10 +e - UWB(x,y)
d+e (0 d+e

The optimal parameter values can be found from the Excel program by selecting the GRG Nonlinear method,
which is shown in Table 4, showing weight values used for optimal at a speed of 0.4 m/s and having the RMSE of
0.009 m(x-axis) 0.0616 m(y-axis), and a total RMSE value of 0.0623 m with a maximum error of 0.0211 m(x-
axis) 0.1164 m(y-axis) shown as Figure 15(a). the optimal parameter values shown Table 5, weight values used
for optimal at a speed of 0.27 nv/s and having the RMSE of 0.1681 m(x-axis) 0.2732 m(y-axis), and a total RMSE
valuc of 0.3208 m with a maximum crror of 0.2317 m(x-axis) 0.3840 m(y-axis) shown as Figurc 15(b).

(x,y) =

Table 4: The weight values used for optimal at a speed of 0.4 my/s.

a b [ d e

0.0617 0.00027 0.0038 1.7673 0.0580

4.2.4 Use Weighted Parallel Fusion from the optimization in the Excel program obtained by combining all paths.
From Figure 16(a)., 16(b). and Table 6, weight values used for optimal at all speeds have an RMSE value of 0.4
m/s which is 0.0154 m(x-axis) 0.0647 m(y-axis), and a total RMSE 0.0591 m(y-axis), and a total RMSE value of
0.0634 m with a maximum error of 0.035 m(x-axis) 0.0894

m(y-axis) shown in the Table 7 is the results of the dynamic experiment can be Summarized. value of 0.0665 m
with a maximum error of 0.027 m(x-axis) 0.153 m(y-axis), and an SSE value of 0.27 m/s which is 0.0228 m(x-
axis)

Table 5: The weight values used for optimal at a speed of 0.27 m/s.

a b ¢ d ¢

2.4332 0.1679 0.1057 2.1349 0.2070

Table 6: The weight values used for all optimal at all speed.

a b ¢ d e

0.1176 0.0037 0.0106 1.9884 0.1019

(a) (b)

Figure 15. Comparison real motion with parallel sensor fusion using the optimal weight at (a) v = 0.4 nv/s. (b) v
=0.27 m/s.
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‘Sensar fusion the ol optimal wesght &t v = 0.4 Vs Senior usion the average weght 3t = 021 s

|

(a) (b)

Figure 16. Comparison rcal motion with parallel sensor fusion using the optimal weight at (a) v = 0.4 m/s. (b) v
=0.27 ms.

Table 7: The dynamic error test results.

Type Speed (m/s) | Max Error (m) | RMSE | RMSE(x,y) | x y

encoder 0.4 0.0805 0.1226 | 0.0526 0.0707 | 0.0881
Encoder + IMU 0.0101 0.0480 | 0.0035 0.0731 | 0.0732
UWB 0.6562 2.2000 | 0.3317 1.1858 | 1.2313
CCTV 0.3449 0.7537 | 0.1769 0.3951 | 0.4329
AVG Fusion 0.3248 1.1240 | 0.1470 0.5241 | 0.5444
opt Fusion 0.0211 0.1164 | 0.0090 0.0616 | 0.0623
All opt Fusion 0.0270 0.1530 | 0.0154 0.0647 | 0.0665
encoder 0.27 0.0979 0.1070 | 0.0637 0.0642 | 0.0904
Encoder + IMU 0.0034 0.1086 | 0.0021 0.0678 | 0.0678
UWB 0.4053 0.8200 | 0.2591 0.5156 | 0.5770
CCTV 0.3725 0.4794 | 0.2414 0.2628 | 0.3568
AVG Fusion 0.2317 0.3840 | 0.1681 0.2732 | 0.3208
opt Fusion 0.0328 0.0690 | 0.0199 0.0360 | 0.0411
All opt Fusion 0.0350 0.0894 | 0.0228 0.0591 | 0.0634

5 Conclusion

This rescarch developed and validated a low-cost, multi-scnsor fusion system [or indoor AGV localization,
presenting a viable alternative to expensive LiDAR-based solutions. By integrating data from encoders, IMUs,
UWB, and CCTV through a parallel fusion architecture optimized with a Generalized Reduced Gradient (GRG)
algorithm, we demonstrated a significant enhancement in positioning accuracy. Our findings reveal several key
insights. In static tests, the Trilateration method proved more robust than the Triangular method for UWB
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positioning, reducing maximum crrors to 1.4464 m (x-axis) and 1.0464 m (y-axis). For dynamic localization, the
synergy between the encoder and IMU was paramount, yielding the lowest RMSE of 0.0732 m at 0.4 nv/s and
0.0678 m at 0.27 m/s. This highlights the cffectiveness of combining dead-reckoning data with drifl correction
from the IMU. Conversely, UWB performance degraded at higher velocities, likely due to multipath propagation
and signal delays, while CCTV provided stable, albeit less accurate, localization The most significant contribution
of this work is the application of the GRG-optimized weighted fusion, which reduced the final RMSE to as low as
0.0623 m and 0.0411 m at 0.4 m/s and 0.27 m/s, respectively. This demonstrates that a carefully weighted
combination of low-cost sensors can achieve the high level of accuracy required for many industrial applications,
directly addressing the cost barrier of widespread AGV adoption. While these results are promising, we
acknowlcdge certain limitations. The experiments were conducted in a controlled environment with predefined,
straight-linc paths. In addition, thc GRG weight adjustment is performed offline. The current system uscs constant
weight. Furthermore, its practical application in industrial environments presents significant challenges, such as
noisc from machinery and uncontrolled environments. Future rescarch should explore more complex paths and
dynamic environments. Future work will focus on four primary areas. First, we plan to implement a real-time
adaptive weighting mechanism, possibly using machine-learning algorithms like neural networks, to dynamically
adjust sensor weights without manual optimization. Second, integrating Kalman filtering could further mitigate
sensor noise and improve state estimation. Third, integrating the system with an IoT platform allows for real-time
tracking of multiple AGVs, route planning, and data analysis for process optimization within the framework of a
smart factory. Finally, deploying and testing the system in a live warehouse environment will be crucial to validate
its practical applicability and robustness.
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s python dmsusiamn EKF
-*- coding: utf-8 -*-
AGV Fusion (NO UWB) — Compare:
(A) EKF Normal (measurement noise R 910 sigma-based config/residual)

(B) EKF Blend per-axis alpha (CAM vs DR)

Features:
- Uszliiu O_process (one-step prediction error) kag O _measure (residual vs GT %184
bias-corr)
- PO @%1991n 02 fivsziiuaie Tnedenlnun:
* "orocess" 4 O process? e matrix
* "measurement” 14 O measure? ‘1;|'j<1 matrix (x,y 911 CAM/DR, O 270 IMU)
* "hybrid" : FnuvasinnTouny (xy,0) uagidon CAM/DR 19umilél
- floors fiu PO @niAuly
- fusi/dudin 0, 02, PO, Q, R_* 1ulwa waziiu P_hist (Nx3x3)
- WATIER 0/02 VaawulesuuU RAW vs Corrected (bias-corr) igufiu GT wdiduiin
CSV+JSON

a

vanewnneduldoyafily (ruilwdafiase): Time/Time (), PWML, PWM2, IMU, CAMx,

CAMy, Rx, Ry

import numpy as np

import pandas as pd

import matplotlib
matplotlib.use('Agg')

import matplotlib.pyplot as plt
from pathlib import Path

import json



plt.rcParams.update({
"font.size™ 11,
"axes.labelsize": 12,
"axes.titlesize": 14,
"legend.fontsize" 11,
"figure.dpi”: 100,
)
plt.rcParams|'grid.alpha'’l = 1.0
plt.rcParams['legend.framealpha’l = 1.0

plt.rcParams|'patch.antialiased'] = True

POINT SIZE = 30
LINE WIDTH = 1.8

# aladdufinsiuvnam: 18 6T Wuduiivde, fwdeusndie linestyle/marker

ST GT = dict(color="black", linestyle="-", marker="*", linewidth=LINE_WIDTH,
markersize=5)

ST CAM = dict(linestyle="--", marker="0")

ST DR = dict(linestyle="", marker="D")

ST NORM = dict(linestyle="-.", marker="s") # EKF Normal

ST BLEND = dict(linestyle="-", marker="A") # EKF Blend

ST RAW = dict(linestyle="--", marker="P") # EKF Normal (RAW)

def make opaque for eps(Figliola & Beasley):
import matplotlib
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for coll in fig.findobj(match=matplotlib.collections.Collection): coll.set_alpha(1.0)

for line in fig.findobj(match=matplotlib.lines.Line2D): line.set alpha(1.0)

for patch in fig.findobj(match=matplotlib.patches.Patch): patch.set_alpha(1.0)
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for leg in fig.legends:
if leg.get frame() is not None: leg.get frame().set alpha(1.0)
for ax in fig.get axes(): ax.grid(alpha=1.0)

def save fig all(path no_ext: str, fig=None, save eps=True):

if fig is None: fig = plt.gcf()

fig.tight layout()

fig.savefig(f'{path no_ext}.png", dpi=600, bbox_inches="tight")

fig.savefig(f'{path_no_ext}.pdf", dpi=600, bbox inches="tight")

if save eps:
_make opaque for eps(Figliola & Beasley)
fig.savefig(f'{path_no_extl.eps", dpi=600, bbox_inches="tight")

plt.close(Figliola & Beasley)

def finite mask(*arrs):
m = np.ones_like(np.asarray(arrs[0], dtype=float), dtype=bool)
for ain arrs:

m &= np.isfinite(np.asarray(a, dtype=Ffloat))

return m
# Y i " E A
# ===== User Flags & Files =====
# s, g S ————————————————

RUN_NORMAL = True
RUN BLEND = True

USE_CAM = True # 19 CAMx/CAMy

USE DR = True # @319 DR 970 encoder+IMU (x_dr,y dr)
USE_IMU_HEADING MEAS = True # 14 IMU 1Ju measurement w03 O

USE DR AS MEAS = True # 19 DRIx,y] tJu measurement sl
IMU_IN_DEG = False # 61 IMU Tulnaduesen 19 True (azuvaandu rad)
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FILES = [
('S1 701 01xlsx', 0.1, 167),
("S1.701 02 01xlsx’, 0.2, 83),

EDGES PER PULSE = 1
WHEEL_RADIUS = 0.052 # m (0.104/2)
PPR = 6840

DR X0, DR YO0, DR THO = 0.0, 7.0, 0.0
PWM2V_SCALE = 1.155

Q SIGMA X =0.03
Q SIGMA Y =0.03
Q SIGMA TH = 0.02

# ===== Blend weights (per-axis) =====
ALPHA X = 0.7 # CAM weight for x (DR = 1-ALPHA X)
ALPHA Y = 0.3 # CAM weight for y (DR = 1-ALPHA Y)

USE_AUTO SIGMA = True # True = AWM O mﬂ%’a;ﬂm%q, False = manual

# MANUAL (il USE_AUTO_SIGMA=False)
SIG INIT X = 0.5

SIGINIT Y =05

SIG_INIT_TH = np.deg2rad(15.0)



SIG_PROC X =0.03
SIG PROC Y =0.03
SIG_PROC_TH = 0.02

SIG_MEAS_CAM X = 0.08

SIG_MEAS CAM_Y = 0.08
SIG_MEAS DR X = 0.10
SIG_MEAS DR Y = 0.10

SIG_ MEAS IMU TH= np.deg2rad(5.0)

PO_MODE = "hybrid"  # "process" | "'measurement” | "hybrid"
PO_AXIS_SOURCE = {

X" "dr',

y'tdr

"th": "measurement_auto,

}
PO_FLOORS = (le-6, 1le-6, np.deg2rad(0.5)**2) # (x,y in mA2, th in rad/2)

def angle_wrap(a): return (a + np.pi) % (2*np.pi) - np.pi

def compute dt series(df, fallback=0.1):

col = Time' if Time' in df.columns else (Time (s)" if 'Time (s)' in df.columns else

None)
if col is None: return np.full(len(df), fallback), float(fallback)
dt = dffcol].diff().fillna(fallback).astype(float).values
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return dt, float(np.nanmedian(dt))

def compute real heading from gt(df):
N = len(df); th = np.fulliN, np.nan, dtype=float)
if not {"Rx","Ry"}.issubset(df.columns): return th
rx = df"Rx"].to_numpy(dtype=float); ry = df['Ry"l.to_numpy(dtype=float)
for i in range(1, N):
if np.isfinite(rx[i]) and np.isfinite(ry[il) and np.isfinite(rx[i-11) and np.isfinite(ry[i-1]):
dx = rx[i]-rx[i-1]; dy = rylil-ry[i-1]
if dx!=0.0 or dy!=0.0: thli] = np.arctan2(dy, dx)

return th

def rmse(a, b):
a = np.asarray(a, dtype=float); b = np.asarray(b, dtype=float)
m = np.isfinite(a) & np.isfinite(b)
if m.sum()==0: return np.nan

return float(np.sgrt(np.mean((alm]-b[m])**2)))

def rmse_xy(xp, yp, xg, yg):
xp = np.asarray(xp, dtype=float); yp = np.asarray(yp, dtype=float)
xg = np.asarray(xg, dtype=float); yg = np.asarray(ys, dtype=float)
m = np.isfinite(xp) & np.isfinite(yp) & np.isfinite(xg) & np.isfinite(yg)
if m.sum() == 0: return np.nan
err2 = (xp[ml-xg[mD**2 + (yplml-yg[m])**2

return float(np.sgrt(np.mean(err2)))

def get time_vector(df):
if "Time" in df.columns: return dff"Time"].to_numpy(dtype=Ffloat)
if "Time (s)" in df.columns: return dff"Time (s)"].to_numpy(dtype=float)
return np.arange(len(df), dtype=float)
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def finite var(a):
a = np.asarray(a, dtype=float); a = a[np.isfinite(a)]

return float(np.var(a, ddof=1)) if a.size > 1 else np.nan

def safe_var(df, col, ref):
if (col in df.columns) and (ref in df.columns):
v = finite var(dffcol] - dffref])
if np.isfinite(v) and v > 0: return v

return None

def title_for dt(dtv: float) -> str:
# Januuaivey: 0.1 "l s", 0.2 "3 s"
if abs(dtv - 0.1) < 1e-6:
return "Trajectory comparison of ground truth (GT), EKF Normal, and EKF Blend
models at dt = 0.1 s."
if abs(dtv - 0.2) < 1e-6:
return "Trajectory comparison of ground truth (GT), EKF Normal, and EKF Blend
models at dt = 0.2 s."

return f'"Trajectory Comparison: Normal vs. Blended EKF at dt={dtv:.3g} s"

def pwm to velocity(d pwm1, d._pwm?2, r, ppr, edges per pulse, dt,
scale=PWM2V_SCALE):

w L= (d pwml * 2*np.pi * r) / (ppr * edges_per pulse * dt)

w_r=(d pwm2 * 2*np.pi * ) / (ppr * edges_per pulse * dt)

return scale * 0.5 * (w r + w_|)

def compute dr from encoder imu(

df, dt_series,



wheel radius=WHEEL RADIUS, PPR=PPR, edges per pulse=EDGES PER PULSE,
x0=DR_XO0, y0=DR YO, th0=DR THO, scale=PWM2V_ SCALE

N = len(df)
V = np.zeros(N, dtype=float); x_dr = np.zeros(N, dtype=float)
y_dr = np.zeros(N, dtype=float); th_dr = np.zeros(N, dtype=float)
x_dr[0], y dr[0], th dr[0] = float(x0), float(y0), float(th0)
for i in range(1, N):

dt = max(float(dt_seriesl[i]), 1e-6)

d1 = float(df.loc[i,"PWM1"] - df.loc[i-1,"PWM1"])

d2 = float(df.loc[i,"PWM2"] - df.locli-1,"PWM2"])

imu = float(df.loc[i,"IMU"]) # rad

V[i] = pwm_to velocity(dl, d2, wheel radius, PPR, edges per pulse, dt,

scale=scale)

x_drlil= x_dr[i-1] + V[iJ*dt*np.cos(imu)

y_drlil=y dri-1] + V[i*dt*np.sin(imu)

th_drfi]= imu
return V, x_dr, y dr, th_dr

def estimate biases(df):
out = {}
if USE_CAM and {"CAMX","Rx"}.issubset(df.columns):
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out.setdefault("CAM", ["x"T = float((df["CAMX"] - dff"Rx"]).replace([np.inf,-np.infl,

np.nan).dropna().mean())

if USE_CAM and {"CAMy","Ry"}.issubset(df.columns):

out.setdefault("CAM", (N["y"T = float((df["CAMy"] - df["Ry"]).replace([np.inf,-np.infl,

np.nan).dropna().mean())

if USE_DR and {"x_dr","Rx"}Lissubset(df.columns):



120

out.setdefault("DR", ()["X"] = float((df["x_dr'] - df["Rx"]).replace([np.inf,-np.inf],
np.nan).dropna().mean())
if USE_DR and {"y_dr","Ry"}Lissubset(df.columns):
out.setdefault("DR", (["y"] = float((dfl"y_dr"] - df["Ry"]).replace([np.inf,-np.inf],
np.nan).dropna().mean())
if "IMU" in df.columns and {"Rx","Ry"}.issubset(df.columns):
real_h = compute real heading from gt(df)
diff = angle wrap(dff"IMU"].to_numpy(dtype=Ffloat) - real h)
diff = diff[np.isfinite(diff)]
b = float(np.arctan2(np.sin(diff).mean(), np.cos(diff).mean())) if diff.size>0 else 0.0
out["IMU"] = {"theta": b}

return out

def correct_bias(df, biases, suffix="_cb"):
out = df.copy()
if USE_CAM and "CAMX" in out.columns and "CAM" in biases and "x" in
biases["CAM"]:
out["CAMX"+suffix] = out["CAMX'] - biases["CAM"]["X"]
if USE_CAM and "CAMy" in out.columns and "CAM" in biases and "y" in
biases["CAM"]:
out["CAMy"+suffix] = out["CAMy"] - biases["CAM"]["y"]
if USE DR and "x_dr" in out.columns and "DR" in biases and "x" in biases['DR"]:
out["x_dr'+suffix] = out["x_dr"] - biases["'DR"]["x"]
if USE DR and "y dr"in out.columns and "DR" in biases and "y" in biases["DR":
out["y_dr'+suffix] = out["y _dr'] - biases['DR"]["y"]
if "IMU" in out.columns and "IMU" in biases and "theta" in biases["IMU"]:
out["IMU"+suffix] = angle wrap(out["IMU"].astype(float) -
float(biases["IMU"]["theta"]))

return out



def build_PO_from_sigma(sig_init):
sx, sy, sth = sig_init

return np.diag([sx**2, sy**2, sth**2])

def build PO from variance(vars ):
VX, vy, vth = vars

return np.diag([vx, vy, vth])

def sigma measure for axis(axis, meas_sig, prefer):
defaults = {'x: 0.5, 'y": 0.5} # meters
key cam = f'sig_cam {axis}"
key dr = f'"sig dr {axis}"
has cam = USE_CAM and (key cam in meas_sig) and
np.isfinite(meas_siglkey cam])
has dr = USE DR AS MEAS and (key drin meas_sig) and

np.isfinite(meas_siglkey dr])

if prefer == "cam":
if has_cam: return float(meas_siglkey cam])
if has dr: return float(meas_siglkey dr])
return defaults[axis]

if prefer == "dr":
if has_dr: return float(meas_siglkey dr])
if has_cam: return float(meas_siglkey cam])
return defaults[axis]

# measurement_auto

if has_cam: return float(meas_siglkey cam])

if has_dr: return float(meas_siglkey dr])

return defaults[axis]
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def pick sigma for axis(sig_proc, meas sig, axis, mode for axis):
default_sigma = {)x: 0.5, 'y": 0.5, 'th": np.deg2rad(15.0)}
if axis in (X,'y"):
if mode for_axis == "process":
return float(sig_proc[0] if axis=="X" else sig_proc[1]) if (sig_proc is not None
and all(np.isfinite(sig_proc))) else default_sigmalaxis]
elif mode for axis in ("measurement _auto", "cam”, "dr"):
return _sigma_measure_for_axis(axis, meas_sig, prefer=mode for axis)
return _sigma_measure for axis(axis, meas sig, prefer="measurement auto")
#th
if mode for_axis == "process":
return float(sig_proc[2]) if (sig_proc is not None and all(np.isfinite(sig_proc))) else
default_sigma['th']
s = float(meas_sig.get("sig_imu_th", default_sigmal['th'])

return s if np.isfinite(s) else default sigmal'th']

def build_PO_hybrid(sig_proc, meas_sig, floors=P0_FLOORS):
sx = pick sigma for axis(sig_proc, meas_sig, X,
PO_AXIS SOURCE.get(x','measurement_auto"))
sy = pick sigma for axis(sig_proc, meas sig, 'y,
PO_AXIS_SOURCE.get('y',/measurement_auto'))
sth = pick sigma_ for axis(sig_proc, meas_sig,
'th',PO_AXIS SOURCE.get('th','process"))
vx, vy, vth = max(sx**2,floors[0]), max(sy**2,floors[1]), max(sth**2,floors[2])

return build PO _from_variance((vx,vy,vth))

def estimate_sigma_meas_from_residual(df):
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biases = estimate biases(df)
dfc = correct bias(df, biases, suffix="_cb")
out = {}
def std(fin): fin = fin[np.isfinite(fin)]; return float(np.std(fin, ddof=1)) if fin.size>1
else np.nan
if {"CAMx_cb","Rx"}issubset(dfc.columns): out['sig_ cam x"] = std((dfc["CAMx_cb"] -
dfc['Rx"]).to_numpy(float))
if {"CAMy_cb","Ry"}issubset(dfc.columns): out['sig_cam y"] = std((dfc['CAMy cb"] -
dfc["Ry"]).to_numpy(float))
if {"x_dr_cb","Rx"}Lissubset(dfc.columns): out["sig dr x"T = std((dfc["x_dr cb"] -
dfc['Rx"]).to_numpy(float))
if {"y_dr_cb","Ry"}Lissubset(dfc.columns): out['sig_dr y"] = std((dfc["y dr cb"] -
dfc['Ry"]).to_numpy(float))
if "IMU_cb" in dfc.columns and {"Rx","Ry"}.issubset(dfc.columns):
th_real = compute_real heading from gt(dfc)
dth = angle wrap(dfc["IMU_cb"l.to_ numpy(float) - th_real)
out['sic_imu_th"] = std(dth)
# fallbacks

for kin ("sig_cam_x","sig_cam_y","sig_dr_x","sig_dr_y"):
if k not in out or not np.isfinite(outlk]) or out[k] <= 0: out[k] = 0.1
if "sig_imu_th" not in out or not np.isfinite(out["sig_imu_th"]) or out["sig_imu_th"]
<=0

out["sig_imu_th"] = np.deg2rad(5.0)

return out
# i —————————————————————————
# i —————————————————————————

def build_Q from_sigmal(sig_proc):
sx, sy, sth = sig_proc

return np.diag([sx**2, sy**2, sth**2])
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def build Rs from sigma(meas_sigmas, use dr as meas=True):

R cam =R dr =R imu = None

if ("sig_cam_x"in meas_sigmas) and ("sig_cam_y" in meas_sigmas):
R cam = np.diag([meas_sigmas['sig_cam X"T**2, meas_sigmas['sig_cam y"T**2])

if use dr as meas and ("sig_dr X" in meas_sigmas) and ("sig_dr y" in meas_sigmas):
R dr = np.diag(lmeas_sigmas['sig_dr x"1**2, meas sigmas['sig_dr y"T**2])

if "sig_imu_th" in meas_sigmas:
R imu = np.array([[meas_sigmas["sig_imu_th"7**2]])

return R_cam, R dr, R imu

def finite(a): a=np.asarray(a, dtype=float); return a[np.isfinite(a)]
def mean(a): a=_finite(a); return float(np.mean(a)) if a.size>0 else np.nan
def stdwv(a): a=_finite(a); return float(np.std(a, ddof=1)) if a.size>1 else np.nan
def rms(a): a=_finite(a); return float(np.sgrt(np.mean(a**2))) if a.size>0 else np.nan
def mae(a): a=_finite(a); return float(np.mean(np.abs(a))) if a.size>0 else np.nan
def circ_mean(rad):

a=_finite(rad);

return float(np.arctan2(np.sin(a).mean(), np.cos(a).mean())) if a.size>0 else np.nan
def residual(raw, ref, is_angle=False):

if raw is None or ref is None: return None

r = np.asarray(raw, dtype=float) - np.asarray(ref, dtype=float)

return angle wrap(r) if is_angle else r

def analyze sigma raw_vs corrected(df):
out = {'biases" {3}, 'stats": {}}
biases = estimate_biases(df)
out['biases'] = biases

dfc = correct_bias(df, biases, suffix="_cb")



th real = compute real heading from gt(df)

def pack(res, is_angle=False):
if res is None:
return
{'bias":np.nan,'sigma‘:np.nan,'var:np.nan,rmse":np.nan,'mae":np.nan,'available":False}
if is_angle:
bias = circ_mean(res); sig=_stdw(res); rmse=_rms(res); mae=_mae(res)
else:
bias = mean(res); sig=_stdv(res); rmse=_rms(res); mae=_mae(res)
return {'bias"bias,'sigma’sig, var'(sig**2 if np.isfinite(sig) else np.nan),

'rmse":rmse,'mae":mae,'available" True}

def add(name, raw_series, cb_series, ref series=None, is_angle=False):
res raw = _residual(raw_series, ref _series, is_angle=is_angle)

res cb = residuallcb_series, ref series, is_angle=is_angle)
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out['statsllname] = {raw" _pack(res raw, is_angle), 'cb": pack(res cb, is_angle)}

if {"Rx","Ry"}issubset(df.columns):
_add("cam_x", df.get("CAMX"), dfc.get("CAMx_cb"), ref series=df['Rx"])
_add("cam_y", df.get("CAMy"), dfc.get("CAMy cb"), ref series=df["Ry"])
_add(*dr_x", df.get("x_dr"), dfc.get("x_dr_cb"), ref series=df["Rx"])
_add("dr_y", df.get("y dr"), dfc.get("y dr cb"), ref series=df['Ry"])
_add("imu_th", df.get("IMU"), dfc.get("IMU cb"), ref series=th real,
is_angle=True)

return out

def print_and save sigma raw_vs_corrected(stem, analysis):
print(f"\n-—- [{stem}] Sensor residual vs GT: RAW (no bias) vs CB ")
if analysis.get('biases'): print("Bias used:", analysis['biases'])

header = "{:>8} | {:>5} | {:>10} | {:>10} | {:>10} | {:>10} | {:>10}"
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rowfmt = "{:>8} | {:>5} | {:>10.6f} | {:>10.6f} | {:>10.6f} | {:>10.6f} | {:>10.6f}"
print(header.format("Sensor","Mode","bias","0","02","RMSE","MAE"))
rows=(]
def emit(name,label):

e=analysis['stats'].get(name)

if not e: return

for min ("raw","cb"):

r=e[m]
if r["available"]:
print(rowfmt.format(label, m.upper(), r["bias"], r["sigma"l, r["var"], r"rmse"],
r['mae"))
rows.append([label,m.upper(), r["bias"], r["sigma"], r["var"], r"rmse"],
r"mae"T)

emit("cam_x","CAMX"); emit("cam_y","CAMy"); emit("dr_x","DRx"); emit("dr_y","DRy");
emit("imu_th","IMUB")
print("--- end ---\n")
with open(f'{stem} sigma_raw _vs cb.json","w",encoding="utf-8") as f:
json.dump(analysis, f, ensure_ascii=False, indent=2)
if rows:
pd.DataFrame(rows,

columns=["Sensor","Mode","Bias","Sigma","Variance","RMSE","MAE"]).to_csv(f'{stem} sigm

a_raw_vs cb.csv", index=False)

def run_ekf(df, use_corrected=True, PO=None, Q=None, R_cam=None, R_dr=None,
R _imu=None):

camx = "CAMx_cb" if use_corrected else "CAMX"

camy = "CAMy cb" if use_corrected else "CAMy"

drx = "x_dr _cb"if use corrected else "x_dr"
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dry ="y dr cb"if use corrected else "y dr"

imu = "IMU_cb" if use corrected else "IMU"

t = get_time_vector(df)
dt_series = np.diff(t, prepend=t[0]); dt_series[0] = dt_series[1] if len(dt_series)>1
else 0.1

dt series = np.clip(dt_series, 1e-6, None)

N = len(df)

x_est = np.zeros((N,3))

P_hist = np.zeros((N,3,3))

P = PO.copy() if PO is not None else np.diag([1.0, 1.0, (15*np.pi/180.0)**2])

P_hist[0] = P

Q = Q.copy() if Q is not None else np.diag([Q_SIGMA X**2, Q_SIGMA_Y**2,
Q SIGMA TH**2])

if USE_DR and drx in df.columns and dry in df.columns and np.isfinite(df.loc[0,drx])
and np.isfinite(df.loc[0,dry]):
x_est[0] = [df.loc[0,drx], df.loc[0,dry], float(df.loc[0,imu]) if imu in df.columns
else 0.0]
elif USE_CAM and camx in df.columns and camy in df.columns and
np.isfinite(df.loc[0,camx]) and np.isfinite(df.loc[0,camy]):
x_est[0] = [df.loc[0,camx], df.loc[0,camy], float(df.loc[0,imu]) if imu in
df.columns else 0.0]
else:

x_est[0] = [DR_X0, DR_YO0, float(df.loc[0,imu]) if imu in df.columns else 0.0]

H pos = np.array([[1,0,01,[0,1,0]], dtype=float)
H th = np.array(([0,0,1]], dtype=float)

has_gt = {"Rx","Ry"}Lissubset(df.columns)



128

refx = "Rx"if has_gt else (camx if camx in df.columns else drx)

refy ="Ry"if has gt else (camy if camy in df.columns else dry)

if R_cam is None and USE_CAM and camx in df.columns and camy in df.columns:
vx = safe_var(df, camx, refx) or _finite var(dffcamx])
vy = safe_var(df, camy, refy) or _finite var(dffcamy])

R cam = np.diag([max(vx,1le-4), max(vy,le-4)])

if R_dris None and USE_ DR AS MEAS and drx in df.columns and dry in
df.columns:
vx = safe var(df, drx, refx) or _finite var(dffdrx])
vy = safe var(df, dry, refy) or _finite var(dfldry])
R dr = np.diag([max(vx,le-4), max(vy,le-4)])

if R_imu is None and USE_IMU_HEADING MEAS and imu in df.columns:
if has_gt:
real_h = compute_real_heading from_gt(df)
vth = finite var(angle_wrap(dffimul.to_numpy(float) - real_h))
else:
vth = _finite_var(dflimu])
if not (np.isfinite(vth) and vth>0): vth = (5*np.pi/180.0)**2
R _imu = np.array([[vth]], dtype=float)

x_pred_hist = np.zeros((N,3))

for i in range(1, N):
dt = float(dt_series[i])
v = float(df["V_enc"l.iloc[i]) if ("V_enc" in df.columns and
np.isfinite(dfl"V_enc"].iloc[i])) else 0.0
th_prev = float(x_est[i-1,2])
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th_imu_now = float(dffimul.iloc[i]) if imu in df.columns and
np.isfinite(dffimul.iloc[il) else th prev

th_imu_prev = float(dflimul.iloci-1]) if imu in df.columns and
np.isfinite(dffimul.iloc[i-1]) else th prev

omega = angle wrap(th_imu_now - th_imu_prev) / dt

# Prediction

x_pred = np.empty(3)

x_pred[0] = x_est[i-1,0] + v*dt*np.cos(th_prev)
x_pred[1] = x_est[i-1,1] + v¥dt*np.sin(th_prev)
x_pred[2] = angle wrap(th prev + omega*dt)

F = np.array([[1,0,-v*dt*np.sin(th_prev)],
[0,1, v¥dt*np.cos(th_prev)],
[0,0, 111, dtype=float)

P=Fe@eP@FT+Q
x_pred_hist[i] = x_pred

# CAM
if USE_CAM and (camx in df.columns) and (camy in df.columns) and (R_cam is
not None):
if np.isfinite(df.locli,camx]) and np.isfinite(df.locli,camyl):
z = np.array([df.locli,camx], df.loc[i,camyl]], dtype=Ffloat)
y =2z-(H pos @ x_pred)
S=H pos@P @H pos.T+R cam
try:
K=P@H pos.T @ np.linalg.inv(S)
x pred =x pred + K@y
X _pred[2] = angle wrap(x_pred[2])
P = (np.eye(3) - K@ H pos) @ P
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except np.linalg.LinAlgError:

pass

# DR as measurement
if USE_ DR AS MEAS and (drx in df.columns) and (dry in df.columns) and (R dr is
not None):
if np.isfinite(df.loc[i,drx]) and np.isfinite(df.locli,dry]):
z = np.array([df.loc[i,drx], df.loc[i,dry]], dtype=float)
y =z-(H pos @ x_pred)
S=H pos@P @H pos.T+R dr
try:
K=P@H pos.T @ np.linalg.inu(S)
X pred =x pred + K@y
x_pred[2] = angle_wrap(x_pred[2])
P = (np.eye(3) - K@ H_pos) @ P
except np.linalg.LinAlgError:

pass

# IMU heading
if USE_IMU_HEADING MEAS and (imu in df.columns) and (R_imu is not None)
and np.isfinite(df.loc[i,imul):
z th = float(df.locli,imul)
y_th = np.array([angle wrap(z_th - x_pred[2])])
S_th = np.array([[P{2,2]]]) + R_imu
try:
K th = (P[;,2:3] @ np.linalg.inv(S_th))
x_pred = x_pred + (K th @ y_th).reshape(-1)
x_pred[2] = angle_wrap(x_pred[2])
P = (np.eye(3) - K th @ np.array([[0,0,1]], dtype=float)) @ P
except np.linalg.LinAlgError:

pass
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x_est[i] = x_pred

P hist[i] = P

return x_est, x_pred_hist, P_hist

def run_ekf blend(df, use corrected=True, PO=None, Q=None, R_cam=None,
R _dr=None, R _imu=None, alpha_pos=None):

camx = "CAMx cb" if use corrected else "CAMX"

camy = "CAMy cb" if use_corrected else "CAMy"

drx ="x dr _cb"if use corrected else "x_dr"

dry ="y dr cb"if use corrected else "y dr"

imu = "IMU _cb" if use_corrected else "IMU"

t = get_time_vector(df)
dt_series = np.diff(t, prepend=t[0]); dt_series[0] = dt_series[1] if len(dt_series)>1
else 0.1

dt_series = np.clip(dt_series, 1e-6, None)

N = len(df)
x_est = np.zeros((N,3))

P_hist = np.zeros((N,3,3))

if alpha_pos is None:
ax, ay = float(ALPHA X), float(ALPHA Y)

elif isinstance(alpha_pos, (int, float)):
ax = ay = float(alpha_pos)

elif isinstance(alpha_pos, (list, tuple)) and len(alpha_pos) == 2:
ax, ay = float(alpha_pos[0]), float(alpha_pos[1])



132

elif isinstance(alpha_pos, dict):

ax = float(alpha pos.get(x', ALPHA X)), ay = float(alpha pos.cet('y', ALPHA Y))
else:

ax, ay = float(ALPHA X), float(ALPHA Y)
ax = float(np.clipax, 0.0, 1.0)); ay = float(np.clip(ay, 0.0, 1.0))

P = P0.copy() if PO is not None else np.diag([1.0, 1.0, (15*np.pi/180.0)**2])

P_hist[0] = P

Q = Q.copy() if Q is not None else np.diag([Q SIGMA X**2, Q SIGMA Y**2,
Q SIGMA_TH**2])

if USE_DR and drx in df.columns and dry in df.columns and np.isfinite(df.loc[0,drx])
and np.isfinite(df.loc[0,dry]):
x_est[0] = [df.loc[0,drx], df.loc[0,dry], float(df.loc[0,imul]) if imu in df.columns
else 0.0]
elif USE_CAM and camx in df.columns and camy in df.columns and
np.isfinite(df.loc[0,camx]) and np.isfinite(df.loc[0,camy]):
x_est[0] = [df.loc[0,camx], df.loc[0,camy], float(df.loc[0,imul]) if imu in
df.columns else 0.0]
else:

x_est[0] = [DR_X0, DR_YO0, float(df.loc[0,imul) if imu in df.columns else 0.0]

H pos = np.array([[1,0,01,[0,1,0]], dtype=float)
H th = np.array(([0,0,11], dtype=float)

has_gt = {"Rx","Ry"}Lissubset(df.columns)
refx = "Rx"if has_gt else (camx if camx in df.columns else drx)

refy ="Ry"if has_gt else (camy if camy in df.columns else dry)

def fv(a): a = np.asarray(a, dtype=float); a = a[np.isfinite(a)]; return float(np.var(a,

ddof=1)) if a.size>1 else np.nan



133

def sv(df , col, ref):
if (col in df .columns) and (ref in df .columns):
v =_fudf [col] - df [ref]);
if np.isfinite(v) and v>0: return v

return None

if R_cam is None and USE_CAM and camx in df.columns and camy in df.columns:
vx = sv(df, camx, refx) or _fv(dffcamx]); vy = sv(df, camy, refy) or _fu(dffcamy])

R cam = np.diag([max(vx,1e-4), max(vy,le-4)])

if R_dris None and USE_DR_AS MEAS and drx in df.columns and dry in
df.columns:
vx = _sv(df, drx, refx) or _fu(dfldrx]); vy = sv(df, dry, refy) or _fu(df[dry])
R _dr = np.diag([max(vx,le-4), max(vy,le-4)])

if R_imu is None and USE_IMU_HEADING_MEAS and imu in df.columns:
if has_gt:
real_h = compute _real heading from_gt(df)
vth = fu(angle wrap(dffimul.to_numpy(float) - real_h))
else:
vth = _fv(dflimul)
if not (np.isfinite(vth) and vth > 0): vth = (5*np.pi/180.0)**2
R imu = np.array([[vth]], dtype=float)

x_pred_hist = np.zeros((N,3))

for i in range(1, N):
dt = float(dt_series[i])
v = float(df["v_enc"l.iloc[i]) if ("V_enc" in df.columns and
np.isfinite(df["V_enc"Liloc[i])) else 0.0
th_prev = float(x_est[i-1,2])
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th_imu_now = float(dffimul.iloc[i]) if imu in df.columns and
np.isfinite(dffimul.iloc[il) else th prev

th_imu_prev = float(dflimul.iloci-1]) if imu in df.columns and
np.isfinite(dffimul.iloc[i-1]) else th prev

omega = angle wrap(th_imu_now - th_imu_prev) / dt

# Prediction

x_pred = np.empty(3)

x_pred[0] = x_est[i-1,0] + v*dt*np.cos(th_prev)
x_pred[1] = x_est[i-1,1] + v¥dt*np.sin(th_prev)
x_pred[2] = angle wrap(th prev + omega*dt)

F = np.array([[1,0,-v*dt*np.sin(th_prev)],
[0,1, v¥dt*np.cos(th_prev)],
[0,0, 111, dtype=float)

P=Fe@eP@FT+Q
x_pred_hist[i] = x_pred

# Build blended position meas (per-axis Ql)
have cam = USE_CAM and camx in df.columns and camy in df.columns \
and np.isfinite(df.locli,camx]) and np.isfinite(df.loc[i,camy])
have dr = USE DR and drx in df.columns and dry in df.columns \
and np.isfinite(df.loc(i,drx]) -and np.isfinite(df.locli,dry])

z pos = None; R _pos = None

if have_cam and have dr:
cam_x, cam_y = float(df.loc[i,camx]), float(df.loc[i,camy])
dr x, dr y = float(df.loci,drx]), float(df.loc[i,dry])
z x = ax* cam_x + (1.0-ax) * dr_x

zy=ay*cam y + (1.0-ay) *dr y
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z pos = np.array([z_x, z y], dtype=float)

Rx = Ry = None
if R_cam is not None:
Rx = (ax**2) * R_caml0,0]; Ry = (ay**2) * R_cam[1,1]
if R_dr is not None:
Rx = (Rx if Rx is not None else 0.0) + ((1.0-ax)**2) * R dr[0,0]
Ry = (Ry if Ry is not None else 0.0) + ((1.0-ay)**2) * R dr[1,1]
if (Rx is not None) and (Ry is not None):
R pos = np.diag([max(Rx,1e-8), max(Ry,1e-8)])
elif have_cam:
z pos = np.array([float(df.locli,camx]), float(df.loc[i,camy])], dtype=Ffloat)
R pos = R cam
elif have_dr:
z pos = np.array([float(df.locli,drx]), float(df.locli,dry])], dtype=float)
R pos =R dr

# Position update
if (z_pos is not None) and (R_pos is not None):
y =2z pos - (H pos @ x_pred)
S =H pos@P @H pos.T+R pos
try:
K=P@H pos.T @ np.linalg.inv(S)
x pred = x pred + K@y
x_pred[2] = angle_wrap(x_pred[2])
P = (np.eye(3) - K@ H pos) @ P
except np.linalg.LinAlgError:

pass

# Heading update
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if USE_IMU _HEADING MEAS and (imu in df.columns) and np.isfinite(df.locli,imul)
and (R_imu is not None):

z th = float(df.locli,imul)

y th = np.array([angle wrap(z_th - x_pred[2])])

Sth=Hth@P®@H thT+R imu

try:
Kth=P@H thT @ np.linalg.inv(S _th)
X _pred = x_pred + (K th @ y_th).reshape(-1)
x_pred[2] = angle_wrap(x_pred[2])
P=(npeyed-KtheHtha@P

except np.linalg.LinAlgError:

pass

x_est[i] = x_pred

P hist[i] = P

return x_est, x_pred_hist, P_hist

def plot_trajectory compare(rx, ry, trajs, labels, title, out no_ext):
fig, ax = plt.subplots(figsize=(9,8))
if rx is not None and ry is not None:
xgt = np.asarray(rx, dtype=float); ysgt = np.asarray(ry, dtype=float)
met = finite_mask(xgt, ygt)
if mgt.any(): ax.plot(xgtimet], ystlmgt], label="GT (Rx,Ry)", **ST_GT)

styles = [ST_NORM, ST_RAW, ST BLEND] # &wufisnagldauvos
for (xy, b, style) in zip(trajs, labels, styles + [ST_CAMI*max(0, len(trajs)-3)):

Xy =Xy



if x is None or y is None: continue
X = np.asarray(x, dtype=float); y=np.asarray(y, dtype=Ffloat)
m = _finite_mask(x,y)

if m.any(): ax.scatter(x[m], y[m], s=POINT SIZE, label=lb, **style)

ax.set_aspect('equal’, adjustable="box’)
ax.grid(True, alpha=1.0); ax.set_xlabel("X (m)"); ax.set ylabel("Y (m)")
ax.set_title(title); ax.legend()

save fig alllout no ext, fig=fig)

def plot_heading series(t, real_h, th series, labels, title, out no_ext):
t = np.asarray(t, dtype=float)
fig, ax = plt.subplots(figsize=(11,5))
if real_h is not None:
rh = np.asarray(real_h, dtype=float); m = finite_mask(t, rh)
if m.any(): ax.plot(tim], np.degrees(rhim]), label="Real B from GT (deg)",
ST _GT)
styles = [ST_NORM, ST_RAW, ST BLEND] + [ST_DR]
for th, b, style in zip(th_series, labels, styles):
if th is None: continue
th = np.asarray(th, dtype=float); m = finite_mask(t, th)
if m.any(): ax.scatter(tm], np.degrees(th[m]), s=POINT SIZE, label=lb, **style)
ax.set_xlabel("Time (s)"); ax.set_ylabel("Heading (deg)")
ax.set_title(title); ax.grid(True, alpha=1.0); ax.legend()

save_fig alllout_no_ext, fig=fig)
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def save _matrix_bundle(stem, tag, PO, Qm, R _cam, R_dr, R_imu, sig_proc, meas_sig):

out_dir = Path(".")
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bundle = {
"file": stem,
"tag": tag,
"sig_process”: {
"sigma_x": float(sig_proc[0]), "sigma_y": float(sig_proc[1]), "sigma th":
float(sig_proc[2]),
"var_x": float(sig_proc[0]**2), "var_y": float(sig_proc[1]**2), "var_th":
float(sig_proc[2]**2),
2
"sig_measure": {},

}

for kin ("sig_cam_x","sig_cam_y","sig_dr x","sig_dr y","sig_imu_th"):
if k in meas_sig and np.isfinite(meas_sig[k]):
bundle['sig_measure"][k] = {"sigma": float(meas_sig[kl]), "var™:

float(meas_sig[k]**2)}

def save txt(name, M):
if M is None: return

np.savetxt(out_dir / f'{stem} {tag} {namel.txt", M, fmt="%.8f")

_save txt("P0", PO); save txt("Q", Qm); save txt("R cam', R cam);

_save_txt("R_dr", R dr); save txt("R_imu", R imu)

with open(out dir / f'{stem} {tag} sigmas.json’, "w", encoding="utf-8") as f:

json.dump(bundle, f, ensure_ascii=False, indent=2)

print(f\n--- [{stem}] {tag}: SIGMA & MATRICES --")

sp = bundle["sig_process"]

print(f"0_process: x={sp['sigema_x1..6f} y={sp['sigma_y1..6f} th={sp['siema th'..6f} |
02 x={sp['var_xT..6f} y={sp['var_y'T..6f} th={sp['var th1..6f}")

if bundle["sig_measure"]:
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print("0_measure:", " | "join([f'{k}: O={v['sigma']:.6f}, O?={v['var']..6f}" for k,v in
bundle["sig_measure"].items()]))
def pretty(name, M):
print(f'{name}:\n{np.array2string(M, formatter={'float_kind"lambda x: f{x: .8f}'})}"
if M is not None else f'{name}: None")
_pretty("P0", P0); pretty("Q", Qm); pretty("R_cam", R_cam); pretty("R _dr", R dr);
_pretty('R_imu", R imu)
print("--- end ---\n")

rmse_rows = []

for fpath, dt_expect, N in FILES:
df = pd.read_excel(fpath).iloc[:N].reset_index(drop=True)

if IMU_IN_DEG and "IMU" in df.columns:
dff"IMU"] = np.deg2rad(df["IMU"].astype(float))

# DR build
dt series, =compute dt series(df, fallback=dt _expect)
if USE_DR and {"PWM1","PWM2","IMU"}issubset(df.columns):
V, x_dr, y dr, th dr = compute dr from encoder_imu(
df, dt_series, wheel radius=WHEEL RADIUS, PPR=PPR,
edges per_pulse=EDGES_PER PULSE,
x0=DR_XO0, y0=DR YO, th0=DR_THO, scale=PWM2V_SCALE
)
dff"v_enc'] = V; dff"x_dr'] = x_dr; dfl"y dr'] =y dr; dff"th_dr"] = th dr
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# Bias correction
biases = estimate biases(df)

dfc = correct_bias(df, biases, suffix="_cb")

# RAW vs Corrected sigma analytics
raw _cb report = analyze sigma raw_vs corrected(df)

print_and save sigma raw vs corrected(Path(fpath).stem, raw cb report)

# Build PO, Q, R
if USE_AUTO_SIGMA:
meas_sig = estimate_sigma_meas_from_residual(dfc)
sig_proc = (
float(meas_sig.get("sig_dr x', 0.1)),
float(meas_sig.get("sig_dr_y", 0.1)),
float(meas_sig.get("sig_imu_th", np.deg2rad(5.0)))
)
Qm = build_Q_from_sigma(sig_proc)
if PO_MODE == "process":
PO = build PO _from variance((sig_proc[0]**2, sig_proc[1]**2,
sig_proc[2]**2))
elif PO_MODE == "measurement":
sx = meas_sig.get("sig_cam_x", meas_sig.get("sig_dr x", 0.5))
sy = meas_sig.get("sig_cam_y", meas_sig.get("sig dr y", 0.5))
sth = meas_sig.get("sig_imu_th", np.deg2rad(15.0))
PO = build PO _from variance((sx**2, sy**2, sth**2))
elif P0_MODE == "hybrid":
PO = build PO _hybrid(sig_proc=sig_proc, meas_sig=meas_sig,
floors=P0_FLOORS)
else:
PO = build PO _from_ variance((sig_proc[0]**2, sig_proc[1]**2,
sig_proc[2]**2))
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# floors

P0[0,0] = max(P0[0,0], PO_FLOORS[0])
PO[1,1] = max(PO[1,1], PO_FLOORS[1])
P0O[2,2] = max(P0[2,2], PO_FLOORS[2])

R cam, R dr, R imu = build_Rs from sigma(meas_sig,
use dr as meas=USE DR AS MEAS)
else:

PO = build_P0O_from_sigma((SIG_INIT X, SIG_INIT_Y, SIG_INIT_TH))

Qm = build Q from_sigma((SIG_PROC X, SIG_PROC Y, SIG PROC_TH))

meas_sig = {
"sig_cam_x": SIG_MEAS_CAM X, "sig_ cam y": SIG_MEAS CAM Y,
"sig_dr x": SIG MEAS DR X, "sig dr y": SIG_MEAS DR Y,
"Sig_imu_th": SIG_MEAS_IMU_TH,

}

sig_proc = (SIG_PROC X, SIG_PROC Y, SIG_ PROC_TH)

R cam, R dr, R_imu = build Rs_from_sigma(meas_sig,

use_dr_as_meas=USE_DR_AS_MEAS)

stem = Path(fpath).stem
save_matrix_bundle(stem=stem, tag="normal _setup",
PO=PO, Qm=Qm, R cam=R cam, R dr=R dr, R_imu=R_imu,

sig_proc=sig_proc, meas_sig=meas_sig)

# Run filters
results = {}
if RUN_NORMAL:
# Corrected
xekf n, , P _hist n =run_ekf(dfc, use_corrected=True, P0=P0, Q=Qm,
R cam=R cam, R _dr=R _dr, R imu=R_imu)

results['normal"] = xekf n
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np.savetxt(f'{stem} P last normal.txt", P_hist n[-1], fmt="%.8f")

# RAW

xekf n_raw, , P_hist n raw = run_ekf(df, use corrected=False, PO=PO,
Q=Qm, R_cam=R _cam, R _dr=R _dr, R_imu=R_imu)

results["normal_raw"] = xekf n raw

np.savetxt(f'{stem} P last normal raw.txt", P_hist n_raw[-1], fmt="%.8f")

if RUN_BLEND:
xekf b, , P_hist b =run_ekf blend(dfc, use corrected=True, PO=P0, Q=Qm,
R cam=R cam, R dr=R dr, R imu=R_imu,
alpha_pos=(ALPHA X, ALPHA Y))
results["blend"] = xekf b
np.savetxt(f'{stem} P last blend.txt", P_hist b[-1], fmt="%.8f")

# Save CSV & Plots

t = get_time_vector(df)

rx = df["Rx"].to_numpy(dtype=float) if "Rx" in df.columns else None
ry = df['Ry"l.to_numpy(dtype=float) if "Ry" in df.columns else None

real_h = compute real heading from gt(df)

for mode, X in results.items():
pd.DataFrame({"Time": t,
f'x_ekf {mode}": X[,0],
f'y_ekf {mode}": X[;,1],
f'th_ekf {mode}(rad)": X[:,2]}).to_csv(f'{stem} ekf {mode}.csV',

index=False)

trajs, labels =[], []
if "normal” in results:
trajs.append((results["'normal"[;,0], results["normal"l[;,1])); labels.append("EKF

Normal (Bias Corrected)")
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if "normal_raw" in results:
trajs.append((results['normal_raw"][:,0], results['normal_raw"[;,11));
labels.append("EKF Normal (RAW)")
if "blend" in results:
trajs.append((results["blend"][;,0], results["blend"][;,1])); labels.append(f'EKF
Blend (OIX={ALPHA X:.2f}, Qly={ALPHA Y:.2f})")

plot trajectory compare(rx, ry, trajs=trajs, labels=labels,
title=title for dt(dt expect),

out no_ext=f'{stem} traj compare normal vs blend")

th_series, h_labels =[], []

if "normal” in results:  th_series.append(results['normal"l[:,2]);
h_labels.append("EKF © (Normal)")

if "blend" in results: th_series.append(results['blend"][:,2]);
h_labels.append(f'EKF © (Blend Ox={ALPHA X:.2f}, Qly={ALPHA Y:.2f})")

if "normal_raw" in results: th_series.append(results['normal_raw"l[;,2]);
h_labels.append("EKF B (Normal RAW)")

if "IMU_cb" in dfc.columns: th_series.insert(0, dfc["IMU_cb"].to_numpy(float));
h_labels.insert(0, "IMU corrected")

plot_heading series(t, real h, th_series=th_series, labels=h labels,
title=f"{stem}: Heading — Normal vs Blend",

out_no_ext=f"{stem} heading compare normal vs blend")

# RMSE Summary
if (rx is not None) and (ry is not None):
if "normal" in results:
rmse_rows.append({"File": Path(fpath).name, "Mode": "Normal",
"RMSE_X": rmse(results["normal"][:,0], rx),

"RMSE_Y": rmse(results['normal"l[;, 1], ry),
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"RMSE_XY": rmse_xy(results["normal"][;,0],
results["normal"][;,1], rx, ry)})
if "normal_raw" in results:
rmse_rows.append({"File": Path(fpath).name, "Mode": "Normal (RAW)",
"RMSE_X": rmse(results["normal_raw"][:,0], rx),
"RMSE_Y": rmse(results['normal_raw"][;,1], ry),
"RMSE_XY": rmse_xy(results['normal_raw"][:,0],
results['normal_raw"][;,1], rx, ry)})
if "blend" in results:
rmse_rows.append({"File": Path(fpath).name, "Mode":
f'Blend(Olx={ALPHA X:.2f}, Oly={ALPHA Y:.2f})",
"RMSE_X": rmse(results["blend"][:,0], rx),
"RMSE_Y": rmse(results['blend"][;,1], ry),
"RMSE_XY": rmse_xy(results["blend"][:,0], results["blend"][:,1],
rx, ry)})

if rmse_rows:
rd = pd.DataFrame(rmse_rows)
print("\n=== RMSE Summary (Normal vs Blend) ===")
print(rd.to_string(index=False))

rd.to_csv("rmse_report_ekf normal vs blend.csv', index=False)
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Flowchart of Blended EKF
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