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The Impact of Experiential Learning Methods on Sustainability
Concepts in Ecology Courses

Pei-Luen Lu *, Chia-Ching Wu

Abstract

This review paper explores how experiential learning promotes college students'
understanding and cognition of sustainable development concepts in ecology courses, and
analyzes its specific impact on learning outcomes. Experiential learning emphasizes learners'
deep engagement and reflection through direct participation in real-life situations, thereby
internalizing what they have learned and applying it to their lives. This study review shows
that experiential learning not only enhances students' grasp of ecological theories but also
effectively strengthens their critical thinking, problem-solving abilities, and environmental
action capacity. Specifically, through teaching strategies such as outdoor internships,
experimental activities, and group collaborations, students can gain a deeper understanding
of the complexity of ecosystems and develop a more proactive environmental attitude and
sense of responsibility. Furthermore, experiential learning can increase motivation, making
students more willing to engage in practical actions related to sustainable development. This
paper first outlines the fundamental theories of experiential learning and its four main stages
(concrete experience, reflective observation, abstract conceptualization, and active
experimentation), then discusses its application methods and impacts in ecology courses
while reviewing relevant research findings from both domestic and international sources.
Finally, this paper suggests how to further optimize experiential learning methods in future
teaching practices to deepen students' concepts of sustainable development and cultivate
them into socially responsible citizens.

Keywords: Experiential learning, Ecology courses, Sustainable development,
Environmental awareness, Teaching practice.

Pei-Luen Lu (Corresponding Author), Professor, Department of Life Science, National Taitung University. E-
mail: peiluen@nttu.edu.tw

Chia-Ching Wu, Professor, Department of Applied Science, National Taitung University.. E-mail:
ccwu@nttu.edu.tw



A H s FE T 20260 #7 pp.l-16

F w3
K72 & E 2 g 2aiky (AR 0 R ROPTRT ¢ F FRPE
%?ﬁﬁéﬁﬁﬁ?’{%*Tﬁai%ﬂ%%amkg’@i% fRRLE L ~
RPLE 2 - BEPFLRE > BREBA PR 598 I 4 F iy (B i > 1997) -

ﬁ\t \Jgg,sg,;\‘.gfs‘s 2

Wk F Y L B 5 a0 E Y Fimna GRRE LT EY 47
TRE P o - FY AR L %ﬁmﬁﬁﬂ A s (3 25 2007) M5~
FYRRFEAI2 AFDELRER - X2 PP i ~ G AR T B2
G oenf (L R An 0 2005) - Alls - 57k B 427 ¥ “experientia” - R L LT
ﬁJ’vmﬂAE@@'Wwﬁ—ﬁﬁ%J’% IR &ﬁwﬁﬁﬁwﬁrﬁ%J&wﬁ
(B 5+ 2003 ) o F)pt > Rl 2% 7 W F 5 B AR 4 T AL S - AR
SF Y (55 »"’]"]‘%4?’2005)016—%‘71‘;&, W E Y L ABANdR R diE
RO REZ Y EA PP BELY R RXEEMERREFEY o

ERA = ’r'ﬁﬂg,‘ﬁng}E’r?"“%J’ B AFEEF AL 4}5 RUE o r%ﬁ%}J
ﬁﬁ{%éﬁg%@ﬁ’ﬁrw%JW&%iﬁmﬁﬁﬁwﬁ e e (R
TORGEFEL Do w % (2000) dpdi - e A B Z & - L BMWAZBEFERT A
SR EH S C L5 RIRE G A B RS R o T ’ﬁﬁ?i‘%

E % L R R anEAR e E Y P 0 ied B it s [ experience 0 iR
l__j\,};ﬁi ,;‘f iE I'@t‘r,rggA\gﬁ‘sz j\,g%ﬂ_{ @ﬁ.ﬂ;"

® 5% %7 +5 ¢ (The Association for Experiential Education, 1995) #-#2% % v % &
2id BREKED o Hai 2 BB B o A MR F Y B B

AR E-BIGNOF Y ER FAAGRE FEIFEER P F o A LR L
BER 2 Bl o & zﬁﬁd&ﬁﬁ@aﬁﬁﬁﬁoﬁﬁﬁggaﬁﬁgﬁiig
ﬁ»g > F i fE R Y *%%4E*ﬁ%mﬁﬁﬁoﬁﬁ’ﬁiﬁﬁﬁﬁﬁi%
feo 7 i fodtin € FRHRE L AR gﬁ%ﬁﬂ(i%ﬁxiﬁm’mmy

Kolb (1984)cn 5 %8 ¥ 12 #H4-5 V¥ 5L s BIE FIERIS SR LR
o RPELE DB o BIFERA, A - V‘I%\m.aﬁ 3 @ﬁ’ I 7 'u’i—mi‘;?; of] 1974
’,‘F o



EREFE TR WMRAFYEEYS AFREAEMEL B

)| L

« BEHURIE « BB

ER LS
#IAT
1)

Ape
s (&)

1
ACERE
BA)

)

W 1. 2 7 Kolb &% 5} /F

o FiMIEIK

L5 (CE) & 2 Eﬁ(RO) %P4 (AC) frid s (AE) 48550
B BMANRER SRR PASERARLLIEY KPP g%y EFmih, ¥
%wﬂimkﬁiﬁ*ﬁdﬁﬁ’wﬁﬂ*%%mgﬁ BERRFHE AP P
FLUBZAIFENSZERZEFEY FAAREIFPATZ T FoREY JRE 2
FTFORL T EFFIORERFEEF O NFREE L PE R o ERINEFS
_%ﬂﬁ ¥ Eb? TR %ﬁmﬁk°ﬁﬁﬁ PR EELY REY > 54
AR 2TBERECRFAT ARG P EOAER T ERES T A T Y R ER
Frde AR BRE SR YZEMELTSOEH L AHE R EE FRETIRE B
Lo Ry il ARRBFMBALETEHRTLEEFEY R RF2 L%
*EFDR A feids P EERFERGEFORPFFEREYE DA {oE o Agar
?iﬁa?¢£€ﬁ@ﬁ?”é@’zﬁ A MBI L c EREHRTYHRET -
BoGOEYHS O L BRESLT BRoHERF L - MRS R RRE 2 B g
YEFEH > TR E2g AEHEHR - EUBER N MmAfrAid%kEzEe B
BYIFETiT £ e
BIR LB TS Y | hE k2 P47 (1) Kolb (1984) itk 7 i 4 22
ﬁﬁ@z%ii?ﬁ’éi&%wﬁ$mi FYFFib sy~ iifF L
BTSN AETIE R IR PR T S R A TS Y TS L o (2) Gass
(1993) L3 L L wHim B3 RQEBAZRDEHRT v LRLEE? Fiok 4 2
Yeha BB BY KR pHFRB B ST fF o NESEREY dreE o
(3) Gass (2000) m@%” fo s b g %; BBV HFFTLEY o B 2EPR TR
D) r}ﬁﬁgg 33 }f);f]ﬁv;fj;*z N “ 73N —‘%— > 'ﬂ #\J‘r'fr% ¥ —TFT P Een “L-‘;v i At f,‘]se.ﬂi. e AR
PR E7 45 2 o (4)Smith et al. (2004) gy —*‘%‘7%7;,%4‘9/% Beoriaihk WP E o BY i b b
*?“% W%%ﬂﬁw%ww%ﬁmaa’m%vﬁmﬁﬂﬁ*a%~%af§?
5% o (5)AEE (1995) J’rﬂﬁﬁ@% EAe ’ﬁ?—‘ﬁm&ﬁ{r B AR B E A
é&%’ imﬂ’ﬁ“%ﬂiﬁ?ﬁﬁkﬁ FEFS SRR A R &
BRAFH S~ BABAPIE - flELer Y KEFE  FAE 4 oA R E - o8
Vg ts o rai A A e K K S8k o (6) MR (2003) i RE S~ ARIPR

P



A< B HFE] 20260 #7 pp.1-16

£ BV HER- SRV EES > B S RFE ) REYFFL ALY

ﬁ?ﬁﬁ’a‘zﬁ,;w FRFR %R LS G A i L AN e et
A4 F) & iz A4 r}%;}ﬁiﬂ’{ﬂéfﬁ ’ m/n%ﬁ W%iﬁ B Ed - R F Y - fF
ARG EFORFES FELEREMT BF AT 1oAY i LR AR
ERE R G LR B R AR N B i RN E R A A i
KEFPRE Ak - R KFIEFT L g UG P B2 Y Las 24 g3
FRAcE L2 g 2 A enfF A MR ERF LR KL T 2E 2 S FA R
R RS T ET R RN - R ER AL B N 2R SR
FYELERE T ¢mmﬁﬁ*2m4g$&mw)&ﬂ’nﬁW%\gﬂ’%iﬁ
Fg Meer B ehaedy ifﬁsb/@’* WRAAFEY T HEL L EMOER SR Y F R
ERBFELEFER L & %im,ﬁ?ﬁ - HAFRoRCMFNEY R o1
@¢§41¢;m§”W$’vﬁ*ﬂ$aT%4§‘W@méi°

FoREFEVR

p’iﬁﬁ\%‘?” Phts > R B HEPH A EF A m'ﬁ"?"”ﬁ"’»‘g%‘

—'tiri’i—i BEALKE R RBESITT RREEG RS 2 T G EN
HHHAEY Al MAERBE IR kY l% @ o

%@WQmm%rﬁﬁﬁ;:% A A AL e
(Lecture ) ~ 3432 (Discussion )~ -] 2 & i%;# ( Group Work ) ~ F* 48 f%;4-/# ( Problem-
Solving )~ % ivr ?{? % (Case Study )~ § 5% ;# (Experiment )~ & ¢ % ;# (Role Playing )~
FEE# 4 2 (Distance Learning ) ~ #ui# % 5 /2 (Flipped Classroom ) ~ ¥53k i % & j#
( Gamification ) ~ & ¥4 ¥ ;* (Collaborative Learning ) ~ 45 ¥ £ % /# (Inquiry-Based
Learning ) ~ JR#% % ¥ ;2 (Service Learning )~ 5% ;3\ %52 & 14 # > 1457 F hE 4~
EYPHRIrE2EN KEFFTUERT FaRE D2 o

AT g AN EY A RERT P R O F T ER A RE N
FEE ARG BRER PEREE RV R 2 MK KT &
W HaE S Ea R o

- ~ @k %2 (Flipped Classroom )
- BRIFTORE 22 > BB AKE RG> B FE A ;;z,_/%(:é R SN

38 {73 # (Abeysekera & Dawson 2015) c 5 £ » AR W Y AR > 4 A%d» 3
REMBOEY > BV R KL ﬁﬁ‘”*ﬁmﬁrﬂ%i’éﬂbw*
HFd REFREREFT R B0 Rt B PR AR5 2 4% - A2 F

MR Aok IE B #@ﬁﬂﬁﬂﬂﬁﬁﬁxﬁjmi3 UpFeriegy .
it mEREZReA BN EY ? 4 v '1#%% peaaFeFgy > LARY
HRARR T A FE A F MR 'U%*E‘-ﬁpﬂcimi“’ﬁ”’ cTRE FRIRAIT Ers it g B4
B VAP BRETEOLNEL T o Fd ANF FEFARY FHEF L Ay
PEEEREF R A 5 (8- ) MGEF Yook cnde 2 o Bt > M KT 2 iﬁf‘u/w\ﬂq* s
1IERABRE  GleRERY AT SfeidtmwE o NBREFAL ARV TR
e it g o TEPFRRIRERE 2SS - AL EFEEF Y 250



EMmiG* 2 p b M%ESFY 29 d e fms 2 gif

Y U BAKE RN ¥ ABRKE P o KEF € hdd b A fEAT
g4

L A S BT R AL A bRV Y - ERRFEER - F S b
GLEYATON F oAV SERF R RER E O 8 FAPFRART AT

LS i ﬁ%ﬂi’*ﬁwﬂvfﬁmﬁﬁ?%ﬁcéﬁ%gaia%@i
- AEPBTLARE A B afoR gy - AP AR 2k Tk
BP LT B R B R X I T TRk 4o 3G 2R B B 4 e iz
Folls® 54 o e GRS L o R AR S R o R VR 0 AR B A
iR o G e T o Rl S B Y RS R A 2F Y o

SRFF S DLRFFLORHR RRE Y AR - K
BRen* FRB L 7P [ F FERTUIBRERVELBRT G - GF

BHREy ARF by Fo- L% T ‘{ BT g e oL
(C)EVHBEI: - LT3 T RS L N b Rkt EFh ALY 0w
Ve Fla i L ERA R AR ’%ﬂ%‘??éx%“ﬂ% o BV A ¥R T
SRS RS TR SN R R
() a2 ey A0 F LFH ST S E PR RS o ko
GRS S o frj]%’maﬂiblﬁiﬁg«g_;g £y o
()RR PRV R TR T LSt K ZEAEE S Aikd o

BENFY FEEIEY I PEEL T RIF 2 AR P P FE{r
AR - TR ORI ANER I L UAER 2 G ERE L Y o

(2) BB PR RS T i TR B F s HN RS T ROBY LR
fopdie v i e H AR AL T F B4 hF Y 2T R G AR ZBF

= ~ PR3 ¥ ;2 (Service Learning )
B- R L8V il § R NKT 2 i3 > NS 3 B E LS F SO TR B
FREFVYERBEASE o M ARG E Y 2 - & 8 (Knapp et al. 2010)
(- ) PRIFF Y i3 458 -
LARSRE 83 283 2Pk §IRBER > BAFIH o FARF L R o
e 3R o
2HRERVFE A P E B RTRRYIFTEFRY > B 2L
B R L o
3IRAMIRBEY BUE - B ER RGNS Y L R
SR R oAb T A 2 ff BB o
4.F &% AE AP L FBRBDSFEFE L LY 4 F P irasfoft
DRERE P LR
SAEER IR VEFEAED RPH > BART T E oA ¢ AL
oA B AME RIS kS o
6. HiFip W F2 ARBEY LT £ B g ey o AR e P
B i ﬂ}fr'"a W2 Sk o



A H s FE T 20260 #7 pp.l-16

(=) REY li#‘% JRIZE Y 25 BANN R K B 4 ik ¢
AR ML 4 0 L AeiE B RARR F L
FHT oA ~%‘32€”51@;%@ﬂ'r§,§1§1 DR o BE AR PR IR
Yo iR iEAL T BT S ?Eﬁig P o ole s 0 -
T PRI E Y E ehak gl
LERERIRDBE YA FRI T Re ERA PR ¢ 29 %

BRI o ip¥- B F A RWT i A - fAf B Fe e e
Ser R ER A 1T A A o

:F'L l{}'—g\: > %“L}"J'fi& “E‘_‘f\?
IR PR
SR Y2 A ol
e

HRE S RV

) w\x»

Z

2 B PAEE: R B RIS YT R R EEE B
FAPRIEE RS 2 DR A {ed 2o 2 R L DT R B R
Lobs Ko o

3EPEEMAR I HEIRBE Y FAE TR 6 - PR o - B R
RE I AR Rk BERBEY PE AN 5 R 2 B
PRAEE B e AR P R R -

LFERPR G E L AIREY Y E VTR BROR R B R
BT R A B RIRAEY R o R B PR R

3]
R B RER S N LA o

Ho

E)

= ~ f5% ;% % % 2 (Experiential Learning)
oBEATI R EAR MR RS A  GERRRAL Y ¢ LR R
FHR-FE IR -HRAF LI DFE SN RF LB ERI B EY v
o T RN S8 2 eh— 1 $rek(Beard, 2010) -
(-) MRS RE R
LBMEEY F2 587 "%"Z\,
2. R RN E Y K

TR X 2 2 WA Pty
FE A DR 0 B Y ok

BR
BEBILIR I F A B LMok 0 A5 BB LR LA BEF Y %
LI

A4 FAEfRA- MRS EYLER S S A RAR OB 3B E PR e
B g 4 o

5B E T F s lMRHRNEHTESES Al ey 51 BLEBBTfoid
WAoo

6. FHERBETHF LRI B N HERBRATE Y OBRBE IS

T4 F BB ES BF 0 BN BT IR S RERA IR

8. F L iM% \EY w g4 H Sk Lo LECS S - "‘f”/#‘}é] x 12 ; °
WRAKFZE 0L BESE T PAE - FUl @aﬁﬁhﬁ%#*%

e AL T M FRREFEL AR SR RFFV R PR L P LY
ViEfer &= R Rieliz -



ERG* L FA WHRAEVEHN S G Rl B

(C)@RFPRZEFFRRF MBI REZPEIRBEY 2B RT 2 02

@?%ﬁﬁimiﬁm@ﬂé¥u1%%:

LERR XA REE 2 B e A% o i oIl jz o 4
HAKEZRET IREM ARE OB E BT MEMRS L e
AR e R en IR EIEANIEL o SRR E T ES F R
BAcR LR ERE NS¢ SRR ELL LG 0 F 4 R E2S i
S Suengg fedt oI b i T o

2HFRB OB EE I HBRANEYRBERL O BERLLBRE S AR

AL L BAHBRR DR SRR K N G AR R
ﬁmﬁ%ﬁﬂ’ﬂ@ﬁ& Fk iR R -

BAB T AL MRS EVRATEEY > R F AN HRF I HAE
PEA Rt 242 BTRB Y PR AL o BT B BT F BT BRI G
B SFEA o S RERE PR A PEA SRR F2 T
BEAp ARBREY BY TE o 24952 B B e B o

4 BGEBMIF LTI S HBRNEHTRES A BV SiF B gAY
B EfeRd a4 > REIFHEM TR IR R 0§ 2R A
?W‘m*‘°5“%@L#%£§4*é?ﬁﬁﬂpmaﬁgﬁ’ﬁﬁ
B Ff b (o3 Ap £ #Fehig 4 o

5. & M##H“* RSBV R BF 2 HEHRDF Lo F TP
LAt o N ERAFMADLAEEG PRI A T FIMER o

6. ¥ Ry HRIMEYNHAAFTL 2L 28EE ¢ FFH
BRI R 5Lt A2 R R OFE LS - SRR 8
B RN R B HAA DR E FfoRER -

7.0 RBF DA L7 RRE ﬁbf&@*mkﬁ FEE R IR
B E ol p R F 2 EFFY b E ST

BAcH B ARY 1A ABRF N FFEL DA GEY LR T8 PHp A
GEd S SR B AR F SR g o o

MR KE2 e REY L RRELEE ~ LRE T Y MR #Fuli

B2 EEHAE Pl AR AR BRI ol MRS KT 2 E
REIZREX HFRHE - FHRY BHREFEAE > [RFFEFRETS
$02 BF oA peg e

G

FEIHV RV AR RE T EFAEYFATAFRR Y SAHEFALR - AR

e ?/Téfﬁ—i\ MEHENKEZ R {2 HREY B i BrEE I Ragom
BRBGHDELEFE « Ra » KE S F AT AEED G B a3t e e i

DRFTEAEF BT P AR Ft 0 T M- HHEH 2 B A KT R
W RS E Y o AR e TR KT R

19



LR H S PEF ] 20260 £ pp.1-16

B TR

FEV MBS EY A HF S R R EATHT M - hE - B
TR AERE R TRV A 2 FE AP (W 2ot EH ART R
KE S o 5B HTE Y FRP DS 2 AN P Ee L4 o

LI A K » 0 2 Kolb (1984) 2 #8554 5 ¥ 7 T, s o B T E ek
FRLBEZ R A 80 5% Eft’.ﬁ,\mﬁ?ﬂh}ﬁﬁi’ T 5 8 m;l_lﬁﬁﬁﬁhj

EREXRFE G RRE S E (2 PRERE CRBEY MRS KE)

FARRZH I EEY BRI PERLAF - HY > BAFEZILZFEN TP 2L
[MRE - * L N r??‘u et Bt R Y B L TEMSHREAE R a1
HAEEPRELEFr BE YR ARG mﬁgmgﬂ F o e

EEY Rk B2 AEYXEFT AL B RIS (4 EAaRhaEiz)
QFLke (BBREARAERE)-Q)FFAs (BRREFHFEFIEZLIN? ) BHRE
VEERFEPEY RE - FENEEZBEG DFEEFRE  FuL il rfdge
FRPGHETE -

F ﬂ\ﬁﬂi;ﬁ;? CREBRNE Y 2t BEHAEY £ R MeEa o H R

7o g MEhons | & ri?ﬁ—iﬁJ TiEEE ,\,)ﬁ‘ﬁiibifr"‘%p\ fLer Fde g (v i
rﬁ"iyuﬁ‘fal *f,\ﬁgiﬁ.f‘ ;ﬁ%’??ﬁv‘ﬁ‘k” °

HmER - HRR-RERR BEAERRE
{ WATAREAENAEBNEL EERHEREN KRB SN ERARSES |

= - BERK (awm

BeERCEA I IEER (Kolb, 1984) | BBRFE (BRE) KBS
ﬂﬁﬂ%gﬁﬁ;g‘gﬂmf?m&&ﬁ ( ﬁg EMREE EEJ o SREELKGIMBAYIRR

1. AR (40 : SHERAE - BRER) ‘ . RBEBEREN
(Concrete Experience)
NeLH BENR

EEREESE
- RUAMEEE

.o-:o. FEEHRE (PBL)
i iane ama (0 BERK - HRREH)

(2. REBR o KEMER
(Active Experimentation) g E i' {t (Reﬂe‘;: ;b;ervatim) ~
i 3 Y »
weow | B BRT)| oy BB O —
‘ < Q (o0 : #EER0EE - WOITR)

- H#E3BE R R
e A | g —————————— « BfFRERAFEEN

\ 2 mema | / (o atrmmme

(Abstract Conceptualization) (80 : NEAE - BBREEEE) S

g \ s gg 17?715%‘&%73

3 4 & % (/ « KREHEE
S : BEREHERR - RIS AR
R R PO N
Q 2 = L & B O SR AMRROER
=7 - = RS SEmE SSAR  RSHEMR (K0G8 * RERE x $XHE x 178h)

SRR EANESE ANSE THRRRESH REH R 5

LT | BAREREEME ERERSRHESBTER) oo ’

W2 'EHBHAHEXF—FY Ao, 2 FENPHER -



ERGE TG WRAEVEHT S G dms 2 Py

L~2BEAFKT

RS ERY O RERG RS PR AT S A2 B8 AYREY DY
WAl o TPt » 3 & & E- *5%/)@ FRERTEAGFREKRT O ON & U E H
By kB e o

244 Smith fe Smith (2015) &85 § + B4 50 B8 FF R LA S LA E R -
BACH2 EFARPEERAEL A DAH c Ha s Afac 4 w37 S FG
4R R RELfE ﬁ*f?fﬂf@ﬁ‘l@ Wmﬁi%‘fﬁdﬁf“&?w" o gtk Bedp edT B AR
fbpivs IMER > 2 R FRARY Len= 281 L hehrs i 2 el R
By o F o RUPITTRKER ’Hb)"@fa/p BRI g Iiwilﬁi G\'% JRTSS S - 4
ML RIMER o FHBE LA ENS R EF TR RAEFPEE AP S &
(g raeido P PIRANPFE PeRfed mATHED 0 f BPER - RE
@%ﬁﬁﬁ%w Beeh o RPUEF FTRHUEIE  F RS ZHF R HWRAL L
- i i By »{i{iﬁ &w’&dlm%@%rmﬁ%’uﬁﬁ%kﬁﬁan*
EEE T ’ *K{i i g ﬁu—— Feh1 (THRE Y SRR G b4 o B Ha &
ﬁ*ﬂi@??ﬁpi%?ﬁﬂ%@*ﬂﬁ%@,

B2 20 E42 0 4 BE RS L APRFPEL PLY 75 NE T B
Bt g o AR kAR S 4 BF RHFRFIE FEEF P L AE A L& LA (Collins et al.
mmyag«m%@m@ﬂ4u,«Jéa$%ﬂ¢m&?%ﬁoi@§?ﬁa£%

AR TR CBARRB T T 2 a4 P38 (Peters et al. 2008 ;
Soranno and Schimel 2014) T m&%‘? Pl R T 7R Tw lffr%%‘f FF T B IR
(Peters et al. 2014 ) - P F A RE Ry B EE P 7}? 1‘&5 AP - B N L 1)
( Brewer 2001; Pace et al 2010 ; Cardelus and Middendorf2013 ) » £ H §_K] 727 B % 5
o I\ﬂ (Norton 1998; but see Laurenroth 2003 ) » i £7 % s24¢ 5 F rS FHTE R
T it (7 243 ¥ (Metzgaretal., 1994 ) o

lﬂ? AR FRE R OHEA R IE BTG 4 BYR FAZARE R

% & & o bl4o s McBrideetal. (2011)= @3 & 2 3 ,&?? IRV BB R, 5
&%"%$ww@ YRR Z B il 5 (1) B B ()R
PETEE Q)2 FaBE 82 bR sk Uit e X S HRPE KT HEL
SELfBOP S E Vit el PRI el A RS s e
oL ITEP 2 SHEFDRP o ‘ﬁ”;“ TR R E BFR TR T ES
AR RETHRAPERETERPBIONE > VBRI AKL B RSP o

&@éﬁﬁiﬁﬂﬂwi%#*ﬁ~#jﬁ ﬁwqqm%%gwfp}bk_gﬁg
REER B RBRRT P2 F L kB FE T §e0 7 REE S % (Johnson, 2013 ;
Krasny, 2009 ) - #2734 ﬁ'fru\é‘r—‘ ﬁfﬁ},@ﬂ% A ABRBERTYEEREREESZ F’*m
B bldeie L 2§ FE 1"“‘% »EPFBER AP RL P AOEE o R JIE
p rﬁg—‘ﬁcﬁ*ﬁﬁ,{% éﬁ?ﬁkm;ﬁﬁ—frﬁ&# 7 L 7% » 32 f2 (Heimlich, 2010 : Johnson
etal,,2012) » Fe PRI R fody d 0 87 5 2 6~ 2L S L SLg o SR R e TR
F Pt (Ardoin et al., 2013; Short, 2009; Toomey et al., 2017) -

FREFARLFZ DRGSR RIoP B R T RERF K E L B EY
& ﬁhfr‘i‘?‘i* SEA EHERMIAEFEATRKT o MERG B0 ALE 35% HF
B A v 25/k2 0k amig b i~ §(US Census Bureau 2021), #/™ 60% + v &

F et bix 2 r‘E v iE T A RFFARDUS IR FHEAI R TS B R

’

224 i
B3 &

10



LR H S PEF ] 20260 £ pp.1-16

,L

Bl S HA g F i B A A - AR S L é@ﬁ*?;%%
*&ﬁ‘“’“"i&*‘ E%%rﬁ-\ﬁﬁiﬁ- Bie ot de K12 BT EE ) BRFA 8 R 3357 &
E R MOEEAL e E G 2 & F % 4 F(Jordanetal., 2009 )o ] 41mBerkow1tz
i*(m%)&ﬁ4w%%mﬁi MaEd @ i T RA AR Es A
ﬁgﬁ4unuﬁ1 AR AR BRARY 0 T o RERE B P
e ki ’wﬁihwmu4°

Flig g 2R Fe— Bula? B A B4 eTBEF FF“*E’ .‘"?é’i ﬁ’fﬁii
ﬁ?wkﬁ#ﬂhme%ﬁ — AR ERER AT EERTIE

FeFA TRt R 8 AP himgd PRy LG
al.,2015) K-12 &5 9" R 5 4 3uss E‘-@m;}iaa#ﬁalﬁ
B4 AR kA AR é%;ﬁﬁ»@ﬁ@f” o 4 RE B L g
(Baniloweret al., 2013 ) o #7112 » 4 & & oo 11 2 PR ’,‘i
%y "Q/F',%EE?%Wﬁ%—,TJ__ 4 AT GIE P AR %‘%‘37?4 i o o
7 i (Baniloweret al., 2013 )

i%%Aﬁ”Fﬁiaﬁfg‘%ﬁ%%@fﬁ’—’%ﬁ’ s 5 2k #H L A
B vk P R2 BT RRAZEA R FEREL A BE KAPRKE
AR AEE T AL AR LR FRY SR 7
LR I E IR @*kﬁwh4&5*5”@%*5?*@m§4§”m%,v LY
i"%’ﬁﬁ*vﬁa o EFEP LA FYRY BT R R, T2 EY g
FoA SUEE A N S S P E Y > D Lu(2025)% £ 464y Fnae 2=
ﬁ\w%’]i’\[ﬂ(ﬁ]?\&'é‘iﬁ By hoa kT R DR TIEA LIRS~ mAHRYE K
FEY PR - BRFNIRY-FI IR REL A 1RSSR RTERR
o~ 'f"«‘é’”%"* EFFl e RYAL2EM DL Bel 5IEFL ALY
FATRLE R THERE PP A R E R e g 2P kP a4
kT "“rz\EFL a1 ELEY s\iﬁ(&rm3 ATIR ) o

+

%%Qii 0 ﬁﬁ%ﬁﬁi BEORE AR AL
(EmE+088) ISR — B

g >
%/ mRLBRESAEE

(men )| sz m
(e imms ) A TEA TR lEmE
Py B A T S 8HE
PR RS EMBiEl
3 TR R ARBMAR Efenif
BE AAMIE BiExE
AW EREE R e
S TR SRFTRAR

BUKEIEEN]




EMh* % B WAL Y 2H0 2 A8 g mAFmAZ BYF

b

KT AYEE (ESD)#Fu|ndcrm Ak v St M1 T4
KT i XFEEY PR EMeLs B XS i‘iﬂi%m?frﬁ AR BERR
FoFM B ESD 2 KR ERB KT PR EFTRELNAEF L TR
R ek ¢ 5@ 8 L amE REFETHAF -3 & WKfL 2 25 (UNESCO)
Fadl o hdids ESD eifAz? 4 4w <AL E D EARE PR E @R ol R
Wk o ¥ ESD# A4 EpE (SDG) &£ » 254 ESDG (UNSC 2015) » .18 2 fi
gﬁk%ﬁﬁ%ﬁ%%#%ﬁ?ﬂ%%ﬁ%Pc£ﬁﬁ W\ W5 EE G P ERE
m?#:*%_f'} ’ 1? Ao 32 JJ"‘L‘ J‘J]b} R ’B‘.‘ff'ﬁ* g F' l:r),ﬁ\j v {8 P Am ﬂ’%\ j\#l‘%%ﬂb )‘;ﬂ’:v\' S
i mr{%#ﬂ‘h"ﬁ ‘?I&— BLTE L ARG R -ESD#Ew%nH L_f%m v "/ﬁé
BB %g% oo MRGEA R ARFHFE > ERFE TR H L o e 3 5)
HAAEEAT %*{M%’ﬁiiﬁﬁiﬁ%%ﬁﬁﬁii{e®€QW%°

EKR FHAY L HRENRNEY 2HR D AT AL R AT Y i
o bl4o s Hall & 4 (2020) 4% 120 &< 427 v 7y » FRAUHMKZNE
Weng 4 > 24 P hplsk s ficd 2R 62% £ 2 3 88% 0 @ B AL hE 4 P
WiE_60% #2 I T4% 0 Aot 4 56\?\‘533 T R S S el E- 8 NS ¥ L EA
gt ?b > Jones et al., (2024) = 3 Aaor > BB P M F Y B e L iTER 0 B4 kB
F?fﬁfé,.iﬁﬁ:f‘%ﬂt (Env1ronmental Actlon Willingness Index, EAWI) & 32 (&4 5 &)
FDLI 45 B BRKE B 350 pL ek s AR AL AN A PR KN EY
DB T sHEE 28% 7 BAKE TR D 2% HoRFZNAEY ALY
AP ERARRREN S S 6 [ Bk i R Y A EHMKRAEY ﬁ‘Z’ﬁ Y
ki WAL 3 @&@%Hﬁﬁ&%ﬁ4*£—ﬁmﬂ WA S E a2 g i o

‘E;R il

ﬂ%ﬁk%&s b SAE Y BIRF wftwﬁéoﬁgiﬁ% RALP F Bk
EoORTVEAHEPRELLFRR ,e,FMmﬁ‘ﬁ Ak FEL LR O FA R
O EA R AROFE TR BRI EERHER SRS Ea s N T
T AN T EFEF AL E N A RTRE-HED AL g~ EAMeR B anp 3

%%’&%§4Lﬁ#%Wﬂ%mkﬁ TREBTORT  SRRT S BT

BEY PHHELAZ BEATRBET L AR ETEY BEW%R > KA R
e APRE I e B8 o 2 BAARFRT DI FARZARDEEL ) T 20
SR RE PR  ER T OREPR  EERRT %‘i‘i#“ & & ehir
Fo A e B REA GOV EREE SRR BLEFSART RS R

B EH

L HARY ool TR H AT A F A HAY
BB RAL AL iR B A HER  FEHHRNEY CFARRLFN PR
ERES 22 o) R KR A ?”ﬁ%é%ﬂﬁmL‘k’ﬂﬂﬁﬁwﬁ”m%'i%%&
§FER AR EFAFFES I 2RMANEL MENEY RAK TS £
LR MAENEd o RERFH BB FLFRE S B B gL T s
#ﬁ**»»%ﬁ’u&;§4mikar PR A k] it HF 240§
MGER MK E Y AR P EF LS NE G ORE B ﬁ’HﬁUT%%Wﬁ&w
fofd iR AL 4 h A S BATEF -

F.

T MER T Y 2B ]

94(;;3

w*

12



A H s FE T 20260 #7 pp.l-16

342

T

2 28 (2007)-Deway H 8 ¥ 1 4 2 H KT ¢ PR o REFT 54Q2)0
74-82 -

F AL (1996)° FP ) F 2R EREEF A c BREKT 29 62-69 -
FHE(2004) SFEEBEYFEME - £

Tm o~ Ligp (2001) 072 BRESRGER —EAHHFE c AERFIRF AP .
g~ fR %5 (2005) ° KT ATRER AR E KT -

EAFL(2009) B A ST E AL HE 2 ot oA M KT X F AR KT8
40 (1) 35-54 -

%gmg (2000) o =\ Aﬁqég:lggé\jsi o 3+ P g——){(@]g\; "?i‘?ggiﬁﬁn y & /\gsﬁsg_@
(pp.1~30) - £ A fF =+ F 55 o

B (2003) 0 = Hgr T —— Gk p RSB Y g oo HEF X B > 1270 82-83 -
% 7 '(2000) o FoitgiE PREBEAI o S T o

%E}”*&(ZOIS) 'ﬁl’%ggﬂ ep};@:
,},A‘\-,\w,,, :;:%_‘;L—ﬁf,‘ fﬁ' L;»_‘

oAt H e

VR I RRRBRRT LA AT X
PRE A EPRERLILECFLALA

J@m® WE I &R W WRFY 27y —E " « § iSpace 5 b - 27 <+ §
RIAR P AL B RAF LML Hhz » 29 3 o

}E:}?\ 2007) é’fé ’y%gﬁ"‘k}‘*;: ’ B %ﬁﬁ%g” Lﬁ.,, f‘rﬁ—a};’ﬂ"‘ o %/?E$$‘7—‘
FhS A FEMLOBETAF LML G > s4 7

R (2007) c M%F VR AFEEFHRELBEFAT c R E M RT A E e
BREFLAFLRLGY o ST o

M :E': (2014> ° '“ﬁg,‘fﬁ? ‘l"\%“l i &sg Paff?‘fﬁ?'}{ﬁ”-‘ w4 oz f—yﬁ—,lﬂ o F = :%
AET AR E RS P RF T AT AL o S0P o

F5H017) c FHBRBE KT EAFFEKRTOFEERL c RBE K TAT 0 13(2) > 67-
109 - 10.6555/JEER.13.2.67. 67.

2014) - LA FAWREY OB AEF Y ALK -RF R R

52 (
R R WP A BT AT LA AL ,;P;&mo

% I8 (2016) ° »L,};'a HHEREY T HApHE T2 BRSRaRt - =
SR A W AEAF A RTREREE L AFAM LAY o TTER -

13



FRGEF X TR MESFY 2H S EE R mE B

Bk (2018) o * ¢h R AU Y HAT S 2R R L A% 4 8 EMBA S BB R AT
THARL D] o A BB K EF RS CAFAMLI G 0 50 o

BRT (017) - B R HTMAT Y SRS RAL ML LT S FF L S
AU AR RTAE T RO AT AL mh o 50T o

P (1997) c FE KT o A T 8 A .

ey \f’l“\'?%’slw\

Abeysekera, L. & Dawson, P. (2015). Motivation and cognitive load in the flipped
classroom: definition, rationale and a call for research. Higher Education Research &
Development, 34 (1), 1-14.

Association for Experiential Education. (1995). AEE definition of experiential education.
The AEE Horizon,15(1), 21.

Ardoin, N.M., Clark, C., & Kelsey, E. (2013) An exploration of future trends in
environmental education research Environ. Education Research, 19, 499-520.

Banilower, E. R., Trygstad, P. J., & Smith, P. S. (2015). The first five years: What the 2012
national survey of science and mathematics education reveals about novice science
teachers and their teaching. In J. A. Luft & S. Dubois (Eds.), Newly hired teachers of
science: A better beginning (pp. 3 -29). Sense Publishing.

Bestelmeyer, B.T., Okin, GS, Duniway MC, Archer SR, Sayre NF, Williamson JC, et al.
(2015) Desertification, land use, and the transformation of global drylands. Frontiers
in Ecology and the Environment, 13, 28-36.

Berkowitz, A.D. (2005) In book: Challenging the Culture of College Drinking: A Socially
Situated Health Communication Campaign. Publisher: Hampton Press.

Beard, C. (2010). The Experiential Learning Toolkit: Blending Practice with Concepts.
Kogan Page Publishers.

Brewer C. (2001). Cultivating conservation literacy: trickle down education is not enough.
Conservation Biology, 15, 1203-05.

Cardelus, C. & Middendorf, G. (2013). Ecological literacy: the educational foundation
necessary for informed public decision making. Frontier Ecological Environment, 11,
330-31.

Cobb, P., Confrey, J., diSessa, A., Lehrer, R., & Schauble, L. (2003). Design experiments
in educational research. Educational Researcher, 32(1):9-13.

Collins, A., Joseph, D., & Bielaczyc, K. (2004). Design research: Theoretical and
methodological issues. The Journal of the Learning Sciences, 13 (1), 15-42.

Dewey, J. (1938) Experience and Education. NY: Macmilliam

14



A< B HFE] 20260 #7 pp.1-16

Gass, M. A. (1993). Programming applications of adventure therapy. Dubuque. lowa:
Kendall/Hunt publishing Company.

Hall, M., Goettle, A., Carson,C., Collicott, J., Dieta, K., & Smith, K. (2020). Successful
Undergraduate-level Experiential Learning Projects: A Stakeholder Perspective. In
Proceedings of the ACM AnnualConference on Information Technology Education
(SIGITE 2020). ACM, New York, USA.

Johnson, B., Duffin, M., & Murphy, M. (2012) Quantifying a relationship between place-
based learning and environmental quality. Environmental Education Research, 18,
609-624.

Johnson, B. (2013) Can Education Improve the Environment? Applying the Pressure-State-
Response Environmental Indicator Framework to Environmental Education Program
Outcomes. Antioch University (Doctoral Dissertation).

Jones, J. N. (2024). Experiential Learning Through Public Archaeology: Exploring Student
Experiences and Perceived Outcomes. Journal of Experiential Education, 0(0).
https://doi.org/10.1177/10538259241303511

Jordan, A. Schwartz, E., & McGhie-Richmond, D. (2009). Preparing teachers for inclusive
classrooms, Teaching and Teacher Education, 25(4), 535-542.

Kolb, D. A. (1984) Experiential Learning: Experience As The Source Of Learning And
Development. Publisher: NJ: Prentice-Hall.

Knapp, T. D. & Fisher, B. J. (2010). The Effectiveness of Service-Learning: It's not always
what you think. Journal of Experiential Education, 33 (3): 208-224.

Krasny, M.E. (2009) A response to Scott’s concerns about the relevance of environmental
education research: applying social-ecological systems thinking and consilience to
defining research goals. Environmental Education Research, 15, 189-198.

Laurenroth, W.K. (2003). Forum: the ecology—policy interface. Frontier Ecological
Environment, 1, 47-48.

Lewin, K. (1940). Formalization and progress in psychology. In Cartwright D. (Ed.),
(1952): Field theory in social science: Selected theoretical papers by Kurt Lewin (pp.
1-29). London, England: Social Science Paperbacks.

Lu, P.- L. (2025). Integrating wetland ecology into ecological education for curriculum
reform. Taiwania, 70(3), 488-497.

Norton, B.G. (1998). Improving ecological communication: the role of ecologists in
environmental policy formation. Ecological Application, 8, 350-64.

McBride, B.B., Brewer, C.A., Bricker, M., & Machura, M. (2011).Training the next
generation of Renaissance scientists: the GK—12 ecologists, educators, and schools
program at the University of Montana. BioScience, 61, 466—76.

Metzgar, L.H., Hollweg, K., & Berkowitz, A. (1994). Ecologists in precollege ecology
education. Bulletin Ecological Society of America, 75, 113-16.

15



FRGEF X TR MESFY 2H S EE R mE B

Pace, M.L., Hampton, S.E., Limburg, K.E., Bennett, E. M., & Strayer, D.L. (2010).
Communicating with the public: opportunities and rewards for individual ecologists.
Frontier Ecological Environment, 8, 292-98.

Peters, D.P.C., Groffman, P.M., Nadelhoffer, K.J., Grimm, N.B., Collins, S.L., Michener,
W.K., & Huston, M.A. (2008). Living in an increasingly connected world: a
framework for continentalscale environmental science. Frontier Ecological
Environment, 6, 229-37.

Smith, C. S., Morris, M., Francovich, C., Hill, W. & Gieselman, J. (2004). A qualitative
study of resident learning in ambulatory clinic—The importance of exposure to
breakdown” in settings that support effective response. Advances in Health Sciences
Education, 9, (920), 93-105

Smith, T. M., & Smith, R. E. (2015). Elements of Ecology, 9th Edition. Publisher: Pearson.

Soranno, P.A. & Schimel, D.S. (2014). Macrosystems ecology: big data, big ecology.
Frontier Ecological Environment, 12, 3-3.

Short, P. (2009). Responsible environmental action: its role and status in environmental
education and environmental quality. Journal of Environmental Education, 41, 7-21.

Toomey, A.H., A.T. Knight, & Barlow, J. (2017) Navigating the space between research
nd implementation in conservation. Conservation Letter, 10, 619-625.

UNSC (2015). Technical report by the Bureau of the United Nations Statistical
Commission (UNSC) on the process of the development of an indicator framework for
the goals and targets of the post-2015 development agenda.
https://sdgs.un.org/documents/technical-report-bureau-united-natio-20815

16



LA B E T 20260 #7 pp.17-30

B* GIS gk~ gl | 2k4 LS M5-114 5753 6]
4 '1\,4%%@_1*\?;:}%:1\;; § 2 w58

2

AFETRF-FFEFEETR R (GIS) 2ok #3123 k4 # 2 =5
AL TORF A4 a kim0 151 SWAT (Soil and Water Assessment Tool) -7 fi-#% p
MEBENMEYE R FE o FE QGIS A H A KT LA BTG o 3 R 5
& E 1) 60 B4 B ’F%_‘? %%m\ k4% (Cross-Flow) 2 g * f+» H &2 T & 5 /3
50,000 & 100,000 kWh o gt #b > 33 g 29 3~ HEC-RAS Hc#tin:g (0.685m/s) -
FEREEFTE. ]11703kWh FIRHMPE AN GREFFRFT YL 7ITE L]
S N = »}; el B o

MeEZ ] 30k4 3T - B IRFk 5(GIS) ~ SWAT 44| » HEC-RAS #73] ~ % T %
AL 0

% BN B S G S 0 ﬁ“’%f:}i%“? % B4 I S48 o E-mail: cyf1973@nttu.edu.tw
! ﬁfl*xﬁ:(xﬁ’ 3 ,sz) Mzd LA F8n g FafHg 52 - Email:0976998728k@gmail.com
;&= tAEN - i LxHE%ny f‘;m FEE 4« F 4 o E-mail liao747815@gmail.com
TR WP B E TR KL TIE 4 o E-mail: tony.george. xun@gmail.com
PRAEF ORI AL AESLN AT ALABALE = F 24 4 - E-mail: apple]21106547@gmail.com

17



ERE ﬁ?ﬁ* FFAE s fFRE o AE S Y GISE ke WAl E P AKY HTHEY A5 4 s

= Y o
JE G B

Application of GIS and Hydrological Models for Small
Hydropower Potential Assessment: A Case Study of the Beinan
River Basin

Yu-Feng Chung?, Tai-Chuan Yu*, Tzu-Lung Liao?, Chih-Hsun Hsueh?, Yi-Fang Chu®

Abstract

This study proposes a systematic framework integrating Geographic Information
Systems (GIS) and hydrological modeling to evaluate SHP (Small Hydropower) potential in
the Beinan River Basin. By utilizing the Soil and Water Assessment Tool SWAT (Soil and
Water Assessment Tool) for daily runoff simulation and QGIS for head analysis, 60 potential
sites for head-type turbines were identified in Sub-basin 5. Results indicated that Cross-Flow
turbines are most suitable, with annual energy production (AEP) predominantly ranging from
50,000 to 100,000 kwh. Additionally, HEC-RAS was employed in Sub-basin 29 to simulate
flow velocities (averaging 0.685 m/s), yielding an estimated AEP of 11,703 kWh for kinetic-
type turbines. The proposed methodology provides a robust and practical approach for rapid
SHP site assessment in mountainous terrains.

Keywords: Small hydropower, Geographic Information System (GIS), SWAT model, HEC-
RAS, site potential assessment
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K #4858 ) Water Head (m) Flow Rate (m3s)
Cross Flow 5~100 0.1~10
Francis Turbine 15~300 0.3-20
Kaplan 5~80 5-50
Pelton 15~500 0.1~3
Tubular 5~18 2~20
225
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A Study on Integrating Programming into Inquiry-Based
Mathematics Teaching and Discussion Activities in Primary and
Secondary Education

Yao-Ren Hu', En-Jui Liu**

This study investigates the integration of elementary and secondary mathematics
education with computer programming through a programming-based calculator
development approach. The instructional design requires students to first conceptualize
mathematical principles and subsequently translate these principles into executable
algorithms implemented in C programming language. The objective is to facilitate the
transformation of abstract mathematical formulas into structured computational procedures.

Traditional mathematics instruction frequently relies on symbolic manipulation and
paper-based derivations, which may limit students’ understanding to formula memorization
rather than procedural comprehension. To address this issue, a series of programming
activities was developed based on core mathematical topics in elementary and secondary
curricula, including arithmetic sequences and series, quadratic functions, the Fibonacci
sequence, and time-based carry operations. Students were guided to design and implement a
functional calculator system that encapsulates these mathematical models.

Through algorithm design, code implementation, testing, and debugging processes,
students engaged in systematic problem decomposition and logical structuring, thereby
strengthening their computational thinking skills. Empirical observations and student
feedback indicate that programming-based mathematical implementation enhances
procedural clarity, conceptual understanding, and learning motivation. The findings suggest
that integrating programming practice into mathematics instruction provides an effective
interdisciplinary framework for fostering algorithmic thinking and applied problem-solving
competence.

Keywords: Mathematics Education, Programming, Calculator Implementation,
Computational Thinking, Interdisciplinary Teaching
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Dual Adaptive Extended Kalman Filter for Dynamic State of
Charge Estimation of Lithium-Ion Batteries

Yu-Sheng Liao , Ping-Chun Hsu, Pei-Zhang Chen , En-Jui Liu”*

Abstract

With the rapid growth of the global electric vehicle market, lithium-ion batteries become
the dominant power source due to their high energy density and long cycle life. In battery
management system (BMS), accurate estimation of the state of charge (SOC) is the key
technique which directly attests diving range prediction as well as battery safety and lifespan.

At present, the extended Kalman filter (EKF) is widely used for SOC estimation in
practical applications. It linearizes nonlinear systems through Taylor series expansion and
combines model predictions with measurement data to estimate system states. However, the
EKF heavily depends on model accuracy, is sensitive to measurement noise, and may
introduce linearization errors. Under dynamic load conditions or complex driving scenarios,
its reliability can degrade significantly.

To improve adaptability and estimation accuracy, this study proposes an adaptive SOC
estimation framework. First, forgetting factor recursive least squares (FFRLS) method is
employed to identify battery model parameters in real time, allowing the model to closely
track actual operating conditions. The identified parameters are then incorporated into dual
adaptive extended Kalman filter (DAEKF) for dynamic SOC estimation. The DAEKF
adaptively updates the process and measurement noise covariance matrices based on
incoming measurements, enabling robust and accurate estimation under highly nonlinear and
uncertain environments.

Experimental results demonstrate that the proposed FFRLS-DAEKF approach achieves
fast and stable computational performance, significantly improving SOC estimation accuracy
and environmental adaptability. This ensures reliable operation and safety of electric vehicles
under various driving conditions and provides a practical and promising solution for
advanced battery management systems.

Keywords: Dual Adaptive Extended Kalman Filter, Forgetting Factor Recursive Least
Squares, State of Charge Estimation, Lithium-Ion Batteries, Battery Parameter
Identification
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AEKF %4 TERGFIRF T I AR Rk L B AR H R
B3 L R 4 o A DAEKF Rl E e fide g i 4 #4300 R f1* T A
Rie o~ F R RE | DR RPAT EORREEL RG] Rk T > B2 40 B
FERYE Y A BB RR 2 o

o v‘)lgleﬁbﬁﬁ
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SOC il * 2 g nF s g £ R Ty £ 8L o

AR 61 SOC gl £3% + X prfh 2 ik ot i B L A ikt * 05 f6
v o % PEfE 4 % (Baccouche, Jemmali, Mlayah, Manai & Amara, 2018) i & 5B T it
R R ﬁﬁ 1@#1’%%,4,\ ke ®E SOCs H @zgu AONIEE X R By J?’%B"q,m ﬁfi-fﬁz
TR T o R o gt E R A B AR R A4 SOC 5 - Ak AL
A QPR S B RIS R B 4 aof—%a’w&?@%@m%cmmm
He, & Sun, 2017)R £ A1 ™ mﬂ%;?&ﬁsm:ﬁ%@w%’éﬁgixﬁ?gwﬁ
TR RFREES LTS L FEEEFRFE AR E R BRI B
U EE YT R TR ot A o

2 fRA R AET A BT LR gﬁkm@g@ AR
#IEECM At S #-T8 pIM4FfeenT V5 5 i 5 B BaOT RS
Fab f R AN *Km%é'“xﬁ%*’ﬁ”t«ff*ﬁ AT Z P E TR
BoA 3 W R T s 2EAmME R TS FE’B-’*F Kﬁi Fa g s R
ZEPETRBENTEE YR L FHAREGROEEER

BRS FEIER R o AT E T EHG LTS k) T3 2 (Feng, Wu,
Huang, Lu,& Zhang, 2021) - FFRLS £ # 53 * e { 374514 st X L 243 0 & i
3¢ R PRSI - i85~ TR TS PR ARG ARG ER
PpefE € o 35 BT R PRI Bl R R 0 A FERCR] Sl SRR B T4 a0
FALE . < gk %’f’iﬁfﬁ—%l“tb

0 N =+ # & Jg 4t B (Khodarahmi & Maihami, 2023)%_- fé% LA
-_:g:__ iL

Ik

PR BB T g
s o L RLH
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BE R

e ’Lmﬁ" TP/PJ/ﬁﬂ? =S N Qﬁﬁ)ﬁé By ﬁiéf;ﬁ\j\;}&xp kAL o HerwiE (TS
5 r?fﬁ?hki’ AT A AHI I p AL 1;,?“! B A ,twm;P_é‘iE‘P%k? 4 )
#y ﬂﬂéﬁﬂmi%wﬂm,&fpi FAEL > gt g 0 B LR R 7
o DR PR RS A E (Kalman Gain) k4 b € ot 7 I Fmais
e RE ° i 'l?‘w%lﬁnxiwggk.%'r‘%aLgm‘i{\g‘h’q =~ % BTR TR i AT 0GR K
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BfEAZRAMREE BEFTEE RAERED A cEKF W @5 KF 5 A# > f1*
g%ﬁ RPN A wmﬂyﬁb AEFVIT 0L & AR 0 A LR R o AR
’ EKF » G PR e HiEER RS L Qe Rl L (R)E
’#7 FEAIKRT - EfAH Lm’}gt@‘i' SR R EFE I A SOC Rk A ¢
F2: F%%'J FRERGKAEOEAE R BREER S LAfE T o 5 % EKF 2
LHAR Q¥ RAEL E"ﬁfﬂf‘ (Sun, Yu, Wang, Zhang, Huang, Zhou & Bhagat, 2021):&
- HENT O RRIHEF L gL F o AEKF & EKF enZi 4@ 42~ 7 p @ R H] > &
%ﬁ%ﬁﬁﬁﬁﬁéimﬁﬁ§i’%%“%uﬁﬁLﬁﬁﬁﬁﬁﬂfﬁﬁﬁﬁo“
B Wit SOC i BE R RERFENA » BFEEN LT+ R
$TH b AL T SR R

FpRRyHhE+REE ik F e AEKF cngd b 221 3K 0 % - 9 it ik
S S VI T?-:ﬂ VR vhiw eriE B % ’fﬁ" & F ﬁ tESI o A ’DAEKF EURTaR I Sk R/
y'lrﬂ@l?n—'— =3 pk:;?ﬁgaﬁmﬁk ﬁr’}l;}% , ,Z;; IR d’&':}f{—J SOC "\:7 /E m}ﬁr} 213 5B i r»;. s
KA AR B e s F Rk E- 2L A%F VENTEE AL %o

a4

TR B S0C..,
1) )
Vervl'!t‘-'.l'll‘ EKF
FFRL :
SA B N 2 B HE1E
g " AN— 0, Po, Qo, Ro, M
— 2
<4, |« e "= l
-|- ¥y V! 8
+ Trer = [l ur) + wi
ARPEIE P = FiPFy + Qu
" K= P, H] (HP H;, + R)™' =
P(0) + e(0) ~ 4 (0) ex = Vi — h(wi, ix) SOC
‘#i Ere1 = &, + Kpey
ﬂk.&?& Py = (I — KpHy) Py
V(k) =" 6+ e(k)
- DAEKF/AEKF
KE(k) = P(k — L)p(k)(A + " (R)P(k — Lyp(k)) ™ 1 E T
- H.= — €;€e;
P(K) = X Pk~ 1) — K (k)" (9 P(k ~ 1) M S
e(k+1) = V(k+ 1) — @7 (k + 1)d(K) Qi1 = K H KT

Ok +1) = 0(k) + K(k)e(k + 1)

FoJ R 11 [Cy

W 177

Riy1 = Hi — CP.CT
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$FgL

- Z2ETHERK
* =% F it * INR 18650-20R 7 7 (Chen, K., Pang, H., Nan, W., Wang, F., Yang, S.,
& Liu, J,2024)4c@ 2> % 1 5 7% e F-HF

®) 2 INR 18650-20R & ~

%1
INRI18650-20R § ~ £

Battery (Parameters) Specifications (Value)

Capacity Rating 2000 mAh

Cell Chemistry LiNiMnCo/Graphite

Weight (w/o safety circuit) 45 g

Diameter 18.33 mm + 0.07 mm

Length 64.85 mm + 0.15 mm

Special Notes Tab length not included in the dimensions
SRR

AFETE* ZFFRCETRITL TP A > 4oW 3 977 o %A 43 7 sk it
B3

IS DA R AR R R DH A A AEE  FY  V R or R h
BT V2 TR 15 T8 e it Rys Bl N 12 e REC A YR AT 1
SO TIR T F 0 Ry GRS L1 ALY T i T G o Vife
Vo w5 B RCEFIMEA HnT R - R hT f (757 0 0T 3 ek kg

Vt:Voc_Vl_VZ_IRO (1)
. )
YT RiG
=t L2 3)
27C, RyG
R, R2
; AN ANN——
—_— R
y ')
ANA .
N iI il
/. Cy Co Ve
Vi Vo _
0]

W13 = /3 RC & 3 43
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BFAHE~GAD -MEFR - 5 B RBES T L At R X T RRLEFEERZAY

= ~ifs® &) T 3 jE (Recursive Least Squares, RLS)
RLS 5 - A A58 73] 2 S 8w 2 2 o EZEB’*%’TL???%?J » B o T
SR B R E R R E AR B T 8 LR BAT R PR

BE
S & ATHELR 1 E‘-f” LAT e %ﬁv* RLS ehdrp S8t fie 4 > 7 fo B SOC 4z ¥ 3
PV MBI B T A R F 2 B L o RLS w2 B o) 3 (7) 577
K(k) = P(k — Dek)(1 + @" (k)P(k —1)(k)™) 4)
P(k) = [P(k—1) — K(k)p" (k)P(k — 1)] ®)
e(k+1)=V(k+1)—e"(k+1)8(k) (6)
Ok+1)=0(k)+K(k)elk+1) (7

r ~ B F]F e ko) T 2 2 (Forgetting Factor Recursive Least Squares, FFRLS)
FFRLS #_# RLS A @ F 51 » 2 75 #78 B 23 i3 o o 30 RLS % fedicdpée fo bt
WEF S S H S EER THEEA R e LKA L P Ak
C ERATEHIR A F OB T B Sl B @ R ’Eg‘i"*‘%‘ 2 Mprid o LR S
wubpek o FEEF 0 RS TOREA Sk %‘ﬁ’ﬁﬁ C F 5 L RS
JO<I<1) » B FEATERAE 2 BT > L F R 5T 095 3 1 2 » ol d S ¢ Bcdh2 B
Rl o BRI o A EAR] ﬂ%%‘rﬁx%b’%ié’«%&i%ﬁ* s e AR G 4 A%
550 e SRR R g ded AR 5 E 20 ) (EARS A g&%ﬁg{r—g sk B
o fR3s o e Sl B % B i T 4% o FFRLS L?ﬁ i ARAeT o g Lo K2 f RC ®
AT EEAl 2 R AN (DA AT St s B Y &7 5 5@08)
Voc(s) = Ve(s) = 1(s) (Ry + — +chii —) ®)

R1C1$+1
—ﬂﬁséi““%’#ﬂ?i%;’?\%F&F’&#&T1_R1C1‘T2_R2C2’jl"/?
V(8)=Voc(8)-Ve(s) » ¥ 3 4135 2 L5 ks (9) 977 « fgd 34 (10)97 s 2 T dgcdd
) g ST

|§ 7u (11)
V(S)
Ry + Ry + Ry + (RyTy + Ry, + R,T1 + R T,)s + T,7,52 )
1+ (11 + 12)s + 717,52
a=0
b =T1T,
C=1T,+T71, (10)

d: (R0+R1+R2)
e(Rotq + Ryt + RyT1 + RT5)

__ V(s) _ d+es+abs?
Gls) = 1(s)  1+cs+bs? (11)
AERHAC TS s R B AR g £ =
2(1-z71 . '
TE1+2—1; B BT AR AT 2 R S et (12) #rE
G(Z™YH =
(dT? — 2Te + 4ab)Z™? + (2dT? — 8ab)Z™* + (dT? + 2Te + 4ab) (12)

(T? —2Tc + 4b)Z=2 4+ (2T? —8b)Z~1 + (T? + 2Te + 4b)
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ST R BcRRiEARY gty o BT AR § AN (13 T AK IKE
Boo EH & A R(12)F o T E ] \(14)"Lr-rL«4ﬁt%’(®i’fu£h3zi
( (2T*-8b)
V7T(T2 4 2Tc + 4b
o (T? —2Tc + 4b)
27 (T? + 2Tc + 4b)
dT? + 2Te + 4ab
Yy = ) (13)
(T? + 2Tc + 4b)
_ (2dT? — 8ab)
* 7 (T2 4 2Tc + 4b)
e = (dT? — 2Te + 4ab)
\"> 7 (T2 4+ 2Tc + 4b)
V(Z™Y) ksZ?+k,Z71+k
G(Z_l) — ( ) __ 5 4 3 (14)

[(Z7Y)  1—ky,Z72—kZ71
B (15)% 0 V(R)EI(R)A B & 4 ) St Bl k2 g 1By~ o 5 IR T S

Bl TETFe Lek)E Slce £60 0 T rle(k) o ERIFEL o B H0(15)8 54 (16)
L A7) ¥ F s % FFRLS 2 SR infe o
V() =k V(k—1) + k,V(k —2) + k3V + k,J(k — 1) + ksI(k — 2) (15)
{<p(k) = [V(k—1),V(k—2),V(k),I(k—1),I1(k—2)]" (16)
6 = [k1» ka, ks, ky, ks]T
V(k) = @70 + e(k) a7

4‘(18),«&%_‘,_ BEKatE SN ZEF R AR ED T P FLe ¥ A P AL T4
o F (1R * » L ATEA ifF“iP(k) c B k+1 k% h”ﬁ,’ ERIEE 5
V(k+ 1) @ 3§ 5 B FE R E 5 appl & 5 T (k+ DO(k) F'“mi_ RO
/F* Wwxek+1) B8 3 N e (20)477 o ¢t A (k) i~ z\F%F”kF&mf‘ Al A% Sl
PFEoBRF o RFLek+DEd HME BN REB LS PPV EEF LIS NS EKEITE
Ok +1) 4o Q1) #7m © & RHMEK(R)i I E - F F ALK TA4E0(0)2P(0) -
—4a 3o 00)F iR e aPO)PRETEZaE BP @i ¥ B~5-2E5 I FFH 24F
g o

=

K(k) =Pk —Do(k)(A+ " (k)P(k — Dp(k))™* (18)
P(k) = 27 [P(k — 1) = K(k)p" (k)P (k — 1)] (19)
e(k+1D)=Vk+1)—eT(k+1)8(K) (20)

Ok +1)=0(k)+K(k)e(k +1) (21)

d N (22)#- Sl n A L falika~bc~d~edor 23558 0 F i iEN(13)
2 HBE B 536 FFRLS $t dka b c d et FTpr g2t 0 REH #ciE o
& 1 5(10)22 58 (22) 73 = 2 P B RE T (4058 (23) %70 ) TR 4D - FF RC #2
J¢ 27 BETH S
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(a:k3+k5—k4
1+ki—k,
b=T2(1+k1—k2)
4(1 —ky — k)
__Tu+kg 22)
1—-k,—k,
kst kst ks
S 1—ky—k,
L _ Tl —ks)
\ 1-k,—k,
(R1=Tl(d—a)—ac—e
Ty — Ty
R,=d—-—a—R,
c-h
{VTRy (23)
T2
CZ—R—Z
—c++VC?—4b
\Tv T2 = )

I ~HENFE L IRAE (Extended Kalman Filter, EKF)

EKF §- 63 * 08 i 5 S i ot e 2o it A § JeenB Rl ¥ e 17
e ite bR B KA B B g ® P EKF At & I pF R b 3-2R 4k bid A it s
1 IRk AL t"f‘J%'EiF* |22 { 37 hiE= TEEMM > EKF g AR T i3 \f(x l)
25)8 Bl #2538 h(x, )74 (26) 0 £ £iFET RS K ﬁl«jt U A u|E DB R
H > 4oV (27)8 55 (28) %171 » 8 (23)A 2 & 7 7% ik ;sg—z?@ix o

x=[Ssoc v, V,]T (24)
— l' -
 36004h
i Vi
Fed e~ 7o (25)
i v,
C, R, XC(,
h(x, l) = I/OC - IRO - Vl - VZ (26)
1 0 0
—T.
0 5
F = —f = O eR1XC1 O (27)
0x _TS
0 0 eR2%C;
_0h _[%oc 4 _
H= ax [asoc 1 1] (28)

T Z\T%%ifﬁm o EKF #.i& 1T = ﬁ'ﬁ £ Lﬁ""ﬁr';l’l' hxo *”'&rpiif‘f‘?q ifrc.Po H
RRIZ R A BRFE A Bl 58 (28) 1 54 (30)f i 3R Ao 11 2 54312 3¢ (34)
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Xie = f (-1, ug) + wy (29)
Py = Fy P F{ + Qy (30)
;wb&ﬂ,wwwu&a;@%#&ﬁﬂ@muﬁmﬁwﬁkgﬁﬁﬁ%
- Bk -1k Gt 2% Ta‘n*ﬁia?] N BT IRRE G 0 B P up & T A ken R
R Wi R G ATE AR A o LA R S Sl (Yo, W) T T A S G R
HEEART o KRB EH - PFAFRI DY o S GOR G FERILAY EA
PR 25 AT Bl Rk G B RS B B QA £
&7 AT

Ky = P Hy (HcPg Hi + R)™! (31)
er = Ve — h(x, ix) (32)
Xiev1 = X+ Kyey (33)

Priy = (I — K Hy ) Py (34)

AREFFEY S FNCDEFEE M EK gt 25 c Kidlw 0 BRIEHIFRKE
QAT L » R ASR A R PR - B¢ H S BRAEL > £ BpRS 20
BT S AT 1 K ik 3t B et T EERRIRE L R R A 2 B eh@ e 54 (33)

S8 P ﬁLﬁﬁ’“@ﬁﬁ%ﬁmﬂﬂﬁwﬂ#%@ﬁdL°pi? 7 (32)
FEERITRV 2 é?L:"@h(xk;lk)’ FamiZe £5d Kk i B ix 8740 g
i arﬁ, DL AT Ik AL Bt o NGAR LA f%v AP #7258 2T g
B P D[R A E AR o B AT 0 T G oE MR R amEL o

P RWHE*FE LR B(Adaptive Extended Kalman Filter, AEKF)
B RABE R E AT (XileCaiping, & iuchun,2018) Lt i 514 B + & ik

B AAFEFAAFE RN - RS B FREATII 0 P R F S
l% If*//%/}i@ﬂf’_"} m&/?l‘:ﬁﬁ 2 AR St ;ng}‘?;y%\ B R s LRI
G2 e LFRELERS o ABKF SEHFCATRS S pid o @i % a0 s
iﬁ'{@‘ﬁ*’h EARLRTAERYFL  E-HRATE DAL m%f S e jt.
# o ABKF hz B iF 5 infedc@ 4 977 » B¢ Rplnkd 22 Aerkd Sdcmp B {37
B s w1 NEBO)E NGB E T o 135 P H, %E‘l%-ﬁ‘? R Rl T R 2T R 2
L@ N pIFTER G LB a MR R EABE TR vk ] o

49

-



BT B AR IR AT S R S PRS L ERERE L]

af
S
‘-T-ﬂ}

X 53 0] |
XkA: f(xr—1,ur) + wy,
Q1 Py = FyP.FT + Qi
l:ek,ﬁk
~ € Pk
3 ks

K = Py H{ (HiP, H{ + R)™
er = Vi — Wz, ix)
Ry Ty = T + Kep

Piy1 = (I — Ky Hy) Py

F1
1 T
H; = e;e;
\_ M f*f\%l]

Qi1 = K Hi KD
r T
Ry = Hy — CPCj; |

Bl 4 AEKF ;7 5 2 )5 4%

k
1
Hy = i Z eel (35)
i=k—M+1
Qk+1 = KkaleT (36)
Ri+1 = Hy — CkPkCI? (37)

S ERWHET E Lkt F(Dual Adaptive Extended Kalman Filter, DAEKF)
ABRME LR S AR B i A AMESF L BEKDRAL E
B e pg R i BB o B Pre g B AEKF (0% 1‘#“ LI I I
| > ’]‘]&t;\'— 2 ”‘ %ﬁ' _\LL»SV T # A m//%],/}i ‘L’h& ° L”z@ ’]‘]& » DAEKF #¢ 9
#iffr’ﬁﬁ A f"ﬂw B AR B Pk it 2)"?\”’1 FFyrERieg
# SOC i “‘“,f* % o DAEKF e 5318 8 [n A7 4c ] 5 9777

—

A Q211 B i A
< k
X = f(zr_1,us) +wp| H2ra = s
. M _Sia
P = Fi P FT + Qu Qri = K H KT

Ry = Hy — C P CT

I ‘ , I

-

K E K E
Ky = P HI(H P, HE + R)” Ky =P, HI'(HP, HI + R)!
€r = = tkjh mﬁ.szk) ekiw‘k—h(ﬂjk,ik)
Tpq = T, + Kiep Tk, Pk zy ., =z, + Krep
Ppy1 = (I — KpHy)Pr Py = (I — KpHy) Py,
Rk Q144 AR
1 3 A
H, = 7 .=L§+1 eiel Rl Xk = f(xk—lg uk) + wg

Qi1 = K HL K[
Ry = Hi — CrBCT

P, = Fi P FTE + Q,

-

. >

W 5 DAEKF ;7 2 /* ) 72
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N~ B 85 &4 RIEE(Dynamic Stress Test, DST)

AR REL- 2 FRALET P BEY (United States Advanced Battery
Consortium, USABC) #73 E4| T BB v T4 B2 2 > 4 AP add T4 3
A TTT gy £ IR o APEROT B ILenE 2 F i 3 g PR 0 DST { 4r 833 /?Jpémﬁ‘ 7
Pod G B BRRERFANTE TR A ERBRY G 5 F Ry s
B AR F TS AL TRERY > FPE R AR AT A e 3R _%‘,;F B TR
i e

OIS ERERE AT EFILFRTORS [ 175 0 DST Mg pech
BERps B F B 5k (Federal Urban Driving Schedule, FUDS) #cy i i - &4 5 - k7

L AR S (Powersteps) o & BRIFEER (LA 23604) ¢¢ 77 kFR

)ir‘r!—);;;ﬁ (W@ fte i ;_,tax(uﬂ,b) AT (Hmi 4 L@ gbgé_wﬂﬂI) DEE-2 W 3 N
BEE ) LRSS _@ hERR *tﬁl ig\,;.;myﬁ FRIAED KA BRD T
Bl RN AP EFE Rkl AN HFTEERA I o G o7
B PR B *&;tf-;fi‘ =K é»%ﬂ};u mﬁvsg,?]Fény‘iﬁ (USABC, 1996) » & % 2k T # "F
BainY FRALEGEEREE D RE .

SR

. ﬁiﬂ;l’ﬁ‘ﬂf’"kl% 22 *%“3'&

AF g #* FFRLS &7 T4 S8R 18 > 55BN B 2 2 Bamld o #an) iy
(CESE'S - DS DIV = 3 @Vﬂmo 3 (38)" RMSE 5 573 {938 4 » # 303 fiC
AL 2L FHFR e AT RA LTS FE '@é’-é\#p% BT R R TR

Vsim©E 7 T B Vop W 2352 > FAEH M & FHR R Ry~ G~ G2 o3 f#F
—g' ﬁétend%"fr mlbag@w-u#’:ég‘ﬁﬁ&°
2
RMSE :\/ zrelgin(vexp_vsim) (38)
tend
I~ P RiRA BAR G T SOC &Rl
% 2 % SOC 44> ® # F 9 EKF ~ AEKF v DAEKF 2 %~ 4> %3k
%2
EKF - AEKF + DAEKF z #74% £ #
I B iE
P, [1le—400; 01e —40;00 1e — 4]
Q [1le—600;01e—60; 00 1e — 6]
R le — 3

W 6ZWMI A %% SOCA 4518 % 0.5:5SOC =28 ~ SOC 224 B ~ 7 & = BB
HLRFEAR
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Shuffled Puma Optimization for Parameter Identification of
Multiple Photovoltaic Models

Yu-Wei Luo, Rou-Wen Chen, Zing-Rong Wu and En-Jui Liu *

Abstract

In response to the global transition toward net-zero emissions by 2050, photovoltaic (PV)
power generation has emerged as a core technology in green energy development. However,
the output characteristics of PV modules are strongly influenced by internal semiconductor
mechanisms and environmental conditions, resulting in highly nonlinear and strongly
coupled behaviors. Consequently, the parameter identification problem is inherently
multimodal and non-convex, which increases the difficulty of model construction and
performance prediction. Conventional methods not only suffer from high computational cost
and cumbersome experimental procedures but are also prone to being trapped in local optima,
thereby degrading identification accuracy. To address these challenges, this study proposes a
novel optimization algorithm termed shuffled puma optimizer (SPO).

The proposed method incorporates a shuffle mechanism into the puma optimizer (PO)
to enhance population diversity and reduce search bias, thereby strengthening global search
capability and accelerating convergence. First, benchmark tests using standard test functions
are conducted to compare the performance of SPO and PO in terms of solution quality and
convergence stability. Subsequently, the proposed method is applied to parameter
identification of PV models, including the single-diode model (SDM), double-diode model
(DDM), triple-diode model (TDM) and photovoltaic module model (PMM).

The experimental results demonstrate that SPO consistently outperforms PO across all
models. For SDM, DDM, TDM, and PMM, the identification errors obtained by PO are
8.8180083 x 10™*, 8.75x 10™*, 8.60 x 10™* and 2.604009 x 1073, respectively,
whereas the corresponding errors achieved by SPO are reduced to 8.8180080 x 107%,
8.54 x 107%, 8.49 x 10™*, and 2.394094 x 107 3. These results indicate that the proposed
method provides consistent improvements in both identification accuracy and convergence
stability.

Keywords: Shuffled Puma Optimizer, Photovoltaic Model, Parameter Identification,
Metaheuristic Algorithm
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if CostXpew < CostX; :
Xi = Xnew (11)

Otherwise: U=U+p

PO ¢ bR AER N MWEFRE > SHETH I FHAERA S
Xnew * ML 145 R B8 17 B2 ¥ RN AT FATIR L MBI RFE - RIS
B E 2T Rkl -

if rand, = 0.5:
mean(Sol
( N(poptotal)) X XT — (-1)# x X; (12)
1+ (a X rands)

Xnew -
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otherwise:
if randg > L:
Xpew = Puma,, g, + (2 X rand,) - exp(randn,) x (X5 — X;)
otherwise:
(FF XRXX;+ F2x (1 —R) X Puma,q.)

Xnew = (2 X rands) x (2 xrandy — 1 + randn,) ~ Pumanmaie
X; =round(1+ (Npop — 1) - rand,,) (13)
R = 2-rand;; —1 (14)
F, = randn; X exp <2 — Iter X ( 2 )) (15)
MaxIter
F, = randn, X (randns)? x cos((Z X rand,,) X randm) (16)

(IR BIFE
dekrand, = 0.5 TR FEa 0 FRIREF > HP REX L85 >
randg =L > 87 Emp > F 2 L P o BB RV R AP € RATER DR R A
@v?%ﬂ%ﬁo

(FOFF A 2 B3 RS o0 i

thode — (amode x (fl mode)) + (amode x (fz mode)) (amode x (UCJ X fs mode)) (17)

PO £EF LW KT 28R ¢ 1k gkbqﬁﬁiﬁm,ﬁ'& v B
B lgk\ﬁirs ’ %\—,Tg TR E R R tb;ggﬂ a’ﬁﬁ'{f&ﬂk{% 1@.%’#7{ n
Lo Ry BT L %'iflaﬁ“'rﬁ#w:? %“ i“a'%ﬁ » SRIABITH 0

IE MR S R o %ﬁd B PO A b S JTacd b 2B fefi2
m%ﬁ CEFLER 2R AL R

= e 3 l”‘)ﬁﬂﬁ-n #*

4

%Eimi%ﬁ:“‘;(h%g FRfe » o 3B e B o 8] o $HAE e A
o Bk Wﬂi’?e 43 EA Rt R 3R E B2 0 Flpt 3]~ Shuffle ®ud 175 AT R
FERoOHFRAMEEERN B 25232 0

1 2 8 9 10
1 2 3 4 5 6 7 3 4 5
- F 3
A 4 A A
6 | 7 8] 9|10 6 | 73] 4]-s
1128 ]9 |10

m 2 Shuffle K R /’IEC./JE]
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=H
&
N
(o

¥
B

AP EH PO Y NRESERPHLLFE A L0 R BF AR SE
%R BERIEE L o R4 PO P AR O)~(11) s B E XL DR (18)~(20) > - H
i H 2B R F i

x(d),if (rand > 0.5 andd < C)or (rand < 0.5 andd > C)

y(d), Otherwise
y(d),if (rand > 0.5 andd < C)or (rand < 0.5 andd > ()
x(d), Otherwise
¥ _{an,if CostXp, < CostXy,
n

Xny» OtherWLse

Xoel@) = |

(18)
Xny (d) = {

(19)

Xn if CostX, < CostX,
Xnew = { Xy, Otherwise
X = {Xnew, if CostXpen < CostX;
best X;, Otherwise

(20)

(21)

AREFETS G oA P BRHTR 3 N4 8(18) e g rand % 310.52 d <
C» & rand <052 d > CB?? s C2omvind B3| ¢ A= dafRx 0 C2 1 e+ B 7| € &
WRBUATIR y3 F 2 C2dind B A g S4Fadofiy » C2i8en3 B 7 ¢ 0% &
e ATfiEx g A2 i*ﬁ'ﬁ*xnx'frxny o P R AT FBEI R 2 R L E g4
TR E KRN B IRRDR R e

T %frﬁ’q:i’ﬂ;iﬁgﬁsﬁif@;)ia\ S E3 A il £) N 1 ﬁwcuqq g S FEE R
de(18) 79577 » 42 23 228 3K, feXny B o dob o EBRBEX, o L1 B

“‘?L%E?;?xg%?ﬁ X BT B *‘ﬁ*"{"&ﬂ" & & Xpew ° %; "ﬂ’i"xnew/ 1
W EX; 0 7 F 2 BB s 5 B F TS A R R R K peg o 2T
g iﬁ%‘lf"f%ﬁ’ﬁ‘}é ERIEES A PR w?ﬁ’»'* fE > T IT L ﬁﬁhﬁa‘%"*’ {
A (Fenin gy o €0 REEEEH R AR tﬁlra' PR B2 W3 5 SPORALE o

Exploration(# #£5%F%)t > 3
Zig

Rpim * (UB — LB) + LB, if rand, > 0.5
= B Ksa) ~ip—X
¥ T\ Xao + G- (Xa,c - Xu‘c) +G- (( e b'G) ( 5 d,c)) ,Otherwise
PEy, PEy, PF;, U, L, a + (e = Xag) = (Xea = Xr0))

SCOregpiore > SCOTCEpioit X, (d) =

x(d),if rand > 0.5 andd < C)or (rand < 0.5 andd > ()
[ y(d), Otherwise
y(d),if (rand > 0.5 andd < C)or (rand < 0.5 andd > C)
x(d), Otherwise
X,,,, if CostXp, < CostX,,
Xny, Otherwise
Knew

A

Xoy(d) = {

:
.,

Xnew if CostX < CostX;
BRI Xpest = { o fx Otherwise '
ScOTes prore ANd SCOTEEpigie (4
where mode =
exploit or explore
Scoregyplore < SCOT€Expioir | Fmode — (n;nom» X (f, mvrl?)) + (H;nmw x (f7 rmmw)) o (S:n{mp x ([ch xfa modv)) |
t =g t
Exploitation(# £ P %)L = 3
Xnew =
Solypral
(mw‘h('v:w ) -0 if rand, = 0.5
1+(a-rands) q A= L

Pumangie + (2 - rand;) - exp (randn,) - (X3 — X;), otherwise, if randg = L
(FRX(O)+ F2-(1=R)-PUMamate) _ i Maxlter >t
(2 x randg) X T R Puma, g, otherwise

=14 3t Af

2 %
F, = randn; «exp (2 — Iter- (m)) NO
F, = w X (randn;)? -mx((Z x rand;,) -w),wlmrp w =randn, ’
’ WES) F:nmm-e > F:(plultl —t+1 —ervtors (NG)F:xp:me) Frt‘\plolr. b=t
,’ peplott
<]

® 3 SPO 42/

66



TR E A AEET] 20260 7] pp.58-T4

T FEERERZBFEELS I ARG SEE G
B A R RIS AT L T Sl S b SR B e BT R
(B2 )ERF(RBF )end LT 5 om BAEHH A3t g 3 B,
"ERIE R § F R TR B MR R B hNE R R o B PO BES <
BECE SRS B AT SR 0 CE ST
('— )%fkf‘ﬁ'\iﬂd a}»“‘ﬂ! 3E
SDM 7?}\71!: IJK,, v ﬁn#‘}}ti}%’# mﬁ‘:w] » o _,'\,3;)'—%5,]\ ]J‘;F:fb d mé %
RIS E RALANE BT N & “““mﬁ"] A E R [ 3R E S N oo 8(22).

Ip =Ly —lgg — gy (22)
q(Vy, + IRs)
Iy = Lsgq [exp <T -1 (23)
1
Vi +R
= (24)
sh

Iyy =35 145 3 5 1= #&48 = 425% (Shockley diode equation) (Marti et
al.,, 1997)»> 2> 38 (23) » Iy et 5 3 3 238 (24) - SDM Z ##as 4 ¥k 2
[ Ipn » Isax » Rs , Rsp » nq ]°DDM * SDM { G Agfe - e R~ €2
B3 o DDM ¥ ¢ 2 (25)4 i

Iy = Ipp — g, — Ig, — Lsp, (25)
Id1 A Idz m"’\‘L‘% FL]' #\, 4\‘ (26)5' /“ ;\: (27) °
q(Vy, + I,Rg)
Iq, = Isq1 |€Xp <an -1 (26)
q(V, + I,Rs)
la, = Isaz lexp (MT -1 (27)

DDM t,er%‘g Eﬁ?;@ﬁ'{f% [Iph’ ISd19 ISd29 Rsa RSha ny, nZ] ° IC ] “—»@m
PTEAE N AN Q28) T

Iy = Iph - Id1 - Id2—1d3 — s (28)
Ig, ~ g, % Ig, o3 5357030 2 534(29) ~ 25430)% 254(31) «
lg, = Isq1 [€XD <%) - (29)
lg, = Isq -exp <%> - (30)
lg, = Isq3 -exp <%) - (3D

TDM ﬁj:‘ml Mr;ﬁ% & t’f‘l?‘hﬁﬁ;f—i\ [ Iph9 sdil» ISdZs ISd3s RS) Rsha ny, Ny,
gl % T H O KA L 5 B SDM B o mera) i DR [, st
E2ER 4028 (32)%7 o PMM % SDM 383 B %o 263 [Ly
ISdla RS) Rsha nl] °
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Iy = IpnNy — Isq1 Np [exp<

~E oz ﬁ,& I g

LA E MR E R S

VLN, /Ns + IR

Q(VL/NS + ILRS/Np)> _ 1] _

Ve

I ~ e REF)
B ST AR Y
FEEE T

A
’ ﬂ/z%&,?

° 1»;1,4@71 B APBFERBMRE FEZ2 g AFS - BB SEKE @

32
n kT Rgp, 32

GENCE & AP Y ST R

Bt % 2 9 kB2 Femp L Fldo] - A" RMSE 175 p Rl 34
FEHRT AT E TR FanEd > N33 ox FFRSELA . fie AR
A2 P dnlic o 4k 4
% 4
ERTH D2 Fler £ T & A
RN E TS (S FEL S| X enle s R
fspm [ Ion s Isq1 » R Rep » ny ]
fppm [Iphv Lsa1, Isazs Rsy Rspy ny, My ]
from [ Ipha Lsai, Isazs Isas, Rsi Rspy My, My, M3l
fPPM [ Iph ) Isdl ) RS ) Rsh Ny ]
RMSE =

1 2
N (Icalculate - Iexperimental) -

N

1

Nz(fmodel(VL'IL'x) - IL)2 (33)
t=1
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T

ARE G AT AAENFFL E DL AT REF T HENFFEEE 2
’E‘ﬂl’ Er%/:ﬁ-ﬁ EETIREN ?‘J‘LL A\*% .

s AR R 2 R

AFTH# SPO & PO 2 =i n#H#WMFEFLE - Bl Gl gy
(Moth-Flame Optimization, MFO) (Mirjalili, 2015) ~ #% & # & i* /¥ & ;2 (The-Whale
Optimization algorithm, WOA) ( Mirjalili & Lewis, 2016)%2 % ja ;% & ;2 (Grey Wolf
Optimization, GWO) (Mirjalili et al., 2014) & {7 b 5 3E o F % 4% * CEC2005 (Yao

LN

;'_I. ;VI‘“

™

S

etal. 1999) plzkf 2 23 AL SH - mFHE (FI~F7) - %% (F8~FI3) 2 Hla &
B %% (F14~F23) 2457 > * M 25 3G 5 2 ihjeac R 2481 o
T A 23 A BRI 2 T55 G R E (Mean) & H® L (Std) 5 AE o
EOR AL e "Eﬂi 7l o~ 9 & r’t"‘r‘/” P 'E/ﬁﬂ-wzj‘ L_px‘:l'ﬁiizg NS S AE S
FEORFELAL > FRIAIL o 47 F %I MATLAB 2024a %3 T 7 - A
%?]md@B%MKCNﬁk%GMMMNEfMﬁ F B - KAWL S 30
BNzl 1000 =5 0 AP REIE B 2 2 EcP|ESNE S
% 5
H AR FBH T
Algorithm Parameter Value
PF, 1
PF, 0.99
PO PF; 1.5
SPO U 2.0
L 0.9
a 2
WOA Decreasing convergence constant a [2,0]
Spiral factor b 1
GWO Decreasing convergence constant a [2,0]
MFO Decreasing convergence constant a [-2-1]
% 6
Benchmark function 7/z#.&2 %
Function PO SPO MFO WOA GWO
Best 0 0 9.46E-06 8.74E-171 1.43E-61
F1 Mean 0 0 3333.334992 1.79E-150 4.35E-59
Std. 0 0 7111.589235 1.79E-150 0
Best 6.71E-265 1.58E-257 6.79E-05 1.75E-113 8.75E-36
F2 Mean | 4.08E-258 4.67E-244 30.3336042 2.26E-105 7.52E-35
Std. 0 4.67E-244 20.591667 2.26E-105 0
Best 0 0 373.7855861 2363.808396 9.91E-21
F3 Mean 0 0 12106.99816 20412.56188 2.02E-14
Std. 0 0 8657.410184 20412.56188 0
F4 Best 2.14E-266 7.62E-259 4591367811 0.038043783 5.96E-16
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Bgfe s A0~ L 2

FIRA* :r W rm ¥ 22 5 7] T 2 SR

Function PO SPO MFO WOA GWO
Mean | 1.69E-260 3.64E-247 64.80575858 36.91031337 1.03E-14
Std. 0 3.64E-247 7.262226 36.91031337 0
Best 6.51E-05 2.41E-06 19.06758062 26.59963517 25.26193348
F5 Mean | 24.70822581 | 21.0370063 | 2677128.656 27.17880789 26.70432108
Std. 4675912 21.0370063 1.46E+07 27.17880789 0.739694
Best 8.89E-09 6.61E-17 1.81E-05 0.007406642 1.66E-05
F6 Mean 5.45E-08 8.94E-15 2660.066886 0.07519755 0.57299166
Std. 0 8.94E-15 5185.760141 0.07519755 0.291827
Best 5.93E-06 1.85E-05 0.041430035 9.04E-06 1.00E-04
F7 Mean 8.54E-05 1.19E-04 5.697443507 0.002040244 8.36E-04
Std. 6.30E-05 1.19E-04 9.503771 0.002040244 5.30E-04
Best [-12569.48661 |-12569.48662 | -10150.60746 | -12569.11966 | -7225.11669
F8 Mean |-11922.66706 |-12357.05653 | -8715.524936 | -10826.25145 | -6052.379167
Std. | 762.137812 |-12357.05653| 764.095649 -10826.25145 686.077721
Best 0 0 78.60143134 0 0
F9 Mean 0 0 155.7505999 0 0.645623184
Std. 0 0 35.278961 0 1.847468
Best 4.44E-16 4.44E-16 0.00508684 4.44E-16 1.11E-14
F10 Mean 4.44E-16 4.44E-16 14.88237406 3.17E-15 1.55E-14
Std. 0 4,44E-16 7.746254 3.17E-15 0
Best 0 0 4.23E-05 0 0
F11 Mean 0 0 30.08476681 0.003527721 0.001273467
Std. 0 0 64.117691 0.003527721 0.004107
Best 1.45E-10 7.29E-18 4.82E-06 0.001446159 0.012188712
F12 Mean 2.52E-09 1.23E-15 8533334.669 0.008996273 0.057084543
Std. 0 1.23E-15 4.67E+07 0.008996273 0.093799
Best 2.14E-09 4.68E-17 1.96E-04 0.009585554 0.213322385
F13 Mean 7.33E-04 1.55E-14 0.295780993 0.199160555 0.517233149
Std. 0.002788 1.55E-14 0.600144 0.199160555 0.165819
Best | 0.998003838 | 0.998003838 | 0.998003838 0.998003838 0.998003838
F14 Mean | 0.998003838 | 0.998003838 | 2.706762397 4,037183151 5.102662443
Std. 0 0.998003838 2.444637 4,037183151 4717367
Best 3.07E-04 3.07E-04 6.99E-04 3.10E-04 3.07E-04
F15 Mean 3.69E-04 3.38E-04 0.00127137 5.75E-04 0.002352523
Std. 2.32E-04 3.38E-04 0.001393 5.75E-04 0.006109
Best [-1.031628453 |-1.031628453| -1.031628453 | -1.031628453 | -1.03162845
F16 Mean |-1.031628453 |-1.031628453 | -1.031628453 | -1.031628453 | -1.031628448
Std. 0 -1.031628453 0 -1.031628453 0
Best | 0.397887358 | 0.397887358 | 0.397887358 0.397887358 0.39788736
F17 Mean | 0.397887358 | 0.397887358 | 0.397887358 0.397888422 0.397894571
Std. 0 0.397887358 0 0.397888422 3.70E-05
Best 3 3 3 3.000000001 3.000000095
F18 Mean 3 3 3 3.00001101 3.000010671
Std. 0 3 0 3.00001101 1.30E-05
Best [-3.862782148 |-3.862782148| -3.862782148 | -3.862781448 | -3.86278206
F19 Mean |-3.862782148 |-3.862782148 | -3.862782148 | -3.859754165 | -3.861232901
Std. 0 -3.862782148 0 -3.859754165 0.002822
Best [-3.321995172 |-3.321995172| -3.321995172 | -3.321965726 | -3.32199421
F20 Mean |-3.270474819 |-3.290290339 | -3.240360435 | -3.244925424 | -3.267455724
Std. 0.059923 |-3.290290339 0.059893 -3.244925424 0.064446
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Function PO SPO MFO WOA GWO
Best [-10.15319968 |-10.15319968| -10.15319968 | -10.15319041 | -10.1530422
F21 Mean |-10.15319968 |-10.15319968 | -5.97112902 | -9.131934936 | -8.969295143
Std. 0 -10.15319968 3.372147 -9.131934936 2.181789
Best [-10.40294057 |-10.40294057 | -10.40294057 | -10.40291587 | -10.4028877
F22 Mean |-10.18031923 |-10.18031923 | -7.265857031 | -8.761099557 | -10.22664576
Std. 1.219347 |-10.18031923 3.67739 -8.761099557 0.962962
Best [-10.53640982 |-10.53640982 | -10.53640982 | -10.53637143 | -10.5363777
F23 Mean |-10.31291664 |-10.31304372 | -7.150894858 | -8.236568468 | -10.26546163
Std. 1.223403 |-10.31304372 3.724506 -8.236568468 1.481445
Best 14 19 7 3 2
Score Mean 13 19 3 1 1
Std. 17 19 4 6 7
44 57 14 10 10
=~ SPO v PO 2h 8RB S
SPO % >

A a2 PR Rt R 2R
.

BAE A b RO 2ARS > B rR 2 i ook R B S 2
% 7
SPO 7 PO 2 4 £ B HHEF 1t )3 *
Function SPO PO
1 EEIE (%) 91.77533 95.58676
rRFEZE (%) 8.224674 4.41324
2 EEEE (%) 89.2678 93.98195
rEFEZE (%) 10.7322 6.018054
r3 ®EE (%) 94.88465 94.58375
rEEZ (%) 5.115346 5.416249
ra B E (%) 86.25878 94.18255
rEIFEZE (%) 13.74122 5.817452
. EEEE (%) 22.3671 43.32999
FEEZ (%) 77.6329 56.67001
e FEME (%) 27.98395 37.31194
rEIFEZ (%) 72.01605 62.68806
7 EEEE (%) 50.25075 51.25376
rEFEZE (%) 49.74925 48.74624
r8 EEE (%) 30.39117 35.80742
rEEZ (W) 69.60883 64.19258
9 ®EEE (%) 51.25376 51.55466
2EFEZ (%) 48.74624 48.44534
F10 wEEZ (%) 52.85858 52.65797
rEEZ (W) 47.14142 47.34203
F11 EEE (%) 51.55466 51.55466
2EFEZ (%) 48.44534 48.44534
12 wEER (%) 22.1665 38.81645
2EFEZ (%) 77.8335 61.18355
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Function SPO PO
F13 wEEHE (%) 25.37613 40.82247
2EHEZ (W) 74.62387 59.17753
F14 %wEHE (%) 49.94985 48.34504
2EHEZ (%) 50.05015 51.65496
F15 wEEHZE (%) 45.03511 51.75527
2EHEZ (%) 54.96489 48.24473
F16 B E (%) 48.84654 51.95587
2EEZ (%) 51.15346 48.04413
F17 wEEHE (%) 48.94684 49.64895
2EHEZ (W) 51.05316 50.35105
F18 B E (%) 48.24473 48.54564
2EHEZ (%) 51.75527 51.45436
F19 wEEE (%) 47.64293 47.44233
2EEZR (%) 52.35707 52.55767
F20 wEEHE (%) 48.14443 47.04112
2EHEZ (%) 51.85557 52.95888
F21 wEEE (%) 47.44233 49.54865
2EHEZ (%) 52.55767 50.45135
F22 wEHE (%) 46.63992 51.95587
>EHEZR (%) 53.36008 48.04413
F23 wEEE (%) 45.53661 52.55767
2EHEZ (%) 54.46339 47.44233

Z o PEFEHBE S

%7 Bk# SPO i * »r kR T ¥ SRR A N e o BT R SRR

PRI S R ok Riedp B> kTR R 303.15 K 2 55+ & 1000

W/m? &k pig it eng * 4] RT.C France & K F 7% > fr3f (T8 & 318.15K % §5 44 &
1000 W /m? &k B i 2 ¢ Photowatt-PWM201 #- % (Premkumar et al., 2020) -

(- )% R

d % 8 7 5 SPO ik 21t PO % » 7 4v Shuffle 4 3 fdf & Ff £ in
RS PR R FRUEES B SEE 2

bR o

%8
£ R FRTEEL BRI
SDM DDM DM PMM
SPO 8.8180080 x 10~*| 8.54x107* | 8.49x10~* 2.394 x 1073
PO 8.8180083 x 10~*| 8.75x10™* | 8.60x 10~* 2.604 x 1073
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#h a3 FE 2 SPO- 7 & > %516 23 % Benchmark Function 56?@_—- LT T" r T
SO et R R L8 7R 0 SR AT SPO W 574 BF B0 R4 PO

144 & 122 MFO (14 ) ~ WOA (10 )2 GWO (9/10 ) » LA H & % fEipld 3 ¥k

mﬁﬁoﬂ/’mﬁﬁﬁﬁﬁmﬁﬁﬁai“wm%ﬂ’%?mw%#upiﬁﬂ
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A Framework for Sensitivity Analysis of Parameters in a Dual-
Diode Solar Cell Model

Yi-En Tang, I-Li Chiu, Yu-Tzu Chen, Wai-Chi Yang, Yan-Hao Huang"

Abstract

The performance of equivalent circuit models for solar cells is highly dependent on the
interactions among multiple physical parameters. Accurately quantifying the extent to which
each parameter influences the output current is critical for model calibration and performance
optimization. However, the double-diode model exhibits highly nonlinear behavior and
parameter coupling. The traditional One-Factor-At-A-Time (OFAT) method can only capture
local effects, while global sensitivity analysis (SA) methods face the challenge of high
computational costs.

This study proposes a systematic framework that integrates parameter identification,
surrogate modeling, and interpretability analysis. First, particle swarm optimization (PSO)
was employed for Double-Diode Models (DDM) parameter identification, yielding a model
with excellent fitting performance (RMSE = 0.008508). A surrogate model was constructed
using Random Forest (RF) to reduce the computational burden of the original physical model.
Finally, SA and cross-validation were performed using two methods, Mean Decrease in
Impurity (MDI) and OFAT.

The results show that the photocurrent Ip/ is the most significant influencing parameter,
with a significantly higher importance than the other parameters. The first-order parameters
nl and Isdl consistently rank as secondary factors, and their effects exhibit opposite
trends,consistent with the underlying physical mechanisms. In contrast, the series resistance
Rs and the shunt resistance Rsh have a relatively minor influence. Overall, the sensitivity
results obtained from the various methods show a high degree of consistency.

This study validates the effectiveness of combining the surrogate model with MDI for
SA of solar cell parameters. The proposed analytical framework combines computational
efficiency with interpretability, providing physically meaningful quantitative insights for
parameter optimization and fault diagnosis.
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I. Background Information

As the world transitions to a net-zero carbon future, the ultimate performance of PV
devices is significantly influenced by a combination of physical and process parameters. The
DDM model includes parameters such as the photocurrent (Iph), reverse saturation current
(Isd), diode ideality factor (n), series resistance (Rs), and shunt resistance (Rs#). Uncertainties
in these parameters directly alter the shape of the I-V curve, thereby affecting efficiency and
stability. Therefore, a quantitative understanding of the extent to which these parameters
influence output performance is not only the foundation for model design optimization but
also the basis for accurate diagnostics.

Sensitivity analysis (SA) is a tool used to explore the influence of PV model parameters.
Early studies often employed the One-Factor-At-A-Time (OFAT) method, which involves
fixing all other parameters and varying a single parameter to observe changes in the output.
While OFAT has intuitive physical significance and is easy to implement, it is limited to
capturing only local variations and cannot reflect the interactive relationships between input
factors rendering it of only limited significance in highly nonlinear PV cell models.

With the continuous advancement of computational resources and machine learning
(ML) technologies, using data surrogates has become an effective approach to alleviating
computational burdens. Among these, the Random Forest (RF) algorithm is suitable for use
as a surrogate model for PV cells due to its natural ability to perform nonlinear segmentation,
capture strong parameter interactions, and demonstrate high stability. However, ML models
are often viewed as “black boxes” because their internal workings cannot be understood
through physical intuition. Therefore, in this study, the Mean Decrease in Impurity (MDI)
metric built into the RF algorithm can be used to explain the global importance ranking.

As an advanced exploration, this study establishes a framework for interpreting
parameters through cross-domain validation. By introducing MDI as the primary analytical
tool, the study returns to the fundamental physical significance of the cell parameters. This
approach, which prioritizes experimental data while incorporating physical significance,
effectively demonstrates whether the parameter behaviors revealed by ML align with solar
cell theory.

The contributions of this paper are as follows: (1) a systematic comparison of the
performance of DDM models within a multi-indicator sensitivity framework; (2) verification
of the dominance and stability of key parameters across different models; and (3) the
provision of quantitative data for parameter optimization and calibration under resource-
constrained conditions. This study demonstrates that even when structural changes occur, the
sensitivity structures remain highly consistent, thereby providing a more interpretable
pathway for the diagnosis and performance evaluation of PV systems.

The characteristics of solar cells are typically represented by equivalent circuit models
to facilitate numerical simulation and performance analysis. The Double Diode Model
(DDM), as shown in Figure 1, is currently the most widely used model. The DDM comprises
seven main parameters: the photo-generated current Iph, the reverse saturation currents Isd 1,
Isd2, the ideal factors n/ and n2, as well as the series resistance Rs and the shunt resistance
Rsh, which capture the additional current loss caused by recombination effects in the space
charge region under low-irradiance conditions. Compared to the single-diode model, the
DDM offers higher modeling accuracy, but the difficulty of solving it also increases
accordingly(Villalva et al., 2009).
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Figure 1 DDM Model Diagram

SA is used to quantify the extent to which each parameter affects the output current, and
it is a key tool for model diagnosis and parameter optimization. OFAT is the earliest widely
adopted SA method. It fixes all other parameters at their baseline values, varies a single
parameter at a time, and observes the resulting changes in the output to determine the local
linear sensitivity and direction of effect for each parameter. OFAT is intuitive to perform and
computationally efficient. It clearly reveals the polarity of individual parameters’ effects near
the baseline and is suitable as a preliminary tool for directional validation(Hoshyarzadeh et
al., 2026) .

However, OFAT essentially reflects only local gradient effects near the reference point;
for highly nonlinear models such as the DDM, where strong interactions exist among
parameters, OFAT results cannot represent the overall distribution of influence across the
entire parameter space(Li et al., 2019) .

As ML technologies have matured, surrogate models have been widely adopted to
address the high computational costs associated with high-dimensional nonlinear models in
global SA. By learning the input-output mapping of the underlying physical model through
a data-driven approach, surrogate models enable the evaluation of a large number of
parameter combinations within a limited computational budget, thereby supporting
subsequent SA and uncertainty quantification(Razavi & Gupta, 2016).

RF is an ensemble learning method that trains multiple decision trees using bootstrap
resampling and aggregates their outputs. It effectively captures nonlinear interactions among
input parameters and mitigates overfitting, demonstrating robust generalization capabilities
in tasks such as solar radiation prediction, I-V curve modeling, and fault diagnosis for solar
power systems(Breiman, 2001).

The key advantage of using RF s as a surrogate model for DDM lies in the fact that,
once training is complete, SA can be performed efficiently on the surrogate model without
the need to repeatedly solve the original system of nonlinear equations. More importantly,
the structure of decision tree ensembles naturally supports the extraction of feature
importance, and the built-in MDI metric provides a fast global ranking, overcoming the lack
of physical interpretability found in traditional black-box models(Louppe et al., 2013;
Lundberg & Lee, 2017) .
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I1. Method
2.1 Overview of the Research Process

This study establishes a systematic framework that integrates parameter identification
and global SA, balancing calibration accuracy with parameter interpretability. First,
parameter identification is performed on the double-diode model (DDM) using the Particle
Swarm Optimization (PSO) algorithm to search for the optimal parameter combination
within a predefined search space that minimizes the root mean square error (RMSE) between
the measured current and the model-predicted current. Next, centered on the optimal PSO
calibration solution, Latin Hypercube Sampling (LHS) is performed to uniformly sample the
neighborhood, and a surrogate model is constructed using RF to approximate the input—
output mapping relationship of the PV physical model. Finally, the MDI is adopted as the
core quantitative metric, and OFAT cross-validation is performed to quantify the relative
contribution and direction of effect of each parameter on the output current.

The overall workflow of the proposed framework is illustrated in Figure 2, including
parameter optimization, data sampling, surrogate modeling, and sensitivity analysis.

Figure 2 Flowchart of the proposed methodology

2.2 Particle Swarm Optimization Algorithm (PSO)

To identify parameter sensitivities, this study employs the PSO algorithm. PSO is a
meta-heuristic optimization method that performs global search through the search behavior
of a virtual swarm without requiring gradient information, making it a superior approach for
high-dimensional and nonlinear parameter problems. PSO is a swarm-based optimization
search technique(Ali et al., 2021) .Each particle represents a set of candidate parameter
solutions, and their positions are continuously updated based on both local and global optimal
solutions to gradually converge toward the optimal solution. PSO offers the advantages of
fast convergence, simple parameter settings, and high efficiency.

The core of PSO lies in the iterative updating of particle velocity and position, where
velocity is determined by a combination of the inertia term, the individual best, and the global
best, and particle positions are updated accordingly to search for the optimal solution.
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In the velocity update formula, the particle's velocity is composed of three components:
an inertial term, guidance toward its own optimal position, and guidance toward the group's
optimal position, with a random factor added to increase search diversity(Kennedy &
Eberhart, 1995) . The mathematical representation is as follows:

+1 __ l l best,l l l best,l 1
Vitt =cVi + Clrl,i(Xi - Xi) + ¢35 i Xswarm — Xi) (D

Here Vil and X ll represent the velocity and position of a particle at the Ith iteration,

respectively ; XP¢°"" and XJ550%, correspond to the individual particle's best position and
the group's best position, respectively.cy,cq,c, These are the inertia weight, individual
learning factor, and collective learning factor, which are used to adjust the movement
tendencies and learning capabilities of particles during the search process ; rll’i > rzl,i. Arandom
number in the range [0,1] used to increase search diversity and prevent premature

convergence.
The particle's position is adjusted based on the updated velocity:
Xt =xt+ vt (2)

This formula illustrates how a particle's position is updated to a new location by
summing its velocity, thereby continuously exploring the search space for an optimal solution.
Combined with the velocity formula, this approach balances global search capabilities with
local convergence(Bechouat et al., 2017).

2.3 Surrogate Model Construction

To perform large-scale parameter sampling within a controlled computational budget,
this study focuses on the calibrated optimal solution and performs LHS sampling within a
+5% neighborhood of each parameter (McKay et al., 2000). For the DDM model, 100
corresponding parameter vectors 0% are generated, where k =1, ..., 100. The entire training
set comprises 2,600 instances (26x100). Additionally, 650 independent test samples (26x25)
were generated to evaluate the generalization capability of the surrogate model, with this
ratio approximating an 80/20 training-to-test split.

RF is an ensemble learning method based on decision trees. In this study, a seven-
dimensional vector of [-V and DDM model parameters is used as the input features for the
RF, with the theoretical current obtained from the physical model serving as the output target.
The surrogate model is trained on LHS samples within a +5% neighborhood of the calibration
optimal solution. RF hyperparameters are determined via cross-validation, and the DDM
surrogate model employs 750 decision trees.

2.4 Multi-indicator sensitivity assessment framework

To comprehensively investigate the effect of PV model parameters on the output current,
this study combines two different sensitivity metrics for cross-validation.

First is the MDI, a measure of feature importance built into the RF algorithm(Breiman,
2001). It quantifies the contribution of a feature during model training by measuring the
reduction in node impurity achieved when splitting nodes based on that
feature(Hoshyarzadeh et al., 2026).
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MDTI’s strength lies in its high efficiency and compatibility with the learning mechanism
of RF, which allows for rapid parameter selection. However, it tends to overemphasize
features with high cardinality, as these are more likely to be selected as split nodes, leading
MDI to overestimate the actual evaluation value(Li et al., 2019).

Next is the OFAT method, a local SA technique in which all other parameters are held
at their baseline values while only the i-th parameter is varied to observe changes in the model
output, thereby assessing the local sensitivity of that parameter and the direction of its
influence(Saltelli et al., 2008).

However, OFAT can only reflect local linear effects near the reference point and cannot
capture nonlinear interactions between parameters; therefore, this study defines it as a
validation tool rather than a primary quantification method(Iooss & Lemaitre, 2015).

III1. Results and Discussion
3.1 Parameter Sensitivity Assessment Framework

Before conducting SA, this study first performed a per-unit value standardization
procedure. Since this study uses different numerical definitions for MDI and OFAT, a direct

comparison of their absolute values would lead to distorted results. The analysis using per-
|Value|

max |Value|
each parameter as the reference (1 pu) effectively eliminates dimensional differences, thereby
verifying the consistency among different SA methods.

unit values is based on the following formula:pu = .Using the maximum value of

After completing the normalization of the target values, this study employs Pareto
analysis to systematically classify the DDM model. The core logic of Pareto analysis lies in
identifying the small number of key parameters that contribute the vast majority of the
system’s performance. This principle is described by the 80/20 rule, which states that 80% of
the system’s output is generated by a small number of factors, while the remaining 20%
consists of a multitude of factors with negligible influence(Majka, 2024) .In this study, the
model scores were quantified and ranked using the MDI and OFAT. After training the RF
model, this study utilized the root mean square error (RMSE) from the independent test set
to validate the approximation quality of the surrogate model relative to the physical model.
The experimental results show that the DDM model achieved an optimal RMSE of 0.008508.

The minimal prediction error clearly demonstrate that the RF model accurately captures
the output characteristics of the original physical model within the parameter range under
consideration. This high-precision approximation not only ensures the physical credibility of
subsequent sensitivity analyses but also provides a robust and generalizable data foundation
for quantifying parameter influences, allowing the conclusions to be regarded as reliable
global sensitivity approximations within the specified parameter range.

This study defines three order-of-magnitude categories. By combining per-unit values
with Pareto analysis, the DDM model parameters are classified into three levels based on
their impact intensity: primary parameters, secondary parameters, and minor parameters.
Major parameters are defined as those with pu > 0.5, primarily to identify a clear distinction
in magnitude from secondary parameters. Based on data observations, the influence of major
parameters is typically several times greater than that of secondary parameters; thus, in terms
of contribution, they adhere to the Pareto principle, where a critical few account for over 80%

81



BZ B g B AR R PR BT s A SR R S e

of the total parameter influence. Secondary parameters are defined as those with pu between
0.05 and 0.5. From an analytical perspective, while the influence of secondary parameters is
less than that of primary parameters, they are crucial for capturing nonlinear inflection points.
Minor parameters are those with a standard score below 0.05. These model parameters
contribute less than 5% to the overall contribution and are considered to be of extremely low
importance.

3.2 Sensitivity Analysis of the DDM Model

Table 1
Sensitivity analysis results of DDM parameters (MDI and OFAT)
Iph nl Isdl n2 Isd?2 Rsh Rs

MDI 0.0376 0.0115 0.0111 0.0108 0.0103 0.0095 0.0093
OFAT 0.0116 0.0025 0.0024 0.0003 0.0002 0.0001 0.0000

Table 1 presents the results of a SA of the DDM model’s global importance for MDI and
OFAT. The values of the two metrics are consolidated and presented, and the parameters are
ranked using per-unit values and Pareto analysis.

Regarding the MDI results, there are significant differences in the distribution of feature
importance among the seven DDM parameters. Iph has the highest value, reaching 0.0376,
far exceeding the other parameters, followed in order by n/ (0.0115), Isd1 (0.0111), n2
(0.0108), Isd2 (0.0103), Rs (0.0095), and Rsh (0.0093). Using Iph as the reference (1 pu) for
standardization, the results are: n/ = 0.306 pu, Isd1 = 0.295 pu, n2 = 0.287 pu, Isd2 = 0.274
pu, Rs = 0.253 pu, and Rsh = 0.247 pu.

By combining per-unit values and Pareto analysis, this study defines a classification
criterion: primary parameters are those with pu > 0.5; secondary parameters are those with
0.05 < pu < 0.5; and minor parameters are those with pu <0.05. It can be seen that Iph is the
sole primary parameter, with an order-of-magnitude difference of approximately 3.2 times
compared to the secondary parameters; the pu values of the remaining six parameters (n/,
Isdl, n2, Isd2, Rsh, and Rs) all have pu values falling between 0.05 and 0.5, and are all
classified as secondary parameters. Furthermore, the differences among them are similar,
indicating that the DDM model structure tends to equalize the relative influence of each
parameter.

The OFAT analysis results also show that the Iph value is the most prominent, reaching
0.0116, which reflects its dominant influence on the output current near the local reference
point. The next most significant values are n/ and Isd1, at 0.0026 and 0.0024, respectively,
while the values for n2 and Isd2 are relatively lower, at 0.0003 and 0.0002, respectively.
Finally, the values of Rs and Rsh are -0.0001 and 0.0000, respectively, indicating that they
make almost no significant contribution within the considered neighborhood. After
performing the per-unit conversion with Iph as the reference, n/ and Isd1 are 0.216 pu and
0.207 pu, respectively, n2 and Isd2 are 0.026 pu and 0.017 pu, respectively, both below 0.03
pu, while Rsh and Rs are less than 0.01 pu. According to the classification criteria, Iph is the
primary parameter, n/ and Isdl are classified as secondary parameters, and the rest are
categorized as minor parameters.
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3.3 Discussion

By synthesizing the results of the two SA methods, MDI and OFAT, this study arrived
at highly consistent conclusions regarding parameter ranking within the DDM model: Iph
was identified as the leading parameter across all method and model combinations by a
substantial margin, with its influence far exceeding that of secondary and minor parameters.
This aligns with the core characteristic of Pareto Analysis, wherein “a critical few dominate
system output.” In the DDM model, the seven parameters of the DDM show a more evenly
distributed importance compared to a simpler single-branch structure. Iph retains its status as
the primary parameter. The two methods maintain consistency in the relative ranking of
parameters, indicating that the SA framework possesses robustness across model structures.

IV. Conclusion

This study establishes a parameter sensitivity framework centered on PSO-based
parameter identification, with RF serving as both a surrogate model and an interpretive tool,
and supplemented by MDI and OFAT for cross-validation. The framework systematically
quantifies the magnitude and direction of the effects of each parameter in the DDM model
on the output current.

In terms of parameter identification, the PSO algorithm demonstrated stable
convergence in the nonlinear search space of the seven DDM parameters, achieving a
minimum RMSE of 0.008508. The identified parameter combination was able to accurately
reproduce the experimentally measured I[-V curves, thereby establishing a physically
reasonable baseline for subsequent SA.

In terms of SA, the ranking of per-unit values obtained using the MDI and OFAT
methods showed a high degree of consistency, both pointing to the following conclusions.
First, Iph 1s the overwhelmingly dominant parameter in the DDM model. Second, the
parameters n/ and Isd1 consistently rank as secondary parameters. Furthermore, the DDM
model parameters n2 and Isd2 also fall within the range of secondary parameters, reflecting
that the double-diode structure introduces quantifiable multi-parameter coupling effects.
Finally, the series and parallel resistances Rs and Rsh are minor parameters within the
considered domain, and their global impact on the output current can be neglected.

Overall, this study demonstrates the effectiveness of using ML surrogate models
combined with interpretability tools to perform SA of PV parameters under limited
computational resources. The analytical framework established in this study exhibits physical
consistency and cross-metric robustness, providing a quantifiable and easily interpretable
analytical foundation for the parameter optimization and calibration, performance diagnosis,
and fault identification of solar cells.
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Application of Safety-Constrained Reinforcement Learning in
Robust UAV Hovering

Yong-Jie Ning, Bo-Cing Wu, Guan-Yu Chen, Po-Ju Chen, Yan-Hao Huang”

Abstract

The evolution of autonomous control in unmanned aerial vehicles (UAVs) is
transitioning from algorithms that rely purely on trial-and-error learning toward safety-
constrained control architectures. This study proposes and empirically validates a novel
control system that fuses physical boundary constraints via Control Barrier Functions (CBFs)
with the Soft Actor-Critic (SAC) algorithm. Relying exclusively on physical constraints to
precisely delineate a safety manifold, this framework enforces strict hard filtering and enables
safe policy exploration. Comparative experiments demonstrate that this mechanism not only
eradicates collision risks during the initial stages of training but also significantly enhances
the stability of the policy training and convergence process by filtering out substantial
amounts of hazardous and invalid exploratory actions. These results provide a robust
theoretical and empirical foundation for developing autonomous UAV systems characterized
by high stability and hard safety guarantees.
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1. Introduction

As unmanned aerial vehicle (UAV) applications grow increasingly pervasive (Rezwan
& Choi, 2022), achieving safety guarantees in UAV control has emerged as a central
challenge (Ma et al., 2024). To address this issue, this research explores a strictly self-
constrained control architecture by defining physical boundary laws as Control Barrier
Functions (CBF) (Ames et al., 2019). These functions are deployed as real-time action filters
integrated within the Soft Actor-Critic (SAC) algorithm (Haarnoja et al., 2018).

This unified strategy, hereafter denoted as the CBF-SAC architecture, leverages SAC’s
intrinsic maximum entropy mechanism to encourage robust exploration. To bridge the gap
between stochastic exploration and operational safety, the CBF component serves as an
execution-level safeguard. The fundamental value of this framework lies in its capacity to
constrain the agent's behavior entirely within a mathematically defined safety manifold. The
primary contributions of this work are summarized as follows:

® Novel Hybrid Control Architecture: We propose the CBF-SAC framework, which
integrates Control Barrier Functions as a real-time execution-level filter within the SAC
algorithm.

® Hard Safety Guarantees: By defining physical boundary laws through CBFs, we provide
a mathematically defined safety manifold that strictly enforces UAV operational limits
(30cm to 200cm) regardless of the agent's exploratory actions.

® Enhanced Training Stability: Empirical results demonstrate that the proposed
architecture eliminates 99.9% of safety violations (reducing instances from 1,567 to 2)
and mitigates gradient volatility, ensuring a smooth and monotonic convergence process
compared to unconstrained baselines.

2. Methodology

2.1 SAC algorithm

The autonomous hovering task is modeled as a Markov Decision Process (MDP). In this
research, we employ the SAC algorithm (Haarnoja et al., 2018) to navigate the continuous
state and action spaces of a UAV. SAC operates within a maximum entropy framework by
modifying the standard reinforcement learning objective to incorporate the expected entropy
of the policy. This yields the following augmented objective:

J@) = ) Blspa-pelr(se.a0) + adt(nC 1s) ] (M

where r(s;, a;) represents the reward function designed to penalize altitude error, and
H () is the entropy term that encourages the UAV to explore diverse thrust commands. The
temperature coefficient a balances the trade-off between reward exploitation and entropy
exploration, directly influencing the stochasticity of the UAV’s flight behavior. In our
implementation, the state s, is defined as the one-dimensional altitude error, while the
action a; corresponds to the normalized vertical thrust within the range of [-1.0, 1.0]. The
actor network updates its parameters @ by minimizing the expected Kullback-Leibler (KL)
divergence, effectively projecting the policy toward the exponential of the soft Q-values:

87



SIHC ARG MG e X2 0RE Y AR PR RS

exp(%(st,-)))l o

Zo(se)

Here, Qg(s;,) denotes the soft Q-value that estimates the long-term return of a specific
thrust action, and Zy(s;) is the partition function that normalizes the target distribution. By
integrating these objectives, the SAC agent learns to map altitude errors to optimal motor
commands without prior knowledge of the vehicle's mass. This maximum entropy approach
ensures that the UAV can reliably discover the equilibrium thrust needed for a stable hover
within the AirSim environment.

J=(@) = Eg,op [DKL <7T¢> C sl

2.2 Safety Filtering Mechanism of CBF

Although the SAC approach excels at driving exploratory behavior and optimizing
cumulative returns, its fundamental reliance on stochastic sampling cannot inherently ensure
operational safety during the policy learning process. To address this critical deficiency and
enforce absolute physical boundaries, our methodology incorporates a CBF (Ames et al.,
2019) acting as an execution-level safeguard. Building upon the robust safety manifold and
dynamic velocity constraints validated in recent research (Huang et al., 2025), we define a
safe altitude range of 30cm to 200cm. Consequently, only safe actions filtered by the CBF
are transmitted to the UAV for execution.

Specifically, as the drone approaches either the upper or lower altitude limits, the
permissible velocity toward that boundary decays quadratically to ensure smooth
deceleration. Furthermore, if the distance to the boundary falls below a critical 10% threshold
of the operational range, the system enforces a strict, constant repulsion limit to absolutely
prevent boundary violations.

3. Experiments and Discussion

The experiments and training in this study are all conducted in the Microsoft AirSim
virtual simulation environment (Shah et al., 2017) equipped with a high-fidelity physics
engine. Regarding the core architecture definition, this research is divided into two groups.
The first is the pure SAC baseline group, where the agent learns the control policy from
scratch without introducing any safety constraints, outputting an uncorrected raw action
based on the current observation space at each time step. The second is the CBF-SAC safety
group, which incorporates the CBF as a real-time safety filter.

3.1 Learning Convergence and Safety Boundary Performance

To evaluate the learning dynamics of the control policies, we conducted training
sessions where the UAV's initial altitude varied randomly between 50 and 80 cm, with a target
hovering altitude fixed at 100 cm. The convergence stability was assessed by recording the
actor loss over one million training steps, as illustrated in Figure 1.
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Figure 1. Comparison of raw actor loss during the training phase

In the SAC architecture, the actor network minimizes this loss to maximize the union of
expected returns and policy entropy. As shown by the light blue line in Figure 1, the baseline
SAC exhibits an initial rapid decline but suffers from a severe gradient rebound near the
500,000-step mark. This instability is fundamentally rooted in unconstrained stochastic
exploration; without physical boundaries, the agent frequently enters high-risk states,
triggering drastic fluctuations in policy entropy and destabilizing the gradient updates.

In contrast, our proposed CBF-SAC framework (dark gray line) maintains a remarkably
smooth and monotonic convergence. This superior stability stems from the real-time pruning
of hazardous exploratory actions. By integrating the Control Barrier Function as a persistent
safety filter, the agent is prevented from executing invalid actions that would otherwise lead
to catastrophic failures and gradient volatility.

Table 1
Number of safety violations.
SAC CBF-SAC
Safety Violation Count 1567 2

The quantitative results in Table 1 further validate the efficacy of this mechanism. While
the baseline SAC recorded 1,567 safety violations, the CBF-SAC reduced this figure to a
negligible two instances. These rare occurrences are attributed to sampling delays in discrete-
time control rather than a failure of the safety manifold itself. By effectively filtering out the
vast majority of hazardous actions, the CBF provides an indispensable hard physical
guarantee, ensuring that the reinforcement learning process yields a highly reliable and
operationally safe control policy.

3.2 Hovering Precision and Dynamic Response Analysis

To evaluate the operational efficacy of the proposed safety-constrained framework, this
section conducts a comparative analysis of hovering precision and transient response
characteristics. Precise altitude maintenance is a fundamental requirement for UAV
autonomous missions, serving as a critical benchmark for both control accuracy and system
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stability. By subjecting both the baseline SAC and the proposed CBF-SAC models to a
standardized hovering task, we aim to investigate how the integration of Control Barrier
Functions (CBFs) influences the agent’s ability to minimize steady-state error while
maintaining a stable vertical trajectory. The following results highlight the distinct behaviors
of the two algorithms in reconciling exploratory freedom with rigorous physical constraints.
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Figure 2. Altitude tracking performance of the baseline SAC algorithm.

110 Z-axis Position over Time

—— Z-axis Position
—-- Target Height

[ TR R A Ay

90

80 4

Z-axis Position (cm)

70

60

T y T T T T T
0 25 50 7 100 125 150 175
Time (s)

Figure 3. Altitude tracking performance of the baseline CBF-SAC algorithm.

Figures 2 and 3 illustrate the altitude tracking performance of both algorithms during
the Z-axis autonomous hovering task, with the target altitude fixed at 100 cm. In the baseline
SAC trajectory (Figure 2), the agent converges near 98 cm, resulting in a steady-state error
of approximately 2 cm. This suggests that without hard boundary constraints, the SAC agent
tends to converge toward a slightly conservative policy to prioritize trajectory smoothness.

In contrast, the CBF-SAC architecture (Figure 3) maintains the UAV much closer to the
100 cm target, yet the trajectory exhibits noticeable high-frequency chattering effects. This
phenomenon is fundamentally a manifestation of the intrinsic conflict between SAC's
stochastic exploration and the CBF's deterministic safety interventions. While the SAC agent
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attempts diverse and potentially aggressive actions to maximize policy entropy, the CBF’s
quadratic decay mechanism imposes strict, non-linear velocity restrictions. Consequently,
whenever the agent proposes a radical exploratory action that threatens boundary safety, the
CBF instantaneously performs action clipping. This rapid alternation between stochastic
exploration and rigid safety truncation interferes with the policy's smoothness, thereby
inducing the observed chattering.

Table 2
Comparison of altitude root mean square error (RMSE).
SAC CBF-SAC
Altitude Root Mean Square Error (cm) 4.00 6.13

The impact of this chattering is quantified in Table 2, which compares the Altitude Root
Mean Square Error (RMSE). The data reveals that the baseline SAC achieves an RMSE of
4.00 cm, whereas the CBF-SAC yields a slightly higher RMSE of 6.13 cm. This marginal
increase in tracking error is the direct physical consequence of the active interventions
required to ensure absolute safety.

Ultimately, these results highlight the core design philosophy of our framework. While
the active interventions of the CBF induce a minor drop in trajectory smoothness, they
successfully guarantee the absolute physical integrity of the system by eliminating
catastrophic boundary violations. In practical UAV applications, a hovering error within six
centimeters remains a high standard of precision. Thus, the CBF-SAC architecture represents
a justifiable trade-off, accepting a minimal compromise in smoothness to achieve hard safety
guarantees during the neural network's exploration process.

4. Conclusion

This study presented and empirically validated a safety-constrained reinforcement
learning architecture, CBF-SAC, designed for robust UAV autonomous hovering. By
integrating CBF directly into the maximum entropy framework of the SAC algorithm, the
proposed methodology successfully enforces strict physical boundaries. Comparative
evaluations demonstrated that the CBF-SAC framework drastically reduces catastrophic
boundary violations from 1,567 instances in the baseline SAC to merely two—during the
critical early training phases. Furthermore, the active pruning of the hazardous action space
significantly improves training stability by mitigating the severe gradient fluctuations
observed in the unconstrained baseline, ensuring a smooth and monotonic convergence
process. Although the instantaneous intervention of the safety filter induces minor high-
frequency chattering, the resulting centimeter-level compromise in precision is a justifiable
trade-off for absolute physical safety. Future research will focus on extending this
architecture to address highly dynamic external disturbances, such as turbulent wind fields,
to further advance the robustness of hybrid intelligence in safety-critical autonomous systems.
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