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TriMa: Tri-strategy Margin-filtered Pseudo-labeling for Battery
Swapping Demand Forecasting
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Accurate prediction of battery-swapping demand is crucial for minimizing operational costs and maintaining service
quality in electric motorcycle Battery-as-a-Service (BaaS) deployment. However, early-stage BaaS providers often
face severe data scarcity and bias, especially in newly expanded regions. In these areas, newly deployed battery
swapping stations (BSS) encounter cold-start problems due to limited historical labels, and existing regional models
degrade under domain shift caused by distributional changes in contextual covariates. Although conventional data
augmentation techniques like SMOTE are often employed to mitigate these challenges, they perform poorly in
multi-class settings by exacerbating inter-class overlap near complex decision boundaries. To address this limitation,
we introduce TriMa (Tri-strategy Margin-filtered Pseudo-labeling), an advanced pseudo-labeling framework
designed to enhance predictive performance under sparse and imbalanced multi-class data distributions. TriMa
constructs augmented samples exclusively from high-confidence pseudo-labels, which are derived through three
complementary labeling strategies combined with margin-based filtering. Experiments on UCI datasets under
simulated sparsity and bias, as well as on real-world operational data from a BaaS provider in Seoul, demonstrate
the efficacy of our proposed method. Results show that TriMa consistently improves the F1 score and reduces
performance variability relative to existing techniques, while remaining robust to label noise.

Keywords: Battery Swapping Electric Motorcycle, Pseudo-labeling, Data Scarcity, Data Imbalance, Data
Augmentation
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& T8 ARFE 71T A g1 A FHe ANS = A7
ol X874 A ERCA 83 d¥E we
(Feng and Lu, 2022).
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Held ZHle] A8 QAR B O v (Wang ef al, 2020),
S Aol M= gt Wi ge] Huf o]y Ro] AL =2
% Aes AdtAIt= AH7}E A A = ATHLe ef al., 2025).

7 S 2 OMWL =0 @3 Eoly F2rt 2d dEe

ﬂwm % F24& %W 71E FA7F FEE A H Leeuw
et al., 2023). ?&fﬂ, = FHopol| A= AlgtE FA dlolH e} B

TG +8 9 sl E #lgd 7|9 22 &8st
71E W O] A& HEEE NS A7 A 3 (Son
etal., 2022), 252k 8] 3 A7) 8 d S A= AMAL T
HdA FQ = Qg ol BES ¢k3lslr] 98l A=A 7
o) g5 Adet Aol -85 AUth(Lee et al., 2021). ©]H
SFA] & A S oA Tt

EA5tH, Hloly Ak

& AYATE dolE7t 32
Hol8 F4 ARRrozs A7
A2 02 ngkshs P Eol AT AN,

BSS & oS A oM ® 27 loza}%%ﬂﬁlfﬂ ER=
FE£2 A4 GAZ Jepd) viEE] w3 ZHo]d
99 9] 7] o|HIE 42 A st A & izﬂl el |

2]y 7|9t 4 & 2d& A83 AT = Askd dolgd| o9&
e @A S BT 27] 75 BA oA o] Yulslr} o A3
A Z FS-S 7HZ I THWang et al., 2023). =3+ BSS 7t &7t
A A At S 3 Sstr] el Al gt REls A
£ AT = AR, o]dd B HA P Al siE
8129 93 YA FF o)ake] B= Hlo]Elr} L7 H o 27
75 QA= s Ashyt AR 4 ATHHu er al, 2024).
O Yo7t FE 2BE S = O F9004 #3538

8 ARE o]t HLE ALEH A=, EH 0.2 AHA
T En%s 58 1 AAE a5 Aojgkge td =
= Tﬁ o= thu] A% MAS Hargto 24 BSSOAE 9

5 A3 tolHE &84 doly Aeke ¢sldt 7hsd S Al
/\] tfh?]-(Hua et al., 2025). T3 BSS & &2 A3
EgAA T 27] tlolH A|¢fo] AgtE ZAEA, At 2t
A5 B 5 9l S gl 975

22994 2 7] A7 5

oAl epE & ghdllo] B3t AFgtol A vl HlojH & &
37] 1 e WA & Sk Hgo s, mdo] vigpd
tolEfe] tia] d&et AE YA R 233 S dlo]
HE 3sk= W o|thLee, 2013). 7] ATFEL o]
self-training Al & A o] 2Hd v 8-& So|HAE F5< /1A
&5 eE AT, o] F o]n|A] &/ H2AE L7 5
ThFeE &7 w Al A oA e Eo] 482 M EC R A
S H(Yang er al., 2023). 977} SAEHA SJAF gl 9
A4 AT A AU 53] 27] Zdo] A ALY
Aol A E LuFE YAk eplo] iiEA o R
FUH et shgo] HHEHe o7 Aoyt HAE s
o] 2 A =] %A th(Arazo et al., 2020). ©] & &3}st7] Y3 €4 4l
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5 o] }e] o Eut delste YA 719 A
o] A=A F_(Ll et al., 2024), 9JA} 2 &
3]] /HEH 7] 1;].&& a]-tfko] Cg__,_lﬂ-zjvg
T AR F8 Oﬂzﬂr o] i a3l ¥F,
| o]@ﬂ = %ﬂ»lﬂ o] Eg—ﬂp_ = =
U PAGOE A} el FHE MY H 07 HAsy] of Hot
+ A7 EAE
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Ao AARE ghslstAY, AL gpile] Algs A4S A
W3}Eh= Bk o 2 wbA st 9} FreeMatchs 8H5 AbE] 9
et AE s QAGES AT R 2A L S B S o
stete AtstE EUTOEA, SA 2l 9 Bty 8
o M) QP oA} gl &8-S B E ITH(Wang ef al.,
2022). ©] % SoftMatch+= o] A} 2P o] FaFat F4 Afol o] Ed
o|EQ xof &3l A EE ALF 7FA &2 WGt ¢
ul-o H]{—q.bﬂl AH:LE__% %l-%_o]_gﬁ_\:_ 1:_0]5_;__ ﬁzﬂ = BO].&' X
A k8K Chen et al., 2023). 7} #Zl = TrustMatch7} 9]
Ab 2bE H ko] g A5 ABE o] A& Aol FH35},
A5 719 BAE T3l &7 AnE Ssshe S-S ANE
ogx oA ehlle] | FAS FA Heshe
%84 B3I t(He & Hong, 2025). F&51d A} 2l
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SMOTE(Synthetic Minority Over-sampling Technique)”} 22
AHEET SMOTEE 44 282 A9 kHIH ol
( NN)Q 7o 2 AEZ 71 M3 HI7S 35l A A
< AATCEA, S22 T AE F Aol Eole WY
(Chawla et al., 2002). T A 719k e SR B} 23
AP Wil & FY 2 A9H 228 BT 39
= AellA E}"kf& Evles 4F o gt o3 W
A8 oS L AAE lﬂr‘% A |l A = SMOTE AE 5745
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& A IHEE SAl A
(Kenaka et al., 2025) olefd A+
o] WIs| JepH, vloly F
o 7148  Aes HAETH

I3y SMOTEE §4 Al Eo] tlofE] £ A T

A AR RS A FU2 HOE YRsjel FA2 Y F
H2 Z/M2 5 Yok BAE AU, 53 05 F92 B

FollAe Sz 771 2HE5E 24 A7 EEA L,
1A% A FHlA Y T4 7ol AAl HolxlthYang
etal.,2024). ol T A& &3}sly] A WAFH O E AA ZA
o] 24 RS M)A 0 2 Z7}3h= Borderline-SMOTE7} A
A= H 2 VK (Han e al., 2005), THs Sl 3 A= AA 7}
gHAos B A 719 4 AAL FHE g
7} A =3 E2AGTE T Yoyt E4F Sl A A
b Tedh S vl SR oy el S 1 T3 A=
ofgl A 92 & Athe =& A7 itk By}
%—% o] Tl A u 35717t Bol= Ass £4F A
3ol F55 g PAEYNo 2 E 4T AMe] Al
A} & B FQ) 1(Prati et al., 2004), BT E E-Foll A9
%’:Eﬂé e ZAE A A7 TH AAT & 2
29l A% GY9& TAANNAU LEFE STHTI= A &
Qo] & 4= & 733+ T Vuttipittayamongkol and Elyan,
2021). WebA B HolH $742 282 dol = 93] A
Iz g 1;301 tg—/\-l /lﬂi’-—o] 7:1?@ 7471] al Z-EH/\
A T2 WA e 9L A 1T 8rt Yt
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31 A= 9)8]a e
UM AFAT B oA =23k nlel o) 27| ©A9

© 1AE oAt el S dEF o g AETto =N A
] B AEY S JAlshE o] Bags &<
At Mk B AFAE 7]E self-training 71H S S
dlolE] 27 71 TriMas} o] & o] &¢ WA & <5 ¥
AT E A3t Self-training-> 2HE d|o| Bl &= <31 vlgk
4 Hlo]E 7} T3 ol A, Zlo] oS el 4 5
oo AFEE Kol Hlghd A Fof oA} ghil S Fof st
St HlolE & A3 o2 SAsh= HA & Sty 7ot
Ty o JARTE 7IE0E AHe A9, 5 S CA
FAH A Zo] g AFo] JoH, thd S e &
3ol AgtE o] o5 5ol 23] AstE 4 ATHGuo and
Li, 2022). o]o] £ A= A5 B Al 714 self-training
s HE 2 4383, margin 7)¥F ZE S B3l A F =)
AETHE Ak oAL ghil S FofdtE TriMa B2
/S Astdet. Atets BA ZH Y28 T2+ Figure 191
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H:l J&?L ot
n& ol ol |y

:‘1.1..

3.2 A4 A 7|uk AL 2 AA (TriMa)

TriMas= 2h8 dloJe] p, 3 Higbd Hlold D, 5 UEo=
WO Static, Dynamic, Entropy2] Al 7}A] self-training =2 ©]
Higp A E 2 e DUoﬂ g S8 oS gE HHEHE
E AEshe 725 Ado Al 7@?85 13k 493 e o
& 29s ]’%‘O]'Q AL 2 SR E A Eshe 7]E S A

’% Fo M &Y 7]F AEle] HEa B S

N' m{Nv
i) 01'

P B 43 tho] el 4918 2 AT -, o
21 7 Sollgh oA Pl HelR. ol Ba, o 27] W
o4 FAHE 5L oA SR EHA YEE Aol

BSS 8 A= HB T E /fAsty] Y3k HlolE S22 7IRollA o F WA R Dynamic ModelS- <5 1A o] i o whe} =
TriMa pseudo-labeler
'1 Performance-based weighting \‘I
I Static Model Softmax ws, wq, w, (Eq. (5)) |
f (Eq. (2)) . !
| |
Dataset , Dynamic Model Weighted Ensemble Probability |
X, Y1), Xy T (Eq. (3) (Eq. (6)-(7)) '
| i \
! 1
! Entropy Model Margin Filtering :
1 (Eq. (4)) (Eq. (8)) !
\\ ) 1 . /l’
SMOTE f Refined Data 6‘
A . B —
Training Set J——
Teacher Model Student Model
I (Final)

Dataset
Refinement

Figure 1. Overall framework of the proposed TriMa-based data augmentation and teacher-student learning scheme



152

o] YJHlo|EFE 4 7|ES &3t F, vf ¥hEn}
A BE | o) 5 A 271391 N% ool 3= A
AL 2P ti ol 2o M, Sl YL FE oS
HEE o A dedth o] 2 s, o] /jAlE
2 oS gL Hlehd o] AEEES Rt vpA
O Z Entropy Model-> 1% A2 BES3& 7|F 02 A+
JEZT 7] RS AR 9% 3E 229

7t EerE R A Ert iy s, JER
54 QA Rl AEE st oAb ghll g Hojgith
olf Fll, dF Bt BFHA L A&7t w2 ST
< 85 dlolH = At thg Al 71 i &l ti gk 4
o

X
N
N

Static Model : y: = argmaxp;; if maxp;; = T (2)
J J
Dynamic Model : y, = argmaxp,; if maxp;; = B,(p,,,) 3)
J J
Entropy Model : y; = argmaxp, ;; H(p,) 4
axp;

= =, log(p,), selectif Hlp,) < 1,
g A

=
o,

A A Q@A P= (pyyy s pip) = A A0
718 777 9% kAY FY a8 42 g HEE
)3k, p, = 11 F WA Sz gid oS gEelth &
7.8} 7. 27} Static 23} Entropy EE ) A AHEE = 4l
= Al p & I E7L obd A3 wlolE oA 7}
A8 A 92 FEES e AES AvEi, £ (p,,.)
o] #xof tfal] 49 o WELFE HSEIE F-E A
. 5 Dynamic R A= At o &&°| P,(p,,.) °
ZS-olgt dg MEE A 7hsd oAt 2 FRE )
=3

2 2)-4)o1A gy, = ZE vl A o3 &3 F o=
grol o}, Ae 715 B AEel tisfA T Hof s
oA} ghllolt), TAZ 02 Suatic ZANA 2(2)9] AL
Z312) FAY, Dynamic ZRANA 2)(3) 21L& WHEE1A] o
3%, G AEL AF 7HsE oA bl SR A E R o
oug 42 Bojaia geth & 9 2148 1SR Eahe
AZol A e 3, & P99 S22 AdsAY ZA &3
&t g, vlghd dloJejAlel] I 2 §A8t =S Stk 5Y
3171 Entropy RENAE 4 (4) 22& WESA) hoR 5
2o THAM AYHY 3 & Fojaix] et v, 727
S 533t FHE AgE QS0 daiMes LBRHA
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o 4 (5)¢h 2ol Boldth &, 74 md e Fl A€ AF
shsted 2 2 e Aol E A Pl H4d FeE A3t
3, M 2Eo] X=3kE Fl A] o2 vhrof Aatskge
ZH o] 7HEA #h& deth o]l A S B A F1 A
7h & RS B4 7957 AR AL Ao 12
7FeA e 2 Bk T E S o] AT oE e
R AstE gro] Fop 4 7o 2} oA ng, 7hE
A7t Aot mebA Al BE 71 5 e B 29
SV 27HAE QA HAL M e e e B Bl e
7V 2E 7EAE QA Hol, B 3 AT A Aol F2
29| o Fo] FrhH o g v Z HFE A S Ak

1,

e

W, = ™M E s,d,e Q)
e "+e "He

Zk mdo] vk dlojefof thall o S35 Fej2E EE )
Bl & 2] (6)7} 2ol Aottt o714 o= HA e 29| A
ZrolH, pimE BE o] A 5 2 o2 5T
oJugit}, zt wlE pimE Bl o] g AE o )

g & B¥olH, o] FEL softmaxE 53l 3ol 19] =
A7stE dejoltt. 9 mdlo] o =3 &5 xul A
7%, 54 mdo| feko] Afo] A4 A v
2R AFANAE A 29 o)F REE 4T

Agel] A BB REE AES ST B 715
A ol 3to] A Rl o3 B WS MY AY3HE, v

Sl A 9 Y 28 Wy

o = il o] ©)

pi,e = wspgi) + wdpz(d() + wepge') (7)
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HE 7t 2
o, Al 2E9] o5 SEo] Z42}9] 7HEAIE Haf e gholth
ol dA= Bl o5 LXE e HsAY e B

e

EE 0¥ 9 2 2de g%
E37} ol HYSFOEA, T Blo] 7kl A g A
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A9 A NEsE WH o,
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B2eol o) B8 A E etk 15 5 ek Wz F
g Aol e Afolzk AT, 714 e 383 T WA 38 71
Aol7} velste], A 34 o) Folx milo] SR AL

THA A 23430 7 8|48 4= Qi
o)

o=
g HE, 7] BF 2 AR g5 dTEdAE &E
margin %=+ Confidence thresholdS E 52| 3}o| 3 3} 2}v]H =
FAL0.05~ 02 FF2 2L el olA AAste Ao o
A o], multi-label ¥4 A12FH Asymmetric Loss A€
A-7H(Zhang et al., 2021) G| & margin< 0.05, 0.1, 0.2 &S
o tiaf 25 AlollA Fdate] AREgth & AFolA 4= 9
AL Ehdl o] FA I o] F8-S -8 4 sho|H gehv E
olmZ 4 ZH S (0.1,03, 0.5, 0.7, 0.9} 2 AAs}1, 7
ST Ho 3l L3 TriMa A2 T3 3 F A5 | o] E ol 4]
o F1 A7 71 =& 4 & At 7t AZSFE HF
A= oAt g F= AR 2l A E ee 718t
I, y7F FoldeE U g2 AES §RT o eopd
9 Aol STkt tebA 2 Ae FE 45 ik A
T A% vnE 53 dolE EA4d 78 A3 4 & Agst

o,

8

y; = argmaxp;;, if p )P =7 ®
J

npA ko g A (8)& Tsted HF oAt eplo] SAH A
S ST Zof A28 oA} 2l glo|E e A%t o]
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4 X ZH(linear interpolation) S 3 g+t o]
A AAEE F8 AEL 7)€ &5 S HolHA F7t
o], 8t Al & FY 2 Ho|B7F S8 WHYEH =S St o]
W& Bl e vojE 2t Boh 73S 2 H
of, Rdo] 54 St 2ol A=stA HFHA G e 2
2o sl TLF S5 e o] 2AHH
THHOE, A5 oIy 718k softmax 7FaA] A& 74 (5)
o} At BE A4t 0] A margin 718 FEFH 44 8)& &&
3O 2, TriMas Al 7HA 435 B2 self-training A 2
(Static, Dynamic, Entropy)®] & BF ZAgsto 450] $-
g 2ol o & 7teA|E Foista, 2¢E FE L2 A

Input: labeled set D, , unlabeled set D, validation set D,
I'=10.1,03,05,07,09}, 7,,7,,2,( )
Output: final pseudo-labeled set D

1: Train three models m & {static, dynamic, entropy} using (D,
Dy, 7,57, F,)

2: Evaluate each model on Dy to get £, 50 £'Lyumic £ liniropy
3: Compute weights w,, w,, w, by Softmax
(Flsmtic’ 1dyn[uniu" 1um,y-u,;y)
4:bestFl «— —c0; Dy < @
S:foryinI'do
6: D, 9
7. foreach z; in D, do
8 Getpp"ps by w )+l + ol
9

i

Let PV = maxp;, , P2 =ond maxp;, ,
J J

]M; — Pi,(l) _ P‘(Q)

10: if (M, = ) then
s Dp<—Dp U (Iw?;i)

11: Y, Hargmax;ﬁ”,
J

12:  endif // else: keep z, unlabeled

13: end for

14:  Train classifieron D, .,

5: if F1(7) > bestF1 then bestF1 < F1(v) ; Dp. <= Dy end if
16: end for

and compute F1(y) on D,

J—

17: return D«

Figure 2. Pseudo-code of the TriMa algorithm
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of 22 wj7kA] wEHM, o] AHE ¢ FE 24
O 72 ARSI o]5 &3, Teacher-Student 739 4] Teacher
Tdo] AT ANEE 52 oA} g3 SMOTE 5742 &3l
gRH 4 FY 2 HoJE] 7} Student REZ G394 0 7 Ho)
5o, d & Aoz} nd A4S FAl S sigit

ox o
2

Mr ol 2 oxl
oM o 2 o

tt

4.2 ¥

4.1 43 A4
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1993) Hlo|E{ Al & &85} TriMa2] A'5S H718tth BE
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A A 42,1904 3AI8] 7] <3t XGBoost] B 5}
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glolE 9] F1 FE HAudlslhe 3t 2 Adsld e, ols
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< 133k, margin U EE HF 7|HEe.2 48402 4%
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AP AHEH B 2 7L el o 22 AL &
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2Hd dlo|E F YHE T E A8t A At vl =
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TS 7 71 AAGE 0.859) 070082 HA sk,
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0.55~0.70 T2 Utk o] Al HE R 742} 3717 9
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OE] 5ol A ThA] 20%E A5 Bl ol H = #8351 TriMa®] 2
g 7154 AHE 2 margin YA A g of] 2831t}

Static 2] A= JAG 7, £ 0.95E A5}, 8hF %
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Distortion Score Elbow for KMeans Clustering

—=-=- elbow at k = 3, score =9.312

30

(a) Elbow method for K-means

Zdstate] mdo] PS4 TS AA E A Eo] AEEHE
£ AAstA vHE 5 }L Satellite H] o] E] ] Z7] thu] S
Fo| A=A A HEE A 53| A st oH, HE AF
2 margin ZHE T3 AZ-2 ) 50070 7-A] 5 ¥HY 5}
7 TR Adhe T

(3) A BaaS & H| o] E{Al

Z7] WiEE n¥ae AX AF 7 Y
T8} HFEH Qlof, A%Y 34 mdntow
o Zo] ot} o] & Heksr] Y3l £ ATl A= Yt vl
He] w lrek A7) ol&At EF HolHE HE R A
q4& e F %i TR £, o] & BF EAE A8kt
ATSAT WA YA HolHE 20 AAYZE W] 4t
< %i}f?b"’— OJFAE £ ¥, K-means ¥ 18|52 4851
DAY 8 IFOE TS K-means 22| 2~

—8— A ¢ W HolH ZRJE 2,9 TH T4 p, T AE
AaFge Ha3she o] 54 g H 433

_>.i

7= % 3 s (1)
o 52 Fo) B Tel 2 AL ol 1R 29| 3
45 B2 1oL AR A

G SAHANAE B Ad +8 oSS 7 g

Elbow methodE & %5& 7‘:13}(<Figure 3>(a), T Tk FH
A e 30 AT FAH R EkE 25 H o8 Fhol
i3l <= %(distortion score)E Al4HeH F, k7t SVl whet
P54 S vt 43 Ak A% S elbow
pointZ AT £ dlo]E ol A= k7 304 FA 7187]
o] Wz} 74 A v, o] & A 23 = Atk

olg g 7|2 viEHE W H7] o] FA 4 HH EA |
A elbow methodE 283+ M3 A9} FL 3 12 o] tH(Choi

etal.,2025). o] % 7t Y AHE R I vjElT] w359}
FAY 7S AN gsket 2 I(<Figure 3> (b)), Al 719 S8
E7FAZ FEE Aol & BT A8, 58, IF8E T

k=3 Clusters: Log-Scaled Traffic vs. Demand (Dual Y-Axis)

Cluster 0 Cluster 1 Cluster 2

Log Traffic

25

20

Log Traffic Log Demand

(b) Traffic vs. demand clusters

Figure 3. K-means clustering results
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© tlofE] ol tht A kS 74 23l margin
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Table 1. Average F1 scores by margin across different data scales

71k oA} 2 7Y 157

Data Sz Margin 0.0 0.1 0.3 0.5 0.7 0.9
90% Data 0.7477 0.7514 0.7586 0.7613 0.7624 0.7616
50% Data 0.7439 0.7430 0.7497 0.7590 0.7711 0.7629
10% Data 0.7149 0.7133 0.7061 0.7204 0.7309 0.7343

=tk 90% H o8] 2o AM = v F71ol Wl Aol S7tsitt (2) Seed H| o] €

7F w9~ 2 marginol| Al ThA] ZHAshE FEZE YERYH, 10%

dlo] 8] 27194 & margin s}t W2 A 50] Tz 7} 474]
7} RSl A A ¥t o= marging IA AAH TS
AdE = oA eplo] o Bz 08 A3hE = BHE, FA °ﬂ
Stgoll &8 7Fsd 771 tlolE 9] ko] A 4 Q7] Wi
of, vlghil 31 Fo] FE3A 2 Atole 238 s F
gol AFHAY AT F U2 AlARH.

Table 2. Performance comparison of machine learning models

Seed tﬂ oAl A TriMa] &35 E43517] Y3, S~
T E=E normalized entropy # 2.2 A F-7HO 2 o] A
= THHUTE UE Seed TloE = ST AE 7L
SR, B AFAA = HA AE 30%E HetEE AR
ato] o =H 07 Bty AU o5 24T o2 A W
o]zl st dolgd dial], Fex WlE&s A4 11,
1:0.6:0.4, 1:0.8:0.3(3 -7}, 1:0.3:0.3, 1:0.4:0.2, 1:0.5:0.1(F ¥
A 771, 1:0.15:0.2, 1:0.15:0.15, 1:0.2:0.1(A AR 77H=2 AA
skl 7t vl&wit} 103] e A3 S 48 3ke] SMOTERH A&

o md me

I

with and without TriMa & 223 TriMaZ 283 2o F4 F1 H 3 EEHA}
= kB =)
PLAIN TriMa
RF 07665 = 0.0124 | 08045 + 0.0165 Table 3. Average F1 scores by imbalance scenario on Seed
dataset
LGBM 0.8714 £ 0.0084 0.8753 + 0.0070
Normalized
XGB 0.8723 + 0.0081 | 0.8767 = 0.0053 Entropy Pl )1:06:0411:08:03
0.85 ~ 1.00 SMOTE 0.9101 0.8857 0.8812
W%EE A go]E] i Y] ALEE ragy B ' | TriMa 0.9225 0.8887 0.8973
g 7} Bl S B3 wjo] gkl md Ao elA-S gols) 1:03:03{1:04:02|1:05:0.1
Atk atelhte HoEl A 90% AN ZACNA oAk e A (70 - g5l oMOIE] 08559 | 08790 | 08817
TE 1500712 A$Hg F, Random Forest(RF), LightGBM TriMa . 06?29102 | g.f5928015 | 0(')8294501
(LGBM), XGBoost(XGB)E 27} 7|2 E77|2 ALg3le] & SMOTE ' 0’825’0 —— 0'8 47'6' '0 é57'8 :
7 AHE8A| % PLAINZ TriMa 489 A%< HlLd 0.55 ~ 0.70 : : :
88 A8 > TriMa = 82] 8’5 2 Hl3L815) TriMa | 08267 0.8496 0.8692

TH<Table 2>). PLAIN Z#}9F BlastH 28 A E(LGBM,
XGB)©| RF tjH] & 7|8 A5 HolH, o] A¥ vlo]H
7ol K28 Alge] A Aes Hole A I
o} Ok TriMa & 8ofl T2 A5 3 22 Zdi = Ao}
ZA| 3t} RFE 0.76659141 0.8045 2 AF453}0] 7§41 Zo) Al
Ao I Yehthe uhd, LGBM# XGBE 7] & A%0] o]
u] =& AejollA TriMa & Al 7} 714 Zo] Atjzloz
xﬂa].;d o] 2| gk A &-0] 0}7b Ao 2 NAFEE o] IelHT) E
3] XGB= TriMa A8 & J ¢ A5o| 7H £1 AR
71 Gl JFE o, o] & B =79 9 HFA= XGBE

718 7712 Adstatt. aokstd, tolErt FEd 21
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Table 4. Standard deviation of F1 scores by imbalance scenario

on Seed dataset

Normalized
1:1:11(1:06:04{1:08:03
Entropy
SMOTE 0.0421 0.0420 0.0505
0.85 ~ 1.00 -
TriMa 0.0311 0.0286 0.0345
1:03:03[(1:04:02(1:05:0.1
SMOTE 0.0384 0.0477 0.0421
0.70 ~ 0.85 -
TriMa 0.0318 0.0443 0.0339
1:015:02(1:015:015(1:0.2:0.1
SMOTE 0.0535 0.0622 0.0484
0.55 ~ 0.70 -
TriMa 0.0512 0.0604 0.0261

<Table 3>3} <Table 4>5 £ 35}H, TriMa+= normalized en-
tropy7} 7HAste] S B o] Al s AR A5
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Table 5. Performance comparison on Satellite dataset by data scale

- Seungdon Zu + Gwang-Jong Ko - Taesu Cheong

24 499 TriMas 383 495 ¥l
<Table 5>l A3t}
<Table 5>9] B+ F1 A+E AW EH, Ho|H
Shof] met 7 W B Aeol HrlH o= setst
Bo|A gk TriMate A 734 SMOTE thu] & 43
AU 2Z & A5 FABIAT FAH 2.2 90% 2

]
= A%

5
o o= T Eo]
A= SMOTE 0.8822, TriMa 0.8826 0. 7 9] FY 3 Z0|2
a1, 70%91 4 = 0.8752 ThH] 0.8763 0.2 FAFSH A58 H AT
2Hd glo]E)7} B E1E 50%, 30%, 10%914 % TriMa= Z+2}
0.8631, 0.8543, 0.8223 2.2 SMOTE thH] &% o PF A
= %118}04 tﬂlOIEM AjE = Aol A ds AstE ¢
SHA| Rt S AT itk
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24 7 7&*3 S el = 23 AF ZHo A+ TriMa
7b Airdow FEg NS Btk 90% a4
SMOTE?] EZ#HAH= 0.00541 9HH TriMa: 0.00282 <F
48.1% AR, 70% A E SMOTE 0.0073 thH]
TriMa 0.0062% ©F 15.1% 743t T 53] 50% et & ol A=
SMOTE 0.0075%14] TriMa 0.0034% <F 54.7% 7+4~3}% 0™,
30% 2 & ol M= 0.0084°01 4 0.0034 2 2F 59.5% 7HA3he] HE
E A 2 WEA0] IA FolEx Fdol FEAT 2
o] =3] AL 10% T A= TriMa: 0.0096 2.2 SMOTE2)
0.0130 thH] F26.2% P2 HE4S Ho, ghdl 5= A48
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£3] g o] E H]&0] 50%} 30%=E 7 5\_%}5 ol A &
FHAT} 47 F 54.7%, 59.5%7HA] ZHasshe] 2d A
A WA ol Ade wolH R} Eﬂ%
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(4) A7) BaaS 528 H| o] ]

B Aol AE A7 BaaS 42 BloEI AR E& 57} 0] $ A
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o HlolE] 57 E318 BAasich, & AL 27] ok
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S Yebdt o)< obF HolH Tl o)Ak 2hilld

Data Scale 90% 70% 0% 30% 10%
SMOTE 0.8822 0.8752 0.8606 08526 0.8191
Fl Score TriMa 0.8826 0.8763 0.8631 0.8543 0.8223
d Dev SMOTE 0.0054 0.0073 0.0075 0.0084 0.0130
TriMa 0.0028 0.0062 0.0034 0.0034 0.0096
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Table 6. Average F1 scores of SMOTE and TriMa on the BaaS

dataset
10 20 30 40 50
SMOTE | 0.4601 0.4513 0.4202 0.4156 0.4448
TriMa 0.4601 0.4616 0.4628 0.4904 0.5681

3¢5 HlolE] FRE A 07 Z7IA 7| Hlwd A
(<Table 6>), BaaS H|©] €19} Zo] 53] AFEO|HA B3
AN B4 A 78 2732 SMOTEY} 34 A% 34
02 oo 7] qethe Mol Rl AA R g A7|7}
20914 3022 F718h= 73l A SMOTES] ¢ F1 A4+
04513914 042022 23]8 7tastgon, o] F 4005 ¥
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Table 7. Standard deviation of F1 scores for SMOTE and

TriMa on the BaaS dataset
10 20 30 40 50
SMOTE | 0.2139 0.1967 | 0.1784 | 0.1622 | 0.1918
TriMa 0.2139 0.2198 0.1900 | 0.1771 0.1586

olef g Afol= MEA 21 TH<Table 7>). v
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TS ol Zlo] ofde}, B A3 3 A3E Bt JHE

A=A dof A

o

Aol BHEshal 9l g5 Ko
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AULC Distribution by Method
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Figure 4. AULC comparison of SMOTE and TriMa on the BaaS
Dataset
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Table 8. Evaluation of augmented data quality under label noise for each method

. p = 0.15 p = 030
Normalized Entropy - -
SMOTE TriMa SMOTE TriMa
0.55 ~ 0.70 0.6210 + 0.1880 0.7837 + 0.1402 0.3701 + 0.1460 0.7065 + 0.1730
0.70 ~ 0.85 0.6585 £ 0.1835 0.8339 + 0.1245 0.4414 £ 0.1804 0.7211 + 0.1681
0.85 ~ 1.00 0.8222 £ 0.1547 0.8700 + 0.0709 0.6209 £ 0.2128 0.7529 + 0.0869

0.55-0.70)2.2 FE3}H T} 2} normalized entropy©ll W2 73}
= 8 F Rl S3h= 370 A E TE S HE Aue] 2
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SMOTE, 1 FJ_T'_ riMaZ T4 8}t <Table 9> 4 p=0.158
B, gk #3K0.55-0.70) 2704 F1 HE PLAINS
0.7152, SMOTE—; 0.7478, TriMa= 0.76172 YeRY 7 7]
o] A% Aol 718k 15 TriMaZ} 71 B2 B A5 S
Holth  FF #EK0.70-0.85) = TriMat 081152
SMOTE(0.7888) thH] 7} A1 o] &l ).

wojz27t B & p=03°llA = Al W 3 2fol 7 Hea X
T}, EE normalized entropy®ll 4] TriMa’} SMOTEE “33]3}
™, 0.55-0.7091 A TriMa+ 0.64252 SMOTE(0.6135) thH] &
L, 0.70-0.859 A &= TriMa(0.6884)7F SMOTE(0.6717)3 4}3]
gk} 0.85-1.00 T7tAA  TriMae  0.73102.2

£

H-&-& 24359 SMOTE(0.7001) th¥] 7§14 Zo] 24 Yepdt} ol 53 &
<Table 8>°l wZM, p=0.15%4 SMOTE®| oracle-con- & o7} HF BF AT E d4E 4 952 Sk she,
sistency+= 0.55-0.70 TXFAA 0.62108 W1 HE Z= b 2pll ko] 27t AASE #5 epd 7k L e /Ut 2
W, TriMa®] oA} 2h AeHd-E 078372 O =4 A8t | 725 §4F 9 go| S7ste W, TriMae A g4 9
0.70-0.85 2 0.85-1.009| %= TriMa ATAL Z7F 08339, AL S8 AjA oz AF 7l AAEE FA 02 8
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Table 9. F1 Scores of each method under label noise conditions
. p = 0.15 p = 030
Normalized Entropy - -
PLAIN SMOTE TriMa PLAIN SMOTE TriMa
0.55 ~ 0.70 0.7152 0.7478 0.7617 0.6015 0.6135 0.6425
+ 0.1040 + 0.1075 + 0.1141 + 0.1381 + 0.1333 + 0.1595
070 — 085 0.7889 0.7888 0.8115 0.6714 0.6717 0.6884
+ 0.0862 + 0.0866 + 0.0894 + 0.1181 + 0.1194 + 0.1063
0.85 ~ 1.00 0.8116 0.8237 0.8195 0.6796 0.7001 0.7310
+ 0.0629 + 0.0638 + 0.0622 + 0.0678 + 0.0718 + 0.0732
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