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[Abstract]

As the frequency and intensity of localized heavy rainfall increase due to climate change, research aimed
at utilizing the dense network of CCTV cameras installed throughout cities as supplementary rainfall
observation data is gaining attention. However, a common constraint in this field is the lack of labeled video
data, and the effectiveness of standard techniques—such as transfer learning, data augmentation, and
multi-class classification—under small-scale, imbalanced conditions has not been sufficiently validated. This
study conducts four series of controlled experiments using a small-scale CCTV video dataset (6,805 clips,
3-class) collected from a single site, and cross-validates the results through augmentation decomposition,
baseline, and multi-seed experiments. Under the single-site CCTV rainy-weather video conditions examined
in this study, removing the standard augmentation combination (horizontal flip + color jitter) consistently
improved Macro-F1 across five random seeds, with a mean improvement of +0.215 (0.428—0.643; paired
t-test, t(4) = 8.90, p = 0.0009, two-sided). These results suggest that augmentation strategies validated in

general action recognition need to be re-examined before being applied to the rainfall video domain.

» Key words: localized heawy rainfall, CCTV, rainfall intensity classification, transfer learning,
data augmentation, ablation study, video recognition
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I. Introduction
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II. Preliminaries

1. Related works

1.1 Video-Based Rainfall Observation
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1.2 Video Recognition Models
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1.3 Transfer Learning and Domain-Specific
Augmentation
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1.4 Robust Learning on Small-Scale, Imbalanced
Data
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III. The Proposed Scheme

1. Dataset
1.1 Collection and Composition
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1.3 Class Consolidation

Table 1. Class distribution after class consolidation
Rain . .
Class WMO class | Intensity Clip R?,tlo
count (%)
(mm/hr)
no_rain no_rain r=0 2,130 31.3
light +
weak 0<r<75 3,469 51.0
moderate
strong heavy + 7.5 1206 | 17.7
violent
total - - 6,805 100

NAZ1A7 1 HWMO) 55a(no_rain, light, moderate,
heavy, violent) 739 E=5{18]0oA] heavy?l violent =
3] ;o] 35] 8lastel Mgt 2ejA BRdlo] Wil
Ak 012 Bafoks A 3ol 88 5] o5
Aall, AARE 7.5mm/hrg 7|F02 Table 11} Zo] 2
7 (no_rain)-ofst H|(weak)-7}gt Hl(strong) 3-Z2fA

Yottt AARY 7.5 mm/hre 2 =&0] AFESE 5

0.
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S A AMAClIA moderate?} heavyE H25h= 7 2.2 Training Setup
2 32~ 5¥e o WIT IR Aol
light: moderateS weak 2, heavyviolent2 strongoz  Table 3. Common training settings
T Holot o] ZARE WAl 29 71E WMO S+ Item Setting
= = - Optimizer AdamW (weight decay 1%x107)
73 o o W}AE 7 AREHA o =321 [o)
gAIee] HiS WA arefetel Xstaton], & Al Learning Rate Cosine decay after 3-epoch linear
02 WA= Table 10 HA|5ISCH Schedule warmup
Gr.adl.ent Global norm max_norm = 1.0
Clipping
1.4 Event-Based Temporal Splitting Precision / Mixed precision (fp16), 4-GPU DDP,
" e ! tch size 1

oj&g] Zalo 7ko 710 o]HlEo] 438} 7}iAlo] o} Distributed Effectlv.e b.a ch size 16 .

_ _ Early Stoppin Based on validation Macro-F1 with
& {t JE ox(data leakage)?t BT & Qlot. 302 arly >topping patience 15 (Max 50 epochs)
O]}\o}q 7121_—75— :rLZ_]'Qi —Eﬂ% ﬁ—}%\‘ 70}% Z_}% 5HM O] Clalsvlsitligwabtiacl)ince Inverse frequency-based loss weighting
@Ei %Qﬁ}_ﬂ, %c‘):_l O]@EQ g.a]t]% ]ﬂ'E}\] 715}% ‘E"%} Default Input 2247 resolution, 30-second time window

HJ&AI5}= olHIE T}o] Bske A @3loir) Hsto W Horizontal flip(p = 0.5) + Color
Oﬂ Hoo} ]1_ |_‘14 Ta= 1o TMUf Tavw w ADefault tDita jitter(brightness, contrast, saturation,
(minute) 9|2 A74st § 5 2ol EFd 2& A ugmentation hue)
(CHI-CH3-CH4)?| 230l 5L B2, 5D Al | Pre-training | M1217ed WD Kinetics 400 weiahts
Aol tAld 2d0] 222 7I=2AY wigE= AR Source clip 60 s @ 30 fps (=1,800
L Ox™ oz uhlsks] ore 7¥5t 1] olHlEL A B frames); 32 frames pre-extracted
= TAXOE WA G Y vl o[BS Al 2 uniformly (short side 512); 30 s window
sk o tof A 77 BAE S 735t H] 29 & 7|29 Frame sampling uses the first 16 of 32; uniform
= = temporal subsampling to model input —
ElQ "HiAlO 2 "jEstel . o H] o EL A
= ﬁ(greedy) o~ HLO}ML‘ —|?_]' ] ]‘ﬂ]_]_ ] MViTv2-S 16, SlowFast R50 32 (slow 8
7t 22 QXIshn vlo] me} vjisigion] B7te / fast 32), X3D-L 16
- GPU / training NVIDIA RTX 3090 (23.7 GiB) x 4; AO (2242,
O E Eal™ 0 7F & o H=ld
2 OoJfiESH SO R AR Ao et BE vEots time 30s): 18 epochs, = 85 h wall-clock
= E A0} HahdH E AL =7
o. & OMIE oF 22 oJHIE 2= Table 20 3% samBIaiI:mi::ddata Not used (imbalance mitigated only by
20} b AJA]SiC) 2]|E BERS Table 29F 2t ploagder inverse-frequency loss weighting)
torch.manual_seed(seed+rank) and
Random seed np.random.seed(seed+rank) per DDP
Table 2. Class distribution by train/validation/test control rank: cUDNN determinism not enforced

split (number of clips)

Class Train Val Test TE Sk MRS Tgble 3uf ZATH HE ©APL =
no_rain 1,404 420 306 . coe = i - . .
weak 2,563 369 537 gt e Ao 545 AEstfien, AlglaEe gef
strong 648 312 246 Al st nd.stA2 AL . 27 )0 glick Aol 7|14
total (clips) 4,615 1,101 1,089 ‘]L © f( = = e °e °_>L i 2ol 7=
rain events 18 4 3 ST} Alf/dS ol Zefd WSS, stego], A& 1A
YAE Table 30 7t2 YAIIZICE. cuDNN 222
2. Methodology SAISHA] eiteng U seedofA & oY 1t OIARE ¥
2.1 Model Architectures Lo] ZRJg & 9lon, o]8)dt &S O}x A|lt YHE(V
X3D-L(9F 5.3M mz}u]8), SlowFast R50(2F 33.7M), &} 94)o 2 =x|5t9ict.

MViTv2-S(2} 26M) Al 255 v wslet. Heo] YA}
gL & RE wHle Kinetics-400[19] APHEHS 715R| 2

Fo1elel e, £252 3-2240] LA wAlsHAC
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2.3 Experimental Series Design

6,805 clips « 3classes(no_rain / weak / strong)
Train 4,615 / Val 1,101 / Test 1,089

|

S - Learning Rate Exploration
3 models X Ir {5e-6, 1e-5, 3e-5}

Dataset Preparation \

Optimal Ir per model

M - Model Comparison
X3D-L / SlowFast R50 / MViTv2-S (Optimal Ir)

Optimal Baseline Model: MViTv2-S
A - Ablation Study

Pre-training - Augmentation - Number of Classes

R - Resolution - Window
2242 / 4482 X 30s / 60s

Supplementary Experiments
Augmentation Factorization - 2D/3D Resnet Baseline - Multi-seed Reproducibility
+ Temporal Splitting(T)

‘ Result Aggregation - Statistical Analysis ‘

Fig. 1. Experimental pipeline

Table 4. Seed configuration of each experimental series

Series Runs Seed(s)
S (learning-rate search) | single run 42
M (model comparison) single run 42
A (ablation) single run 42
R (resolution-window) single run 42
Augmenta.tl.on single run 42
decomposition
B (baselines) single run 42
T (temporal split) single run 42
- {42, 123, 456,
Multi-seed (AO, A2, M) | 5 runs each 789, 1234}
Age d A2lx2 PYEC) (S) S8 T Al B
217Vo]| e5-8 € {be-6, le-5, 3e-5}5 A&ato| =E
57 el 82 2T (M) B vl SolA 2L F
SE5ES AEsto] Al 232 5% 27004 vluwsit) (A)
ARl @ R uwolA 7P QPgRolE MVITy 2-S
£ 71502, ASh:- 334 42 ARY FoR
w8 52 ARz WA (R) s ARF A=
U ol (224, 44899} ARE Y E (0%, 60%)F 5
HBE(MViTv2-S) o & sttt olof Hsfl 57 23, o]
A2RI(B), ©% A= A 3

Ko 23Rl B A% B OF AS AL
28] 7E517] 98] 2 4 Al 742 Table 40] 7
2igint. T A ATH SR 34L JHx, Sy
FRE AP aie OF AlS ATVE 920l 2t
ok AR A solmatele Fig. 13} 2t}

2.4 Evaluation Metrics
Z Rie ZHA 4ol 418 Macro-Flo|t, 2
A Fli} dete(Accuracy)s &7 AAlsT C7 2

2o oish 2228 Flat Macro-F12 AH =(Pc)e} Aj
F&(Re)] zepgHoz Aot

7V v w9 BIHE Hdl, olEs A4 o
(weak U strong)?] oJfl ARzioz 2hitste] x|
(POD), 273 E-&(FAR), IAFAICS)E At&st
ojFl E&qAoIA TP(FS-E 492 ol%), FN(
FEEE oF), FR(EERE FF2 d5)E Zelst
s o2 2o

POD = TP / (TP + FN)

FAR = FP / (TP + FP)

CSl = TP / (TP + FP + FN)

o]7]A positive event= AA| E= o F FF =7t
weak E+ strong?l FHE r > 002 o &-H5H AKd)
o}, FARZ o|&H ¢ AHl 5 Q489 Hl&

alarm ratio)o|t}. POD+= =242 FARS UYELAE O
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IV. Experimental Results and Analysis

1. Learning-Rate Search (Series S)

Table 5= S Alg]=9] Avto|tt. MViTv2-S+= 5e-60]
A Macro-F1 0.483% 7|55 M| 58 250l 7P
ORog =2 AMLg HITH SlowFast R502
5e-6(0.384)8F 737A3=lo] Il o 2 S5EolM= de
o] Aot on, AN le-59 3e-b £ BT
S HAE ARZ S
t}. X3D-L& AZ &A1 78t 7] £32 510 o= U

Table 5. S Series: Learning-rate search results

Model X3D-L
LR 5e-6 le-5 3e-5
Test F1 0.375 0.297 0.352
Acc. 0.400 0.318 0.397
POD 0.688 0.593 0.658
FAR 0.268 0.313 0.279
CSI 0.550 0.467 0.524
F1(strong) 0.317 0.182 0.241
Model SlowFast R50
LR 5e-6 le-5 3e-5
Test F1 0.384 0.338 0.338
Acc. 0.442 0.477 0.477
POD 0.983 0.936 0.936
FAR 0.256 0.263 0.263
CSI 0.735 0.701 0.701
F1(strong) 0.384 0.174 0.174
Model MViTv2-S
LR 5e-6 | 1e5 | 35
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AlA Aolatgo] £/ =Rlsktt. -2 A tlEy
(A3)2 strong 2eiA9] 34 ZAIE AgiEof
Fl(strong)o] 022 Z|5t3ict.

Table 7. A Series: Ablation study contents

Test F1 0.483 0.477 0.460

Acc. 0.557 0.545 0.506

POD 0.835 0.826 0.791

FAR 0.142 0.143 0.158

CSI 0.734 0.726 0.689

F1(strong) 0.161 0.166 0.190

2. Model Comparison (Series M)

Table 62 % 1582 A8 2 vlw Zuo|ck,

Ardes 2A wdo] thad) 572 AEgh o] 2704
MViTv2-S=  Macro-F1(0.487),  Accuracy(0.560),
FAR(0.142)0lA 7Vg 4oL, st v 24 F12
SlowFast R50(0.383)0] MViTv2-S(0.171)Ect =9ty
POD% SlowFast R50(0.983)0] 7P =9ft}. weta] 7+t
943 DS 2o SA(FY AlE o B9 e sy
of et ZEiAlH, B =22 Macro-F1 7|&9] oMdAS
A2 MVITV2-SE 54 Ado] 715 Mo Hestl
o A 25 25 8% Flo 090 o2 sl 59
4% Fl2 32 &30 R 2Ago] HEEY, 5
SlowFast R509] 73% &A1 dhito] = e AT} SlowFast
R50& POD7} 0.98302 7HF =X|gF FARE (.2560 2
e} 4K 2ol T 03T QU 4 Yok

araa

~

Table 6. M Series: Model comparison under optimal
learning rates

ID Description
Baseline(Pre-training + Augmentation +
A0 L
Class weighting + 3cls)
A1 Remove pre-training
(Random initialization)
Remove all augmentations
A2 . ..
(flip + color jitter)
A3 5-class (WMO unmerged)
Ad Label smoothing + Enhanced class weighting

Table 8. A Series: Ablation study results (MViTv2-S,
224%, 30s; single run)

Test F1 F1

ID F1 Acc. FAR CSI (stron | (no_r

g) ain)
AO 0.494 | 0569 | 0.130 | 0.732 | 0.177 | 0.640
Al 0.370 | 0.462 | 0.270 | 0.705 | 0.361 0.161
A2 0.713 | 0.731 0.045 | 0.852 | 0.571 0.819
A3 0.323 | 0.367 | 0.272 | 0.620 | 0.000 | 0.266
Ad 0.457 | 0512 | 0.144 | 0.713 | 0.159 | 0.609

4. Per-Class F1 Analysis
Fig. 2= ]| A3l9] Macro-F1 y]wo|ct. 735t 8] 2

AL
— T

I:IHO

Alalo A 0.15~0.32

AFO2 HoreA|

. SlowFast
Model MViTv2-S R50 X3D-L
Test F1 0.487 0.384 0.375
Acc. 0.560 0.442 0.400
POD 0.835 0.983 0.688
FAR 0.142 0.256 0.268
CSI 0.734 0.735 0.550
F1(weak) 0.664 0.540 0.478
F1(strong) 0.171 0.383 0.317

Ot A20])4%F 0.572

7

£L0ﬂ/\1 73 M7 A %
& A ZEao] AL s /M AJAJSHCT

'3317(]71] o]:/\]-E]E,]- o]‘— p=R M o-]
gt A BE

ofje} 714} ol

0.494

3. Ablation Study (Series A)
Table 71} Table 82 MViTv2-S& 71&0& gt
AT x713t Aitolet. ole] 574 LE AA A2 &
= 0.
[O I

m)*l

A

==

o o=
731,

o] & A3 7]% Macro-F1 0.713, =te

FAR 0.045, CSI 0.8522 A A|2]= ARoA 71F 925}
Fon, F4Z ALst Ho|Azlol A(0(0.494) tiy]

+0.219 T H%E} ohek ol T Ald¥(seed=42) A}
2 AR 2] g2 won, wi AlE e V1R
R +0.215(0 428+0.058 — 0.643+0.051, IV4} 9%)

olcy. & X9 Yl X} sy AAo]l Y
(MViTv2-S)5te 2 o] ko] =& Qolo Z7F AR

sfAELY, st59] eHeA QQlo] &Xls| HjA|E]= A2 of
Uct AMFRES A7(Al)= Macro-F1S 0.37002 F2t
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S_x3dl_hi
S_slowfast_lo
S_slowfast_mid
S_slowfast_hi
S_mvitv2_lo
S_mvitv2_mid
S_mvitv2_hi
M_x3dl
M_slowfast
M_mvitv2
R_224_30
R_224_60
R_448_30_gradck
R_448_60_gradck

0.370

0.323

0.375
0.297
0.352
0.385
0.338
0.338

0.375
0.384

0.457

0.483
0.477
0.460

0.487
0.494
0.486

. X30-L

= slowFast RS0
- MVITV2-S

0.713

0.0

Fig. 2. Macro—F1
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5. Meteorological Operational Metrics Analysis

71 w9 WA RRA-2AE A 2E

H|wsHH, A2
%718 T A13Y 71% FARO| 0.0452 H]0] A2}91(0.130)
ofs] oF 65% W9toLt, T AlE 7]& 0.2 FAR Afo|7t
FOISHA] QEQUTHIVAY 97d). WHH SlowFast R50-& POD7}

0.9830.2 Uj2 =X|9h FARE 0.25602 l:—O} AR +9

oML THES QAW E QWA A 9k 79 eHEN)o]
A|AQl SRoAE & PODZL Ao}, 79 A1 Al

20| 5839t S8ollM= A2 FHdo] st

6. Resolution-Window Analysis (Series R)

R A2zt 92 ool ARRF E90] Jake 59
R (MViTv2-S) 0.2 EA|5te] B]wstct Table 9of|A] 30
£(0.494)9} 60%£(0.486) HU=7t APAAY 5Ysto, 602
S o= gk A7 oF g4l 53 ¥ o]5o] 99

C} B35 448* 5k

29 RTX 3090(23.7 GiB) 0|4 o=

HEOOM)o2 Aufstgior), JtjdE AT 2l
AL A] 448%0)4 30%(0.608), 60x(0.594)2 224% Tthy]

+0.1149] SFAS ALY

ooa & o0

e A2 fike CSloflAE Lehdt. 224 30

Z719] CSI 0.7320f|4] 448 30%
E|9lon, o= gt vof njA Y&
7V dsiAE Ao ¢ A HE

Z£719] 0.7830.2 At
71w WAL B
g A o

FAR+= 2247 30%(0.130)0]A] 448* 30%(0.166)=2 A% &

Ztstol, maidert €Al 4es ok &
2T 22 _l“ O]OO LH':#LHU{

Al 2FEE

Table 9. R Series — Input resolution and temporal

window analysis

D Rgsol Wind | Test | F1(st FAR csI
ution ow F1 rong)
R_224 30 224* 30s 0.494 | 0.177 | 0.130 | 0.732
R_224 60 224* 60s 0.486 | 0.171 | 0.138 | 0.714
R_448 30 | 448? 30s | 0.608 | 0.478 | 0.166 | 0.783
R_448_60 4487 60s 0.594 | 0.470 | 0.174 | 0.778
7. Augmentation Decomposition Analysis
Table 10. Augmentation decomposition results
(MViTv2-S, seed = 42)
D | Flip | Color | Macro | FIGtr |\ cyp | cor
=71 ong)
AOD 0 0 0.494 0.177 0.130 0.732
A2_1 0 X 0.494 0.177 0.130 0.732
A2_2 | X 0 0.484 0.149 0.115 0.753
A2_3 | X weak 0.507 0.150 0.072 0.770
A2_4 | X X 0.713 0.571 0.045 0.852

574 AlA(A2)9] o]5o] 7 FHAZIH MY A &+
QoA BIRHEAIE #9517] Sl + 845 S¥HL
2 Alofet W2 vlustitlTable 10). o] Fl dd2
seed=42 T 3P 7]eier FAA FAYS HA el
ot 2o 225 H2 ol o S A M E A

s
o] Q| BE|X] Qtth= Zojtt. AR AJETF AASHAL &7
= FAIgH A2_12 AO9t mUst ZuH0.494) 8 B, &
alg}

o] Gt F 5L R AR A2_40JAE 071302
ol Uehdth. 5 45 Aste S4% 570 Bsoe
H45I7] oo, £ 5700 AT A5t an} w7k
02 Yehh Qpoltt. tiat Tl A3 Ajoloz of 4
SRRg L TP 270 Waoln), BHS QeiME 7t
23] £ 03 AIS YRgo] BsICH1LIE)

A RIEZE 39 TE OAS B 4 Yo S
chga} 2o ols|a 4 ik Wl A=A x| R
9 WEL NF7|9) We A, =3 RS B2 AE, A]
A Ask2 A3t MeE 5 Z9rg slas ALE BE
A BAZ AR HEIT QS Ao S8
A 29 sl A AL A ALE9l S =ujeld
A oslg mE 3RE He% 150l Ak o
Table 10014 APg AJe] AAgro 2L sjdo] Leta]
aronz, of HAUE MY F 570 2T awe

=
et RRA sjioz Sect

8. Baseline Comparison (Series B)

Agk o) AThR 91212 Fhsab] 2ok T o
O] Z£9 H"|wstdtHTable 11). B_resnetb0_single
o m ol ResNet-50, B_resnetb0_avgs= 2%

S ResNet-b500=2 A2t ¥ HAF 2%,
B_resnet18_3d= A2 3D ResNet-18o]ct. Ait= 7+
ZF Macro-F1 0.556, 0.550, 0.669=, 2D 230 u]af
3D ResNet-189] A:=o] =9ttt AQF LA (MViTv2-S,
A2, R57)e WY A 71E 071302 7P ek
@e) BT BAstol, A dlo|Azkele At 29T 5

Jo] 2

Adst [Ae], 34 FY, class weighting, early
stopping, seed 231014 Sh5E I
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Table 11. Baseline comparison (B Series)
ID MaFc1ro- Accuracy Note
B_re.snet50 0.556 0.570 Single-frame 2D
_single
B_resnet50 0.550 0543 Frame ayerage
_avg pooling
B_resnet18 Small-scale 3D
3d 0.669 0.672 CNN
MViTv2-S (A2 0713 0.731 Proposed (Single
no aug) run)

9. Multi-Seed Reproducibility and Statistical
Significance
T A3 AlE AP g EAlsH] st

Nl (A0 _baseline, A2_no_aug, M_mvitv2)S seed
€ {42, 123, 456, 789, 1234}2 53] urE3tAcHTable
12). AQ_baselinedt M_mvitv2E =4 J1A(= HHE.F]
55718 57)0]82 seed 123~12349] ke Alsy
90191001, seed 42& 242} £ Aol ATHT o

SHAL
-1 a

ol

me mo 1%
OH _J
¢

AL 0.4949} 0.4879] Alol= cuDNN 827 ]
02 AR P WEs §Hgsit). A2 _no_auge

Macro-F1 0.643+0.0512, A0_baseline(0.428+0.058)
oie] B +0.215 L5190 &Y Al B2 H|Wsh=
AAo|lB 2 SRE t-AXNS & Ao 2 AR5 on,
Aled ZAutet A Xlo|(paired difference)= Table 13
of, AREAZ A= 7de p-value 81F37]-95% 41
b2 Table 140] AAgHCE 2 Alol= b7 AlE 2%
U4(+0.138 ~ +0.290)2 7iA Wigo] Y=L, thgE
B -7AX A3t y4) = 8.90, p = 0.0009(%=), Cohen's
d.z = 398, H4 R}o|9] 95% Al]L7ke [+0.148,
+0.282]9t}. Wilcoxon H35974A8-& n=hoj|A] A&A
o] &4 UGS p-valueZt 0.06252 A9 qu SRl
Alsto] B & 7% 0 20t MIA|SHHT: é = 15, exact
= 0.0625). FAR9] 742 THal Alshoj 1% A2(0.045)7}
A0(0.130)Ect 2 Jgtont, E%% AlE 7ECs=
A2(0.126+0.058)2F A0(0.148+0.042) 7+ Afo]7t EARA
o7 ROJsHA]| oboKtie®2 t-77d, t(4) = —0.69, p =
0.527) ©d Aejo] @2 FARZ wtjE7e 7oz siA
ot

Table 12. Multi-seed results (n=5, mean * standard
deviation)

ID AQ_baseline A2_no_aug MViTv2-S
Macro-F1 0.428 0.643 0.426
+ 0.058 + 0.051 + 0.056
Accuracy 0.484 0.664 0.482
+ 0.073 + 0.045 + 0.071
F1 0.167 0.549 0.166
(strong) + 0.018 + 0.060 + 0.017
0.148 0.126 0.150
FAR + 0.042 + 0.058 + 0.041

© A0 basellnei_rM mvitv2(M
seed 123~12349| A&
me £ 9o SA S5

M|

o
Y 4

AR R)E 8% +
395t H(seed 420+ =
Z df
= —_

t=o| ofL]ct

Table 13. Per-seed Macro-F1 and paired differences
(A2_no_aug — AO_baseline)

Seed AO_baseline A2_no_aug Paired diff.
42 0.4943 0.7127 +0.2184
123 0.3818 0.5918 +0.2101
456 0.3545 0.6448 +0.2903
789 0.4492 0.6686 +0.2194
1234 0.4586 0.5964 +0.1378
mean + sd | 0428 + 0058 | 0643 + 0051 | 0215 %
0.054
Table 14. Statistical test summary for Macro-F1
(A2_no_aug vs. AO_baseline, n=5)
. Wilcoxon
Item Palrgd ttest signed-rank
(AT, (supplementary)
Statistic t(4) = 8.90 W* =150
Sidedness two-sided two-sided
Exact / exa;t (min _
. exact two-sided p =
asymptotic 0.0625 at n = 5)
p-value 0.0009 0.0625
Effect size Cohen's d_z = 3.98 -
95% C1 of 1 40,148, +0.282] -
mean diff.

10. Temporal Generalization (Series T)
OMIE [t §A9) BT A w48 ol 5
R 7P Bastchs st ol o2

Bests BHx Aoz, oA 7R Eﬂ"lﬂi SHaslal o]

2 717t dojg|2 Hrisk= AJ7HA E&(temporal split)
Al S =7kec MViTv2-S 7]1292 Macro-Fl

0.772, 7J=t= 0.805, 75t ¥] Z2|A Flo] 0.904= FAF
o] wurt 7 UepdtiTable 15)

22 o] £AIE ARVY Qitsl Aol S4site 2
A7k ek AR Rl 7} 3242 A1 #57E of
242 orgt wl(weak) lgol P9 Rae] 49.3%0
16.7%2 F2eI, HIROZ 418 297 28150l

o
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58.8%= Z7I5Ht. wety & &3 whAlo] Macro-F1<
A wlidete A2 WAslol, Table 155 ARMY 23
20N T shgo] SsHA] 93-S &Rlst BR Avfs
gk sfiAdsfiof sttt M= T 717 g tigh &
2 AR QUIE AEE 4 B Ik

Table 15. T Series — Temporal-split evaluation
(MViTv2-S, 44872, 30s)
Exp. T_temporal_split
Macro-F1 0.772
Acc. 0.805
POD 0.941
FAR 0.251
CSI 0.715
F1(strong) 0.904

11. Discussion

11.1 Why Standard Augmentation Backfires
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Fig. 3. Grad—CAM comparison (A0 vs A2) for day/night
X intensity classes (rows 1-6) and misclassified cases
(rows 7-8)



60 Journal of The Korea Society of Computer and Information

11.2 Operational Trade-offs

2% 2R w2} 24 Aeo] LeFIck FS w2t 4
A4St 5 Q351H POD7t 7MY =2 SlowFast R500] 52
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11.3 Limitations
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V. Conclusions
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