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Performance Evaluation and Applicability Analysis of
Deep Learning-Based Visibility-Reducing Weather Classification Models

using CCTV Images for Helicopter Operational Decision Support
Jo-hwan Ham', Chul Park”

ABSTRACT

Weather conditions are one of the most important factors affecting helicopter operations,
particularly in low-altitude environments where localized weather changes occur frequently.
This study evaluated the applicability of deep learning-based visibility-reducing weather
classification models using CCTV images for helicopter operational decision support. A weather
dataset was constructed from road CCTV images, comprising a Clear class and five classes
representing weather conditions that reduce visibility (Fog, Rain, Snow, RainFog, and SnowFog),
and four deep learning models (CNN, ResNet50, CNN-LSTM, and CNN-Transformer) were
compared under identical experimental conditions. The CNN model achieved the highest
classification performance, while complex weather conditions were classified less accurately
than single-weather conditions. The results indicate that CCTV image-based weather
classification can provide localized weather information and has the potential to support pilots'
operational decision-making and contribute to improving helicopter operational safety.

Key Words : Helicopter Operations(82]FE €%), Operational Decision Support(2& A7
A1), CCTV Image(CCTV 94, Visibility-Reducing Weather Classification(A|%§A3} 714HE5),
Deep Learning(88W)
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ceiling)oll 7IIsk= Ao LA glom, AZHY
71 Aol A WA¥sk= ARILY] oF 63%7F o]= ]ISt
Zo&g ®HiH v} JtiKwon and Kim, 2006). &
o= 715Hste] JFom A FFLe, ST A
A 5 dlISo] ofle S 71dade] B Hlwrt
S7FhaA A= 3719 *F f94d0] 8 AA]

1 ow AXZF A 7AAHES 294 ESE A&
Hom J7Iekl Ut} ol 714 ffdel dissh]
9Joll 5 #olollAl= METAR, TAF, SIGMET, A&

7137 (automatic weather station, AWS) &

A B2 (numerical ~ weather  prediction,
NWP) 58 E3)] ookt FE7 AR E AlFskr 9

o, FANNGF7|HICAO)= 5 71 G55 &
T 9 AT A 2 &S FHS] 9
3 B AEAR sl glom, 55| RE&A
3(Annex 3)oA+= AlA(visibility) @ 23(ceiling)S
P71 BE5 € B9 g4 94% HASHL Slth
(ICAO, 2025). 18y dEFEe} Zo] AaToA
85 57 BV EERE ofYz} 7)Aol
A AFste 71, 714 Fold 4, 949, =
2 9 337104 AlFst= CCTV B4 & ohdst
FRE FPH o &8sto] 27 RS wAH(Jo
et al., 2020). E3] F A H2Y FEZA] FH
71 BEAH0] o%ﬂur A 9 s At 22 =
A1 714 et vIRIe 0lA= CCTV Y=
%‘9‘3}04 AA| A7 7‘101' ARE SRIS|% gt o]
71& FT7VIHEE dAIsH] gt Ao] ozt
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SISt Jlo, ANLqF7] ZXFAE W= T
EZAIME CCTV 5 94F Feio) 717 He| of
AR 8471 ER1E v k(o et al., 2020).
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7} AAekA] gl 71 CCTV 1=atE g-8sto &
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uom, AAZE @ 73R B TIeEN &8 Tt
54o] FEHT JtHKim et al. 2020). 71& Ao
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al., 2020), 3= =3Byun et al., 2022), =A| &
4 BEA(Kim et al., 2012) 5 et A77F 3=
o] CCTV 7[5t 94 &4 71&9 &8 7Fsd= AA
sieltt. =y tiRES d4e Y &5 AE= &
Aolv B4 deld B9 45 /iAo 23S 7L
uow, AA| T EFolA] S0l EVIY =
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9 2R EAZ BHota, ol dYFH 2% 94t
a7 A4 oA salste] AA] e olA 9] &
& 7142 Bl ol& Bl @Y olnA] 7|t
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1. Data Collection
Collect CCTV videos from various regions
(urban, mountainous, coastal areas)

!

2. Preprocessing
- Image and sequence data preparation
- Data cleaning and augmentation

l

3. Deep Learning Modeling
CNN, ResNet50, CNN-LSTM,
CNN-Transformer

4. Performance Evaluation
Accuracy, Precision, Recall,
F1-score, Confusion Matrix

l

5. Operational Applicability Analysis
- Mission planning
- Situational awareness
- Go / No-Go decision

!

Helicopter Operational
Decision Support

Fig. 1. Research framework

st 71 B BE9 A5 Hluska, A At oiE
71&o 2 dFE 239 9 EA XY HE EAAS
Aok A2 HHoE S3oIoirh. Fig. 13 Zo] &
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(preprocessing), B&d E@=H(deep learning mo-
deling), %5 E‘ﬂ— 9 B A (performance evaluation
and analysis), 23 Z-8/4 H4(operational appli-
cability analy51s)4 oAl SHAR A5 ZF oA
o|d ©A9 ATE FHtoR HAA o SFE|Q)
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B 2 AL 7S SR Brlskt

HA TAA Y, AR 9 SiokR| e HAjH =
& CCTVERE et Aldm A9 4= 4

L

fu

sto] 7143 HlojElAlS &5kt olF dY A9
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A7 = dolgE CNN, ResNet50, CNN-
LSTM ¥ CNN-Transformer?] 4] 714 H&d 2
o] YT sy 2R ALl I ER Ao
vty TEo] 452 Accuracy, Precision,
Recall, F1-score ©o]-&3dlo] FFA oz HrolgHo
o, SV BT it B B ndd
BT e A EYoT. B3 4 Hdlo] B
ZIE vlwste] CCTV F4 718 714 Bl A3t
2Y 25 wE5hy, A EAT AIHE EAo]
714 E5 450l vX= 9 A 245k

nxate &2 e 24 d3E viEe = CCTV 715t
718 5 719 dﬂ H +% 38 7Ms8E HE
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A1 FHoA Y &E 7hedS E4s618leH, 71 &
T7VEE HAS & Sl A @219 AAIRE 7]

PR P GRS B8 T —;— LR
ZFelgic. ol Fof & AP Bt 74 B 2d
o 45 Mg Yol Wl AekEEl £YION 2
8% 5 = 27 N2 A9 1R A8 K5

o2 T X

4 ANSIA S,

2.2 CCTV 7|8t 7] HlOIEf #5

£ QdpolE CCTV 94 715t deld T 55
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&SI A8 TKsAE 243 Fisle] 71 Hele]
e ki el ) As 29
A ettt 71 54
NA 9, Aete 2 shet o] XY =2 CCTV
Y Boslo] TSI B 53 Aol AL
of BEE dolH g wdo] st A Aske
2a31517] 9isto] choket A\, AE L ARl
38 G myslgrt. PAHCE Sty B
APACKGII A9 S8 RSl dep el B

= ek At H sl e Asl- 710k 52
U580k A9oz AEe '3}0“‘ Ui SYT AanollA
o] ¥k A2 wiAlstaL AeSEAl, FARAl, 4
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1. Data Collection
Collect CCTV videos from various regions

]
2. Video Quality Check

Exclude videos with poor quality or
unclear weather information

'

3. Frame Extraction
Extract frames from segments where
weather conditions are clearly observable

+
4. Weather Classification (Labeling)

Single Weather i Complex Weather
Clear, Fog, Rain, Snow H RainFog, SnowFog

!
5. Preprocessing

* Resize frames to 224x224 pixels
- Normalization

)
6. Dataset Split

Training Set i iValidation Set' Test Set
(80%) (10%) i (10%)

]

7. Input Dataset for Models
* CNN(Image-based)
* ResNet50(Image-based)
* CNN-LSTM(Sequence-based)
* CNN-Transformer(Sequence-based)

Fig. 2. Procedure for constructing the CCTV
weather dataset
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Al Ha EX(Kim et al., 2012) AFoJAE 2H9]
Avtst 5 FIA717] A5t 585 84E AAE
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714 FﬂolE]" AR AaE 2GRl HAAT 4=
U= 71 20E 185t g3clear), QHli(fog), H
(rain), +=(snow), H|-SWH(rainfog) % = U7
(snowfog)?] 67 SFAZE IRt ol HF Al
A Astet AFHgog PAH 7|4 @doltt

59 W AR B Wi 4H) Bl e
C SIS A sl 44 @l Wl A
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= 7] f1stod AsteKnormalization)E 435t
Ak 1\;_]'*‘—_] oJujz] 78k Tl CNN} ResNet50°]
= /I =dE JEsicion, AAE 718k mdQl
CNN-LSTM¥ CNN-Transformeroll= 4743t 7+4
o7 &3 15719 9 TS shY A" AIE
A8 FASIgTh ol B9l AAIQG 7IRE Rdo] ze
A 7F ARHE B3 AEE g 5 JEE St
dlo|E|AlL- S&(training), A&(validation) & A
H(test) HloJER oIt 5Let €= CCTV I4F
oA F2H ZEolu AlEAT AE THE Ho[EAl
of =3 A% HiAT &Y A7 FARE HolEzt
S5t g BAlel ARgE]e] TlolH  4x(data
leakage)7} ¥HA¥SE <= QJtt. olo] & AFoA= O]U]
2|2} AJEAE B Aol Y7 = 7I1ECe=E §
&, A% 4 A9 dol"E 8:1:19] vE&2 94 Edo}
At o]F Z} Hlolg JHef =3 AR FA
@ olmR|et AAE HlolEE 72 A/dsteith
Table 1] AAIE oln|A] D AJEA #E = 9
2 YE 81i1E EARE o] B T HolHY
Aggolrt, @ olmfA] 7|¥t BT AAE 7RF 2E
o= =olst YR oA} B3} 7|2S Hesiglon 7t
T2 Sy IpYof ARGER] U2 = AIY HlolE
AE ol8st] Hrlstrt. ol=et FA & £ i
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Table 1. Distribution of the CCTV weather
dataset CCTV Weather Dataset
+
Weather Image dataset Sequence dataset p di ¢ Dat
class | (train/validation/test) | (train/validation/test) reprocesse | npu ata
Clear 1,443/188/184 200/47/46 I 1
Fog 1,500/120/120 200/30/30 Single-lmage Sequence-Based
Models Models
Rain 1,456/240/230 200/24/23 I I
RainFog 1,520/160/160 200/16/16 NN ResNet50 E;\ITI;IW Tlaflstt.':ln-ner
Snow 1,512/120/100 200/11/10 I_‘_I I_‘_I
SnowFog 1,510/140/120 200/14/12 Spatial Feature Spatial+Temporal
Learning Feature Learning
Total 8,941/968/914 1,200/142/137 1 ]

7] $1oto] Astat. CNNS F4 79 7 7184
9l 225 Ji#3l= 71& Bl (baseline)Z, ResNet50
2 22} AAS B AS F2UT Aol miAle 9%
siolsly] ofg mele Asielct gk CNN-LSTMt
CNN-Transformers= Z¥Zt =8} 417843} ofglld H|#
UEE 7IHke g mE]] 7k AR EAS 5ol o
HARN AAE Bdl 224, Tl of9|x] 7|5 Zdy}
AAE 715F B 7o) A5 AlolE Blas| fisto] A
aieltt. ol B0l TUe tlolEAl} s 7ol
gl Jxo] WE 71 B A EA4S Addes
H]ﬂﬁ]ﬂ AFH 7 A Aol ARt =d
=S el
F1g 32 2 At F85 vl 7HA] deEd 2do

r.l

olt

A E A7 25 e

CNN(convolutional neural network)S H4k9]
I EAE FEoks dEA] dEd 2d=, &
AtolMs 71E 2= et F ¢ E
AS= &l CCTV Y A%, B vl € A=
A3 22 EAE shgsto] 71 dEE £

(Krizhevsky et al., 2012).

ResNet502 ZEx} AZ(residual connection)&
B AT HEYAS shy S =11 Hdoltt
(He et al., 2016). £ d7ollA= 71 CNNEH Z
2 B4 & 727t CCTV 71 &7 A5l v e
B Hlwskr] s -85tk

CNN-LSTME CNNO& 7 ma|ele] 27H 574

<2 FZ3t % LSTM(long short-term memory)< ©]
goto] meQl 7k ARHY WHBkE Shgoke Edolth
2 Aollxas gt 1HEoR &3 15719 A%

A2

Comparative Performance Analysis

+
Applicability Analysis for
Helicopter Operational
Decision Support

Fig. 3. Deep learning models applied
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Q o]u]z] 7|8 ZE(CNN, ResNet50)7 -3
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Table 2. Characteristics of the deep learning

models used
Model Input | Spatial |Temporal Main' .
type | feature | feature |characteristic
Single Baseline
CNN image Yes No CNN
ResNet50 Single Yes No Resid}i al
image learning
CNN-
Image | yos | Yes |CNN+LSTM
ISTM |sequence
CNN-tran-| Image CNN+
Yes Yes .
sformer |sequence self-attention
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J1o] 2 Zolx wo] S F5E A
e Ao AR Gstel] 9t BHo= #get
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Table 32 &

= h ]

S48 2AEL 7 mdo] QgHoR $U% 4 9
= 4 ol= 9 Hlo|
Bl 34|, diolg £ 7Ie Zo] A4 7k dd

Table 3. Experimental configuration

F-E(category) 47%(configuration)
4 dlojE o ojulA] ¥ JAF AlEA

A I =27 224 x 224 pixels

71d ER Clear, fog, rain, snow,
ZYPA rainfog, snowfog (671 S2)

SEHFTAE =811

1=kei o
e = (@ i 71z 2

&4 .
(loss function) Categorical cross-entropy

SenolA Bl S4B 5 A
gk Sloluufeiule me o] we}

Aolshl 48

2L BUHA fAsEA, Bd o] B A4
- o) AgrHo 2 vwal] 9Ig Rt
sl 2% A% TPo] A8EA gk

OL_“II:IK

=Y Al dlojgAle ol8ste] sttt

o o
19
)

2499 A5 H7k= accuracy, precision, recall,
Fl-score o]&sto] a5}t HEo] AA| E&F
’d6& accuracys 712 B7F AEE ARESIGOH,

2 BER A2 TEHeE EAsp| Hstd
precision, recall @ Fl-scoreZ 37 AE35}9Ith

Accuracy— A A1 dlolH 5 H2A E54
HSS YelE X ®E2 24| Autdel Bx A=
B7kol= d ARESIITE 12y accuracyREOE=
Al AL oL} QEE EXNL =H3F] Hisly]
o]H -2 = precision, recall @ Fl-scoreE &7 &
A5t Precisione 574 AR &3t 2319
HE3E, recallE A4 oiF SHAE SHlEA A&
S 882 9Ju|shH, Fl-score: precision} recall
= TYHOE Ridste A H=E S8

Hdo] oH= EAMS HAMF] Y5to] classifi-
cation reports &85ttt Classification report
= Z+ E949 precision, recall @ Fl-scores &
A oR AAIste] TA7IdT BRI 24949
5 54 S oER A Blusks ° &
S5kt FEFog ZF Hdol 452 accuracy,
precision, recall ¥ Fl-score &4 A& &35}
vwstgon, By Adk= ohg oA 2EdE 714
25 A5 dEFE % g Y SHolA
A

. &=@ap 3 a3
3.1 R2E J|H¥EF 85 HuU

24Ol 452 accuracye}t @A &4 S0 A5
< B5YS vlFoz utdst precision, recall ¥
Fl-scoreE ol-&3to] B7istalom, e 4| H5
v|n Z¥= Table 49} Zth

Table 40]4 Hi= HI9} Zo] CNNZ HE B7F A
oA 7P 2% A5S UERRLCm, CNN-LSTM,
CNN-Transformer, ResNet50 <22 50| Uer
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Table 4. Performance comparison of the deep
learning models

Model Accuracy | Precision | Recall | Fl-score
CNN 0.969 0.968 0.961 | 0.960
ResNet50 0.628 0.627 0.632 | 0.623
CNN-LSTM | 0.854 0.846 | 0.810 | 0.812
a1 0715 | 0685 | 0.637 | 0640

k. CNN9 accuracy= 0.9692 7FF &3kow,
CNN-LSTM< 0.8542 & HA2 =2 Z3E Xt}
HHH ResNet50 7MY 22 g5 Uehlo] =dl +
Zof| W 7 A5 Zol7t F6HA ERI= S

CNN &do] AJAE 7]dF ®E(CNN-LSTM, CNN-
Transformer) 2t} 95t 5 UERH A2, CCTV
QoA 7V dEE FESke 8 AR A
(visibility), B W¥](contrast) ® 7 AT} T2
oz W 3714 S(spatial features)oll A
o&sly| wEesE wWoEth £ Aol ARERH
CCTV 2 149 AA|olx EF=lo] A e
7F A P 34 ghom, iR 7RI ©d
ol F=5] EFE o] itk olof wEt T ofu]
A] 718k CNN2 B335t Al7H AH glolw
EATe R 71 AHE =2 Pt E 2R
| Zo= s

B CNN-LSTM¥ CNN-Transformers= 91448

|

2o CNNEH W2 52 HEr. dukse
2 AAE 719 22 AA9 FA ol A wsh
7t S8%t Y ZH0IA et e Hole AL
2 A Qo IEY & At 51 CCTV 7]

g ElolE Aol A= AlRtel mE WehkT T e
oM Hehts A, i il 3 A= FEeE 22
51 S0 71 ddel B Sa%t JHE AE
T Zlos woEn. E3 AAE HEe Y AlEA
o] oo} glofg i) P A 7] wi2el, A

e AL golH egolMs AR 548 9]

ShgobA] &3 Ao =2 SfaErt. $HH CNNo| 5-dst
9l oju]x] 74k #HQl ResNet50R e 9423+ 4
52 B AL nd 7x Y dlojg {29 Aok
I} #Eo] Ut} ResNet502 72 Axfsk(residual
learning) +2& 2835t oz 7 W2 5

2 HYT ol iR Avt A HelE oA
4% B4 $2 452 Holk 4% YEYIE) o
Sh, B QoI ARF CCTV 714ka4a o] 4
sz Aske dlole] Fme} st A ol
£ 2o UEAS) o] 385 WA ]

=

£ow THEH 23] 4
CNNe| CCTV 949 5714 45 a3¥ez o
ot O 2 5 o= UEd Aoz B4d
o, A4S et HF B A

EER R e
A
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12

f>

Suy

Iz

: (5
2 pm o bl

oo

v g7t dACN FEE e =
ResNet502 A5 SARET B2 455 YEH
9 Fxo] w2t Yukske] A4 (robustness)O|
A ddd & U2 AARIAE o= FHA
(peak performance)Zt YxF3} QFg/Jo] HEEA] ©
317 HojFE= Z3=2, CNN9 7
7} oleile] Az B4l AdiE oz ksl
RS 7= viAE = gk

2she, 2 Q7o) CCTV 714 dlolEAelAs
ool megle] BHe EAo] A4 Amurt B8
A0 B 2 43e oj3es, ol ujek CNNe] A
I 714 ol 71 Agke wee e
ONN 28 7V 940 B8 457} g4l ok
E4S BoH, A ©ele] AARE VRS A
sol WelEE €7 SWEHS AU ot mEe

oo =&

ox
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Ho 2 o
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E3]
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28 Fsgol £2 Ao wEEt
3.2 714 BUAE 22 45 U 54 24

ndl Y1 BR B4 A4Sk flste] B
(clear), SWH(fog), H¥l(rain), +=(snow), H|-Qt7
(rainfog) ¥ = S H(snowfog)2] A 71 714 S
20 tfgt precision, recall ¥ Fl-scoreE B2}
o B2E 2d9 SgaE EF A2 Table 500 &
gstgion, olg Higow A7 BTl
9] 7 B4 v Bkt

dAAer Bl (rainfog, snowfog)ollie &
g 7t s Aot d7IEY B AA Ut
E35] CNN-LSTM¥ CNN-Transformers rainfog
2} snowollA] recalle] A WolAl= AFS Bt
(CNN-LSTM rainfog recall 0.500, CNN-Trans-
former snow recall 0.500, rainfog recall 0.375).
HHH CNNZ ©d7|AHE ofye}t ERb7|AolA = Bl

ille

==
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Table 5. Classification report for each weather class by deep learning model
Precision Recall Fl-score
Weather
variables | NN | ResNet| S | CNN T oxny [ResNer | NN | CNN- | o | Resiee | S | CNY
LSTM |Transfor LSTM | Transfor LSTM | Transfor
Clear 1.000 | 0.623 | 0.933 | 0.829 |1.000| 0.826 | 0.913 | 0.847 | 1.000 | 0.710 | 0.923 | 0.838
Fog 1.000 | 0.631 | 0.852 | 0.742 |0.766| 0.600 | 0.966 | 0.866 | 0.867 | 0.615 | 0.960 | 0.800
Rain 1.000 | 0.740 | 0.875 | 0.750 [1.000| 0.521 | 0.913 | 0.652 | 1.000 | 0.612 | 0.893 | 0.697
RainFog 1.000 | 0.546 | 1.000 | 0.857 |1.000| 0.593 | 0.500 | 0.375 | 1.000 | 0.568 | 0.666 | 0.521
Snow 1.000 | 0.678 | 0.529 | 0.294 |1.000| 0.760 | 0.900 | 0.500 | 1.000 | 0.717 | 0.666 | 0.374
SnowFog | 0.810 | 0.546 | 0.888 | 0.636 |1.000| 0.491 | 0.666 | 0.580 | 0.895 | 0.517 |0.761 | 0.608
Accuracy 0.969 | 0.628 | 0.854 | 0.715

2 oFgZ 9l precision?} recall& F-AI5H3ALh.

g2{clear)2 ZE ZHoA 7FF o5t BF 4
< Uetlth Clears BE HHoA ATiFo=E =
2 B7 462 H9om, E35] CNN2 &7 glo]
7V Al A YEth ol B2 2HA
Al B diE|7E F=55te] BE 714 E9A%ke]
T2o] dHiFeg gol3l] feosE mekE

Fogx= CNNOJ|A] precision 1.000°] H|3}| recall
0] 0.7662.= A YT, ol fog® £ 23t
9] g2 =9k, AA fog G4 dFEIT o
71 EHAE QERENSS uEith

Rain?} snow= CNNOJA 9 =2 &7 6= 1
Srt ¥ AAIE 718F 2E2 snowollA] AriEo=s W
2 precision(CNN-LSTM 0.529, CNN-Transformer
0.294)y& Uetiio], 739 311 EXS o4 os +
EoHA] &gk AoR BAEQI.

vhY 23871 N rainfog @ snowfog)olAl= CNNS
At rdle] A5 Aot FEHH L £E95| rainfog
9] recall CNN-LSTMOfA 0.500, CNN-Trans-
formerolAl 0.375%2 YA Y'Y, 57 24
YA og HES o TAVE AU HolFih

gl v oA = CNNo| ©d7|Ada} B4 &
oA 71 QAR £ A5 YRtk CNN-
LSTMZ @47 1dollAl= Blud 943t 455 fAIsH
Rt AR ETVoIA recallo] Hashe
HYom CNN-Transformer2} ResNet50=
Ay ZZNA precision®}t recallo] B WA
AH o R EQMYS BF B4 Holrk ol#gt S
A BA A= 314804 E)1E A4 H5 vl A3

Fol B 71 Sea SEME AwkslA ekt
Ao, B ATl TSI CCTV 7oA A
744 A gy md9e] 3748 S4e] 1 &

5o 6% F9T GAL 2P 2L oA el

re,

Z39ohH, clear, rain @ snow®} Zo] tHEZQ
37t EAo] H|ud W3t 714 2AAe B
oju|x] 7|8k CNNeo| 7F} =2 B7 452 UeEkith
WY fog precisiond} recall®] A B3l 37|
Aol &5 7Fe8e AARERCSH,  rainfoget
snowfog®t 22 EP7|dolA= &3] AAQ 7|9 =
H(CNN-LSTM, CNN-Transformer)®] recall *|3}
7F FEAeh ol7gt dik= CCTV 7|9t 714 &7
ndS g 2 AEY Adol A8 of A
A accuracy® ofHgt A E Bl SEA9
recall?} precision AAE A 1FHoF & 2QJu]
3t 9] AA| E7IS gd71deE Idd A
SIATE At A Aot SAlo EAsks 919
Z7E& FES| AR X &= Qleug, Hi7|A

et 25 2 EeA]l &7 2dS Adse W

©

gom P8 Bast gk

33 W2AZE 2F JAZY XYS Y3t MY
2y

£ 7o) Zmol4 ONN Zde Balrliar 23

PV Al TP 941 Qe B e
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Weather Information Sources

Korea Meteorological Administration (KMA

METAR / TAF / SIGMET

Weather Radar

Satellite Imagery
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Integrated Weather Assessment
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Helicopter Operational Decision Support
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Safe Helicopter Operation

Fig. 4. Operational concept of CCTV-based
weather information for helicopter operational
decision support
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