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Development of Weather Information Acquisition Technology using
CCTV Video and Deep Learning for Low-Altitude Aircraft Pilots

Jo-hwan Ham', Seoung-cheoul Yoon', Cheon-yeol Yoon', Jongchul Park™

ABSTRACT

The safe operation of aircraft is closely related to weather conditions. Aircraft operating at
low altitudes, in particular, are highly susceptible to rapidly changing local weather phenomena
occurring near the ground surface. Aviation accidents related to adverse weather conditions
occur consistently each year. Furthermore, the frequency of such accidents is expected to rise
even further due to the anticipated rapid growth in the aviation transportation market. This
study proposes a method for providing accurate and timely real-time weather information to
pilots operating at low altitudes. To achieve this, we developed a real-time weather
classification model based on a convolutional neural network (CNN), utilizing CCTV video
footage originally intended for road surveillance. The developed model is expected to
effectively deliver weather-condition information to pilots, thereby practically contributing to
enhanced aviation safety in low-altitude flight operations.
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Fig. 1. Research flowchart
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Table 1. Collected videos and image pre—pro—
cessing data (unit: count)

Type |Clear| Fog | Rain |Rainfog|Snow|Snowfog|Total
Video| 301 | 253 | 103 | 51 103 92 903
Image|1,491|1,259(1,499| 1,459 |1,494| 1,467 |8,669

oJH|RE FE3lo], ¥ 8,669719] oln|X|E E55I9
o =" A9 IR A= clear, fog, rain,
rainfog, snow, snowfog®] 6714 SA2 FEI
tKTable 1).

ok 71 RS WH9E Y S H8l ==
9 B2 IELEL} =8 EStgen, eyt
9] FAAAHEPEIN] A PH ES qrefsto] Akt

7

59 WiEsHoF 2|gog AEsleltt. 5YUgt Ah
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National road

Pln.

Pln.: plain area
Mtn.: mountainous area

Fig. 2. CCTV footage of highways and general
roads

U 1z0] 91 9 8 52 WO o]n|X|% 283}
of F& ShyEgrh 1enE B Aol s =Y
o AL B gHo] S3p8l oln|X|E SR ol
oRE A W) So] thet AR Bol] el
L ojg, sheo] g 71 B Arpze S
wo] {42l 53 7P} olgolAok & Holct.

2.3 O|0|E HMX{2|(Data Preprocessing)

CNN 2d gk IolA] =2 HEgEE 7] Ydf
A= 85 tHlolEE 8- o 7Hgshe AP (pre-
processing) I7go] iAot} & Atoi= =3
H G4 HolEE g B0l wet A Ix e} 54
IR FEst, ZF gR Q] EAJo] wko] A3t o]
n|A] & 9 AXE FFSHA.

4 W Bhe(clean)Zt S (fog)2 AT
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Fig. 3. Structural similarity and outlier detection
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Image Clustering Across Weather Classes

PCA Component 2

PCA Component 1

Fig. 4. Clustering analysis results of
preprocessed images by weather class
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T Eg 5 ol RES A8olel Be4T A
o ZERSH BE bl A gploE U 011:]—_ Input(shape=(224, 224,. 3))., L
9 74 Hc]'élf_)_ R L Tt Conv2D(32, (3, 3), activation='relu’,

o] 5 FAsHAl wiAE 4 91, oIy —**Oﬂ

g 9Ed AVt Zhsshe ARl o
(Krizhevsky et al., 2012). ¥, £Z 7|9t 442

Eol5t T2E HkEH 08 ARQSIs HpAlo s zhe
AEE FA B 97K dAZde=s g
Aol, EA9 ASH #&| Aot EJF HY
Q52 7hsSHA ok, ok &= 9 vkl Aol
M FHE 7HItkHe et al., 2015).

2 dFolMe F 7 BE 4 Al
Al 7HA] BH] 2ES AASHIH. Table 2= Al
A ARERE BE R0] JRE AR Aolot. HEld
oo HA A ey dilo| 92 F= Wt
HE goug 7|2 dAE 7|1&0 =2 - HPok= T
Alog teofgt FEje BdE HASIS

29 12 71 71249 baseline J4& ZA=S o
& FRE Y AAlsto] v 9] 71&4E viRiskeith
gl 2= o 52 ©F 729 vARY 39 294
& JrEste] Ho AldsHA E4 6]'A°] 7hsote s
Z5 Zo1eity. 14 32 Conv2D 3 F 7HE shtt
9ol E5o= R FH=E F Al MY £55 /dst,
E5 &9 A B4 5 A2 ASotAt 6isl
th 2= 2dof o]u|R] A¥2 224 x224 =719 RGB
ojmA & AoJstalon, A FF SolA= 32719 2
HE AR&sto] oju|X25E olZ|(Edge), A Wt &
I 22 71EAQ] A EAS FE5190H EHY
7] 3x30|H, 'same’ WP A-Esto] & ojy]
29| 37+ 2715 FAISHAE BlARS Fofshr] ¢
3l A3t SK=2 RelU(rectified linear unit)& A&
silom, 12 A4etE o TS AAlsHIth

7k BE9] AL AR AmEH AR R
Aoz g Bd 12 3709 FFS(Conv2D)T} 1
7N HAAZS(dense)2& Aol TP Tedt

_/_\o
H =

» —[> dm 7

=

Z83to]

basehne 25 visiych e 2= 29 13 f4}
b & TS FABHEA R AUet sy AAE 99

fine-tuningS F7}oto] &<59] AT Unts) s
< T & UEE 29 22 AASIG & |2
92 Z(layer) 28T oflg}t sk A& (optimizer,
learning rate, batch size, epochs), 7FSKbatch-

padding='same', kernel_regularizer=12(1e-3)),
MaxPooling2D(pool_size=(2, 2)),
Dropout(0.3),

Conv2D(64, (3, 3), activation='relu’,

Moldel padding="same', kernel_regularizer=12(1e-3)),
MaxPooling2D(pool_size=(2, 2)),
Dropout(0.3),
Conv2D(128, (3, 3), activation='relu’
padding="same', kernel_regularizer=12(1e-3)),
MaxPooling2D(pool_size=(2, 2)), ropout(0.4),
“8=h....
Input(shape=(224, 224, 3)),
Conv2D(32, 3, activation='relu’,
padding="same', kernel_regularizer=12(1e-3)),
BatchNormalization(), MaxPooling2D(),
Dropout(0.2),
Conv2D(64, 3, activation='relu’,
padding="same', kernel_regularizer=12(1e-3)),
BatchNormalization(), MaxPooling2D(),

Model |Dropout(0.3),

2.

fine_tune Ir = le-5
model.compile(optimizer=Adam(learning_rate
=fine tune
_Ir), loss=focal_loss(), metrics=['accuracy'])
plain_gen =
ImageDataGenerator(rescale=1./255,
validation_split=0.2) ....(A4=)....
IInput(shape=(224, 224, 3)),
Conv2D(32, (3, 3), activation='relu’,
padding="same’,
kernel_regularizer=conv_regularizer),
BatchNormalization(),
Conv2D(32, (3, 3), activation='relu’,
padding="same’,
kernel_regularizer=conv_regularizer),
BatchNormalization(), MaxPooling2D((2, 2)),

Model Dropout(0.3),

3 .89

Conv2D(128, (3, 3), activation='relu’,
padding="same’,
kernel_regularizer=conv_regularizer),
BatchNormalization(),

Conv2D(128, (3, 3), activation='relu’,
padding="same’,
kernel_regularizer=conv_regularizer),
BatchNormalization(), MaxPooling2D((2, 2)),

Dropout(0.3), ....(A4....
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normalization), €¥ks} 7]¥(dropout, earlystop-
ping), dlol8  AZ(imagedatagenerator, input
shape) 5 TIRL slolHneiu]e 24 B9 4
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o|ZF &o|1 A 7 FE 52 Eol1A sigith
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Ml
e
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)
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o
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Fig. 55 &4 8% & ZF 2d9] AT (accuracy,
Model 1 Model 2 Model 3
Accuracy per Epoch
1.0
Train Accuracy Accuracy per Epoch Accuracy per Epoch
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o8 0.8 Validation Accuracy - 0e Validation Accurs AT e e
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07 08 » v
.06 07 //\\//\, N\
g A — 7\ P
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03 & 2 /
0.2 \ /
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5 Loss per Epoch oo Loss per Epoch Loss per Epoch
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L L S 830
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Fig. 5. Accuracy and loss changes per epoch for each model
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Table 4. Confusion matrix and AUC results
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