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[Abstract]

Fog significantly impacts not only civilian sectors such as logistics and transportation but also the
scale and strategy of military operations. However, its complex mechanisms and strong regional
variability make accurate prediction challenging. This study proposes a localized fog prediction model
that combines a Physics-Informed Neural Network (PINN) with regional meteorological data. Using
weather observations from Taebaek, Gangwon Province (2015-2024), the model performs data-driven
learning and incorporates three key physical relationships—Clausius-Clapeyron equation, relative
humidity, and dew point—into the loss function to reduce error. Results show 84% accuracy and a
59% fog detection rate, surpassing the military’s empirical model and machine learning-based models
such as XGB(49%) and LGB(50%). This study demonstrates that embedding physical principles into
machine learning enhances the reliability of fog forecasting and supports the development of localized

prediction models.
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I. Introduction
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II. Preliminaries

2.1 Problem Definition

Mh(fogh= W7l 5 25717t 325t AmH o
UAlEE 22 dHE FRTeEN AIFS Kl?ﬁ}% 7]
A} siatolct dutdlo g2 41 AJA(horizontal visibility)
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G A A 28 U AL AR T Ol BE
oAl 7hA14t o Kiéﬁﬁ}% zQ Reloa A3l
el Wy g3 1 B uAY S tet BAk o)
(radiation fog), °]& 9Ml(advection fog), &= QM
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2.2 Physics-Informed Neural Networks (PINN)

7)1&0] dajd 78t of& E(MLP, RNN, LSTM )
2 Zojxl HlojEle] FAK BuE sSsiel Yela &2
7}4 N& gL uMEA B2 ndalsls 9l
22 Z59 golst gud Ao Jed
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A (1)t o] sk ek o]2 EaiA wlo] Autal
J
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2.3 Meteorological Background

2.3.1 Physical Conditions for Fog Formation

Pl 712 er ti7]59] 7]t oA 2= Ao
7FAY Qg dl, & ti7159 25717 2eldEd] o=
2 0 wgstet] F2 oRlo] AEHY BAhgzto] s}
A wEstn $3 37171 Aoz Ate Al 9F
S T YL ) ] K} PgRo 2 e %
L 7N ARYE 7]-&(Temperature), 0|24 2% (Dew
Point Temperature), Ath& = (Relative Humidity), 24
(Wind Speed), ¥ XKDiurnal Temperature Variation)
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2.3.2 Conditions Incorporating Physical Losses
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2.4 Related Works

2.4.1 Domestic Trends
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2.4.2 International Trends
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III. The Proposed Scheme

3.1 Dataset Description

& Aol ARREE HlolH e G = EfHiAl0] RIS
IR 7 )35 7du] (Automatic Weather System, AWS) 2
HE 20159%E 2024A71K] 1A17F @92 1087F 24
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Table 1. Data Sample

time e hum dew
air land

201701010100 -2.5 -2.7 67 -7.7
201701010200 -2.5 -2.8 71 -7
201701010300 -25 -3.1 72 -6.8
201701010400 -2.7 -3.2 75 -6.5
201701010500 -2.8 -3.2 74 -6.7
201701010600 -2.4 -3.2 73 -6.5
201712312300 0.4 -2 86 -2.3

3 HolH AE9] & oF 89 700001 Hoju] AE &
N LA (fog = 1)of] sk e OF 26% 502 F
2 A7te] o] EASIITE ol Bl sl o5 o
ole] 7/ Al B4 HA(under-sampling)} S22 7H5A]

(class weighting)2 A85to] RHo] F Z0 2 x| QA] &t
52 ok s WA B3 AA] 1olN AEAIE
aekst MES2 M ' 7P (linear interpolation)g E-of
wrslolct

3.2 Model Architecture

S Albse] R0 Pyt

3.2.1 ANN-Based Prediction Module
712 EAxE o= fgAE2(Multi-Layer Perceptron,
MLP) 2 42152 E3felol § 57lo] o2 p4d

o QEe VI 14AL0IR, ol2F, FURE. F
4 512 Ydo} 2UFS SAPK0R Sl 7} 2
Yzolis 2et P42 AHgslel BINAES Shust,
2 39 w20 Ak HE 128hl HAHOR &
AE RS gl 2252 Sigmoid BE 42
PGBt @Y C2 YHN ] WAgelRe Wt
she ol B8 2Alo] N 4B 2 FYES ol
k. ojaigt 7L dlole] 7ure] BRI HHe skt

3.2.2 Physics-Loss Integrated Constraint Module
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3.3 Physics-Informed Loss Function

7R =22 AAE Ee A &5 A2 E A
7] ¢35l Clausius-Clapeyron HAAl AtiGE AL
Magnus-Tetens 5415 Wgste] 24 (5)9F 22 &
AL st

Lir = Lygta 7 A * Lgg + A5 ¢ Ly, (5

],

4= ol

g

ol
U=

o171M L, = ElolE] 718t 8H50)4 9] Binary Cross
Entropy £AIgfo g o]d 25 FAoA 2Ho] o
oY WAy EhEat AR o

2712
EET Loyt ASE 2402 559 34U

I
o]
=

ARQ PaL Fig. 13+ 2t}
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Dataset
balanced.2015-2021

{

Input Layer
Temperature
Dew point
Relative Humidity

-

Hidden Layer

< 7% 23S Yed Zlolt. A3A 0.2 epoch 500]
A 29 ALXBIT 7 2451900 Fig. 2= Ao
Oj3t £%5383(confusion matrix)o|c}. o= @allo] AT

JHE. sh&nto 2 & OPRIA0] =S ThMsh

128 Nodes —
| i Biyslesloss Table 2. Performance of PINN Model(epoch=50)
: Saturation vapor pressure |
8 Nodes Dew point i Learning | batch- .. I F1
1 Node ) Relative humidity _rate size accuracy | precision;  reca -score
o: . P 16 0.82 0.54 0.75 0.63
utpu 0
e e H| P o0 [T | os | os | orz | 06
[ otalloss 16 0.83 0.58 0.68 0.63
L 0.003 32 0.83 0.58 0.65 0.61
64 0.80 0.51 0.81 0.63
Fig. 1. Model Architecture 16 0.82 054 0.76 063
0.004 32 0.84 0.58 0.71 0.64
3.4 Training 64 0.82 0.54 0.78 0.63
_ _ 1 84 59 69 64
22} o152 TensorFlow 7]ite} Geid Lo @93 0.005 3; 823 827 830 8:3
£ 835t Lgion, xAS LduZ]EZ2 Adam 64 0.80 0.50 0.78 0.61
i _ . _ 16 0.81 0.52 0.74 0.61
Optimizerg AM&OIRH. £7] S158& 0.001= 275t 0.007 2 0.82 0.55 0.73 0.63
A3 OJYufx] Z7])= 32, Ao of|Z(epoch) = 5002 64 0.80 0.50 0.81 0.62

WAgstol HNS YAlslAr. 2do] Sl 20159
BE} 2021971K]9] 7719 73S ClolElg sl AF
goigon, ShyE BHo] Y5 A5 U Uvtel WIloe
20222458 20245971K]9] FZ VI ClolelS S
AEMOR ALgSIGLL. of T, ¥ Aol AR
dlo] Mgt B2] Aok 2719 gute AZs1] ¢lsto]
A TEO| ABUFYANN) 2BE v 2202 M3}
gy, vpede S :

U AL} &5 Rl =
2] AoFRE AlJst A2 stGEES slgey ol &
of 22 7|5t &A1 &47t of|E 350 DRl dFS A
Froz FAT £ Qe s STt
IV. Results

Table 2+= PINN Z5lof] tfjgh cjefst st&&, HiA] 2
7|(batch size), o= f(epoch)}E £t sI52 4
Yt 51, HAE HolES Zesl] B H5e Wi
ZAuE gt Aot Ad 2} staE 0.005, Bzl 2
7] 162 AFOIH 7V S48 Y5 Uehgon], o 3
oM 22 FE 84%, N FefA
59%, Recall %} 0.69, Fl-score 0.645 7]=35t9

Table 32 &&5E-2 0.005, batch sizeE 1602 1A
gF AJEioll A epoch 5 HISFA[7A7IH PINN 29| 5

Table 3. Performance of PINN Model(learning rate=0.005)

epoch accuracy | precision recall F
-score
50 0.84 0.59 0.69 0.64
100 0.81 0.53 0.77 0.63
500 0.82 0.55 0.76 0.64

Confusion Matrix - PINN (Test Data)

'? 2539
z
3
L
§ - 1670 3695
No .Fog Fc;g
Predicted
Fig. 2. Confusion Matrix(PINN)
Table 4= & Ato|Al Akt PINN 7§t QP ol &
Dt 7180 Z[AES 7N 2E, 121 S0l EE
shel A3 ]9k iRl AHEEAle ol% s vlast
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Zyfo|ct. PINN 2do] Agtdo=s o A& s
7V St Auts Belon, o %

= S|
=9 WS s 2 QWS AEshLl &
Al o5 g5 B FIAE & e 45T A=
S 4 o}, ESh, FUt A 2 AloFe A&
3HR] 4o Q1 FAIZATHANN) 2L vlw2o 2 AHAs}o]
st R B7HS 498t 23 PINN 7|8 =elo] e}
M-S o] 92 Bigez 2ot PgAol A2l =
< o5 2aE =ESIT oS &5l =Y AldY =Y
o] T AEY tiEl o152 Bt s ol BEA

],

Table 4. Performance Evaluation

F1-score
0.59
0.62
0.60
0.64
0.04

precision recall
0.49 0.73
0.50 0.81
0.77 0.47 0.84
0.84 0.59 0.69
0.80 0.61 0.02

accuracy
0.79
0.80

XGB
LGB
ANN
PINN
szedY

V. Conclusions

5.1 Summary
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5.2 Limitations
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5.3 Future Work
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