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Abstract

Focusing on the airport frost forecasting task, this study utilizes ground meteorological observation
data from Shenyang Taoxian International Airport collected during the winter half-years of 2019 to
2024. Based on the physical mechanism of frost formation and Pearson correlation coefficient
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analysis, representative forecasting predictors are screened out. Six machine learning models—Ilo-
gisticregression, support vector machine (SVM), random forest, XGBoost, LightGBM, and multilayer
perceptron (MLP)—together with two ensemble models are established for frost prediction. The
dataset is divided in chronological order to ensure evaluation objectivity, and classification threshold
optimization is conducted with the goal of maximizing the Threat Score (TS). The results indicate
that SVM and random forest deliver the optimal forecasting performance, whereas ensemble learn-
ing brings limited performance improvement. Threshold optimization can significantly enhance fore-
casting capability, with the relative TS improvement of each model ranging from 17.4% to 51.9%.
The air temperature at 01:00 is recognized as the core predictor, and the importance ranking of all
factors conforms to the physical mechanism of radiative cooling. Overall, the random forest model
constructed in this study achieves the best comprehensive performance, and can provide technical
reference for civil aviation meteorological departments in operational frost forecasting.
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Figure 1. Distribution of the number of frost days by month during the winter half-year at Shenyang Taoxian Airport
(2019~2024)
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Table 1. Pearson correlation coefficients between hourly observations of selected meteorological elements and the occurrence

Oifflr?séﬂﬁ’%%%%zﬂﬂﬂ%ﬁ—'ﬁ%ﬁiH’\J&d’*\‘ﬂffﬁSE,%%I
1 B 2 I 3Hf 4 1] ) 6 It}

T-FR —0.6265 —0.6263 —0.6255 —0.6199 —0.6226 —0.6214

1Tg-FR —0.5584 —0.5435 —0.5422 —0.5399 —0.5518 —0.5656
rT-Tg-FR —0.2080 —0.2151 —0.2561 —0.2490 —0.2553 —0.2142
rRH-FR 0.1850 0.2228 0.2252 0.2195 0.2459 0.2810
rwind-FR —0.4782 ~0.4662 —0.4038 —0.4410 —0.3725 —0.3285
rCloudall-FR —0.4588 —0.4681 —0.4701 —0.4528 —0.4927 —0.5435
rCloudlow-FR —0.3014 —03638 -0.3701 —0.3431 —0.3955 —0.4228

DOI: 10.12677/csa.2026.1610311 66 TFENUER S N A


https://doi.org/10.12677/csa.2026.1610311

FT—, R

2.2. HETALE

SR RIS, KSR NRHERE (7 Z-score FRAEACAEIE. FRYE(LZ MR i VIZROE S, 800 e
.

AESCRAERSY . 6 BIRTRR T 15 BRI, BEFLRI 225 ARORAE L, SBUB I e
BTG, LA SR TR BRI 7, e TR A B 80% R IZESE, 1T BRI S e %
B, 5 20%(E MR, (U TR, T2 SIEMIIGLR, URET S R0 20
P, SRR 5 505

2.3. HlEFFIJER

ASCEEUNF R A REBERINL S S I 5, R eV ER A . 77k, PR U A R 28 X 2 I 2%,
) i S 79 o B A 2R
AR AR 4 ML 4y AR, @it Sigmoid PR LR, 5RO R RTAEREIE R ISR B R
THF A EHL(SVM)FI B AZ e E0K S GG R AE WS 31 iy 4 2 8], i SR K [RIBG 2 R P se Bl 0 28, 78
INEEAS S JRZRME R E R B A . A SCR A RBF 12 A 4% R 40
K (x,y)=exp(-yx—)7) 1)

BENLARMAZ 2T Bagging HEZRMISR 23] U515, BEALIMEBORE A A RFAEAL 2 2 AR DS H 22 far - L
HAERE R, RERBURMIE B R EAl . XGBoost Al LightGBM JE b FZA& T 1 i AL B, L8R AT
G, JFNE RN RR RS L, LightGBM fEILHEA EOALIIZRRCR

2 JREFIHLMLP) S S B Al O AT ISR 22 X 2, ASSCR I L2 B UZ (a7 1k MLP 4544, i T30 eV
A TR B 2 S & A

NIRRT G TR 77, ASSCHIEE T P RP SR e SRR s o 5 S AR it R SR B R AT %2
B MR AR B DA R AUC SR Rl TR0 ARE 25 10 B 5 S A o

2.4. BEEAM

AR PR R A 5 T2 ORAIE AT S BT . 28 X iE R REE Y R4 P e 1 2 31
¥4, HRIES TR NNRERFE . RINSEUR S SETIEN 258, WEE . BRRE. Mg
M TLE RS OB S
2.5. T istr S BEM L

AR FFI R B AUC % SR SEVP AL, #hxd AT L 5545, FLAURAT TS
PE (B TE N ORI TeRR, i E PRk 55k, HibE AR N:

Ts=— 1P 2)
TP+FN+FP

Hrp, TP AIEMTRMFE HE, FN NIRRT HE, FP s #kiE HEL.
WO AR BRI L 0.5 19 70 SR BAR, AR i R T R, ASCLL TS W e Kk
HIERR, 1E0.1 2 0.95 X (8] s 2 R AR e 0 R BME, ARSI R S R R i i 1 Al

3. {REMMERES TR
3.1. SEBEMRLSH
B R ERABIE 0.5 SE BRI, RS PEAR eyt BE 3 s v vt , B ARECE 25 SRR B 7>

DOI: 10.12677/csa.2026.1610311 67 THEAURF 5 R


https://doi.org/10.12677/csa.2026.1610311

A¥I5), BAARANED, (A TS Wik B HBOAREICIEE RO s 5, 20T B E
CLYZAR R LS TR

PABEHLAR MY, S FEBIE AN 0.1 A2 402 0.95 i AR h B3R bx 0 AR5 2), BB R T IEFE,
A BN R ETY, TS W0 BT R BRI RIEL S LR 0.83 4k TS IAFIIE{E 0.885,
NEACT B ARBIE N R A E R, I R RME S, INIRPRIESE I, TS PR FFEEmEliE.

TS=0.885

Py

—_— R
e TSTE4Y

0-0 T T T T T T T 1 T
0.1 0.2 03 04 0.5 0.6 0.7 0.8 0.9
S REE

Figure 2. Changes in key performance indicators during threshold variation in a random forest model
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Table 2. Comparison of TS scores for each model before and after classification threshold optimization

= 2. EBENLETE SR TS IS RItE
AL B E BIEAET TS 15y BMEMRMLE TS P9y TS WX T A bl

g A mYE 0.68 0.605 0.710 17.4%
SVM 0.88 0.657 0.885 34.7%
RENLARA 0.83 0.605 0.885 46.2%
XGBoost 0.70 0.535 0.767 43 4%
LightGBM 0.71 0.605 0.821 35.7%
MLP 0.69 0.460 0.579 25.8%
AR 0.75 0.561 0.852 51.9%
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Figure 3. Comparison of comprehensive performance metrics for each model after threshold optimization
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Figure 4. Comparison of ROC curves for the models after threshold optimization
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Figure 5. Confusion matrix for the random forest model at the optimal threshold
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Figure 6. Feature importance heatmap
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