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Abstract

Airport visibility is an important weather indicator for the operation of civil aviation airports. The
existing business mainly uses empirical forecasting and numerical forecast interpretation to
forecast airport visibility. This paper use the deep learning method to construct a regression pre-
diction model of airport visibility by using the hourly visibility observation data of Urumgqi Airport
in winter from 2000 to 2021. Through the factor training of different durations, it can be seen that
the model with the visibility in the past 48 hours as the factor training has an average absolute
error of about 322 m. The hour-by-hour prediction results can better predict the maintenance and
change process of airport visibility. It can be used to forecast airport visibility.
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Figure 1. Schematic diagram of three-layer
neural network
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Table 1. Construction list of predictors

= 1. TRE TR

5 12 n N ERE ToAh T i

1 n==6 6

2 n=9 9

3 n=12 12
4 n=24 24
5 n=736 36
6 n=48 48
7 n=60 60
8 n=72 72
9 n=_84 84
10 n=96 96
11 n=108 108
12 n=120 120
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Figure 2. Comparison of prediction effects of different models on dominant visibility
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Table 2. Comparison of the mean absolute errors of airport visibility forecasting (unit: m)

= 2. HLI7EE E TN T LB FHRZE XL (B AL m)

0<Vis<1000 1000<Vis<2000 2000<Vis<3000 3000<Vis<4000 4000 < Vis<5000

train 417.47 426.69 572.96 661.20 519.15
¢ test 500.28 335.26 497.96 647.47 523.14
train 429.66 453.54 601.91 691.24 581.13
’ test 516.15 357.57 540.46 675.81 597.21
train 413.77 420.99 565.01 657.40 520.65
= test 496.66 333.25 504.57 663.96 536.44
train 393.23 401.40 538.06 647.95 531.51
24 test 449.13 329.17 508.73 676.52 573.77
train 503.97 482.94 611.41 678.84 53243
% test 596.06 408.04 588.07 708.65 609.92
train 416.79 419.56 551.99 651.93 511.29
8 test 469.61 356.74 532.55 665.09 591.38
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Continued
train 419.06 434.52 577.78 671.03 550.70
o0 test 492.08 359.21 545.43 685.84 604.47
train 449.86 447.45 577.89 663.60 525.76
b test 523.78 383.90 557.45 690.95 606.21
train 524.96 474.38 585.91 654.43 518.80
o test 632.11 427.50 592.73 699.60 603.12
train 433.83 430.88 560.87 652.18 531.52
% test 499.06 364.70 526.49 666.67 590.07
train 500.13 471.67 590.88 664.89 545.77
108 test 603.93 410.48 561.05 673.03 584.71
train 419.03 418.97 549.98 647.24 532.50
120 test 510.58 366.19 521.52 671.63 570.75
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Figure 3. Comparison of forecast effects of low-visibility weather processes at Urumqi Airport from February
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