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Thermal Inversion

e Thermal inversion is common natural phenomenon

e Atmospherically, near-surface air temperature > that above the surface

Source: https://lotusarise.com/temperature-inversion-upsc/



Adverse Effect

e Cause various hazards to different socio-economic sectors

e The changes of dissipation of pesticide spray solution 1n agriculture

e PM 2.5 and black carbon percentages are higher during inversion days

e Highly correlated to hospital visits for acute respiratory and
cardiovascular diseases

e A hidden cause of Titanic Disaster 1912 (from FOX Weather News)
https://www.foxweather.com/lifestyle/titanic-weather-thermal-inversion-

mirage-optical-illusion



https://www.foxweather.com/lifestyle/titanic-weather-thermal-inversion-mirage-optical-illusion
https://www.foxweather.com/lifestyle/titanic-weather-thermal-inversion-mirage-optical-illusion

Our Gal ?

e Challenges
» Lacking of appropriate datasets

» Lacking of an accurate prediction model

e Developing the first Al-based holistic framework for accurate
temperature inversion prediction

» Creating a professional dataset for thermal inversion purpose

» Propose a method for thermal inversion forecasting



Two Data Sources
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Dataset Design

e South Alabama
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e Coordinating

Level-2 coordinating Level-3 and Level-4 coordinating
A
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Station Coordinating Index format: {A—E}{1-6}:{1-9}:{1-9}
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WeathgrLore Mdel |

e Take our crafted dataset as input

e Make accurate temperature inversion prediction over next few time
horizons, 1.e., next T mins, 2T mins ...
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| OdelDesign o

e Feature Extractor
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| Model Design |

e WeatherLore Codebook
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| odelDesigp |

e Lore Aggregator
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| Model Desigp |

e Sequence Encoder/Decoder

cquence Sequence
Encoder Decoder

0: Non-temperature inversion
1: Low temperature inversion
2: Medium temperature inversion
3: High temperature inversion
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_Model Design

e Feature Decoder
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Experiments

e Five Mesonet Stations:
» Agricola, Elberta, Mobiledr, Dixie,
and Foley
e Data period
» 2017 and 2018 for training
» 2019 or testing

Mesonet:
2m temperature, 10 temperature, total
radiation, quantum radiation, 2m wind speed,
10 wind speed, vertical wind speed, 2m wind
direction, 10m wind direction, 2m relative
humidity, and 10m relative humidity

It takes 16 minutes to produce all datasets.
The dataset size is around 120MB for each quarter.

Id | Feature Height level
1 | Maximum/Composite radar reflectivity 0 2
2 | Wind speed (gust) 0 2
3 | Temperature:K 100000 Pa 2
4 | Dew point temperature:K 100000 Pa 2
5 | Ucomponent of wind 100000 Pa 2
6 | V component of wind 100000 Pa 2
7 | 2 metre temperature:K 2m 2
8 | Potential temperature:K 2m 2
9 | 2 metre specific humidity:kg kg**-1 2m 2
10 | 2 metre dewpoint temperature:K 2m 2
11 | 2 metre relative humidity:% 2m 2
12 | 2 metre specific humidity:kg kg**-1 2m 2
13 | 2 metre dewpoint temperature:K Z2m 2
14 | 10 metre U wind component:m s**-1 10 m 2
15 | 10 metre V wind component:m s**-1 10 m 2
16 | 10 metre wind speed:m s**-1 (max) 10m 2
17 | Upward long-wave radiation flux:W m**-2 10 m 2
18 | Downward short-wave radiation flux:xW m**-2 10 m 2
19 | Derived radar reflectivity 1000 m 2
20 | Derived radar reflectivity:dB 4000 m 3
21 | Temperature:K (instant) 50000 Pa 3
22 | Dew point temperature:K 50000 pa 3
23 | U component of wind:m s**-1 50000 Pa 3
24 | V component of wind:m s**-1 50000 Pa 3
25 | Relative humidity:% isothermZero 3
26 | U component of wind:m s**-1 highestTroposphericFreezing | 3
27 | Derived radar reflectivity isothermal 263 K 4
28 | U component of wind:m s**-1 25000 Pa 4
29 | V component of wind:m s**-1 25000 Pa 4
30 | U component of wind:m s**-1 30000 Pa 4
31 | V component of wind:m s**-1 30000 Pa 4




Experiments
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Experiments

e Temperature inversion forecasting results for 35 stations in four quarters

Accuracy Rates JFEM AMJ JAS OND

5 15 30 60 5 15 30 60 5 15 30 60 5 15 30 60
Elberta 88.5 863 829 76.1 | 924 912 908 87.8 934 91.0 887 835 | 8.6 822 817 756
Agricola 92,7 91.1 805 756|921 900 855 814|932 876 81.1 734 | 865 848 815 773
Mobiledr 83.0 82.1 77.6 73.1 906 872 855 805|927 90.8 844 768 | 8.7 83.6 788 720
Dixie 89.6 833 829 774 |93.1 88.1 878 821|942 933 0925 89.7| 8.0 82.6 804 743
Foley 854 82.1 808 7731902 895 873 850|935 924 0903 882 |84 813 805 751




Experiments o

e Comparative results in terms of Acc (accuracy), Pre (precision), and Rec
(recall) at Elberta station in four quarters

Period Quarter JFM AMIJ JAS OND
Models Acc Pre Rec | Acc Pre Rec | Acc Pre Rec | Acc Pre Rec
SVM 770 68.1 713 | 696 698 716 | 685 776 69.7 | 714 7T72.5 T74.8

5min | LSTM 798 714 779 | 705 724 655 | 684 693 755|727 7T1.7 70.8
WeatherLore | 88.5 90.3 90.1 | 924 915 927 | 934 90.7 904 | 86.6 87.4 85.1
CNN 65.1 635 589 672 704 598 | 705 733 72.1 | 61.6 70.0 68.5

1 hour CNN-LSTM | 672 693 605|678 71.1 630|755 742 750|659 721 171.8
U-Net 73.0 723 665|691 755 682 (773 750 773 |70.2 733 72.0
WeatherLore | 76.1 784 783 | 87.8 83.2 86.6 | 83.5 &83.0 85.1 | 756 76.1 774




Experiments

e Comparison between WeatherLore model and its variants for five
Mesonet stations

Metircs Elberta Agricola Mobiledr Dixie Foley

Pre Acc Rec | Pre Acc Rec | Pre Acc Rec | Pre Acc Rec | Pre Acc Rec
Lore-Code 797 784 772|762 794 78.2 | 83.3 86.7 84.1 | 79.3 78.1 787 | 80.6 81.2 8l.5
Lore-Data 765 73.0 754 | 771 780 752 | 727 734 756|734 720 732|715 733 720
Lore-2 88.5 90.3 89.7 908 89.1 846 | 827 884 827 | 879 896 875|846 883 85.7
WeatherLore | 88.7 909 915|927 896 84.7 | 8.0 88.6 852 |89.6 90.0 88.0 | 854 885

86.1




Conclusion

e (Create a dataset for studying the thermal inversion
e Propose the first thermal inversion forecasting model

e Evaluate the performance on a variety of Mesonet stations



