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Turbulence warning based on convolutional neural network by lidar
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Abstract: In order to realize automatic turbulence warning, a novel turbulence warning algorithm based on
convolution neural network(CNN) by lidar was proposed. Firstly, the velocity structure function was constructed
from the wind speed data obtained by lidar; Then, the eddy dissipation rate was fitted, and then the eddy
dissipation rate was constructed as a pixel data set. The data set was input into the CNN model composed of two
convolution layers, two fully connected layers, one softmax layer and several activation functions for turbulence
identification. The learning rate decreasing method is used to adjust the parameters of the model to train the
network. After the network converges, the loss is as low as 3%. The comparative experiment shows that the
accuracy of the network reaches 85%. Based on the flight crew report of Zhongchuan airport in 2016, the results
show that the hit rate of this method for atmospheric turbulence warning is 80%, the false alarm rate is 13.3%, and
the distort alarm is 6.7%. Compared with the Hog-SVM classification method, the hit rate of this method is
significantly improved, which proves that the convolution network model has strong generalization ability in
turbulence warning, and improves the warning efficiency significantly. It can provide a judgment basis for
relevant weather forecasters.
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Fig.1 Schematic diagram of Doppler lidar
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Tab.1 Relevant parameters of lidar

Parameter Value
Wavelength/nm 1550
Sampling interval/ns 2.5
Laser pulse width/ns 200
Pulse repetition frequency/kHz 10
Accumulated pulse number 5000
Range resolution/m 30
Maximum detection distance/km 6
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Fig.2 Schematic diagram of part of the data
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Fig.3 Network input layer eddy current dissipation rate image
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Fig.4 Output result graph of the first convolutional layer
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Fig.8 Diagram of convolutional neural network training process
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Tab.2 Turbulence warning statistics of the two methods

Date CNN(L/M/H) Vsf(L/M/H) Times of false positives
2016.11.25 H L 1
2016.11.26 H H 0
2016.11.27 H H 0
2016.11.28 L L 0
2016.11.29 H H 0
2016.11.30 M M 1
2016.12.01 M M 0
2016.12.02 L H 1
2016.12.03 H H 0
2016.12.04 H H 0
2016.12.05 M M 0
2016.12.06 L L 0
2016.12.07 M M 0
2016.12.08 H H 0
2016.12.09 L L 0
2016.12.10 L L 0
2016.12.11 H L 1
2016.12.12 H H 0
2016.12.13 H H 0
2016.12.14 H H 0

TESLY I — BN DL, 73 50l T B2 454 bR
05 25 U 22 190 205 1 b 75325 X ] — 00 1K v 0 XU
P PEAT i o BUE I . 403k 2 B, A8 20 O A7 52
Kb, A 3 A0 SR A R A DAY 22 57, SCh s
TR R T A pR G, SRR T 3 A, S
7 1 B U i rh A AT R 85%.

TE 3 YA, 12 71 2 H 2 S5 46 R B0 i i1 45

SRR R W VA T ) 2 AR (1 5 SR O s B I, AR
WK S P A5 SSRGS EAT T — UK R A, T A
F L EE AR AL I R R Ry 33.3%.

Wi KIS A1, TR R iR A v o R 45 4 R B 46 1R R B
i DA P 45, T DO 245 A 7 LR A A Bl I ) 4 A
A R B AT oA, LRI IEL 11 s

T 11 AT, X H A R RRAE F AR, Herp

20210320-7



i E ok A2

% 4 3

www.irla.cn % 51 %

0.50
0.45
0.40
0.35
0.30
0.25
0.20
0.15
0.10
0.05
- ' - 0
(@) 11 A 25 AEHRMEIZ

(a) Image of data on November 25

- 0.50

I ' 0.45
0.40

0.35
0.30
0.25
0.20

0.15
0.10

‘ 0.05
0

(b) 12 A 11 HEdE %

(b) Data image on December 11

P11 PR A R A R 4

Fig.11 Original data image of two false positives
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Tab.3 Judgment results made by two methods on 15 sets of unit reports

Date CNN Alarm statistics(T/F)

Classified statistics(T/F)

Hog-SVM Alarm statistics(T/F) Classified statistics(T/F)
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—
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2016.09.10
2016.09.11
2016.09.20
2016.09.24
2016.10.15
2016.11.06
2017.04.13
2017.04.17
2017.05.06
2017.05.09
2017.05.13

4 4 34 3 494 m 3 94 39 39 39 9 73 34
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