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Hail Cloud Recognition Model based on Distance Dis-
criminant Analysis
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Abstract:[Objective]Improving the accuracy of hail cloud identification can reduce the eco-
nomic losses caused by hail. [MethodsJAccording to the meteorological radar reflectivity im-
age, the inner and outer contours of the clouds were extracted using K-means clustering, and
the distance variance was calculated. The radar software was used to extract the cloud height
data and calculate the first-order statistical measure of the cloud height. The distance vari-
ance of the inner and outer layers of the cloud was combined with the first-order statistical
measure of the cloud height to construct a hail cloud recognition model. [Results]Using this
model to detect existing samples, we could see that the recognition accuracy of the model
was 88.75% , and the accuracy was higher. [Conclusion] The results showed that the distance
recognition model constructed by the internal and external contour variance and the first-or-

der statistical measure of cloud height had a

better recognition effect.
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KFERA TR AAELZE L., (AT AHREERE]E
ShH 20 HAL TP TR vk /Y BUAF 5T . Johnson
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Interpretation map of hail cloud recognition

Fig. 1

based on distance identification
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2 BEEBREFERR

2.1 =mEBEGZSHIENIRI

TESRIKE =, 2 AR E W I —40°C LN, &
ORELE OCUL b, = — 4 0CEIRL. FTlh&
=2 BTSSR T UK S A AL R
¥ 7K R OK i IR ER 2 KR . IR IR A TR g i &
P, — O CHEETE 4 km A4, —20°C )2 & E
7 km ZE A T LIRS 2 J2 0 R R R BLES 2  EB )
FEAE
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Table 1 Data of cloud height(section, km)

Blom B2om B 1 =6 kB2 =m0
Hail 1 Hail 2 Non hail 1 Non hail 2
cloud height cloud height cloud height cloud height
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P o 7 98 B 5 i L BT FU B B FE IR Y B R R DL
Ak R R AR B 2 s B 3k 18 &I EHR AR S Il 2R ke
A 1 2. 2 IR D IR Koy B ] AR 3 a4k
2 iR E s SIS = R AR (A . ) DGR 8

WX € G XL 5 5 AR 2 #EAT H ] 53 B O 4 3 AR, 2
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Table 2 Eigenvalues of hail cloud and non hail cloud in Shihezi area
FEAZ R FEA TR ¥iE E 33 i £ PR Oy 22
Sample type Sample type Mean Variance Kurtosis Skewness Distance variance
%% Hail 1 5.633 1.275 —1.282 —0.279 0.048
1 5.133 1.223 —1.021 0.539 0.067
1 4.967 0. 930 —0.755 0. 564 0.048
1 5.033 0. 447 —0.589 —0.037 0.064
1 5.750 1. 039 —0.755 —0.435 0.038
1 5.250 1.566 —1.554 0. 369 0.103
1 6.263 1. 205 —0.541 —0. 304 0. 044
1 5.632 0.912 —0.241 —0. 848 0.072
1 5.579 0.813 —0.336 —0.517 0.074
1 5.895 1.544 —0.757 0.026 0.079
JE4L Non hail 2 5. 467 1.568 1.383 1. 267 0.021
2 4.033 0.033 30. 000 5.477 0.038
2 4.567 0.461 —0.402 0. 805 0.024
2 4.053 0.053 19. 000 4. 359 0.038
2 4.526 0.374 —0.312 0.703 0.032
2 5.000 0.778 —1.777 0. 000 0.051
2 4,158 0. 140 2.410 2. 041 0.058
2 4,150 0.134 2.776 2.123 0.085
3 &M@Y VISR &IPS
Table 3 Linear discriminant function f1 =—348.202 + 135.890x, — 83.774x, —
A S 308 E| o1 7.359x; +56.591x, + 603, 44525,
Variable Label Hail Non hail
o f2 =— 326.753 + 132. 654z, — 85. 444z, —
¥ B B .
Constant 348,202 326.753 8. 006x; + 60. 605z, + 489. 303z .
L= AT =] > F - S N
. B WET fEz) R &z < fAEE
x2 Variance —83.774 —85. 444 i) ’D‘!UE:J: ][2 (jE%ﬁi) .
i 1 #A 1o
23 Kf{iis —7.359 —8.006 3.3 HEGE
- FILF © Y 3 20 808 X R F 0 R AL . s E
. -3 < C 5 S N N e
4 Skewness 56.591 60.605 7RG 55, 504 5 TRUR] 5 95 Hb IX 2009 4F & 2011 4F 3
L .. qire! > LK 1 Y 3= SN 3 ZH,
o mEe i o308 SR 535 4 448N R R (2 )L 1951

Distance variance

H1 3 HR Y 3 o Y 2R 0T AT B 7 2 ) A

Nk 5 s ry o ai R .
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Table 4 First order statistical measure and distance variance of the sample to be measured
FEA A of E I iz T J5£ IR Ty 22
Sample type Mean Variance Kurtosis Skewness Distance variance
5.100 1.042 —0.905 0.442 0.139
I R A 4.105 0.211 19. 000 4. 359 0.061
Sample to be measured 4,900 1.779 3.620 1.828 0.064
6. 000 2.222 —1.436 0. 000 0.079

x5 HAEER
Table 5 Results of grouping

)G After grouping

S 4 Hi Before grouping E P a——
%1 Non hai 81 Hai

F% 1 Hail 1 0 1

4E%L 2 Non hail 2 0.997 8 0.002 2
4E4 3 Non hail 3 0.568 3 0.431 7
[&%5 4 Hail 4 0.000 1 0.999 9
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