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Abstract

Radar echo data generated by Doppler weather radar is an important basis for rainfall analysis
and prediction. Aiming at the problem of how to make effective use of radar echo for rainfall grade
analysis, this paper studies an analysis model of the relationship between radar echo and rainfall
based on XGBoost ensemble learning algorithm. In this paper, we use the radar and rainfall me-
teorological observation data provided by Liaoning Meteorological Station over the years. After
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data decoding, cleaning and matching, we use XGBoost method optimized by grid search algorithm
to establish the classification relationship between multi-layer radar echo data and rainfall level.
Finally, the experimental results show that the results based on XGBoost method are closer to re-
ality and can better reflect the relationship between cloud radar echo and rainfall.
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Figure 1. Visualize radar map
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Figure 2. Multilayer radar data organization form
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Figure 3. Grid Search and Cross Validation
E 3. MRS ITRHESH

2.2.3 KSR ZRRIT S5

GRS KB AT SN H R AR AR, ASCBH RSBl 7 — D Ihaesr 4. P s
IHTRGE . RGIIRETT LA AUy, Al T IAEOE B SR B . A S AR R
B2 T B 7 T B DL G SR BT, AR SR Th REAE T LK 4

LB RN R R AR

|
I |

B b S
| |
[ | | |
JER GB ER%yEi [ RN 2P TS
H B3R EL T AT SN
| |
] [ 1] F_LW [ 1]
. S E 7 5] 1% Hh
| W [
AIEAE IR A T A
E e (B R (El|e] |w||E
SUEw| (B % (B2 |£||2
Ve | [ VE B (%] 4
% % IE hEJ E TIEJ 4§‘ % %

Figure 4. System functional block diagram
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Figure 5. Radar data analysis module
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Figure 6. Analysis results display
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Table 1. Abbreviations used in evaluation method
=1L N EEFERETE N

44’5 e FLR TR
TP True Positive 1 1
FP False Positive 0 1
TN True Negative 0 0
FN False Negative 1 0
accuracy = TP+TN (5)
TP+TN+FP+FN
. T
recision = 6
. TP+ FP ©)
recall =—° (7
TP+FN
F.score = precision x recall x 2 (®)

precision + recall
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Figure 7. Relationship of iteration and error rate system result of standard experiment
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