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Radar Rainfall Adjustment by Artificial Neural Network and Runoft Analysis
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Abstract

The purpose of this study is to get the adjusted radar rainfalls by ANN(Artificial Neural Network) method. In the case of
radar rainfall, it has an advantage of spatial distribution characteristics of rainfall while point rainfall has an advantage at the
point. Therefore we adjusted the radar rainfall by ANN method considering the advantages of two rainfalls of radar and point.
This study constructed two ANN models of Model I and Model II for radar rainfall adjustment. We collected the three rainfall
events and adjusted the radar rainfall for Anseong-cheon basin. The two events were inputted into the Modeland Model to
derive the optimum parameters and the rest event was used for validation. The adjusted radar rainfalls by ANN method and the
raw radar rainfall were used as the input data of ModClark model which is a semi-distributed model to simulate the runoff. As
the results of the simulation, the runoff by raw radar rainfall were overestimated but the peak time and peak runoff from the
adjusted rainfall by ANN were well fitted to the observed hydrograph.

Keywords : artificial neural network, radar rainfall, semi-distributed model, modclark
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Table 1. Structure of neural network models for radar rainfall adjustment
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Table 3. Rainfall events

Observed period
Event I 2003. 7.22 01:00 ~ 2003. 7. 23 23:00
Event II 2003. 9. 07 03:00 ~ 2003. 9. 08 08:00
Event 11T 2006. 7. 27 16:00 ~ 2006. 7. 28 18:00
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Table 2. Characteristics and Observation methods of Imjingang rainfall radar

Characteristics (TDR-3250C)

Observation methods

Radar system TDR-43250C (RADTEC(USA)) Scan mode Multi elevation volume scan
Frequency 5.645 GHz Elevation number 12 (0.4°~2.2°)
PW/PRF 2 us/500 Hz 7-R Relation 7=31RM7
Transmitter type Klystron CAPPI Elevation 1 km
Peak power 250 kW Antenna velocity 15 deg/sec
Signal processor RVP-8 Observation range 170 km (Maximum 400 km)
Antenna Offset method (4.3x5.7) York Type
Beam width 0.95°
Control system Sever-SG102, OS-IRI1X6.5, S/W-IRIS

(a) Anseong-cheon Basin (b) Curve Number value (c) Basin Grid

(Cell size : 1km x lkm)

Fig. 4 Study area (Anseong-cheon basin)
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Table 4. Statistical comparison of raw radar and ANN rainfall

Correlation Coefficient Determination coefficient Mean deviation (mm)
Rainfall event Model

Before After Before After Before After
Model I 0.69 0.81 0.48 0.66 297 2.81

Event [
Model 1T 0.69 0.92 0.48 0.85 2.97 2.75
Model I 0.72 0.79 0.51 0.63 295 2.63

Event 11
Model 1T 0.72 0.96 0.51 0.91 2.95 2.55
Model I 0.75 0.79 0.56 0.63 4.44 4.07

Event III
Model 1T 0.75 0.94 0.56 0.87 4.44 3.98
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Fig. 8 Spatial distribution of rainfall (2006. 7. 27 8:30)
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Table 5. Correlation and Determination coefficient, Model

Efficient

Flood Eventf Model |Correlation Détgéggiaei?n E]\f/ili(::(iizét
Raw-Radar | 0.867 0.752 0.239
Event 1 Model 0.874 0.764 0.255
Model 0.974 0.949 0.711
Raw-Radar |  0.859 0.738 0.516
Event 1T Model I 0.867 0.752 0.638
Model 11 0.974 0.949 0.883
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Event IIT | Model T 0.879 0.773 0.932
Model II 0.980 0.959 0.963
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