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Abstract

In order to ensure the reliable operation of wind power system, a wind power prediction method
based on BP neural network based on acoustic radar data is proposed in this paper. The test re-
sults show that the wind power prediction effect of acoustic radar equipment is obviously better
than that of ordinary wind measuring equipment, and the error can be reduced by about 4%. The
overall error also meets the advance industrial standard, which has a guiding significance for the
grid-connection and maintenance of wind power plants.
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Figure 1. BP neural network schematic diagram
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Figure 2. BP neural network structure diagram of wind tower power prediction
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Figure 3. BP neural network structure diagram of acoustic radar power prediction
[ 3. EEIATIETUN BP #H&Z MK LE1aE

3.2. SLMERS*IEE

T BN R AN R AN BE AL, 3 S i T B 2 B b 22 e A U AN B B UK S SRR 22
B REREAT 2 U, AR BRI B OB A% B 2 B DA S 35 B J2 v A 22 T AN, o B A % T R

I B AL 2 e HOS R e A B B LA -

HH U R — A5 B D FR R 22 X LU, [ 25 BB AE matlab B 4: sh4k SR 5N\ T R S fabn S8 i A =
ARG AR R %, AR Z 0, FRIEAT X L 2 A R 2 2200, 5~ BARZ R A 4,

K5, %£1, £2HxR:
1) XSS R A

140

1201 W

1001

80

60

REIIE (MW)

40

201

Az

|

/

0 .
0 500

1000

1500

Figure 4. Comparison diagram of wind power prediction error of wind tower
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Table 1. Comparison table of wind power prediction errors of wind tower
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Erms 0.195
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Cr 80.5%
Qr 84.4%
RETHEGE L) 25.296
2) IR

Table 2. Table of wind power prediction errors of acoustic radar
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Figure 5. Comparison diagram of wind power prediction error of acoustic radar
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