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Research on qualitative identification of a low frequency oscillations dominant mode
in power system based on a convolutional neural network
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Abstract: Low Frequency Oscillation (LFO) seriously threatens the stability and security of a power grid. Most
traditional LFO identification methods regard the measured signals as stationary signals or process them as stationary
signals. This ignores their non-stationary characteristic. However, in a power system with high proportion of renewables
and power electronics, LFO parameters have a wide range of time-varying characteristics. Traditional methods find it
difficult to identify them accurately. This paper proposes a low frequency oscillation identification method based on a
Convolutional Neural Network (CNN). First, the time domain features of the original signals are extracted as a
preprocessing operation. Then, 16 signals of different time-domain characteristics are sent to the trained CNN networks.
Finally, the full connection layer synthesizes the outputs of each network to obtain the final identification results.
Simulation results show that this method can identify the frequency and damping factor of LFO signals quickly and
accurately, and has good anti-noise performance. In contrast to the Prony method, it can identify whether a new oscillation
mode is introduced in the process of oscillation.
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Table 2 Classification of parameters

PR AN Hz bR B Hz W% AT
1 (0.1,0.3) 7 (1.3, 15) 1 (-05,-02)
2 (0.3,0.5) 8 (15,1.7) 2 (-0.2,0)
3 (05,0.7) 9 (1.7,1.9) 3 (0,02)

4 (0.7,0.9) 10 (1.9,2.1) 4 (0.2,05)
5 (0.9,1.1) 11 (2.1,2.3) — —
6 (1.1,1.3) 12 (2.3, 2.5) — —
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Table 3 CNN testing results

PR WERREROIE) | B HEREROE) | R R E)
1 94.5% 7 92.1% 1 95.1%
2 93.7% 8 92.7% 2 92.2%
3 93.4% 9 92.2% 3 92.5%
4 93.1% 10 93.6% 4 95.9%
5 92.0% 1 95.1% — —
6 92.0% 12 92.6% — —

2) NS A5 S5 I HER 5 R
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Table 4 Testing results with 20 dB noise

R MERROIER) | R MERROIER) | An%E HERIR ()
1 93.9% 7 92.0% 1 93.9%
2 93.4% 8 92.5% 2 91.7%
3 93.0% 9 92.3% 3 92.2%
4 92.6% 10 93.1% 4 95.0%
5 91.5% 11 93.7% — —
6 92.1% 12 91.7% — —

#*5 10dB A TR
Table 5 Testing results with 10 dB noise

PR HERIER (IR | 275 HERRER O | #7% HERDE G
1 93.4% 7 91.7% 1 92.3%
2 92.8% 8 92.0% 2 91.0%
3 92.5% 9 92.1% 3 91.4%
4 92.3% 10 91.9% 4 94.6%
5 91.1% 11 93.4% — —
6 91.9% 12 91.5% — —
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Table 6 Results of identifying newly added signal
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Table 7 Comparison of the results of two identification methods

B BRIz IR T FHJE E/%
I 1 0.84 0.12 -2.27
HEES
2 1.21 -0.15 1.97
1 0.7~0.9 —
SCHE 0~0.2(1: %
* 2 11-13 S —
1 0.82 0.12 -2.33
- Prony %1%
0-5s y 2 1.20 -0.13 172
AR 1 0.7-0.9 5 -
0-0.2(F %
(@L) 2 1.1~13 (E9) —
Prony H%  1 0.58 -1.15 —
(F) 2 1.42 -1.39 —
1 0.84 0.12 -2.27
HIES 2 1.21 -0.15 1.72
3 1.58 0.3 -3.01
3-8s 1 0.7~0.9 —
ACH D 0.2~05(F %)
2 15~17 —
1 1.2 -0.71 —
Prony 5%
2 2.4 3.3 —
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Table 8 Results of eigenvalues computation

B K FE B /Hz FHJEEL/%
1 -10.156 5 19.9941 3.1822 45.289 3
2 -8.5533 18.4418 29351 42.074 8
3 -0.567 5 8.953 7 14250 6.3256
4 -0.536 2 8.840 6 1.4070 6.0539
5 -0.526 8 8.757 8 1.3939 6.004 8
6 -0.490 8 73611 0.980 5 6.652 3
7 -0.479 4 7.2250 0.886 4 6.6214
8 -0.549 9 7.024 2 0.5650 7.804 8
9 -0.498 5 6.160 9 0.980 5 8.064 4
10 -0.474 2 5.569 3 0.886 4 8.483 2
11 -0.3104 3.5501 0.5650 8.710 2

< 9 CNN EAm#HRER
Table 9 Identification results with CNN method

KEHL  flUHz f2/Hz falHz  FRETF PR
Gl 0.5~0.7 — — -0.2~-0.5 3
G2 05~07 09~1.1 — -0.2~-0.5 35
G3 05~0.7 09~1.1 — -0.2~-0.5 35
G4 0.5~0.7 — — -0.2~-0.5 3
G5 05~0.7 0.9~1.1 — -0.2~-0.5 35
G6 0.1~03 0.5~0.7 — -0.2~-05 1,3
G7 05~0.7 09~11 13~15 -0.2~-05 3,57
G8 05~0.7 1.3~15 — -0.2~-0.5 37
G9 05~0.7 07~09 09~11 -0.2~-05 34,5
G10  05~07 1.1~13 — -0.2~-0.5 3,6

0.1~0.3 Hz A=, AR CNN 2% kB HL 45 B m]
158 BER st i MR 76.54%, {H PSASP
ST R P 52 X MR, X T —
5 A% = AR AT I )

4 RBEERZE

e L BT REUSAN HE ) 7 046 B ) R e Y
IR I G I A%, X LA A% SR T
IR 5 5 ALV E TR SR ER . A
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