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Abstract: To improve the prediction accuracy of the primary frequency modulation capability
of thermal power units and assist in ensuring grid frequency stability and safe operation of the power
system, a primary frequency modulation capability prediction method is proposed that combines the
Kepler Optimization Algorithm (KOA ) with the Gated Recurrent Unit (GRU) network. Taking the
actual operation data of primary frequency modulation of a 350 MW coal—-fired thermal power unit as
the sample, key characteristic variables were extracted through correlation analysis. The
hyperparameters of GRU network model were optimized using KOA to construct a KOA-GRU
prediction model, which was further compared with the Long Short—term Memory (LSTM ) network
model, the Particle Swarm Optimization (PSO ) network model, the original GRU network model, and
PSO-GRU network model. The results showed that the fitness value of the KOA-GRU network

model stabilized at 0.127 after 7 iterations, indicating better convergence performance than the other
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four models. Meanwhile, the proposed model exhibited superior prediction performance under various

evaluation metrics, with the Root Mean Square Error (RMSE) reaching 0.148 MW and the Mean
Absolute Error (MAE ) dropping to 0.092 MW, which demonstrated high prediction accuracy.

Key words: thermal power units; primary frequency modulation capability; dynamic modeling;

Kepler Optimization Algorithm (KOA ); Gated Recurrent Unit (GRU) network
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Fig. 1 Primary Frequency Modulation Control Process
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Fig. 2 Structure of Gated Recurrent Unit
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Fig. 3 Flowchart of Kepler Optimization Algorithm
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Fig. 4 KOA-GRU Network Model
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Table 1 Correlation Coefficients between
Each Variable and Power Deviation

Fe 5 28 BAfir LEPS Y
1 HLEA G s P MW 0.98
2 FATHE S P, MW 0.71
3 W TITEE R, % 0.58
4 FERIET P, MPa 0.57
5 RESHLEH N, t/min 0.48
6 FZERME G, t/h 0.41
7 FARVURBET, C 0.39
8 A f Hz 0.16
9 PHHFRET, C 0.15
10 2K Q m*/h -0.22
11 R T, C -0.24

FR2 FTRSHFIIETIRER
Table 2 Operating—condition Range of

the Selected Parameter Sequence

P S HLf L

1 HLEH B 4 P MW 259. 74~344. 67
2 T4 P, MW 259. 96~344. 85
3 1717 EE R, % 60. 03~88. 26

4 FARIETIP, MPa 22.37~24.39

5 FRAUEEN,  v/min 2998.31~3 002. 56
6 FZERIE G, t/h 714. 47~998. 46
7 WA f Hz 558.10~563. 95

FAERAE IR AR TE R — 8 2R BT RRR
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R el AN 3 TT B il RO DR R TR 2% B
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T, A AL R

F(x)=f(x_ )+ wi—xi))

(xi+l _xi—l)

_f(xi—l)] (9)

L f (o) 1 e, T B AT IR AR B0 8535 f (o= 1) o, X
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Fig. 5 Variation of Fitness Values during

the Optimization Process across Three Network Models

BB 15 2 1Y B A N 245 2 8040 A B GRU
) 28 A5 AR0 H JEA T )1 4, 75 5 KOA-GRU [ % Tt
R ILE 6.,

0.3

|
S

TR 5% 7% A/ MW
(=)

|
(=)

|
(=)
w

0 200 400 600 800 1000
R R
6 KOA-GRU M4 = &
Fig. 6 Prediction Residuals of KOA-GRU Network
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Fig. 7 Comparison of Predicted Values from
Different Models
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Table 3 Comparison of Identification and

Evaluation Metrics across Models

Fi RMSE/MW MAE/MW
LSTM 0.295 0.214
PSO-LSTM 0.210 0.138
GRU 0.197 0.129
PSO-GRU 0.182 0.116
KOA-GRU 0. 148 0. 092
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