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Abstract

Short-term power load forecasting is crucial for power system dispatching, as its accuracy directly
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impacts the economic efficiency and security of grid operations. To address the limitations of tradi-
tional forecasting methods in handling nonlinear and non-stationary load data, this paper proposes
a hybrid CNN-LSTM model optimized by the artificial Gorilla Troops Optimizer (GTO) algorithm
(GTO-CNN-LSTM). By integrating the spatial feature extraction capability of CNN and the temporal
modeling advantages of LSTM, and leveraging the GTO algorithm to optimize key hyperparameters,
the model significantly improves forecasting accuracy. Experimental results based on actual load
data from a region in China during 2014~2015 demonstrate that the proposed model achieves an
RMSE of 427.8, representing reductions of 25.5% and 14.5% compared to standalone LSTM and
CNN-LSTM models, respectively. Additionally, the MAPE drops to 4.905%, while the R? reaches
0.931, confirming its superiority. This model provides a high-accuracy solution for power load fore-
casting and can be extended to other time-series forecasting tasks.
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Figure 1. Schematic diagram of CNN network structure
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Figure 2. Schematic diagram of LSTM network structure
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Figure 3. Electricity load time series graph
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Figure 4. LSTM prediction results
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Figure 6. GTO-CNN-LSTM prediction results
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Figure 7. Different models predict outcomes
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% 3 AR H:

1. ARICFTHEEA GTO-CNN-LSTM ) RMSE {E A, AHE T @i LSTM AR BEAIC T 25.5%, FHEL
T CNN-LSTM #EAEAK T 14.5%, REIACEA B HMERZ /DN, 0l Ee /5% .

2. AT GTO-CNN-LSTM (1) MAE {E IS, AR T fe sl LSTM BB BRAK 1 23.7%, FHEL
T CNN-LSTM BERIBEAK T 4.2%, 15 B AR SO T 114 B8 20T 5

3. AR GTO-CNN-LSTM () MAPE fE f ), AHET 5 ) LSTM BB FRAK 1 19.4%.

4. AICFTHEAE GTO-CNN-LSTM (1 8 SR E0R R TEHT T 1, U6 B 2R ) [B]  40 & AR AR

ZEENT L S R (AR ZHEFR (N T iR 2 RMSE. “FH4a%f 1% % MAE FIE 400 1 43 e im 2
MAPE)F] LIS HY, AT CNN (BAFIZ R 2%) 1) LSTM (K48 HATTAZ 0 48 VR BRI 76 I 1] 5 27 T4 25 v )
FPLDZ T —) LSTM B8, FLART 5, CNN-LSTM JR A 17 LE f— 1) LSTM R 7R T 45 2= B IR
FaE MR, RERS T AERN MR B EOE P IR SRR IE . TARSCR AR GTO 515 CNN-LSTM A i 2
Hbt CNN-LSTM 4L A B E A S UF (RS R, T BRI 87 2 b 1) 7 000 75 5K

5. &g
RICARM T —FEET GTO ALK CNN-LSTM & & 17 (GTO-CNN-LSTM), 46351 H /3 7 4o T30 «

DOI: 10.12677/mo0s.2025.146480 118 5 1 A


https://doi.org/10.12677/mos.2025.146480

W5 75 B

MRS5S CNN 23 [AIRFAE SR HURE S F1 LSTM I P @R 3%, FEFIFH GTO ki sS4, W
BT T RS . SRIG SRR, iZBR ) RMSE (427.8)%: 5 — LSTM Al CNN-LSTM 43 JIF&AK 25.5%
M1 14.5%, MAPE F&% 4.905%, H R2ik 0.931, WiF 7 HAR#ERE. AN, GTO HILAESEMAL PRI H
R, BRIV R R TSR T B . AW AON I RGO IR A T RS N T, 3
AT 2 AR B T TAT 55 o ASRATF S HE— 20 IR R Z IR Al & A BN A LA SRS, ARG SR AY 1)
ZALREFIFE R o

S GTO-CNN-LSTM #5284 75 Ji #1] Hi 7 6t F0000 R I HE A s FRORE T, (BT A7 A8 LA R PR A2

(1) B AR . AL (0 TR R v FE AR T D0 s B 0 T A e v . A BB AR R R
st 75 B AR AR TR (AR oA 55 AR i R S BRI ), TRONRG B P RE 23 N P

Q) IHHERER S . GTO HkHEZIERMMESE, FEONSGR KK, MbEasiikit
J7 (U AR AR ) T S SCA T R, AT RRANE T S R R 3 5

Feoke ety 1 -

(1) A . 91 NEE I SRR AR (A A P 2% GAN B HIUBE 8 &5 bl ity (R 25cdh 4
THASE R 28 155 100 ) 3 oL e

(2) PTG IE RN . FFRAIELR S SINLE], AR AR S T S 4, & B f A K RS
(T RNEE PR B . 5] NAH & VST VR (3255 R 7% Dropout B UL i fi 28 X 4%), i Hi 7l
It FR BT XA, 4 Bl XU e o

SE K

[17 AR, ZE. 2T ARIMAX B3R E 250 0 fr Bl 0], 1 RGP 541, 2015, 43(4): 108-114.

[2] TEAEE, BhA ¥, B, 2. W0 e R 2 AR R R A 2R 1 Bl 03 S T R A [T, AR B AT DR AR,
2006(2): 25-29.

(3] T, vEEEG, kWK FE TR A EE AR E D TR A s B T]. Ba e EOR 5N, 2024, 43(1):

49-51, 65.
[4] Wrre, TRE, FRI RESSIHEZET LSTM 4SR5 4 7y s Tl B g B2 0], B0 B 5 EE AR, 2017,
15(5): 8-11.

[5]1 JZE, &fE, 2R, %5 GRU #1248 50 1 H ) 57 far TN 72 (0], RHQ0E 5 8 H, 2018(33): 52-53, 57.
[6] FkER, FEEFE, ¥ A, & 3T EMD-PCA-LSTM 6K TR TMIBERIT). KBHAEZAIR, 2021, 42(9): 62-69.

[71 BET, EBOR, B, % T VMD-LSTM-Attention B [ 45 #A 7 f N 5T [J]. AR FHOR, 2023,
46(17): 174-178.

[81 Guo, Y., Li, Y., Qiao, X., Zhang, Z., Zhou, W., Mei, Y., et al. (2022) Bilstm Multitask Learning-Based Combined Load
Forecasting Considering the Loads Coupling Relationship for Multienergy System. /EEE Transactions on Smart Grid,
13, 3481-3492. https://doi.org/10.1109/TSG.2022.3173964

[9] Guo, Z., Hu, L., Wang, J. and Hou, M. (2021) Short-Term Load Forecasting Based on SSA-LSSVM Model. 2021 4th
International Conference on Energy, Electrical and Power Engineering (CEEPE), Chongqing, 23-25 April 2021, 1215-
1219. https://doi.org/10.1109/CEEPES51765.2021.9475790

[10] ZZE, B, WEk, % T GWO-LSTM-TCN V&4 B 41 B b i RS v iF 45 (0], FRIEHE AR, 2024,
48(11): 2195-2200.

[11]  ZRFHL, RIS 2T ABC-LSTM-GRU I (8] 51 43 5 TR Y[ T]. #0F TFE, 2024, 27(3): 58-62.

[12] SFISPRA, FFI58. HET Pytorch FI KT HACAZ M 4 SLEL R R [I]. ik B 34k, 2021, 43(12): 167-169, 177.
[13]  BREGZS, @RTR, sk, & BR RS moRr kR I]. THEHL TR 5 R, 2024, 60(19): 46-67.

[14] Wk, XIS, 2E, 5. & T Pareto CFCHIBUE N TARIEIRENZ HARRAG[]. 2B 53R, 2023, 36(4): 590-601.
[

151 EE, Fhbefh, TREIA. D ST IO B LA -BE LR MR S L RE i EAL]. 1 R &I AR, 2019,
31(7): 129-134.

DOI: 10.12677/mo0s.2025.146480 119 5 1 A


https://doi.org/10.12677/mos.2025.146480
https://doi.org/10.1109/TSG.2022.3173964
https://doi.org/10.1109/CEEPE51765.2021.9475790

	基于GTO优化CNN-LSTM的短期电力负荷预测
	摘  要
	关键词
	Short-Term Power Load Forecasting Using CNN-LSTM Network Optimized by GTO Algorithm
	Abstract
	Keywords
	1. 引言 
	2. 理论与方法
	2.1. 卷积神经网络
	2.2. 长短期记忆网络
	2.3. 人工大猩猩部队优化算法

	3. GTO-CNN-LSTM预测模型
	4. 实例分析
	4.1. 数据来源
	4.2. 预测结果分析

	5. 结论
	参考文献

