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ABSTRACT: [Objective] As the core driving factors for short-term power load forecasting, multivariate meteorological
elements still confront prominent constraints in the acquisition and practical application of refined meteorological data.
Accordingly, this paper investigates meteorological Agents empowered by large language models (LLMs) and applies them to
short-term load forecasting. [Methods] First, a workflow agent integrated with large language models is constructed via the
LLM development platform, which realizes the dynamic acquisition and intelligent parsing of structured meteorological
information. This approach effectively improves the real-time response performance of the forecasting model and reduces the
development and application complexity of short-term load forecasting systems. On this basis, a multimodal input framework for
power system short-term load forecasting is established by integrating meteorological factors, power load time-series data, and
calendar features. Combined with the inherent characteristics of time series and the gradient boosting tree algorithm, an
optimized short-term power load forecasting model is further developed. Finally, the feasibility and effectiveness of the proposed
model and algorithm are verified through experimental validation and case analysis. [Results] The proposed model and
algorithm streamline the meteorological information-acquisition process and improve the forecasting accuracy. [Conclusions]
This research provides a novel technical idea for the low-cost acquisition and efficient utilization of meteorological data in power
system operation and analysis.
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Fig. 8 Pearson correlation coefficients between variables
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Table 2 VIF analysis results of temperature and humidity
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Table 3 Hyperparameter optimization results of the model

HSE Eidesiont| PN HEME
n_estimators [100, 500] 200 500
max_depth (3, 8] 18k 2 8
learning_rate [0.01, 0.10] E[HE 0.05
subsample [0.7,0.9] 0.1 0.7
min_samples_split [2, 10] Ak E 10
max_features {"sqrt’, None} R BE None

1 : None 278 2 HFE

4.4.2  BINERIH

TR TUAL BRAVRR IE e R A JEAE b R S50 4
RN GBRT 8 i A TR SRR T 25 Rkt o
TIRMZEIR , e DL T PN R AR T B 25 R A PPAG

1) 34746 % 1% 22 (mean absolute error, MAE )8, ,
TS WU 1) 268 X6} i 22 LA R/ 0N

2) ] 77 AR % 22 (root mean square error, RMSE)
s T AT R IR 22

3) P2 2B (coefficient of determination ) R?, J
REAL g RE 7 22 B LL 491

4) F ¥ 4 X A 3 b iR 2 (mean absolute
percentage error, MAPE )&, H T PO AE
SAE Z ] - B AH XS 1R 22 R0

ERERRAT R A

1 ~
Owae = Ezb’i - yi‘
i=1
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Table 4 Comparison of evaluation metrics for one-step
prediction on the test set

MAE/  RMSE/

Al - — R MAPE/% s ] /s
SVM 207.95 28921  0.9267 2.69 2.140 0
LSTM 25275 34990 0.8927 3.01 438.000 0
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Fig. 9 Single-step forecasting comparison for the

iR/ MW

last week on the test set
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Table 5 Comparison of evaluation metrics for multi-step prediction on the test set

AN s MAE/MW RMSE/MW R MAPE/% BT /s
SVM 245.90 349.00 0.9029 2.99 3.86
LSTM 333.23 44129 0.8452 4.05 9.56
6 XGBoost 190.78 265.19 0.9439 2.32 8.61
LightGBM 195.06 267.33 0.943 0 2.37 45.80
GBRT 206.68 286.82 0.934 4 2.49 57.18
SVM 330.55 463.82 0.8290 4.04 573
LSTM 376.80 487.86 0.8108 4.70 9.15
24 XCBoost 307.32 449.95 0.8390 3.83 9.07
LightGBM 308.29 43934 0.846 5 3.81 29.85
GBRT 305.19 446 .44 0.8415 377 66.22
SVM 373.26 526.94 0.778 3 4.53 423
LSTM 280.74 381.37 0.8839 3.41 12.22
48 XGBoost 387.75 529.43 0.776 2 4.70 9.22
LightGBM 346.64 466.65 0.826 2 422 40.78
GBRT 358.62 504.17 0.797 1 431 68.07
10500 — SRS -~ SVM —— LSTM ---- GBRT WMERANF S B TR . A ORIEIZJR A R SRS B
10 000 - _ X X
9500 H T A, 75 BA TR S0 ) EL A B 4 it
= 9000F FLAARCR i G I8 - 2 g 41 3L - AR b 42 1 TR A 0 2 2R
8500 —
2 ool Hi AR R A T LLM 09 2307 SURE T
§7m- o BN AZ O B B TEAR I BT, TEIZIRE =
= N N Y2 AT
e BRI R R 9 5 GBRT UM B 8
6000 TE L PN 30 R 45 e T LM 38 Sl 5 9 ekl < 4
5500 - s ' ' N, s v e . ‘
04-25 04-27 04-29 05-01 05-03 {8 1 Coze/ AP1HP B AE 25 ¥ o X AEBE AR IEAZ L f

SP ]
10 WX E&/E 6 K48 F F R X tE
Fig. 10 48-step forecasting comparison for the last

6 days on the test set
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Table A2 User prompt example

AL PR LR B A5 Agent TAE TR AU JF4H B0 -
(R E/ TN |

{ {Workﬂowautputf }

{14555k

ARG LB i an R A% A JSON S

JSON

{

“timestamp”: “YYYY-MM-DD HH:mm”,

“temperature" s “BUE”,

“humidity” : “¥UEH”,

“wind_speed” : CBUE”,

“wind_direction_degree” : “0~360%{H"

“comfort_index” : “0~100 (I TR HIIARRRZE G 1550)”
“load_impact_factor”: “0~1.0 ("X HE 3 61 fuf (1) 52 M)A R LA ) 7
“is_extreme_weather” : “boolean”,

“data_quality_note” : “Hdi e ML

B 3% B

AR SR i 300 67 A 0 D 7R 2R 9 A v ]
Bl Fizn . FEFEI B, TN AR AR B 3 2 F 1)1 5t
TR 5 ot 30 T ASE B %o SRS 67 7 A7 0 5 R B
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TR B W A gent IR St /< 52 TR AL B R A5 15
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Fig. Bl LLM-empowered short-term load forecasting

platform interface
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Mo SRE, AT APLiE K . fdi ] python 1Y requests [
J B HTTP POST 35K , 18 535 14 5 120F0 IS A m .
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Fig. B2 Meteorological information forecasting interface
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Fig. B3 Meteorological information acquisition results
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Fig. B4 Short-term load forecasting module
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Fig. BS Short-term load forecasting interface
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Fig. B6 Short-term load forecasting results
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