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Humidity( %) Forecasting Error
Windows Size 1 Day 7 Days 14 Days 1 Month

Model Y Error MAE RMSE MAPE | MAE RMSE

MAPE | MAE RMSE MAPE | MAE RMSE MAPE

XGE Regressor 0.260 0309 0.6% | 0251 0.299
XGB Random Forest | 0377 0432  08% | 0301 0440
Linear Regressor 0.343 0.3% 0.8% | 0.271 0.317

ENN 05534 0.648 1.2% | 0.56%9 0.682
5VM 0.467 0.519 1.1% | 0411 0.4532

0.5% | 0.214 0.259 0.5% | 0.261 0311 0.5%
0.8% | 0411 0454  09% | 0534 0579 1.1%
0.6% | 0.264 0.307 0.6% | 0.260 0302 0.5%
1.2% | 0.539 0.648 1.2% | 0530 0.637 1.1%
0.9% ([ 0.395 0.343 0.9% | 0.387 0426 0.8%
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