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Nuclear Radiation Forecasting Motivation & Challenges
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Given the historical observation, we aim to predict the radiation level Extremely imbalanced I Non-stationary Heterogeneous
1-24 days ahead across all monitoring stations. spatial distribution * temporal pattern contextual factors
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Experimental Results

Data Models ‘ 6th (24 hours / 6 days) ‘ 9th (36 hours / 9 days) ‘ 12th (48 hours / 12 days) | 24th (96 hours / 24 days) ‘ sudden change =~ # Temporal Attention Layers == 4 Temporal Attention Layers
MAE RMSE MAPE | MAE RMSE MAPE RMSE MAPE | MAE RMSE MAPE | MAE RMSE MAPE g g Sl Aeion Liyer 2 2t Sptil Atention Layers
HA 320 1973 3.18% | 357 2016 3.58% | 351 2020 348% | 3.74 2078  3.64% | 3.83 2191 3.67% g 205 g 2007 ::L./n/'u
LR 280 1117  258% | 296 1150 275% | 294 1175 2.64% | 3.04 1243  265% | 344 1419 2.38% 200 :
XGBoost | 2.38 1247  2.53% | 249 1292 261% | 258 1310 2.67% | 280 1438  2.83% | 3.64 1646 297% 15 @ ool
DCRNN | 215 632 252% | 230 7.2  264% | 242 801  273% | 279 1049 297% | 309 1212 281% £ 7% : —~ | 2 . / “
= STID 204 572 247% | 215 618  256% | 219 650  259% | 230 751  263% | 256  9.63 279% % * CER
i DLinear | 212 616  257% | 220 615  2.66% | 222 651  2.60% | 231 747  2.66% | 235 899  2.62% . 57 1 2.18%
S | PatchTST | 1.89 561  224% | 201 606 235% | 2.05 636  236% | 223 757  248% | 232 784  247% % 244] w £ 216% w&f
=, Koopa 192 569 228% | 201 608 235% | 206 642  2.38% | 223 7.64  255% | 231 7.89  249% = = 2391 ‘ : = 214% ‘ :
StemGNN | 2.01 611  272% | 222 619 252% | 229 647  255% | 238 753  259% | 241 871  271% 2 4 2 4
GWN 225 599  278% | 226 630 272% | 227 648  270% | 240 733 2.80% | 269 9.86  2.72% Japan-4H Japan-1D
LightCTS | 1.87 573  234% | 201 635 244% | 215 654  249% | 229 751  250% | 240 869  2.68% ce .
NRFormer | 1.72 4.82 2.07% | 179 5.15 2.14% | 1.85 5.39 2.18% | 199 6.24 231% | 2.05 6.76 2.31% Parameter senseitivity
HA 286 17.83 273% | 297 1822 2386% | 3.08 1858  2.98% | 346 2001 345% | 411 2241 3.49% ,
LR 2.46 11.08 2.07% 2.55 11.76 2.14% 2.67 12.27 2.25% 2.95 14.21 2.50% 3.79 13.92 3.01% { @ Wind Speed (J Wind Dire. (J Air Temp. (3) Dew Point (3 Loc @ noPrompt |
XGBoost | 2.51 1371  266% | 2.64 1497 276% | 273 1536  2.85% | 295 1610 3.07% | 3.82 1514 3.15% o :
DCRNN | 1.97 1051 200% | 2.14 1144 209% | 278 1243  2.17% | 2.64 1453 242% | 346 1363 3.02% : 215 93
a) STID 244 742 341% | 257 793  3.58% | 268 838  3.72% | 3.06 999  423% | 326 1262 3.12% 210 0
D DLinear | 1.89  7.85 2.03% | 211 875 225% | 219 842  242% | 233 919  246% | 248 1054 2.60% 32w i
§ PatchTST | 184 637 1.95% | 1.97 698  205% | 203 790  210% | 217 902  244% | 244 992 253% 3 HE 01 3
=, Koopa 174 7.03 200% | 1.83 7.68  2.10% | 191 817  215% | 211 977  249% | 246 995  2.50% : H 630 205 00
StemGNN | 1.83 779 211% | 2.14 863 223% | 216 839  242% | 232 913  243% | 242 1025 2.56% H H H H
GWN 190 731  216% | 1.97 777  219% | 204 815  226% | 220 919  243% | 294 1135 2.86% 2oolalll] n oos 2ol LIANAN AllnAallfss
LightCTS | 185 802 213% | 193 717 217% | 200 774  215% | 215 919  236% | 239 997  251%
NRFormer | 171 625 1.90% | 178 682 1.94% | 1.83 728 198% | 2.01 876 2.13% | 2.06 897 2.21% (a) Japan-4H Dataset (b) Japan-1D Dataset
Overall results on two real-world datasets Ablation study of contextual feature




