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Table S2: Summary of Research Gaps and How This Study Addresses Them.
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climate
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diversity comparisons [8], [17] SVR, LSTM + persistence baseline

Table S3. Final selected hyperparameters for the 3-feature track.

Model Horizon Selected hyperparameters

1h /3h

SVR ¢h /3n/ C =100, gamma = 'scale’, epsilon = 0.1 (all horizons)

Random 1h max_depth=10, max_features=log2', min_samples_leaf=2,

Forest min_samples_split=10, n_estimators=200

Random 3h max_depth=10, max_features='sqrt', min_samples_leaf=2,

Forest min_samples_split=10, n_estimators=300

Random 6h max_depth=5, max_features=None, min_samples_leaf=4,

Forest min_samples_split=10, n_estimators=200

XGBoost 1h Colsample_bytree=1.0, learning_rate=0.05, max_depth=3,
n_estimators=200, reg_alpha=0, reg_lambda=1.0, subsample=1.0
colsample_bytree=0.8, learning_rate=0.2, max_depth=3,

XGBoost 3h n_estimators=300, reg_alpha=1.0, reg_lambda=0.1, subsample=0.6
colsample_bytree=1.0, learning_rate=0.05, max_depth=3,

XGBoost 6h n_estimators=200, reg_alpha=0.5, reg_lambda=1.0, subsample=0.6

Gradient learning_rate=0.05, max_depth=3, min_samples_leaf=4,

) 1h ] . .
Boosting min_samples_split=2, n_estimators=300, subsample=0.8




Model Horizon Selected hyperparameters
Gradient learning_rate=0.05, max_depth=3, min_samples_leaf=4,
. 3h . . .
Boosting min_samples_split=10, n_estimators=200, subsample=0.6
Gradient learning_rate=0.05, max_depth=5, min_samples_leaf=4,
. 6h . . .
Boosting min_samples_split=2, n_estimators=100, subsample=0.6

Source: console log from the clean pipeline run of 2026-10-27. Values for Random Forest, XGBoost, and Gradient
Boosting are the ones that minimize the mean TimeSeriesSplit RMSE across the 3-fold inner loop.

Table S4. Recursive feature elimination stability (50 bootstrap iterations, training

data only).
Featire 10—fe:'ature Rank-10 hits 3-fe'ature Rank-3 hits

selection (%) (of 50) selection (%) (of 50)

hour_sin 100.0 50 100.0 50
hour_cos 100.0 50 100.0 50
GHI lag_1 100.0 50 100.0 50
GHI lag 2 100.0 50 0.0 0
GHI lag 3 100.0 50 0.0 0
Temp 100.0 50 0.0 0
RH 100.0 50 0.0 0
doy_sin 98.0 49 0.0 0
GHI _lag 6 98.0 49 0.0 0
doy_cos 52.0 26 0.0 0
Pressure 26.0 13 0.0 0
Temp_lag_1 20.0 10 0.0 0
Temp_lag 2 4.0 2 0.0 0
RH_lag 1 2.0 1 0.0 0
dust_flag 0.0 0 0.0 0




10-feature Rank-10 hits 3-feature Rank-3 hits

Feature selection (%) (of 50) selection (%) (of 50)
Wind_Speed 0.0 0 0.0 0
Wind_Speed_lag_1 0.0 0 0.0 0
Wind_Speed_lag_2 0.0 0 0.0 0
RH_lag 2 0.0 0 0.0 0
Wind_roll_mean_3 0.0 0 0.0 0
Wind_roll_mean_6 0.0 0 0.0 0
Wind_roll_mean_12 0.0 0 0.0 0
Wind_roll_std_3 0.0 0 0.0 0
Wind_roll_std_6 0.0 0 0.0 0
Wind_roll_std_12 0.0 0 0.0 0

Two RFE configurations were run: n_features_to_select = 10 (left block) and n_features_to_select = 3 (right
block), each with 50 bootstrap iterations on the 2013-2015 training data. Only hour_sin, hour_cos, and
GHI_lag_1 are selected in the top-3 in every iteration. The three features therefore constitute an unambiguous,
stability-validated minimum feature set. The 3-feature baseline used in Track B and in the ablation study is
derived from this procedure, not chosen post hoc.

Table S5. Rolling-origin validation across two temporal windows.

LR SVR

Train Test Persistence LR SVR
Horizon N_train N_test skill skill
window year RMSE RMSE RMSE

(%) (%)
<2014 2015 1h 8,008 4,028 168.04 89.19 66.37 46.92 60.50
<2014 2015 3h 6,603 3,318 443.51 102.32 79.18 76.93 82.15
<2014 2015 6h 4,442 2,223 608.66 96.84 83.57 84.09 86.27
<2015 2016 1h 12,036 4,034 170.15 87.21 65.43 48.74 61.55
<2015 2016 3h 9,921 3,330 449.31 101.64 77.16 77.38 82.83

<2015 2016 6h 6,665 2,232 615.01 97.21 81.02 84.19 86.83




All RMSE values in W/m? SVR uses the 4-feature configuration (hour_sin, hour_cos, GHI_lag_1, doy_cos).
The main-text Table 15 reports the mean + standard deviation across the two windows; this table provides the
per-window breakdown that those means and standard deviations are computed from.

Table S6. Complete feature importance ranking and ablation effect.

Ablation Ablation Ablation
LR RF XGB
Feature A at 1h A at 3h A at 6h
coefficient importance importance
(W/m?2) (W/m?2) (W/m2)
+0.11 -0.17 -0.03
hour_cos -71.23 0.6294 0.9020
(removal) (removal) (removal)
+76.14 +58.72 +42.01
GHI_lag_1 276.68 0.3080 0.0579
(removal) (removal) (removal)
+50.34 +114.97 +14.44
hour_sin 59.71 0.0318 0.0185
(removal) (removal) (removal)
GHI_lag_6 14.76 0.0055 0.0028 — — —
RH -35.61 0.0050 0.0034 — — —
GHI lag 2 -21.01 0.0048 0.0023 — — -
GHI lag 3 -53.26 0.0032 0.0011 — — —
-2.30 -2.81 -2.72
Temp 230.13 0.0030 0.0017
(addition) (addition) (addition)
Pressure -2.49 0.0012 0.0007 — — —
-0.93 -1.56 -0.62
doy_cos -3.64 0.0010 0.0007 . . .
(addition) (addition) (addition)
-1.00 -2.32 -2.80
doy_sin 6.74 0.0010 0.0006
(addition) (addition) (addition)
Wind_roll_std_3 1.39 0.0006 0.0006 — — —
Temp_lag 1 -272.33 0.0006 0.0010 — — —
Wind_roll_std_12 -1.57 0.0006 0.0004 — — —
RH_lag 2 -13.83 0.0006 0.0006 — — —

RH_lag_1 37.53 0.0006 0.0006 — — -




Ablation Ablation Ablation

Feature LR K XGB Aat1lh A at 3h A at 6h
coefficient importance importance

(W/m?) (W/m?) (W/m?)
Wind_roll_std_6 -2.06 0.0006 0.0005 — — —
Temp_lag 2 53.54 0.0005 0.0005 — — —
Wind_Speed 12.39 0.0004 0.0007 — — —
Wind_roll_mean_12 -0.08 0.0004 0.0004 — — —
Wind_Speed_lag_2 2.04 0.0003 0.0006 — — —
Wind_Speed_lag_1 -7.74 0.0003 0.0005 — — —
Wind_roll_mean_6 -7.83 0.0003 0.0005 — — —
Wind_roll_mean_3 2.35 0.0003 0.0005 - — —
dust_flag 0.34 0.0001 0.0006 — — —

SVR base model with the 3-feature baseline (hour_sin, hour_cos, GHI_lag_1) at 66.36 / 78.72 / 81.64 W/m?at 1-,
3-, 6-hour horizons. A is the change in RMSE relative to the baseline when the feature is removed (positive A =
removal worsens accuracy) or added (negative A = addition improves accuracy). Dash = not individually ablated;
the three-horizon full ablation appears in main-text Table 12. The dust flag is the least important feature across
all three importance measures — RF importance 0.0001, five orders of magnitude below hour_cos.

Operational note on the choice of fourth feature. The ablation study shows that adding Temp gives
the best RMSE improvement at all three horizons (0.9-2.8 W/m?), followed by doy_sin, with doy_cos
third. All three variants reduce RMSE by 1-3% relative to the 3-feature baseline and all three fall within
the bootstrap 95% CI of the canonical doy_cos model ([61.50, 68.91] at 1h). The paper adopts doy_cos
as the canonical fourth feature because it is deterministic — it depends only on the timestamp and
requires no sensor — and therefore transfers to any site without additional instrumentation. The Temp
variant would be preferable in a deployment that already maintains a temperature sensor; the doy_sin
variant is marginally better at the 6-hour horizon. None of the three is a significantly worse choice than
the others within the reported confidence band.



