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Research on a Solar Power Generation Prediction Model Applying
Seasonally Adapted Robust Clear Sky Index Boundaries and
Day-Limited Mixing
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Abstract

Solar power generation integrates deterministic solar geometry with stochastic weather patterns. Consequently,
Clear-Sky Index (CSI) normalization, which separates these two components, substantially impacts forecasting
precision. Here, we propose the Adapted CSI (A-CSI) algorithm, enhancing traditional CSI with seasonal adaptation,
robust boundaries, and day-limited mixed restoration. We evaluated four normalization schemes —unnormalized, basic
CSI, seasonal adaptation, and proposed A-CSI—across five forecasting models for 24-hour and 168-hour horizons. For
24-hour predictions, A-CSI normalization markedly improved accuracy compared to no normalization (average RMSE
19.26). Notably, seasonal adaptation yielded an average RMSE of 16.97 (an 11.9% error reduction), showing the
greatest improvements in deep-learning models. These findings highlight that the proposed A-CSI algorithm is
particularly effective for short-term deep-learning-based forecasting and offer practical guidelines for choosing
normalization schemes based on model types and prediction horizons.
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tt 7 F2® 2d BE ASA VE 2] F

E(Barly stopping rounds=40)E -85}t
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Fig. 1. Flowchart of the proposed algorithm(A-CSl)

1) Basic—CSI: 7] CSI= H2H EfoA T8
g ANAE EHYOH(LightGBM  +10.8%, XGBoost
+13.4%), LSTM(—25.4%)3} N-HiTS(—11.4%)°IA =
obglEo] Wit —13%° IHTh RE FHF -
0.00122 ¥sl7} wmjslt}, @<= CSIe= Egl Alge
gk YA o g faEsi.

2) BasicoMl: A A-gMl)y 571 5 471 =9
S A i +11.9% Y, R 4001118 24
AT 53] N-HITS(+25.5%)2F CNN-LSTM(+20.1%)
s Hod Aol FEHHOH, LightGBMY —
3.0%2 AF osE .

3) BasicA-CSI: A-CSIE 57 29 ARE 74
(5/5)% LT WHOE, He +10.0%, R? +0.0098S

71539t MI(+11.1%) 80t W 7jd&e wou
BE REoA JAHA A= HelA st
o} MiolA 2t8tEE LightGBMO] A-CSISNA +0.7%
Z A AgE AL M2k M39] AF afoltt

4) CSI>A-CSI: A-CSI= ©<= CSI oiH] B+
+8.6% Mgy Agel met ko] Aok o
Hd& A HAN-HITS +34.2%, LSTM +27.8%)%

I

329} 3 32 24AZE 168417 ool Tl W BE Es oFSHLightGBM —11.4%,
7} AERMSE, MAE, R2) 49 A#E JERAS.  XGBoost —10.3%) Ltk
T 2 24M|7h of|At Al ZHa}
Table 2. Result of 24-hour forecast
Methods Basic CS| CSI-M1 A-CSI
RMSE | MAE | R2 || RMSE | MAE R2|| RMSE | MAE | R2 || RMSE | MAE | R2
LSTM 1585 | 903 | 097 19.88 10.05 | 0.95 14.32 8.28 0.97 14.36 8.46 0.97
CNN-LSTM | 2153 | 1095 | 094 || 2022 | 1153 | 095 || 1720 | 1029 | 096 || 1967 | 1118 | 095
LightGBM 1795 | 1320 | 0.96 16.01 8.57 0.97 18.49 1096 | 0.96 17.83 1037 | 0.9
XGBoost 1925 | 1394 | 095 16.67 9.12 0.96 18.65 1092 | 095 18.39 1076 | 0.96
N-HiTS 2171 | 1360 | 094 || 2419 | 1260 | 092 || 1618 | 921 | 097 | 1592 | 873 | 097
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Table 3. Result of 168-hour forecast

Basic Csl CSI-M1 A-CS|

Methods
RMSE | MAE R2 RMSE | MAE R2 RMSE | MAE R2 || RMSE | MAE R2
LSTM 2987 | 1540 | 0.80 29.60 1522 | 0.81 25.40 1305 | 086 || 25.81 1292 | 085
CNN-LSTM | 2692 | 1324 | 084 23.65 1090 | 0.88 23.74 1124 | 088 || 2242 | 1044 | 0.89
LightGBM 2599 | 1741 | 085 24.42 11.87 | 087 24.44 1267 | 087 || 2453 | 1264 | 087
XGBoost 2496 | 1667 | 0.86 24.85 1217 | 0.86 24.89 1290 | 086 || 24.74 | 1277 | 086
N-HITS 1789 | 10.17 | 093 18.44 883 | 092 31.31 1566 | 078 || 3123 | 1599 | 0.78

24-Hour Forecast: RMSE Improvement by Normalization Comparison

RMSE Improvement (%)

—204

Comparison (baseline vs applied)

B Basic vs CSI
mm Basic vs M1

mmm Basic vs A-CSI
B CSlvs A-CSI

5 T T
LST™M CNN-LSTM

T8 2. 24A12F RMSE i M

LightGBM

Ytete M3et Z2¥ RMSE JHdE
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Table 4. Average RMSE improvement (%) and R? change by comparison and horizon.

Comparison 24h ARMSE 24h AR? 168h ARMSE 168h AR?
Basic — CS| -1.3% -0.001 +3.3% +0.011

Basic — M1 +11.9% +0.011 -8.4% -0.008
Basic — A-CSI +10.0% +0.010 -7.6% -0.006
CSlI — A-CS| +8.6% +0.011 -10.3% -0.016
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