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   Abstract—Numerical  weather  prediction  (NWP)  global  horizontal
irradiance  (GHI)  suffers  from  inherent  biases  that  are  drastically
amplified  under  transitional  weather,  severely  compromising  day-
ahead photovoltaic (PV) power forecasting accuracy. To address this
issue,  this  study proposes  a  day-ahead PV forecasting  method based
on dual-stage NWP GHI correction with transitional weather classifi-
cation.  First,  a  dual-sliding-window approach identifies  GHI turning
points  and  categorizes  weather-transition  trends.  Second,  trend-spe-
cific attention-bidirectional gated recurrent unit (BiGRU) models per-
form the first-stage correction of NWP GHI. The residual errors are
then decomposed via  the  complete  ensemble  empirical  mode decom-
position  with  adaptive  noise  (CEEMDAN)  into  multiscale  compo-
nents,  each corrected by a second-stage sttention-BiGRU to compen-
sate for frequency-band errors. Finally, the dual-stage-corrected GHI
serves  as  a  key  input  for  accurate  day-ahead  PV power  forecasting.
Case studies using operational data from Hebei, China show that the
proposed method reduces mean absolute error (MAE) by up to 39%
and achieves an approximately 10% relative improvement in R2 com-
pared  with  raw  NWP  data  at  station  1  for  day-ahead  forecasting.
These  improvements  are  particularly  pronounced  under  transitional
weather, demonstrating the method’s effectiveness in enhancing fore-
cast  reliability  and  supporting  grid  dispatch  and  renewable  energy
integration.

    Index Terms—NWP  correction, day-ahead  photovoltaic  power
forecasting, transitional weather classification, attention-BiGRU.
  

ABBREVIATION

NWP numerical weather prediction

PV photovoltaic

GHI global horizontal irradiance

CNN convolutional neural network

RNN recurrent neural network

LSTM long short-term memory

GRU gated recurrent unit

DA decaying average

BiGRU bidirectional gated recurrent unit

GNN graph neural network

ARMA autoregressive moving average

SVR support vector regression

RF random forest

XGBoost extreme gradient boosting

MLR multiple linear regression

SCINet sample convolution and interaction network

DLinear decomposition linear model

SegRNN segment-based RNN

iTransformer inverted Transformer

MAE mean absolute error

RMSE root mean square error

R2 coefficient of determination

CEEMDAN complete  ensemble  empirical  mode  decomposition  with
adaptive noise

WRF weather research and forecasting model

IMF intrinsic mode function
  

I.  Introduction

S olar  energy,  as  one  of  the  most  promising  renewable
energy  sources,  has  gained  widespread  application  and

significant global attention in recent years due to its abundant
availability, low acquisition costs, and minimal environmental
impact [1].  However,  photovoltaic  (PV)  power  generation  is
strongly  influenced  by  meteorological  factors  such  as  global
horizontal  irradiance  (GHI),  exhibiting  pronounced  intermit-
tency and uncertainty, which in turn poses challenges for grid
dispatch, reserve-capacity planning, and other operational pro-
cesses [2], [3].  In  electricity-market  environments,  insuffi-
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cient  PV-generation  forecasting  accuracy  can  directly  lead  to
deviation settlements and economic losses when power plants
participate  in  spot-market  trading [4].  Therefore,  improving
PV-generation  forecasting  accuracy  is  essential  for  ensuring
the safe and stable operation of power systems, enhancing the
economic efficiency of market transactions, and advancing the
intelligence of system regulation [5], [6].

Currently,  photovoltaic  power  forecasting  methods  are  pri-
marily  categorized  into  physical  modeling  approaches  and
data-driven methods [7]. Physical modeling approaches estab-
lish theoretical frameworks based on radiation transfer mecha-
nisms  and  equipment  parameters,  but  their  performance  is
highly dependent on the accuracy of the input data. In contrast,
data-driven  approaches  construct  forecasting  models  by
extracting  latent  patterns  from  historical  data.  Depending  on
the specific techniques employed, data-driven approaches can
be  further  subdivided  into  traditional  statistical  methods  and
deep  learning  methods [8].  Traditional  statistical  learning
methods  primarily  rely  on  linear  assumptions  and  fixed-
parameter  models  for  time  series  modeling.  Among  these,
autoregressive  moving  average  (ARMA) [9],  multiple  linear
regression  (MLR) [10],  and  their  extended  forms  (ARMAX,
ARX,  etc.)  were  widely  applied  in  early  photovoltaic  power
forecasting [11], [12].  However,  this  approach  exhibits  lim-
ited  prediction  accuracy  when  handling  the  nonlinearity  and
high volatility inherent in photovoltaic data.

In  recent  years,  deep  learning  methods  have  demonstrated
superior performance in photovoltaic power forecasting due to
their robust feature extraction and nonlinear modeling capabil-
ities [13], [14].  Long  short-term  memory  (LSTM)  and  gated
recurrent unit (GRU) can effectively capture the temporal vari-
ations of PV power [15], [16], while convolutional neural net-
work  (CNN)  is  effective  in  extracting  local  meteorological
features from numerical  weather  prediction (NWP) data [17].
Attention  mechanisms  and  Transformer  further  enhance  the
representation  of  long-term  dependencies  and  complex  pat-
terns [18].  Building on these  advances,  graph neural  network
(GNN), TCN, and state-space models have been introduced to
capture spatial correlations and long-term temporal dependen-
cies  in  PV  power  generation [19], [20], [21].  Hybrid  models
such as CNN-LSTM and Transformer-TCN, as well  as  meta-
learning  and  transfer  learning  approaches,  have  further
improved  feature  extraction  and  model  generalization [22],
[23], [24].

However,  while  the  aforementioned  advanced  models  sig-
nificantly  enhance  the  mapping  capability  from  meteorologi-
cal  data  to  PV  output,  their  effectiveness  is  predicated  on  a
common  prerequisite  that  the  input  meteorological  data  is
accurate  and  reliable.  However,  NWP  data  are  forecasts  and
inherently  contain  forecast  errors.  These  errors  can  increase
dramatically  during  sudden  weather  changes,  directly  affect-
ing  the  modeling  of  nonlinear  relationships  between  PV  out-
put and meteorological factors and leading to significant devi-
ations  in  subsequent  power  predictions.  To  address  this,

researchers  have  proposed  various  methods  for  correcting
NWP errors. Reference [25] established a day-ahead PV fore-
casting  framework  by  integrating  measured  generation  data
from multiple  cities  in  Taiwan with  WRF-Solar  irradiance.  It
employed the decaying average (DA) method for bias correc-
tion,  thereby  enhancing  prediction  accuracy.  Reference [26]
utilized  the  bias  between  geostationary  satellite  observations
and  NWP  to  construct  an  error  correction  factor,  thereby
enhancing  irradiance  prediction  accuracy.  Reference [27]
identified  GHI  correction  regions  through  error  analysis.  It
combines multivariate feature selection with an expert  hybrid
model  to  extract  representative  features  and  performs  correc-
tions based on information aggregation, effectively enhancing
the model’s robustness and prediction accuracy.

Although the aforementioned bias correction methods effec-
tively  reduce  the  overall  error  of  NWP,  subsequent  studies
indicate  that  NWP errors  exhibit  significant  variations  across
different  seasons  and  weather  conditions.  Since  existing  uni-
fied  correction  methods  struggle  to  accurately  capture  the
complex  dynamics  of  error  evolution  influenced  by  factors
such  as  seasonality  and  weather  types,  researchers  have  fur-
ther  proposed  conditionally  classified  NWP  bias  correction
strategies. Reference [28] utilized temporal encoding to extract
seasonal variations, constructed an error balance function, and
enhanced  the  model’s  generalization  capability  for  different
weather  characteristics  through  regional  segmentation.  Refer-
ence [29] employed  deep  clustering  to  categorize  daily  data
with similar patterns and developed corresponding NWP GHI
correction  models  for  each  training  category,  effectively
improving  prediction  accuracy.  The  CoST-MoELSTM model
proposed  in [30] achieves  classification-based  correction  for
NWP  GHI  forecasts  across  different  seasons  and  patterns
through representation learning, sparse feature activation, and
encoder–decoder calibration. It demonstrates significant accu-
racy  improvements  across  multiple  datasets  and  exhibits
excellent seasonal robustness.

However,  existing  studies  still  face  two  major  limitations.
First, existing condition-dependent correction methods mainly
focus on longer time scales, such as seasonal and daily varia-
tions, while paying limited attention to short-term abrupt irra-
diance  changes  under  transitional  weather  conditions.  The
error characteristics of NWP forecasts during rapid irradiance
increases or decreases may differ substantially from those dur-
ing stable  periods,  making it  difficult  for  a  unified correction
model  to  adapt  effectively.  Kreuwel  et  al. [31] employed
machine learning to transform coarse-resolution NWP outputs
into probabilistic distributions of minute-level irradiance vari-
ability,  offering  new  insights  into  short-term  meteorological
fluctuations.  However,  their  study  also  reported  that  nearly
half of the errors originated from irradiance forecast inaccura-
cies in the input NWP data, highlighting the necessity of bias
correction at the source. Second, most existing studies adopt a
single-stage  correction  strategy  and  do  not  fully  exploit  the
residual  information  after  the  initial  correction.  Although
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Quan et al. [32] proposed a two-stage post-processing method,
and  its  second-stage  mainly  performs  nonlinear  fusion  and
does not sufficiently exploit the temporal and multiscale char-
acteristics of the residuals, limiting further error correction.

To  address  these  issues,  this  paper  proposes  a  dual-stage
NWP  GHI  correction  method  for  short-term  meteorological
variations, consisting of trend correction and residual compen-
sation.  In  the  first-stage,  a  dual-sliding-window turning-point
detection  method  combined  with  an  irradiance  threshold  is
used to identify short-term GHI variation trends, and separate
attention-bidirectional  gated  recurrent  unit  (BiGRU)  models
are  established  for  different  trends  to  improve  adaptability  to
rapid  irradiance  changes.  In  the  second-stage,  the  residuals
from the first-stage correction are decomposed to extract mul-
tiscale  residual  features,  which  are  used  to  obtain  a  residual
compensation term for further correcting NWP GHI. Through
this  progressive  two-stage  correction,  both  trend-dependent
biases under short-term variations and residual errors after the
initial correction are reduced, thereby improving the accuracy
of NWP GHI and subsequent PV power forecasting.

(1) By employing a dual sliding window turning point detec-
tion method combined with an irradiance magnitude threshold
criterion, the GHI series is partitioned into subsequences cor-
responding to different variation trends. The deviation charac-
teristics  of  NWP  GHI  within  each  trend-based  subsequence
are then analyzed.

(2) Training separate correction models for each type of data
to  perform  individual  corrections,  thereby  enhancing  the
model’s  predictive  accuracy  for  data  during  periods  of  rapid
short-term meteorological changes.

(3)  From  the  perspective  of  error  compensation,  a  sec-
ondary  correction  based  on  the  complete  ensemble  empirical
mode decomposition with adaptive noise (CEEMDAN)-atten-
tion-BiGRU  hybrid  modeling  approach  is  introduced  to  fur-
ther optimize the accuracy of GHI series.

The structure of this paper is as follows: Section II analyzes
NWP  GHI  errors  during  transitional  weather  to  establish  the
basis for correction work, Section III introduces the correction
method and evaluation metrics, Section IV presents case stud-
ies  and  analyzes  the  results,  and  Section  V  concludes  the
study.  

II.  Analysis of NWP GHI Errors During Transi-
tional Weather

  

A.  Photovoltaic data analysis
This  paper  analyzes  operational  data  from two  PV stations

in a region of Hebei Province, China, with a temporal resolu-
tion of 15 min. Fig. 1 illustrates the GHI and power curves of
two representative  days  at  station  1.  The  curves  in  the  figure
indicate  that,  in  photovoltaic  power  prediction,  the  predicted
power profile can, to some extent, inherit the characteristics of
the  historical  sequence  and  capture  the  temporal  patterns  of

photovoltaic  output.  Moreover,  the  fluctuation  amplitude  of
power is highly correlated with the variation in measured irra-
diance,  further  confirming  that  irradiance  intensity  is  a  key
meteorological  factor  influencing  photovoltaic  power  output.
However,  in  actual  prediction  scenarios,  real  irradiance  data
are  unavailable,  and  only  irradiance  data  provided  by  NWP
can be used as model inputs.  Due to limitations in the spatial
resolution  of  NWP  data,  its  ability  to  depict  cloud  evolution
and abrupt irradiance changes is insufficient, leading to signif-
icantly increased irradiance deviations during periods of sharp
rise  or  fall  in  irradiance.  Consequently,  this  adversely  affects
the power prediction results. In contrast, during periods of sta-
ble weather conditions such as clear skies or scattered clouds,
NWP  errors  are  relatively  small,  and  the  power  prediction
results are more stable. Therefore, to improve the reliability of
photovoltaic power prediction,  it  is  necessary to develop sce-
nario-specific  modeling  and  correction  strategies  tailored  to
different irradiance variation trends.  

B.  Transitional weather period identification
The  variation  process  of  photovoltaic  irradiance  is  influ-

enced  by  a  combination  of  meteorological  factors  such  as
cloud  movement  and  temperature  changes,  often  exhibiting
pronounced  abrupt  fluctuation  characteristics  in  its  temporal
sequence.  Traditional  mutation  detection  methods  based  on  a
single  temporal  feature  are  highly  sensitive  to  local  noise,
which  can  easily  lead  to  false  positives  or  missed  detections.
To  address  this,  this  paper  proposes  an  identification  method
for periods of intense fluctuation based on sliding-window fea-
ture fluctuation analysis. By comprehensively modeling multi-
feature  temporal  fluctuations,  this  method  identifies  potential
abrupt-change windows within the irradiance sequence.

QAssuming  that  the  photovoltaic  data  comprise  features
and have a total time length of T, the entire sample can be con-
structed as a data matrix
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Fig. 1.     Typical daily data profiles of a photovoltaic power station.

POWER AND ENERGY FUTURE Zhang et al.

3 Power and Energy Future, 2026, 1, 9650021

https://www.sciopen.com/article/10.26599/PEF.2026.9650021
https://www.sciopen.com/article/10.26599/PEF.2026.9650021
https://www.sciopen.com/article/10.26599/PEF.2026.9650021
https://www.sciopen.com/article/10.26599/PEF.2026.9650021
https://www.sciopen.com/article/10.26599/PEF.2026.9650021
https://www.sciopen.com/article/10.26599/PEF.2026.9650021
https://www.sciopen.com/article/10.26599/PEF.2026.9650021
https://www.sciopen.com/article/10.26599/PEF.2026.9650021
https://www.sciopen.com/article/10.26599/PEF.2026.9650021
https://www.sciopen.com/article/10.26599/PEF.2026.9650021


X = [xi j]Q×T , i = 1, · · ·,Q, j = 1, · · ·,T (1)

xi j
L = 4

X(k) ∈ RQ×L

where  represents the value of the ith feature at the jth time
step.  A  fixed  sliding  window  of  length  is  applied  to
locally  segment  the  data,  forming  window  submatrices

.  For  each  window  submatrix,  the  feature  mean
fluctuation and standard deviation fluctuation are calculated to
characterize the degree of change in the local feature distribu-
tion. The equation are as follows
 

∆µ(i,k) =
µ(i,k+1)−µ(i,k)

max(|µ(i,k)|, |µ(i,k+1)|)
(2)

 

∆σ(i,k) =
σ(i,k+1)−σ(i,k)

max(|σ(i,k+1)|, |σ(i,k)|)
(3)

µ(i,k)
σ(i,k)

where  is the mean of the ith feature in the kth window, and
 is the standard deviation of the ith feature in the kth win-

dow.  The relative  fluctuation index of  the  window is  defined
to measure data variability
 

Fk =
1
Q

Q∑
i=1

(
wµ|∆µ(i,k)|+wσ|∆σ(i,k)|

)
(4)

wµ wσ

Fk ε

ε = 0.4

L/2

where  and  are the weighting coefficients, and both are
set  to 0.5 in this study to assign equal importance to changes
in the local mean and standard deviation. For datasets with dif-
ferent  statistical  characteristics,  these  weights  can  be  recali-
brated accordingly. When  exceeds the threshold , the data
distributions of the two adjacent windows are considered sig-
nificantly  different.  In  this  study, ,  which  is  used  as  a
relatively loose screening threshold to identify potential transi-
tion windows rather than to directly determine the final  trend
category.  To  accurately  identify  the  turning  points  of  GHI
within  such  fluctuations,  thereby  preparing  for  the  extraction
of transitional periods, this paper proposes a dual sliding win-
dow method for detecting GHI turning points within potential
abrupt-change windows. This method divides the original win-
dow into adjacent sliding sub-windows of length .  Linear
fitting is performed on the GHI sequence within each sub-win-
dow, and GHI turning points are identified by calculating the
trend  slopes  and  relative  mean  differences  between  sub-win-
dows. The procedure is as follows
 

V =

L/2∑
i=1

∣∣∣v1
i − v2

i

∣∣∣
max

L/2∑
i=1

∣∣∣v1
i

∣∣∣ , L/2∑
i=1

∣∣∣v2
i

∣∣∣
(5)

 

bk =

L/2∑
i=1

(i− i)(vi− v)

L/2∑
i=1

(i− i)2

(6)

 

S = |bk+1−bk | (7)

v1
i v2

i
V

bk
S

(V > τV ) or (S > τS )

Tcp

where  and  represent the ith GHI values in the preceding
and  succeeding  windows,  respectively.  indicates  the  rela-
tive  change  in  the  mean  GHI  between  the  two  windows, 
denotes  the  trend  slope  within  the kth window,  and  repre-
sents the difference in trend slopes between adjacent windows.
A turning point  in  GHI is  marked at  the  junction of  the  win-
dows  when  the  condition  is  satisfied.
Through continuous scanning via the sliding window approach
and analysis  of  feature  fluctuations,  transitional  periods  char-
acterized by significant trend changes in the photovoltaic irra-
diance  time  series  can  be  identified.  Additionally,  a  turning
point dataset  is extracted for subsequent analysis.

Given  that  intraday  photovoltaic  irradiance  typically  fol-
lows  a  bell-shaped  distribution,  many  adjacent  turning  inter-
vals delineated by inflection points exhibit only minor fluctua-
tions.  For  such intervals  with  slight  variations,  power  predic-
tions  based  on  historical  sequences  generally  remain  highly
accurate. To concentrate model training and evaluation on the
intense  fluctuations  that  substantially  impact  prediction  out-
comes,  this  paper  introduces  an  irradiance-variation  magni-
tude criterion based on the extracted set of inflection points. A
segment is classified as a sharp-variation sample only when it
simultaneously satisfies both the magnitude threshold and the
rate-of-change  threshold.  Segments  meeting  these  threshold
conditions  are  further  categorized  into  sharp  increase  and
sharp  decrease  based  on  the  direction  of  change,  while  seg-
ments  not  exceeding  the  thresholds  are  classified  as  stable
periods. The specific discrimination equation are as follows
 

(∣∣∣∣GTcpj+1−GTcpj

∣∣∣∣ >G
)
, G =

Gd

D
∣∣∣∣GTcpj+1−GTcpj

∣∣∣∣
tTcpj+1− tTcpj

> β


(8)

GTcpj

Tcp G
D β

β = 10 W/(m2 ·min)

where  denotes the GHI value at the jth point in the turn-
ing  point  set ,  is  the  daily  average  GHI, Gd represents
the total daily GHI,  stands for the sunshine duration, and 
is the mutation rate threshold for the transitional period. In this
study, ,  determined  according  to  the  sta-
tistical  characteristics  of  short-term  GHI  variations  in  the
training dataset.

During the training stage, measured GHI is available and is
used to identify the actual  irradiance variation trends through
the proposed dual-sliding-window method. The historical sam-
ples  are  subsequently  classified  into  sharp-increase,  sharp-
decrease,  and  stable  periods  to  construct  the  corresponding
trend-specific  correction  models.  During  actual  day-ahead
forecasting,  however,  measured  GHI  within  the  future  fore-
casting  horizon  is  unavailable.  Since  NWP  provides  irradi-
ance  forecasts  for  the  subsequent  day  in  advance,  the  NWP
GHI forecast sequence is used for transitional-weather identi-
fication  at  the  forecasting  stage.  The  same  dual-sliding-win-
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dow criteria  are  applied  to  the  NWP GHI  sequence  to  deter-
mine the corresponding trend category, after which the correc-
tion model associated with the identified category is selected.  

C.  NWP GHI error analysis
Based  on  the  extracted  categories  of  transitional  weather

periods,  mean  absolute  error  (MAE)  and  root  mean  square
error (RMSE) are selected as evaluation metrics to analyze the
deviation between NWP GHI and measured values under dif-
ferent variation trends.

Taking  station  1  as  an  example,  as  shown  in Table  1,  the
deviation  between  NWP  GHI  and  measured  values  increases
significantly  during  transitional  weather.  Both  MAE  and
RMSE in sharp variation periods are considerably higher than
those in stable periods. Therefore, it is necessary to apply cate-
gory specific corrections to NWP data for transitional weather
conditions.
  

TABLE 1 
Statistical Analysis of NWP GHI Errors under Different

Trend Types (W/m2)

Trend type MAE RMSE

Sharp increase 145.18 186.07

Sharp decrease 148.60 191.58

Stable period 39.35 83.29
  

III.  NWP GHI Correction Methods
  

A.  NWP GHI correction framework
To  address  the  problem  of  significant  error  of  NWP  GHI

under  transitional  weather  conditions,  this  paper  proposes  a
dual-stage  NWP  GHI  correction  framework,  as  illustrated  in
Fig.  2.  The  framework  follows  a  core  workflow  of “turning
point  identification–sharp  variation  segment  extraction–stage
specific  correction”,  enabling  refined  GHI  correction  under
transitional weather.

First,  a  dual  sliding-window model  is  established  based  on
photovoltaic irradiance data characteristics. By calculating the
mean  fluctuation  coefficients,  standard  deviation  fluctuation
coefficients, and fitted slopes between adjacent windows, turn-
ing  points  in  the  irradiance  series  are  identified.  Combined
with  a  variation-magnitude  threshold,  the  data  are  classified
into three trend types: sharp increase, sharp decrease, and sta-
ble.  Subsequently,  independent  attention-BiGRU  models  are
constructed for each trend type to perform the first-stage cor-
rection of NWP GHI. Furthermore, CEEMDAN is introduced
to  decompose  the  first-stage  correction  residuals  into  multi-
scale components, and an attention-BiGRU-based approach is
applied  to  compensate  for  errors  across  different  frequency
bands,  thereby  achieving  a  multi-level  and  refined  correction
of NWP GHI.  
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Fig. 2.     Overall framework diagram.
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B.  Correction strategy

t+n
{Gt−n, · · · ,Gt}

GNWP
t+n

(1) First-stage correction: The first-stage correction strategy
in  this  study  integrates  historically  measured  GHI  sequences
with NWP forecasts for future timesteps to perform GHI cor-
rection.  As  shown  in Fig.  3,  for  each  forecasting  timestep

, the input features consist of two temporal components: a
24-h historical measured GHI sequence  used to
capture past variation trends, and the corresponding NWP GHI
forecast  at the target timestep, which serves as a prelim-
inary  reference  for  future  irradiance  evolution.  Since  NWP
provides  irradiance  forecasts  for  the  subsequent  forecasting
period in  advance,  the NWP GHI corresponding to  the target
forecasting  time  is  available  when  the  forecast  is  issued.  No
measured  GHI  data  from  the  future  forecasting  horizon  are
used  as  input,  thereby  avoiding  look-ahead  bias.  This  design
does not rely on pre-constructed error terms; instead, it learns
the  temporal  mapping  between  historical  observations  and
NWP  forecasts  during  training,  and  dynamically  adjusts  the
forecast  during  inference,  thereby  achieving  adaptive  correc-
tion.
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Fig. 3.     First-stage correction strategy.
 

(2) Second-stage correction: Although the first-stage correc-
tion strategy can preliminarily adjust the NWP GHI and bring
the  predictions  closer  to  historical  observations,  residuals
inevitably  remain  in  the  forecast.  These  residuals  contain  not
only high-frequency disturbance components that are difficult
for  conventional  models  to  capture  but  also  medium to  long-
term  slow-varying  trends,  along  with  random  noise.  To
address  this,  this  paper  proposes  a  second-stage  correction
strategy,  which  aims  to  deeply  mine  the  underlying  informa-
tion  within  the  residuals  based  on  the  first-stage  corrected
results, thereby achieving a more refined GHI correction.

The  second-stage  correction  strategy  employs  the  CEEM-
DAN algorithm to  perform multi-scale  decomposition  on  the
residual  sequence  between  the  model  output  after  the  first-
stage  correction  and  the  actual  observations.  CEEMDAN
decomposes  the  complex  residual  series  into  several  intrinsic
mode  functions  (IMFs)  with  physical  significance,  which
helps to reveal multi-scale error characteristics caused by fac-

tors such as abrupt meteorological changes and model limita-
tions.  By  conducting  in-depth  analysis  and  modeling  of  each
IMF  component,  the  model  can  capture  variation  patterns  of
the  residuals  across  different  frequency  ranges,  thereby
achieving  effective  correction  of  errors  in  various  frequency
bands.

t
t

For  each  forecasting  time ,  the  second-stage  correction  is
performed using only information available before . First, the
historical GHI sequence is processed by the trained first-stage
correction  model  to  obtain  the  corresponding  historical  first-
stage  corrected  GHI.  The  residual  sequence  between  the  his-
torical measured GHI and the first-stage corrected GHI is then
constructed. CEEMDAN is subsequently applied to this histor-
ical residual sequence within a causal rolling window, and no
residual  information  after  the  forecasting  time  is  involved  in
the  decomposition.  The  resulting  IMF  components  are  mod-
eled  independently  using  their  historical  sequences  to  predict
the  corresponding  residual  components  over  the  future  fore-
casting  horizon.  Finally,  the  predicted  IMF  components  are
reconstructed  to  obtain  the  second-stage  residual  correction.
Therefore,  the future residual sequence is not required during
forecasting,  and  the  CEEMDAN-based  second-stage  correc-
tion does not introduce look-ahead bias.

(3) CEEMDAN decomposition: CEEMDAN is an improved
empirical  mode  decomposition  method  that  progressively
decomposes  a  non-stationary  signal  into  a  finite  number  of
intrinsic mode functions with local characteristic scales and a
residual  trend  term,  by  introducing  auxiliary  white  noise
ensembles  and  a  recursive  residual  modeling  mechanism.  Its
decomposition result takes the following form
 

x(t) =
M∑
ℓ=1

IMFℓ(t)+ rM(t) (9)

x(t) IMFℓ(t) ℓth

rM(t)
M

where  is  the  original  signal;  is  the  intrinsic
mode function;  denotes the residual component after the
Mth decomposition step;  and  is  the  number  of  decomposi-
tion  layers,  which  depends  on  the  signal  complexity  and  the
decomposition termination criterion. The specific steps are as
follows:

wi(t)
x(t)

(1)  Multiple  independent  white-noise  sequences  are
introduced and added to the original signal  to construct a
set of augmented signals
 

x(1)
i (t) = x(t)+ ϵ ·wi(t), i = 1,2, · · · ,N (10)

ϵ x(1)
i (t)

x(1)
i (t)

IMF
IMF

where  is the noise intensity, and  denotes the ith noise-
augmented signal. For each , EMD is applied to extract
the  first-order  mode .  The  first  complete  intrinsic  mode
function  is then obtained by averaging these modes
 

IMFl(t) =
1
N

N∑
i=1

EMD1
(
x(1)

i (t)
)

(11)

IMF
(2)  Constructing  the  residual  signal  by  removing  the  first

 from the original  signal,  yielding the first-stage residual
signal
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r1(t) = x(t)− IMF1(t) (12)

rℓ−1(t)

x(ℓ)
i (t)

IMF ℓth IMF
rℓ(t)

(3)  Recursive  decomposition:  For  the  residual ,
repeating  step  1  to  generate  a  new  set  of  augmented  signals.
For each augmented residual signal , extracting the first

 and then computing their average to obtain the  ,
while simultaneously updating the residual . This process
is repeated until the residual satisfies the monotonicity condi-
tion  or  its  energy  becomes  negligible,  ultimately  yielding  the
complete decomposition represented by Eq. (9).  

C.  Prediction model introduction
In  photovoltaic  power  generation  forecasting,  accurately

capturing the temporal features and dynamic variations of time
series  is  crucial.  While  traditional  recurrent  neural  networks
(RNNs)  possess  the  ability  to  process  sequential  data,  they
often  suffer  from  gradient  vanishing  or  gradient  explosion
when handling long sequences,  which limits  their  capacity  to
learn  long  range  dependencies.  To  address  this  issue,  gated
recurrent unit (GRU) was proposed [33]. Its structure is illus-
trated in Fig.  4.  By introducing update and reset  gate mecha-
nisms, GRU effectively mitigates the gradient vanishing prob-
lem. Compared to LSTM, GRU has a simpler structure, fewer
parameters,  and  higher  computational  efficiency,  making  it
more  suitable  for  photovoltaic  forecasting  applications  that
require high real time performance.
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Fig. 4.     Structure of the GRU.
 

The key computational formulas are as follows
 

zt = σ(Wz[ht−1, xt]+bz) (13)
 

rt = σ(Wr[ht−1, xt]+br) (14)
 

h̃t = tanh(Wh[rt ⊙ht−1, xt]+bh) (15)
 

ht = (1− zt)⊙ht−1+ zt ⊙ h̃t (16)

zt rt

h̃t ht
σ W b

where  and  are  the  update  gate  and  reset  gate,  respec-
tively,  which  control  the  retention  and  forgetting  of  informa-
tion;  is  the  candidate  hidden  state;  is  the  final  hidden
state;  denotes the sigmoid activation function; and  and 
are the corresponding weight matrices and bias terms, respec-
tively.

However,  a  unidirectional  GRU  can  only  utilize  historical

information. In photovoltaic power generation, which is highly
sensitive to weather variations, features at adjacent time steps
often  exhibit  strong  temporal  correlations.  To  comprehen-
sively  capture  bidirectional  temporal  dependencies,  the  bidi-
rectional  GRU  (BiGRU)  is  introduced [34].  BiGRU  consists
of a forward and a backward GRU layer operating in parallel,
with its output given by
 

ht = [
−→
ht ;
←−
ht] (17)

αt

Although BiGRU is effective in extracting bidirectional fea-
tures,  in  long  time  series,  the  contributions  of  different  time
steps  to  the  prediction  outcome  are  not  uniform.  To  address
this,  this  paper  introduces  an  attention  mechanism  on  top  of
the  BiGRU  framework,  allowing  the  model  to  adaptively
assign  importance  weights  to  different  time  steps,  thereby
amplifying  the  influence  of  key-moment  features  on  the  pre-
diction results. The attention mechanism enables the model to
automatically  focus  on  the  critical  time  steps  that  are  most
influential  for  prediction,  by  computing  the  attention  weight

 at  each  time  step.  The  structure  of  the  Attention-BiGRU
model is illustrated in Fig. 5.
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Fig. 5.     Structure of the attention-BiGRU model.
 

It should be noted that the prediction framework proposed in
this study is designed with generality; its core prediction mod-
ule is not restricted to a specific network architecture. A vari-
ety  of  deep  learning  models  can  operate  within  this  frame-
work.  The  selection  of  attention-BiGRU  as  the  exemplary
model  in  this  paper  aims  to  validate  the  effectiveness  of  the
proposed  dual-correction  strategy  rather  than  to  prescribe  the
prediction model itself.  

D.  Evaluation metrics
To validate the accuracy of the prediction model, this study

selects MAE, RMSE, and the coefficient of determination (R2)
to  evaluate  the  model’s  performance  in  GHI  correction  and
power  prediction.  MAE  reflects  the  average  magnitude  of
deviation between predicted and actual values, and its calcula-
tion equation can be expressed as
 

MAE =
1
N

N∑
i=1

|yi− ŷi| (18)
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RMSE represents the square root of the mean squared error
between  predicted  and  actual  values.  Its  calculation  equation
can be expressed as
 

RMSE =

√√√
1
N

N∑
i=1

(yi− ŷi)2 (19)

R2 indicates how well the model’s predictions fit  the actual
observed data. Its calculation equation can be expressed as
 

R2 = 1−

N∑
i=1

(yi− ŷi)2

N∑
i=1

(yi− y)2

(20)

  

IV.  Case Study

This  study  conducts  a  case  analysis  using  data  from  two
photovoltaic  power  stations  in  a  certain  region  of  Hebei
Province, China, covering the period from July 1, 2018 to June
13, 2019. Station 1 has a rated capacity of 20 MW, while sta-
tion  2  has  a  rated  capacity  of  15  MW.  The  dataset  includes
both  measured  meteorological  data  and  NWP  data,  encom-
passing  variables  such  as  GHI,  temperature,  wind  speed,  and
other meteorological parameters, with a temporal resolution of
15 min.

The NWP data  utilized in  this  study were generated by the
advanced  research  WRF  (ARW)  model,  version  3.9.1.  As  a
fully  compressible,  non-hydrostatic  modeling  system,  ARW
employs terrain-following hydrostatic pressure vertical coordi-
nates  and  Arakawa  C-grid  spatial  discretization.  To  ensure
high-precision forecasting for the target PV stations, the model
was configured with a horizontal  grid resolution of 4 km and
45  terrain-following  vertical  layers  (Eta  levels),  extending
from the surface to a model  top of 70 hPa.  The model is  ini-
tialized daily at 12:00 UTC using global forecast data from the
European  Centre  for  Medium-Range  Weather  Forecasts
(ECMWF) at a resolution of 0.125° × 0.125°. In this study, the
extracted NWP variables feature a 15-min temporal resolution,
matching the sampling frequency of local  ground-based mea-
surements  to  ensure  consistency  during  model  training  and
evaluation.  

A.  First-stage correction based on transitional weather clas-
sification

The first-stage correction uses data from July to September
2018 as the training set,  and data from October 2018 to June
2019 as the test set. As shown in Fig. 6, the dual sliding win-
dow  turning  point  identification  method  is  applied  to  locate
significant  transition  points  in  the  GHI  series.  Subsequently,
combined  with  threshold  criteria,  the  series  is  classified  into
three  trend  periods: “sharp  increase”, “sharp  decrease”,  and
“stable period”.
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Fig. 6.     Extraction of sharp-variation periods.
 

For the three distinct weather trend data subsets, three inde-
pendent  attention-BiGRU correction models  are  trained sepa-
rately. The input to each sub model consists of a 24-h histori-
cal  measured  GHI  sequence  along  with  the  NWP  forecast
value corresponding to the target time step. During the testing
phase,  the trend of each prediction sample is  first  determined
and  assigned  to  its  corresponding  category;  then,  the  respec-
tive  sub  model  is  invoked  for  prediction.  Finally,  the  predic-
tions from all categories are reassembled into a complete cor-
rected NWP GHI sequence, which serves as the input for sub-
sequent CEEMDAN-based residual modeling and power fore-
casting.

To  validate  the  effectiveness  of  the  trend-based  classifica-
tion  correction  strategy,  this  study  designs  a  control  experi-
ment.  Under  the  condition  of  no  trend  classification,  models
including  support  vector  regression  (SVR),  extreme  gradient
boosting (XGBoost), GRU, BiGRU, and attention-BiGRU are
separately  trained  and  tested  on  the  original  dataset.  The
parameter  settings  of  the  comparison  models  are  shown  in
Table 2.
  

TABLE 2 
Model Parameters

Model Parameters

XGBoost
Number of trees: 300,

Max_depth: 8,
Learning_rate: 0.01

SVR
Kernel: RBF,

C: 100,
Epsilon: 0.01

GRU
Hidden units: 64, 32,
Learning_rate: 0.001,

Batch_size: 64

BiGRU
Hidden units: 64, 32,
Learning_rate: 0.001,

Batch_size: 64

ABiGRU
Hidden units: 64, 32,
Learning_rate: 0.001,

Batch_size: 64
 

As  shown  in Table  3,  after  the  first-stage  correction  based
on trend classification,  the NWP GHI forecasting accuracy is
significantly improved for both stations. Taking station 1 as an
example,  the  GHI  MAE  decreases  to  21.942  W/m2,  RMSE
improves from 107.146 to 56.191 W/m2, and R2 rises to 0.960.
In  particular,  to  further  distinguish  the  contribution  of  trend
classification  from  that  of  the  underlying  model  architecture,
the single attention-BiGRU model and the proposed first-stage
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correction  strategy  employ  the  same  attention-BiGRU  archi-
tecture, while the latter further introduces trend-specific classi-
fication  and  constructs  separate  correction  models  for  differ-
ent  trend  types.  Compared  with  the  single  attention-BiGRU
model,  the  classification-based  correction  strategy  achieves
relative reductions of approximately 13.9% in MAE and 4.2%
in  RMSE,  while  increasing R2 from  0.956  to  0.960.  These
results  indicate  that  the  observed  improvement  is  not  solely
attributable  to  the  fitting  capability  of  the  Attention-BiGRU
architecture, but is also associated with the trend-based classi-
fication strategy, which enables the correction models to learn
the  distinct  NWP  GHI  error  characteristics  under  different
irradiance variation trends.  

B.  Second-stage correction based on CEEMDAN decomposi-
tion

The  second-stage  correction  uses  data  from  October  to

December  2018  as  the  training  set  and  data  from  January  to
June 2019 as the test set. First, the residual sequence between
the  first-stage  corrected  output  and  the  measured  GHI  values
is  extracted  to  form  the  original  residual  signal.  Since  the
residual  may  contain  trend  drift,  periodic  disturbances,  and
noise  interference,  directly  modeling  it  could  lead  to  feature
coupling  and  increased  learning  difficulty.  Therefore,  this
study  employs  the  CEEMDAN  algorithm  to  decompose  the
residual  sequence.  Through  this  process,  14  intrinsic  mode
functions and one residual component are obtained, as shown
in Fig. 7.

To  reduce  modeling  cost  and  improve  computational  effi-
ciency,  this  study  introduces  permutation  entropy  to  quantify
the complexity of each IMF subsequence. As can be seen from
Fig.  7,  some  modal  functions  exhibit  similar  entropy  values,
indicating  analogous  dynamic  characteristics.  Accordingly,
when the entropy difference between two IMF components is
less than 0.05, they are considered to have similar information
characteristics  and  are  merged.  IMF10  through  the  residual
term  is  integrated  into  one  composite  subsequence,  while
IMF8 and IMF9 are combined into another subsequence. This
merging strategy reduces the number of sub-models while pre-
serving the original  information as  much as  possible,  thereby
reducing the computational  resources required for subsequent
model training.

Subsequently,  each  IMF  subsequence  is  individually  input
into  an  attention-BiGRU  model  for  training  and  prediction.
Finally, the outputs from all IMF sub-models are summed and
reconstructed  to  obtain  the  complete  predicted  residual
sequence,  which  is  then  added  to  the  first-stage  corrected
results to form the final second-stage corrected prediction. To
further  evaluate  the  effectiveness  of  CEEMDAN  decomposi-
tion, this study compares two configurations:

(1) Without CEEMDAN: The first-stage correction residual
sequence is directly fed into an attention-BiGRU model;

(2) With CEEMDAN: The residual sequence is first decom-
posed by  CEEMDAN, then  each  IMF subsequence  is  trained
with  an  individual  attention-BiGRU  model,  and  the  outputs
are summed to reconstruct the final result.

 

TABLE 3
First-Stage Correction Error Results of NWP GHI for Dif-

ferent Methods

Station Method
Evaluation metrics

MAE RMSE R2

Station 1

Raw NWP GHI 53.597 107.146 0.853

SVR 37.492 80.504 0.917

XGBoost 36.039 68.585 0.939

GRU 28.958 64.006 0.947

BiGRU 26.914 59.577 0.954

ABiGRU 25.496 58.657 0.956

First-stage correction 21.942 56.191 0.960

Station 2

Raw NWP GHI 48.245 99.897 0.852

SVR 30.489 69.776 0.928

XGBoost 27.356 60.431 0.945

GRU 24.265 56.201 0.953

BiGRU 23.523 54.869 0.955

ABiGRU 22.314 52.297 0.959

First-stage correction 21.807 50.519 0.962
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The second-stage correction results are illustrated in Fig. 8.
As  shown  in Table  4,  the  model  with  second-stage  correc-

tion achieves the best prediction performance among all tested
methods,  with  an  MAE  of  17.373  W/m2,  RMSE  of
34.065 W/m2,  and R2 of 0.986. Compared with the raw NWP
irradiance, the second-stage correction achieves a 16.3% rela-
tive improvement in R2.  Even without CEEMDAN decompo-
sition,  the  second-stage  correction  still  outperforms  the  first-
stage  correction,  reducing  MAE  and  RMSE  to  24.295  and
60.885  W/m2,  respectively,  and  increasing R2 to  0.957.  This

corresponds  to  relative  reductions  of  approximately  1.7% in
MAE  and  1.1% in  RMSE,  and  a  relative  improvement  of
approximately  0.2% in R2.  In  contrast,  the  second-stage  cor-
rection  model  incorporating  CEEMDAN  decomposition
achieves  a  more  substantial  improvement  in  accuracy,  with  a
relative  improvement  of  3.2% in R2 compared  with  the  first-
stage correction.

The results indicate that the second-stage correction mecha-
nism, especially when combined with CEEMDAN decomposi-
tion, can effectively reduce systematic bias and residual errors
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TABLE 4 
Second-Stage Correction Error Results of NWP GHI for Different Methods

Station Method
Evaluation metrics

MAE RMSE R2

Station 1

Raw NWP GHI 57.304 113.774 0.848

ABiGRU 28.976 63.759 0.952

First-stage correction 24.704 61.584 0.955

Second-stage correction (no decomposition) 24.295 60.885 0.957

Second-stage correction 17.373 34.065 0.986

Station 2

Raw NWP GHI 49.607 103.271 0.847

ABiGRU 24.269 54.283 0.956

First-stage correction 23.826 53.169 0.959

Second-stage correction (no decomposition) 23.169 52.828 0.960

Second-stage correction 12.473 27.920 0.987

Zhang et al. POWER AND ENERGY FUTURE

Power and Energy Future, 2026, 1, 9650021 10

https://www.sciopen.com/article/10.26599/PEF.2026.9650021
https://www.sciopen.com/article/10.26599/PEF.2026.9650021
https://www.sciopen.com/article/10.26599/PEF.2026.9650021
https://www.sciopen.com/article/10.26599/PEF.2026.9650021
https://www.sciopen.com/article/10.26599/PEF.2026.9650021
https://www.sciopen.com/article/10.26599/PEF.2026.9650021
https://www.sciopen.com/article/10.26599/PEF.2026.9650021
https://www.sciopen.com/article/10.26599/PEF.2026.9650021
https://www.sciopen.com/article/10.26599/PEF.2026.9650021
https://www.sciopen.com/article/10.26599/PEF.2026.9650021


under complex meteorological  conditions such as rapid cloud
movement  and  abrupt  weather  changes.  Furthermore,  it
dynamically  compensates  for  omitted  errors,  thereby  further
enhancing the reliability of NWP irradiance forecasts.

The two correction stages adopt different chronological data
partitions  because  they  constitute  a  cascaded  correction  pro-
cess.  In the first-stage,  data from July to September 2018 are
used  to  train  the  trend-specific  correction  models,  which  are
subsequently applied to the period from October 2018 to June
2019  to  obtain  the  first-stage  corrected  GHI  and  correspond-
ing residual sequences. The first-stage outputs from October to
December  2018  are  then  used  to  construct  the  training  sam-
ples for the second-stage residual correction model, while Jan-
uary–June  2019  is  reserved  as  an  independent  test  period.
Therefore,  although the second-stage training period overlaps
temporally with the first-stage application period, no data from
the  second-stage  test  period  are  used  during  second-stage
training.

To  evaluate  the  computational  complexity  of  the  proposed
model,  this  study  recorded  the  time  consumption  of  each
model  during  both  the  training  and  testing  phases.  As  shown
in Table  5,  the  experimental  results  include  the  training  time
on  the  station  1  dataset  and  the  forecasting  time  for  a  24-h
lookahead period. The results show that the dual-stage correc-
tion  framework  requires  840.10  ms  for  forecasting  and
766.08 s for training. The increased computational complexity
primarily  stems  from  the  secondary  correction  stage:  The
CEEMDAN algorithm decomposes the residual sequence into
multiple intrinsic mode functions,  requiring the framework to
perform  independent  prediction  compensation  for  each  com-
ponent. This multi sequence processing mode leads to a cumu-
lative  increase  in  time consumption.  Despite  the  higher  com-
putational  demands  compared  to  the  base  model,  considering
that  the  training  process  is  completed  offline  prior  to  online
forecasting  and that  a  prediction  speed is  well  within  the  15-
min  dispatching  window  of  power  systems,  the  proposed
model  achieves  an  effective  balance  between  computational
cost and forecasting accuracy.  

C.  Photovoltaic power forecasting
(1) Ablation experiment: To validate the effectiveness of the

proposed dual-stage NWP GHI correction method in practical
power  forecasting  tasks,  this  study  conducts  a  case  analysis
using  data  from  two  photovoltaic  power  stations  in  Hebei,
China.  Different  input  variables  and  correction  strategies  are
progressively  introduced  to  compare  the  impact  of  various
configurations  on  day-ahead  photovoltaic  power  forecasting
performance. Data from January to April 2019 are used as the
training set, and data from May to June 2019 serve as the test
set.  The  specific  configurations  of  the  compared  algorithms
are as follows. Method I uses only historical power data with-
out  any  NWP  GHI  information.  Method  II  incorporates  raw
NWP  GHI  data  into  the  input.  Methods  III–V  progressively
introduce first-stage correction using GRU, BiGRU, and ABi-
GRU, respectively, all without trend classification. Method VI
adds trend classification to the first-stage correction with ABi-
GRU.  Method  VII  further  introduces  second-stage  residual
correction  without  CEEMDAN decomposition,  directly  mod-
eling the  residuals  using ABiGRU. Method VIII  incorporates
the complete proposed framework, which combines trend clas-
sified  first-stage  correction  with  CEEMDAN-based  residual
decomposition for second-stage correction.

The  visual  comparison  of  day-ahead  photovoltaic  power
forecasting  curves  under  different  ablation  schemes  for  the
two power stations is shown in Fig. 9. It can be observed that
the  forecasting  curve  obtained  by  the  complete  framework
(method VIII) achieves the best fitting performance against the
real  power  output.  Based  on  the  data  presented  in Table  6,  a
clear  improvement  in  forecasting  performance  is  observed  as
input  variables  and  correction  strategies  are  sequentially
enhanced.  Taking  station  1  as  an  example,  method  I,  which
utilizes  only historical  power data  without  NWP GHI correc-
tion or dedicated correction models, delivers a baseline perfor-
mance  with  MAE,  RMSE,  and R2 of  1.234  MW, 2.210  MW,
and  0.810,  respectively.  With  the  introduction  of  NWP  GHI
data  in  method  II,  MAE  and  RMSE  decrease  to  1.109  and
1.953MW,  respectively,  indicating  that  the  incorporation  of
NWP GHI data effectively enhances prediction performance.
  

TABLE 6 
Day-Ahead Power Forecasting Errors for Different Meth-

ods

Method
Evaluation metrics

MAE RMSE R2

Method I 1.234 2.210 0.810

Method II 1.109 1.953 0.852

Method III 0.878 1.516 0.911

Method IV 0.854 1.456 0.918

Method V 0.800 1.450 0.918

Method VI 0.779 1.413 0.922

Method VII 0.740 1.407 0.923

Method VIII 0.675 1.229 0.941

 

TABLE 5
Comparison of training and forecasting time among dif-

ferent Methods

Method Training time (s) Forecasting time (ms)

SVR 72.98 69.88

XGBoost 141.11 20.03

GRU 78.18 46.99

BiGRU 93.29 61.79

ABiGRU 99.77 71.68

First-stage correction 112.31 94.34

Second-stage correction
(no decomposition) 119.58 145.14

Second-stage correction 766.08 840.10
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Further  inclusion  of  first-stage  correction  along  with  vari-

ous GRU-based architectures  in  methods III  to  V results  in  a
continued decline in error metrics, with MAE reaching a mini-
mum  of  0.800  and R2 exceeding  0.918.  Method  VI,  which
applies trend-based classification in addition to first-stage cor-
rection,  further  reduces  forecasting  error,  with  MAE  and
RMSE  showing  relative  reductions  of  2.6%,  respectively,
compared with method V, demonstrating that the trend-classi-
fication-based  first-stage  correction  strategy  effectively  low-
ers prediction errors and enhances model fitting.

Methods VII and VIII further incorporate second-stage cor-
rection  and  CEEMDAN  decomposition  on  this  basis,  with
method VIII, combining trend-classified first-stage correction,
CEEMDAN  decomposition,  and  ABiGRU-based  correction,
achieving the best performance. Its MAE drops to 0.675, rep-
resenting  a  relative  reduction  of  nearly  39% compared  with
method  II  using  raw  NWP  GHI,  RMSE  decreases  to  1.229,
while R2 reaches  0.941,  representing  a  relative  improvement
of approximately 10% compared with method II. These results
indicate  that  the  dual-stage  correction  and  signal  decomposi-
tion techniques effectively extract and utilize detailed informa-
tion  in  the  GHI,  significantly  enhancing  both  forecast  accu-
racy and stability.

To  further  investigate  the  contribution  of  trend  classifica-
tion,  the  test  samples  are  divided  into  sharp-increase,  stable,
and  sharp-decrease  periods.  In  particular,  methods  V  and  VI
adopt  the  same  forecasting  architecture,  while  method  VI
additionally  incorporates  the  proposed  trend-classification
strategy.  Therefore,  their  performance  difference  can  be  used
to  evaluate  the  contribution  of  trend  classification  indepen-
dently.

As  shown  in Table  7,  introducing  trend  classification  pro-
duces  more  substantial  improvements  under  transitional-
weather conditions than during stable periods. Compared with
method V, method VI reduces MAE by 15.7% and 20.2% for
sharp-increase and sharp-decrease periods, respectively, while
the  corresponding  RMSE reductions  are  8.1% and  13.1%.  In
contrast, the reductions during stable periods are only 7.6% in
MAE and 4.1% in RMSE. The larger improvements observed
for  both  sharp-increase  and  sharp-decrease  periods  indicate
that  trend  classification  is  particularly  effective  in  improving
forecasting errors under transitional weather conditions.

In summary, combined with the analysis of the model con-
figurations, the introduction of NWP GHI data, staged correc-
tion  strategies,  and  CEEMDAN  decomposition  technology
substantially  improves  the  performance  of  day-ahead  photo-
voltaic power forecasting, thereby validating the effectiveness
of the proposed GHI correction methodology.

(2)  Model  applicability  validation:  To  evaluate  the  adapt-
ability of the proposed “dual-stage correction” strategy across
different  forecasting frameworks,  this  study selects  three rep-
resentative  traditional  machine  learning  models,  random  for-
est (RF), SVR, and XGBoost, as well as several recently pro-
posed deep learning models, including DLinear, iTransformer,

Informer,  SCINet  and  SegRNN,  as  baseline  models.  Day-
ahead  power  forecasting  is  then  performed  and  compared
under  three  input  conditions:  raw  NWP  GHI,  first-stage  cor-
rected NWP GHI, and second-stage corrected NWP GHI.

Taking station 1 as an example, Fig. 10. and Table 8 present
the  comparison  of  forecasting  performance  metrics  for  vari-
ous models  under  three input  conditions.  Specifically,  input  I
consists of historical power plus raw NWP GHI, input II com-
bines  historical  power  with  first-stage  corrected  NWP  GHI,
and  input  III  includes  historical  power  together  with  second-
stage corrected NWP GHI.  To distinguish the contribution of
input quality from that of the forecasting architecture, the fore-
casting  model  is  kept  unchanged  when  comparing  the  three
input  conditions  within  each  model.  Therefore,  the  perfor-
mance differences among inputs I, II, and III mainly reflect the
impact  of  NWP GHI  quality,  whereas  the  differences  among
different  models  under  the  same  input  condition  reflect  the
influence of the forecasting architecture. As shown in Table 8,
the dual-stage correction strategy delivers significant and con-
sistent performance improvements across all baseline models.
In  terms  of  MAE,  the  first-stage  correction  reduces  the  aver-
age error by 0.391 MW, while the second-stage correction fur-
ther  extends  this  reduction  to  0.495  MW.  A  similar  trend  is

 

TABLE 7
Day-Ahead Power Forecasting Errors under Transitional

Weather Conditions

Method Trend type
Evaluation metrics

MAE RMSE

Method I
Sharp increase 3.484 4.368
Stable period 1.109 2.038

Sharp decrease 3.307 4.105

Method II
Sharp increase 3.097 3.720
Stable period 0.987 1.761

Sharp decrease 3.020 3.524

Method III
Sharp increase 2.783 3.599
Stable period 0.742 1.204

Sharp decrease 2.742 3.528

Method IV
Sharp increase 2.654 3.441
Stable period 0.724 1.160

Sharp decrease 2.605 3.402

Method V
Sharp increase 2.590 3.358
Stable period 0.667 1.147

Sharp decrease 2.538 3.350

Method VI
Sharp increase 2.183 3.087
Stable period 0.616 1.100

Sharp decrease 2.025 2.912

Method VII
Sharp increase 2.067 2.972
Stable period 0.606 1.099

Sharp decrease 1.927 2.822

Method VIII
Sharp increase 1.818 2.794
Stable period 0.558 0.936

Sharp decrease 1.768 2.623
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observed for RMSE, with the first-stage correction decreasing
it by an average of 0.628 MW and the second-stage correction
achieving an average reduction of 0.841 MW. Furthermore, as
shown in Fig. 11, the R2 values of all models exhibit positive
improvement:  The  first-stage  correction  achieves  an  average
relative  improvement  of  11.22%,  while  the  second-stage  cor-
rection further increases the relative improvement to an aver-
age of 14.28%,  reflecting enhanced fitting capability and bet-
ter  trend  representation  across  the  models.  The  consistent
improvement  obtained by replacing raw NWP GHI with  cor-
rected GHI across all forecasting models further indicates that
the  performance  gains  are  primarily  associated  with  the
improved quality of the meteorological input rather than being
dependent on a specific forecasting architecture.

In conclusion, the dual-stage correction framework based on
“trend  classification  +  CEEMDAN  multi-scale  residual  com-
pensation” not  only  reduces  irradiance  bias  itself  but  also
functions  as  a  highly  compatible  preprocessing  module  that

can  be  readily  integrated  into  various  forecasting  models.  It
significantly  enhances  the  stability  and  reliability  of  photo-
voltaic power forecasting under complex meteorological  con-
ditions.  

V.  Conclusion

This  paper  proposes  a  dual-stage  NWP  GHI  correction
framework  for  day-ahead  photovoltaic  power  forecasting
under  transitional  weather  conditions.  The  main  conclusions
are summarized as follows:

(1) The proposed transitional weather classification strategy
improves the adaptability of NWP GHI correction to different
irradiance variation patterns. By identifying turning points and
distinguishing sharp-increase, sharp-decrease, and stable peri-
ods, the correction models can learn more homogeneous error
characteristics, particularly under abrupt irradiance variations.

(2)  The  proposed  second-stage  correction  further  exploits
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Fig. 9.     Day-ahead power forecasting results.
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the  residual  information  after  the  first-stage  correction.
CEEMDAN  decomposes  the  residual  sequence  into  compo-
nents  with  different  characteristic  scales,  while  Attention-
BiGRU  models  the  decomposed  components  to  compensate

for  residual  errors.  This  provides  a  complementary  mecha-
nism for reducing errors that remain after the initial correction.

(3)  The  corrected  NWP  GHI  consistently  improves  PV
power  forecasting  performance  across  different  forecasting
architectures.  This  demonstrates  that  the  proposed  dual-stage
correction framework can serve as  an effective preprocessing
module  for  improving  the  reliability  of  meteorological  inputs
rather than being restricted to a specific forecasting model.

Overall,  the  proposed  method  provides  a  scenario-adaptive
and multi-scale  approach for  reducing NWP irradiance errors
and  improving  day-ahead  PV  forecasting  under  complex
weather  conditions.  Future  work  will  investigate  the  general-
ization  of  the  method  across  different  geographical  regions
and PV stations and further improve computational efficiency
for large-scale operational applications.  
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