
Environmetrics
 SPECIAL  ISSUE  Exploring  Statistical  Strategies  for  Addressing  Complex

 Environmental  Challenges  Involving  Spatial-Temporal  Data
 

RESEARCH  ARTICLE
 

Spatial-Awared  Deep  Echo  State  Networks  for
 High-Resolution  Spatio-Temporal  Wind  Speed  Nowcasting 
Zipei  Geng1 |  Stefano  Castruccio2 |  Marc  G.  Genton1

1  Statistics  Program,  King  Abdullah  University  of  Science  and  Technology,  Thuwal,  Saudi  Arabia  |  2  Department  of  Applied  and  Computational  Mathematics
 and  Statistics, The  University  of  Notre  Dame,  Notre  Dame,  Indiana,  USA
 

Correspondence:  Zipei  Geng  (zipei.geng@kaust.edu.sa)
 

Received:  2  June  2025  |  Revised:  5  May  2026  |  Accepted:  8  July  2026
 

Keywords:  dimension  reduction  |  echo  state  network  |  nearest  neighbor  |  wind  speed  nowcasting
 

ABSTRACT 
Accurate  wind  speed  nowcasting  is  crucial  for  optimizing  wind  energy  production  and  grid  stability,  especially  for  countries  such
 as  Saudi  Arabia  with  ambitious  renewable  energy  targets.  This  article  introduces  a  novel  deep  learning  framework  combining  Deep
 Echo  State  Networks  (DESNs)  with  spatial  information  through  .𝑘 -nearest  neighbors  for  high-resolution  wind  speed  prediction.
 Specifically,  we  develop  a  Spatio-Temporal  Attention  Graph  Autoencoder  (STAGA)  that  effectively  reduces  spatial  dimensionality
 while  preserving  critical  spatio-temporal  patterns,  enabling  efficient  processing  of  large-  scale  meteorological  data.  Experiments
 using  high-resolution  simulated  wind  data  from  Saudi  Arabia  demonstrate  that  our  model  consistently  outperforms  traditional
 methods.  In  addition,  we  provide  uncertainty  quantification  through  conformal  prediction  and  demonstrate  its  practical  value
 by  assessing  wind  power  estimates.  The  proposed  methodology  offers  significant  improvements  for  operational  wind  forecasting
 systems,  supporting  the  efficient  integration  of  wind  energy  into  power  grids.

1  |  Introduction
 

Wind  energy  plays  a  crucial  role  in  the  global  transition  toward
 renewable  and  sustainable  energy  sources  (Blanco

 

2009).  As
 countries  seek  to  reduce  their  carbon  footprint  and  mitigate  the
 impacts  of  climate  change,  wind  power  has  emerged  as  a  promis-
 ing  alternative  to  fossil  fuels  (Kinley

 

2017).  Saudi  Arabia,  despite
 its  heavy  dependence  on  oil  reserves,  has  set  an  ambitious  target
 of  installing  16  GW  of  wind  power  capacity  by  2030  as  part  of  its
 “  Vision  2030”  plan  (Nurunnabi

 

2017).  To  achieve  this  goal  and
 ensure  the  optimal  deployment  of  wind  turbines,  accurate  fore  -
 casting  of  wind  speeds  is  essential  (Akpinar  and  Akpinar

 

2005;
 Spera

 

1994).
 

Wind  speed  nowcasting  refers  to  the  prediction  of  wind  speed  in
 the  near  future,  typically  within  a  few  hours  (Chkeir  et  al.

 

2023).
 Unlike  traditional  forecasting  methods  that  focus  on  longer  time
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horizons,  nowcasting  aims  to  provide  high-resolution,  short-term
 predictions  that  can  help  in  the  real-time  operation  and  manage  -
 ment  of  wind  farms.  Accurate  wind  speed  nowcasting  is  crucial
 for  optimizing  power  generation,  reducing  costs,  and  ensuring
 grid  stability  (Krishna  et  al.

 

2018;  Cassola  and  Burlando
 

2012;
 Zhu  and  Genton

 

2012).
 

Modeling  wind  speed  dynamics  poses  significant  challenges
 due  to  the  complex  and  nonlinear  nature  of  atmospheric
 processes  (Krishna  et  al.

 

2018;  Cassola  and  Burlando
 

2012).
 Traditional  statistical  methods,  such  as  autoregressive  inte  -
 grated  moving  average  (ARIMA)  models  (Shumway  and  Stof-
 fer

 

2017),  have  limitations  in  capturing  the  nonlinear,  nonsta-
 tionary  spatio-temporal  dependencies  of  wind  speed.  To  address
 these  limitations,  machine  learning  techniques,  particularly
 deep  learning  models,  have  gained  prominence  in  wind  speed
 forecasting.
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Echo  State  Networks  (ESNs,  Jaeger  (
 

2007);  McDermott  and
 Wikle  (

 

2018);  Bonas  and  Castruccio  (
 

2025))  have  emerged  as  a
 promising  approach  for  spatio-temporal  forecasting  tasks.  ESNs
 belong  to  the  family  of  reservoir  computing  (Nakajima  and
 Fischer

 

2021)  methods  and  are  designed  to  efficiently  model
 complex  temporal  dependencies.  The  key  idea  behind  ESNs  is
 to  use  a  large,  randomly  initialized  reservoir  of  neurons  that
 remains  fixed  during  training,  while  only  the  output  weights
 are  learned.  This  approach  reduces  computational  burden  and
 improves  training  stability  compared  to  traditional  recurrent  neu-
 ral  networks  (RNNs,  Medsker  and  Jain  (

 

2001)).  ESNs  have  been
 successfully  applied  to  wind  speed  forecasting  (McDermott  and
 Wikle

 

2018;  Huang  et  al.
 

2022;  Bonas  and  Castruccio
 

2023,
 

2025),
 demonstrating  their  ability  to  capture  nonlinear  dynamics  and
 provide  accurate  predictions.  Other  than  ESNs,  various  deep
 learning architectures  have  been  adapted  for  spatio-temporal
 modeling.  Convolutional  Long  Short-Term  Memory  (ConvLSTM)
 networks  (Shi  et  al.

 

2015)  combine  convolutional  layers  with
 LSTM  (Hochreiter  and  Schmidhuber

 

1997)  cells  to  capture  both
 spatial  and  temporal  dependencies  at  the  same  time.  ConvL-
 STMs  have  shown  promising  results  in  wind  speed  forecast-
 ing,  leveraging  the  ability  of  convolutional  layers  to  extract  local
 spatial  features.  Similarly,  PredRNNs  (Wang  et  al.

 

2017)  inte  -
 grate  convolutional  layers  into  RNNs  to  enhance  the  modeling  of
 spatio-temporal  patterns.  In  addition,  attention  mechanisms  in
 spatio-temporal  modeling  aim  to  capture  the  most  relevant  spa-
 tial  and  temporal  dependencies  by  assigning  different  weights
 to  different  spatial  locations  and  time  steps  (Liu  et  al.

 

2019).
 Graph  Convolutional  Networks  (GCNs,  Zhang  et  al.  (

 

2019))  have
 also  gained  attention  for  their  ability  to  model  complex  spa-
 tial  relationships.  GCNs  operate  on  graph-  structured  data,  where
 nodes  represent  spatial  locations  and  edges  represent  the  connec-
 tions  between  them.  Using  the  graph  structure,  GCNs  can  effec-
 tively  capture  spatial  dependencies  and  propagate  information
 across  the  graph.  Although  autoencoders  (Tschannen  et  al.

 

2018)
 effectively  compress  high-  dimensional  data  into  compact  rep  -
 resentations,  research  specifically  addressing  spatial  dimension
 reduction  through  convolutional  autoencoders  remains  limited.
 

Despite  advances  in  spatio-temporal  deep  learning  models,
 developing  accurate  and  computationally  tractable  models  for
 high-resolution  wind  speed  nowcasting  remains  a  challenge,  par-
 ticularly  in  regions  with  complex  geographies.  In  this  work,  we
 propose  a  novel  ESN  framework  that  models  spatial  dynamics
 using  .𝑘− nearest  neighbors  in  combination  with  deep  ESN,  which
 captures  spatial  and  temporal  dependence  at  the  same  time  with
 the  echo  state  property.
 

Our  method  builds  on  and  improves  previous  work  in  now-
 casting  Saudi  Arabia  wind.  Both  Huang  et  al.  (

 

2022)  and
 Wang  et  al.  (

 

2026)  address  spatial  dimension  reduction  by
 selecting  a  subset  of  representative  locations  from  the  original
 observation  grid  —  the  former  via  domain-  specific  knot  place  -
 ment  followed  by  covariance-based  kriging  reconstruction,  the
 latter  via  energy-  distance  subsampling  under  the  assumption
 of  Gaussian  process  IID-ness  in  time  with  an  SPDE-based  spa-
 tial  model.  These  approaches  are  effective  and  interpretable,  but
 the  spatial  reduction  is  inherently  tied  to  observed  support  loca-
 tions  and  the  reconstruction  relies  on  a  modeling  stage  that  is
 decoupled  from  the  forecasting  objective.  Our  method  differs
 from  these  in  two  key  respects.  First,  rather  than  reducing  the

 field  to  a  pre-  selected  subset  of  spatial  locations,  we  employ
 STAGA,  a  spatio-temporal  graph  autoencoder  that  learns  a  latent
 spatial  representation  directly  from  the  full  spatio-temporal
 field  through  graph  convolution,  temporal  attention,  and  hier-
 archical  pooling.  The  spatial  compression  is  therefore  entirely
 data-  driven:  no  prior  knot  placement  is  required,  and  the  encoder
 and  decoder  are  trained  end-to-  end  to  optimize  reconstruc-
 tion  fidelity,  allowing  the  model  to  preserve  nonlinear  and  spa-
 tially  heterogeneous  features  that  a  fixed  sparse  knot  set  may
 not  adequately  summarize.  Second,  we  use  a  deep  ESN  with
 nearest-neighbor  inputs  to  model  the  spatio-temporal  dynam-
 ics  in  the  latent  space,  providing  a  nonlinear  state-  space  model
 that  captures  spatial  information  directly  in  the  forecasting  stage
 rather  than  restricting  spatial  coupling  to  the  reconstruction  step.
 Together,  these  two  aspects  make  our  framework  more  flexible
 and  model-agnostic,  while  retaining  the  computational  advan-
 tages  of  the  staged  pipeline.
 

The  article  is  organized  into  the  following  sections:  an  overview
 of  the  simulated  dataset  (Section

 

2),  the  proposed  methodology
 (Section

 

3),  the  inference  procedure  (Section
 

4),  the  case  study  of
 wind  speed  nowcasting  and  uncertainty  estimation  in  Saudi  Ara-
 bia  (Section

 

5),  wind  power  predictions  across  75  pre-  determined
 wind  farm  locations  (Section

 

6),  and  concluding  remarks  with
 discussion  (Section

 

7).
 

2  |  Wind  Simulation  Data
 

We  use  the  dataset  generated  from  a  study  conducted  to  perform
 hourly  high-resolution  simulations  (Giani  et  al.

 

2020)  using  the
 Weather  Research  and  Forecasting  (WRF)  model  driven  by  the
 operational  high-resolution  European  Center  for  Medium-Range
 Weather  Forecast  (ECMWF)  model  (Molteni  et  al.

 

1996).  The  sim-
 ulations  cover  the  period  from  2013  to  2016,  coinciding  with  the
 availability  of  wind  speed  data  from  meteorological  masts  for  val-
 idation  purposes.
 

The  WRF  model  was  simulated  on  a  regular  planar  grid  with
 fixed  resolution  using  the  Lambert  Conformal  Conic  projection
 (Deetz

 

1918).  Four  different  model  setups  were  explored,  and  the
 one  that  most  closely  matched  the  observations  was  selected  for
 this  study.  This  setup  utilized  the  Mellor-Yamada-Janji  ´ c  plane  -
 tary  boundary  layer  scheme  (Jani  ´ c

 

2001)  and  had  a  spatial  reso  -
 lution  of  6  km.  The  focus  was  on  the  hourly  near-  surface  wind
 speed  data.
 

For  practical  considerations,  islands  over  the  Red  Sea  (Tiran
 Island,  Sanafir  Island  in  the  Red  Sea  Project  Lagoon,  and  Farasan
 Island)  were  excluded  from  the  analysis,  resulting  in  a  total  of
 53,333  locations  (Huang  et  al.

 

2022).  The  .25%,  50%,  and  75% 
percentile  hourly  near-  surface  wind  speed  from  2013  to  2016
 are  depicted  in  Figure

 

1,  revealing  generally  higher  values  in
 the  western  regions  due  to  the  presence  of  mountain  ranges.
 Although  these  areas  are  abundant  in  wind  resources,  they  are
 often  unsuitable  for  wind  farm  development  due  to  the  high
 installation  costs  associated  with  the  rough  terrain.
 

The  northwest  region  of  Saudi  Arabia  near  the  Gulf  of  Aqaba,
 which  is  the  construction  site  of  NEOM  City  (Farag

 

2019),  exhib  -
 ited  favorable  conditions  for  the  harvest  of  wind  energy  based
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FIGURE  1  |  25%,  50%,  and  75%  percentile  of  daily  simulation  wind  speed  across  time  in  Saudi  Arabia  from  2013  to  2016.
 

on  the  data  analysis  of  Huang  et  al.  (
 

2022).  Two  locations  with
 contrasting  average  wind  speeds  were  selected  to  illustrate  the
 diurnal  temporal  variability  in  terms  of  mean  and  standard  devi-
 ation.  It  was  observed  that  the  wind  speed  annual  variability  in
 the  Arabian  Peninsula  is  relatively  low,  suggesting  that  the  find-
 ings  of  this  study  could  be  extended  beyond  the  simulation  years
 (Giani  et  al.

 

2020).
 

The  WRF  model  was  validated  against  observations  from  10  sites
 within  the  King  Abdullah  City  for  Atomic  and  Renewable  Energy
 monitoring  network  using  various  assessment  metrics.  This  vali-
 dation  process  ensured  the  reliability  and  accuracy  of  the  simula-
 tions  for  wind  speed  and  wind  power  potential  analysis  in  Saudi
 Arabia  (Giani  et  al.

 

2020).
 

3  |  Model
 

We  provide  a  notation  Table
 

C1  to  define  the  symbols  and
 notation  used  throughout  this  article.
 

3.1  |  Mean  Structure
 

In  this  study,  we  investigate  the  periodic  inter-  daily  and
 multi-  daily  patterns  present  in  the  hourly  wind  speed  data
 across  Saudi  Arabia.  These  patterns  can  be  attributed  to  daily
 land  –  ocean  heat  fluxes  and  mesoscale  patterns  of  recurring
 winds.  Specifically,  to  describe  the  dynamics  of  the  square  root
 of  wind  speed  at  time  instance  .𝑡  and  location  .s

 𝑖  ,  .𝑍 𝑡  (s 𝑖  )  ,  where  .𝑖  =
 1,  .  .  .  ,  𝑁  ,  we  use  the  following  harmonic  decomposition  model:  

.
√
𝑍

 𝑡  (s 𝑖  )  =  𝛽 0  (s 𝑖  )  +
 𝐾

 ∑
 𝑘=1

 {
 𝛽

 𝑘,1  (s 𝑖  )  cos
 (

 2𝜋  𝑡
𝑇

 𝑘

 )
 +  𝛽

 𝑘,2  (s 𝑖  )  sin
 (

 2𝜋  𝑡
𝑇

 𝑘

 )}
 +  𝛾  (s

 𝑖  )𝑌 𝑡  (s 𝑖  ), (3.1)

 where  .𝐾   denotes  the  number  of  harmonics,  .𝛽
 0  (s 𝑖  )   represents  the

 location-wise  intercept,  .𝛽
 𝑘,1  (s 𝑖  )   and  .𝛽

 𝑘,2  (s 𝑖  ) ,  .𝑘  =  1,  .  .  .  ,  𝐾  ,  are  the
 location-wise  coefficients  for  each  harmonic  with  period  .𝑇

 𝑘  ,  and
 .𝛾  (s

 𝑖  )  is  the  location-wise  scaling  parameter  such  that  the  resid-
 ual  .𝑌

 𝑡  (s 𝑖  )  has  unit  variance  at  each  location.  Preliminary  studies
 indicate  that  there  are  .𝐾  =  5  significant  harmonics  at  periods  of

 1  year,  half  a  year,  1  day,  12  h,  and  8  h.  The  square  root  trans-
 formation  is  applied  to  normalize  the  wind  speed  data,  which
 are  generally  right-  skewed  due  to  occasional  wind  gusts.  In  the
 upcoming  sections,  we  focus  on  capturing  the  spatio-temporal
 patterns  present  in  the  wind  speed  residuals,  .𝑌

 𝑡  (s 𝑖  ) .
 

3.2  |  Wind  Residuals
 

Our  main  task  is  to  accurately  capture  the  spatial  and  temporal
 dependence  within  the  wind  residuals  given  the  mean  structure
 introduced  in  Equation  (

 

3.1).  The  hourly  wind  residual  .𝑌
 𝑡  (s 𝑖  ) ,

 .𝑖  =  1,  .  .  .  ,  𝑁  ,  is  expected  to  exhibit  highly  nonlinear  behavior  that
 traditional  time  series  approaches,  such  as  ARIMA  or  more  gen-
 eral  linear  space  –  time  models,  cannot  capture  effectively.  Fur-
 thermore,  due  to  the  nature  of  our  spatio-temporal  dataset,  in
 which  the  spatial  locations  are  irregularly  spaced,  we  propose
 a  new  model  which  utilizes  the  spatial  information  of  .𝑘 -nearest
 neighbors.  This  idea  coincides  with  the  graph  convolutional  net-
 work,  where  its  inputs  are  the  pair  of  spatio-temporal  data  vec-
 tor  .x   and  its  adjacency  matrix  .A ,  where  .A  ∶=  (𝛿

 𝑖𝑗  ),  with  𝛿
 𝑖𝑗  =

 1,  if  𝑖  is  one  of  the  𝑘-nearest  neighbors  of  𝑗  ,  or  .𝛿
 𝑖𝑗  =  0  otherwise.

 Graph  Neural  Networks  (GNNs)  (Zhang  et  al.
 

2019)  represent
 a  standard  approach  for  handling  irregularly  distributed  data,
 which  exhibits  cubic  computational  complexity  as  the  num-
 ber  of  spatial  locations  increases.  Consequently,  spatial  dimen-
 sion  reduction  becomes  necessary.  To  address  this,  we  propose
 a  framework  that  addresses  the  reduction  of  spatial  dimensions,
 nonlinear  dynamical  processes,  and  spatial  correlation  issues.
 

In  the  subsequent  sections,  we  address  the  nowcasting  of  wind
 residuals  .y

 𝑡  =
 (

 𝑌
 𝑡  (s 1  ),  .  .  .  ,  𝑌 𝑡  (s 𝑁  )

 )
 ⊤

  utilizing  historical  observa-
 tions  within  a  specified  temporal  window  that  excludes  informa-
 tion  beyond  a  predetermined  relevance  threshold.  Specifically,  we
 perform  the  following  steps: 

1.  We  initially  compress  the  spatial  dimension  of  .y
 𝑡   through

 a  graph  autoencoder,  a  neural  network  architecture  that
 reduces  high-  dimensional  input  to  lower-  dimensional  rep  -
 resentations  while  retaining  key  spatio-temporal  features.
 The  autoencoder  employs  an  encoder  to  project  input  data
 into  a  compact  latent  space  and  a  decoder  to  recover  the
 original  data  from  this  representation,  thereby  capturing
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essential  data  structure  while  minimizing  computational
 overhead.

 

2.  The  compressed  spatio-temporal  data  are  subsequently  pro  -
 cessed  using  a  deep  ESN  (DESN)  that  integrates  .𝑘 -nearest
 neighbor  spatial  information  as  DESN  inputs,  which
 strengthens  the  model’s  capacity  to  learn  spatial  depen-
 dencies  and  enhances  prediction  accuracy  by  enriching  the
 spatio-temporal  information  available  to  the  regularized
 regression  predictors.

 

3.  The  trained  autoencoder  is  then  employed  to  reconstruct
 the  complete  spatial  field  of  wind  residuals  .y

 𝑡   from  the  com-
 pressed  representation.  This  reconstruction  process  enables
 high-resolution  wind  residual  predictions  across  all  spa-
 tial  locations  for  subsequent  analysis  and  decision-making
 applications.

 

3.3  |  Deep  Echo  State  Networks
 

Here  we  review  the  DESN  architecture.  A  DESN  is  formulated  as
 follows  (McDermott  and  Wikle

 

2018):  

.output:  y
 𝑡  =  B 𝐷  𝑔  (h 𝑡,𝐷  )  +

 𝐷  −1
 ∑

 𝑑  =1
 B

 𝑑  𝑔  (  ̃ h 𝑡,𝑑  )  +  𝝐  𝑡  , (3.2)

 

.hidden  state  𝑑  ∶h
 𝑡,𝑑  =  (1  −  𝜙)h 𝑡−1,𝑑  +

 𝜙𝑓

 (
 𝛿

 𝑑|𝜆
 W

 𝑑
 |  W 𝑑  h 𝑡−1,𝑑  +  V 𝑑  ̃ h  𝑡,𝑑  −1

 )
 ,  for  𝑑  >  1, 

(3.3)
 

.reduction  𝑑  −  1  ∶  ̃ h
 𝑡,𝑑  −1  =  𝐹  (h 𝑡,𝑑  −1  ),  for  𝑑  >  1, (3.4)

 

.input:  h
 𝑡,1  =  𝑓

 (
 𝛿

 1|𝜆
 W

 1
 |  W 1  h  𝑡−1,1  +  V 1  x 𝑡

 )
 , (3.5)

 where  .x
 𝑡  =  (1,  y 𝑡−1  ,  .  .  .  ,  y 𝑡−𝑚  ) ⊤   is  an  .(𝑚𝑁  +  1)− dimensional  vec-

 tor  and  .𝐷   is  the  number  of  layers.  Here,  .B
 𝑑  ,  𝑑  =  1,  .  .  .  ,  𝐷   are

 unknown  coefficient  matrices  that  will  be  estimated  using  ridge
 regression  with  penalty  .𝜆

 𝑟  .  The  vectors  .h
 𝑡,𝑑  ,  𝑑  =  1,  .  .  .  ,  𝐷   are  hid-

 den  states  at  time  .𝑡  that  are  updated  using  the  combination  of  hid-
 den  states  of  the  same  layer  at  time  .𝑡  −  1  and  dimension-reduced
 hidden  states  . ̃ h

 𝑡,𝑑  −1   of  the  previous  layer  at  time  .𝑡 ,  where  the
 dimension  reduction  function  .𝐹  (⋅)  is  taken  as  principal  compo  -
 nent  analysis  (PCA)  in  this  article.  A  normalization  function  .𝑔  (⋅) 
is  used  to  ensure  consistent  variability  ranges  across  layers.  Here
 .𝜙  is  the  leakage  rate  which  determines  how  many  percent  of  his-
 torical  hidden  states  one  wishes  to  include.  Furthermore,  to  imi-
 tate  the  process  of  feed-forward  neural  network,  we  define  .𝑓  (⋅)  as
 element-wise  rectified  linear  unit  (ReLU)  function.  .𝛿

 𝑑   are  tuning
 parameters  and  .𝜆

 W
 𝑑

  is  the  largest  eigenvalue  with  respect  to  ran-
 domly  generated  matrices  .W

 𝑑   because  of  the  echo  state  property,
 where  the  matrix  distribution  is  given  by  

.(W
 𝑑  ) 𝑖𝑗  =  𝛾

 W
 𝑑

 𝑖𝑗
 𝑈  (−𝑎

 W
 𝑑

 ,  𝑎
 W

 𝑑
 ),  𝛾  W 𝑑

 𝑖𝑗
 ∼  Bern(𝜋

 W
 𝑑

 ). 

Also,  the  matrices  .V
 𝑑  ,  𝑑  =  1,  .  .  .  ,  𝐷   are  randomly  generated

 according  to  the  following  rule:  

.(V
 𝑑  ) 𝑖𝑗  =  𝛾

 V
 𝑑

 𝑖𝑗
 𝑈  (−𝑎

 V
 𝑑

 ,  𝑎
 V

 𝑑
 ),  𝛾  V 𝑑

 𝑖𝑗
 ∼  Bern(𝜋

 V
 𝑑

 ). 

Here  .𝑎
 V

 𝑑
  and  .𝑎

 W
 𝑑

  are  the  magnitudes  of  the  matrices  that  are
 about  to  be  tuned.  Finally,  .𝑔  (⋅)  is  an  element-wise  hyperbolic  tan-
 gent  function  to  unify  the  scale  of  covariates,  which  will  be  the
 input  of  the  Ridge  regression  (

 

3.2).
 

The  dynamical  reservoir  is  similar  to  an  RNN  (Medsker  and
 Jain

 

2001)  architecture  with  randomly  sampled  weights  rather
 than  using  backpropagation  Werbos  (

 

1990)  to  optimize.
 

3.4  |  .𝒌 -Nearest  Neighbor  Implementation
 

We  employ  a  spatial  convolution  filter  as  the  input  layer  of  the
 DESN,  functioning  as  an  auxiliary  reservoir  that  establishes  con-
 nections  between  neighboring  spatial  locations  and  the  hidden
 states.  We  define  the  .𝑘− connectivity  of  two  spatial  locations
 when  one  spatial  location  belongs  to  the  .𝑘− nearest  neighboring
 set  of  the  other  spatial  location.  Under  this  connectivity,  we  add
 spatial  locations  directly  to  the  input  .x

 𝑡   as  defined  in  the  previous
 section. 

We  define  .𝑘  -nearest  neighbors  through  an  undirected  graph
 .g  with  vertices  .𝑉  (g)  and  edges  .𝐸  (g) .  Vertices  are  the  spatial
 locations  where  we  observed  the  wind  speed  data:  .𝐸  (g)  ∶=
 {(𝑢,  𝑣)  ∶  𝑢,  𝑣  ∈  𝑉  (g)} .  The  number  of  vertices  of  .g   is  denoted
 by  .|𝑉  (g)| .  Given  any  .𝑣  ∈  𝑉  (g) ,  define  the  ordered  (from  near-
 est  to  farthest)  neighbor  list  of  .𝑣  (excluding  .𝑣 )  as  .  (𝑣)  ∶=
 {𝑢 𝑣

 1  ,  𝑢
 𝑣
 2  ,  .  .  .  ,  𝑢

 𝑣
 |𝑉  (g)|−1  },  where  .||𝑢  𝑣

 𝑖
 −  𝑣||

 2  ≤  ||𝑢 𝑣
 𝑗

 −  𝑣||
 2  ,  if  𝑖  <  𝑗  .  The

 .𝑘− connectivity  is  thus  defined  as  follows:  

.(𝑢,  𝑣)  ∈  𝐸  (g)  and  𝑢  ∈    (𝑣)[1  ∶  𝑘], 

where  .[1  ∶  𝑘]  the  first  1  to  .𝑘  elements  of  an  ordered  list.  Given
 the  above  definitions,  we  define  the  neighborhood  list  of  .𝑣  as
 .  (𝑣)  ∶=  {𝑢  ∈  𝑉  (g)  ∶  (𝑢,  𝑣)  ∈  𝐸  (g)}. 

Then  the  nearest  neighbor  filter  model  can  be  defined  as  fol-
 lows.  Given  the  input  formula  (

 

3.5),  we  have  the  .𝑘− connectivity
 adapted  version  

.h
 𝑡,1  =  𝑓

 (
 𝛿

 1|  max(𝜆
 W

 1
 ,  𝜆

 W ′
 1

 )|  ̃ W  ̃ h 𝑡−1,1  +

 [
 V

 1

 M

 ]
 [

 x
 𝑡  ,  x 𝑡  (  )

 ] )
 , (3.6)

 where  

.̃ W  =

 (
 W

 1  O  𝑛
 ℎ,1  ×𝑛 𝑓

 O
 𝑛

 𝑓  ×𝑛 ℎ,1  W
 ′
 1

 )
 ∈  ℝ  (𝑛 ℎ,1  +𝑛 𝑓  )×(𝑛 ℎ,1  +𝑛 𝑓  )  ,  ̃ h

 𝑡−1,1  ∈  ℝ  (𝑛 ℎ,1  +𝑛 𝑓  )×1
 , 

.V
 1  ∈  ℝ 𝑛  ℎ,1  ×(𝑚𝑁  +1)

 ,  x
 𝑡  ∈  ℝ (𝑚𝑁  +1)×1

 ,  x
 𝑡  (  )  ∈  ℝ (𝑘𝑚𝑁  +1)×1

 , 

and  .𝑛
 𝑓   is  the  number  of  nearest  neighbor  filters  to  add  to  the  orig-

 inal  DESN  model.  .x
 𝑡  (  )  is  defined  as  

.
[

 y ⊤
 𝑡−1  (  ),  y

 ⊤
 𝑡−2  (  ),  .  .  .  ,  y

 ⊤
 𝑡−𝑚  (  )

 ]
 , 

where  .y ⊤
 𝑡−𝑖  (  )  =  (𝑦

 ⊤
 𝑡−𝑖  (  (𝒔 1  )),  .  .  .  ,  𝑦

 ⊤
 𝑡−𝑖  (  (𝒔 𝑁  ))

 ⊤
 )  and  .𝑦 ⊤

 𝑡−𝑖
 (  (𝒔

 𝑗  ))  =  (𝑦 𝑡−𝑖  (  (𝒔 𝑗  )[1]),  .  .  .  ,  𝑦 𝑡−𝑖  (  (𝒔 𝑗  )[𝑘]) .
 

The  idea  behind  this  model  is  to  encode  spatial  neighboring
 information  from  the  input  to  the  reservoir.  The  neighboring
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FIGURE  2  |  Schematic  description  of  the  1st  layer  of  SA-DESN  model.  We  fix  time  at  .𝑡 ′   and  use  .ℎ
 𝑖,1   to  denote  hidden  states  at  dimension  (of  the

 vector)  .𝑖  and  layer  .1 .  The  number  of  hidden  states  for  reservoir  .1  is  .𝑛
 ℎ  =  5  ,  the  number  of  hidden  states  for  reservoir  .2   is  .𝑛

 𝑓  =  4  ,  with  the  number  of
 nearest  neighbors  .𝑘  =  4  .  The  blue-  colored  output  of  read-  out  .ℎ  ′

 𝑖,1   is  then  fed  into  activation  function  .𝑓  .  The  orange-  colored  activated  output  undergoes
 dimensionality  reduction  through  PCA  to  produce  .̃ ℎ

 𝑖,1  ,  which  serves  as  the  input  for  the  subsequent  layer.  This  iterative  process  continues  through  all
 layers  up  to  the  .𝐷  -th  layer.  The  output  of  the  .𝐷  -th  layer  is  then  used  to  predict  the  wind  residuals  at  time  .𝑡 ′  .
 

sets  can  possess  different  features  that  could  help  to  potentially
 increase  the  predictability  of  our  model.  We  choose  to  encode
 these  neighboring  sets  into  the  RNN  input  layer.  The  number  of
 filters  is  defined  as  .𝑛

 𝑓  .  To  fulfill  the  echo  state  property  (Yildiz
 et  al.

 

2012),  we  require  the  largest  eigenvalue  of  the  matrix  .̃ W 
to  be  less  than  1,  which  is  achieved  by  scaling  the  matrix  .̃ W  by
 .𝛿

 1  ∕|  max(𝜆
 W

 1
 ,  𝜆

 W ′
 1

 )| .  To  clarify,  since  there  are  two  separate  reser-
 voirs  that  must  each  satisfy  the  echo  state  property,  it  is  adequate
 to  use  the  maximum  of  the  largest  eigenvalues  from  both  transfer
 matrices. 

Finally,  the  matrix  .M  is  the  transfer  matrix  between  spatial  infor-
 mation  and  the  neighboring  set,  which  will  be  of  dimension
 .𝑛

 𝑓  ×  𝑘𝑚𝑁  .  This  transfer  matrix  is  allowed  to  enclose  sparsity  to
 avoid  overfitting.  We  have  

.M
 𝑖𝑗  |𝛾  M

 𝑖𝑗
 ∼  𝛾  M

 𝑖𝑗
 𝑈  (−𝑎

 M  ,  𝑎 M  ),  𝛾  M
 𝑖𝑗

 ∼  Bern(𝜋
 M  ). 

We  combine  the  idea  of  the  .𝑘− nearest  neighbor  filter  into
 a  DESN  framework  with  .𝐷   layers.  The  complete  model  is
 called  Spatial-Awared  Deep  Echo  State  Network  (SA-DESN);  see
 Figure

 

2  for  a  schematic  description.
 

3.5  |  Spatio-Temporal  Attention  Graph
 Autoencoder  (STAGA)  for  Wind  Speed  Modeling
 

We  propose  a  spatio-temporal  attention  graph  autoencoder
 (STAGA)  for  wind  speed  data  compression  and  reconstruction
 based  on  the  idea  of  Graph  U-Nets  (Gao  and  Ji

 

2019)  and  Graph
 Attention  Network  (Veli  ˇ ckovi  ´ c  et  al.

 

2018).  The  model  leverages
 graph  neural  networks  to  reduce  spatial  complexity  while  pre  -
 serving  important  temporal  patterns.
 

Let  .X  ∈  ℝ 𝑁  ×𝑇   denote  the  spatio-temporal  wind  speed  data,  where
 .𝑥

 𝑡  (s 𝑖  )  ∈  ℝ  represents  wind  speed  at  location  .s
 𝑖   at  time  .𝑡 .  We  aim

 to  learn  a  spatial  compression  function  .  ∶  ℝ 𝑁  ×𝑇  →  ℝ 𝑛×𝑇   and  a
 spatial  reconstruction  function  .  ∶  ℝ 𝑛×𝑇  →  ℝ 𝑁  ×𝑇   such  that  

. ̂ X  =  (  (X))  ≈  X 

where  .𝑛  ≪  𝑁   represents  the  compressed  spatial  dimension  while
 preserving  the  full  temporal  dimension  .𝑇  .
 

Define  an  undirected  graph  .  =  (𝑉  ,  𝐸  ,  A)  where 

• .𝑉  =  {s
 1  ,  s 2  ,  .  .  .  ,  s 𝑁  }  represents  the  spatial  locations

 

• .𝐸  ⊆  𝑉  ×  𝑉   represents  edges  based  on  spatial  proximity
 

• .A  ∈  {0,  1} 𝑁  ×𝑁   is  the  adjacency  matrix  constructed  using
 .𝑘  -nearest  neighbors  with  Euclidean  distance. 

3.5.1  |  Skeleton  of  the  STAGA
 

STAGA  processes  each  time  step  independently  through
 the  spatial  compression  network  while  using  temporal
 attention  to  capture  dependencies. For  each  time  step  .𝑡 :
 .z

 𝑡  =   spatial  (  ̌ x 𝑡  ,  ,  X 𝑡−𝑊  ∶𝑡  )  ∈  ℝ 𝑛   where  . ̌ x
 𝑡  =  [𝑥 𝑡  (s 1  ),  .  .  .  ,  𝑥 𝑡  (s 𝑁  )] ⊤  

and  .X
 𝑡−𝑊  ∶𝑡   is  the  temporal  context  window.  For  each  spatial

 location  .s
 𝑖   and  time  .𝑡 ,  we  extract  temporal  features  using  LSTM:

 .f temp
 𝑖,𝑡

 =  𝐿𝑆  𝑇  𝑀  (  ̌ x
 𝑡  )  ∈  ℝ 𝑑 𝑓  .  Then,  we  design  a  temporal  window

 for  attention:  .R
 𝑖,𝑡  =  [f

 temp
 𝑖,𝑡−𝑊  +1  ,  .  .  .  ,  f

 temp
 𝑖,𝑡

 ]  ∈  ℝ 𝑊  ×𝑑 𝑓  .
 

3.5.2  |  Encoder  Architecture
 

At  each  time  step  .𝑡  ,  the  scalar  wind  speed  residual  values  are  pro  -
 jected  .f (0)

 𝑖,𝑡
 =  W

 proj  𝑥 𝑡  (s 𝑖  )  +  b proj  ∈  ℝ  𝑑 𝑓  . 

The  encoder  operates  on  the  spatial  graph  at  each  time  step
 .𝑡  ,  whose  implementation  is  summarized  in  Algorithm
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ALGORITHM  1  |  Spatio-temporal  attention  encoder.
 

.

Input:  𝐅 (0)
 𝑡  ∈  ℝ

 𝑁  ×𝑑
 𝑓

 ,  𝐀 (0)  ∈  ℝ 𝑁  ×𝑁  ,  𝐑
 𝑡  ∈  ℝ 𝑁  ×𝑊  ×𝑑 𝑓

Initialize:  
 𝑡  =  ∅,    =  ∅,    =  ∅

for  𝓁  =  1  to  𝐿  do
//  Graph  convolution  on  spatial  dimension
𝐅  (𝓁  )

 𝑡  =  GCN (𝓁  )  (𝐅 (𝓁  −1)
 𝑡  ,  𝐀 (𝓁  −1)  )

//  Temporal  attention  enhancement
𝐅  (𝓁  )

 𝑡  =  𝐅
 (𝓁  )
 𝑡  +  TemporalAttention (𝓁  )  (𝐅  (𝓁  )

 𝑡  ,  𝐑
 (𝓁  −1)
 𝑡  )

Store:  
 𝑡  [𝓁  ]  =  𝐅

 (𝓁  )
 𝑡  ,[𝓁  ]  =  𝐀 (𝓁  −1)

if  𝓁  <  𝐿  then
//Spatial  pooling
𝐅 (𝓁  )

 𝑡  ,  𝐀 (𝓁  )  ,  𝐩 (𝓁  )  =  TopKPool(𝐅 (𝓁  )
 𝑡  ,  𝐀 (𝓁  −1)  ,  𝑟)

Store:    [𝓁  ]  =  𝐩 (𝓁  )
//Update  temporal  window  for  reduced  spatial  nodes
𝐑 (𝓁  )

 𝑡  =  𝐑
 (𝓁  −1)
 𝑡  [𝐩  (𝓁  )  ,  ∶,  ∶]

end  if
end  for
Return:  𝐅 (𝐿)

 𝑡  ∈  ℝ
 𝑛×𝑑

 𝑓
 where  𝑛  =  ⌈𝑟 𝐿  ⋅  𝑁  ⌉

 

encoder  consists  of  .𝐿  layers,  where  each  layer  performs  graph
 convolution  followed  by  temporal  attention  enhancement.
 

The  graph  convolutional  network  (GCN)  at  time  .𝑡  is  defined  as  

.F  (𝓁  )
 𝑡  =  𝑅𝑒𝐿𝑈  (  ̃ A

 (𝓁  −1)
 F (𝓁  −1)

 𝑡  W
 (𝓁  )
 GCN  ),  

where  . ̃ A  =  D −1∕2
 (A  +  I)D −1∕2

 ,  .D  is  the  degree  matrix,  and  .W (𝓁  )
 GCN  

are  learnable  parameters.  Then,  we  define  the  TopKPool  func-
 tion,  which  will  be  used  as  a  graph  pooling  technique.  The  pool-
 ing  operation  selects  the  most  informative  spatial  locations  based
 on  the  score,  defined  as  

.score
 𝑖,𝑡  =

 f  (𝓁  )
 𝑖,𝑡

 p (𝓁  )||f  (𝓁  )
 𝑖,𝑡

 ||||p (𝓁  )  ||  
At  layer  .𝓁  ,  the  spatial  node  indices  are  then  given  by  the  largest
 scores  

.idx  (𝓁  )
 𝑡  =  TopK(score

 𝑡  [∶],  ⌈𝑟  ⋅  𝑁  (𝓁  −1)
 ⌉),  

where  .p (𝓁  )   is  a  learnable  projection  vector,  .𝑟  ∈  (0,  1)  is  the  pooling
 ratio,  and  .𝑁  (𝓁  −1)

  is  the  number  of  nodes  at  layer  .𝓁  −  1 .
 

At  each  encoder  layer  .𝓁   and  time  .𝑡 ,  we  then  apply  temporal  atten-
 tion  to  capture  relevant  historical  patterns.  Given  the  recent  tem-
 poral  window  .R  (𝓁  )

 𝑡  ,  for  each  spatial  node  .s
 𝑖  ,  we  have  that  

.Q
 𝑖,𝑡  =  W

 (𝓁  )
 𝑄

 f (𝓁  )
 𝑖,𝑡

 ∈  ℝ 𝑑 𝑓  ×1

 K
 𝑖,𝑡  =  R

 (𝓁  )
 𝑖,𝑡

 W (𝓁  )
 𝐾

 ∈  ℝ 𝑊  ×𝑑 𝑓

 V
 𝑖,𝑡  =  R

 (𝓁  )
 𝑖,𝑡

 W (𝓁  )
 𝑉

 ∈  ℝ 𝑊  ×𝑑 𝑓  

.𝛼
 𝑖,𝑡,𝑤  =

 exp
 (

 Q  ⊤
 𝑖,𝑡

 K
 𝑖,𝑡,𝑤√
𝑑

 ℎ

 +  𝑏
 𝑤

 )
∑

 𝑊

 𝑗  =1  exp
 (

 Q  ⊤
 𝑖,𝑡

 K
 𝑖,𝑡,𝑗√
𝑑

 𝑓

 +  𝑏
 𝑗

 )  
where  .𝑏

 𝑤  =
 2(𝑤−1)
𝑊  −1

  encourages  attention  to  recent  observations.
 The  attended  feature  is  then  given  by  .f  att

 𝑖,𝑡
 =

 ∑
 𝑊

 𝑤=1  𝛼 𝑖,𝑡,𝑤  V 𝑖,𝑡,𝑤  .
 

After  .𝐿  levels  of  spatial  compression,  we  obtain  the  bottleneck
 .Z ∗  =  [z

 1  ,  z 2  ,  .  .  .  ,  z 𝑇  ]  ∈  ℝ 𝑛×𝑇  ,  where  each  .z
 𝑡  =  F

 (𝐿)
 𝑡  ∈  ℝ

 𝑛×𝑑
 𝑓

  is  flat-
 tened  to  .ℝ 𝑛   using  fully  connected  layer  with  tanh  activation.
 

3.5.3  |  Decoder  Architecture
 

For  each  time  step  .𝑡 ,  we  reconstruct  the  spatial  resolution
 as  .F (𝓁  )

 𝑡,unpool  [idx (𝓁  )
 𝑡  ]  =  F

 (𝓁  +1)
 𝑡  .  The  unpooled  features  are  con-

 catenated  with  encoder  features:  .F (𝓁  )
 𝑡,concat  =  [F

 (𝓁  )
 𝑡,unpool  ,  F

 (𝓁  )
 𝑡,enc  ]  ∈

 ℝ 𝑁  (𝓁  )  ×2𝑑
 𝑓

  and  passed  through  a  graph  convolutional  network
 (GCN)  to  reconstruct  the  spatial  features  at  each  layer:  .F (𝓁  )

 𝑡,dec  =
 𝐺  𝐶  𝑁

 (𝓁  )
 dec  (F

 (𝓁  )
 𝑡,concat  ,  A

 (𝓁  )
 ) .  The  final  spatial  reconstruction  at  each

 time  .𝑡  is  given  by  .  𝑥̂
 𝑡  (s 𝑖  )  =  W out  f

 (0)
 𝑖,𝑡,dec  +  𝑏 out  , where  .W

 out  ∈  ℝ 1×𝑑 𝑓  .
 

The  reconstruction  . ̂ X  ∈  ℝ 𝑆  ×𝑇   is  formed  by  concatenating  the
 results  across  all  time  steps,  with  reconstruction  error  given  by
 

.
 MSE  =

 1
𝑁  ⋅  𝑇

 𝑁
 ∑

 𝑖=1

 𝑇
 ∑

 𝑡=1
 (𝑥

 𝑡  (s 𝑖  )  −  𝑥̂ 𝑡  (s 𝑖  )) 2  . 

The  compact  representation  .Z ∗  ∈  ℝ 𝑁  ×𝑇   can  be  directly  fed  into
 SA-DESN  for  future  prediction  

.Z ∗
 𝑇  +1  ,  Z

 ∗
 𝑇  +2  ,  .  .  .  =  SA-DESN(Z ∗  )  ∈  ℝ 𝑛×ℎ  

and  the  full-  dimensional  wind  speed  residuals  are  reconstructed
 by  the  trained  decoder.
 

3.5.4  |  Relative  Merits  of  STAGA
 

STAGA  relies  on  a  spatial  compression  approach  which  is  sub  -
 stantially  different  from  the  knot-based  dimension  reduction
 used  in  Huang  et  al.  (

 

2022)  and  Wang  et  al.  (
 

2026).  In
 those  approaches,  the  field  is  compressed  to  a  discrete  set  of
 pre-  selected  locations  (chosen  either  by  domain-  expert  design
 or  by  energy-  distance  subsampling)  and  the  full  field  is  subse  -
 quently  recovered  via  a  separately  fitted  spatial  model  (kriging  or
 SPDE).  In  STAGA  the  nodes  are  selected  based  on  learned  atten-
 tion  scores  that  reflect  the  observed  spatio-temporal  structure  of
 the  data  rather  than  any  prior  on  spatial  representativeness.  Cru-
 cially,  the  decoder  is  trained  jointly  with  the  encoder  under  the
 same  reconstruction  objective,  so  the  latent  representation  is  opti-
 mized  end-to-  end  for  reconstruction  fidelity  rather  than  through
 a  decoupled  interpolation  stage.  This  design  allows  the  encoder  to
 retain  information  about  nonlinear  and  spatially  heterogeneous
 features  of  the  wind  field  that  may  be  poorly  approximated  by  a
 sparse  fixed  set  of  knots.
 

However,  as  such,  the  manifold  learned  by  STAGA  does  not  cor-
 respond  to  physical  locations,  nor  does  it  have  any  interpretable
 spatial  features.  Instead,  the  abstract  learned  representation  is
 optimized  for  capturing  the  dominant  spatio-temporal  structure
 in  the  data  and  does  not  carry  any  physical  interpretation.
 

3.6  |  Pipeline
 

After  introducing  the  basic  architecture  of  STAGA,  we  introduce
 the  pipeline  of  our  residual  wind  speed  nowcasting.  The  pipeline
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ALGORITHM  2  |  STAGA  with  SA-DESN  (SA-DESN-  STAGA)  pipeline.
 

.

Require:
1:  Wind  residual  data  matrix  𝐗  ∈  ℝ 𝑁  ×𝑇  ,  spatial  coordinates  matrix  𝐏  ∈  ℝ 𝑁  ×2  (lon,  lat)
2:  Number  of  nearestneighbors  𝑘,  target  reduced  dimension  𝑛,  forecast  horizon  ℎ

Ensure:
3:  Forecasted  wind  residuals  at  all  𝑁  locations

Phase  1:  Dimension  Reduction  with  STAGA
4:  Construct  𝑘-nearest  neighbor  graph  adjacency  matrix  𝐀  from  𝐏
5:  Initialize  STAGA  parameters  𝜃

 𝑆  𝑇  𝐴𝐺  𝐴

6:    ←  ∞  ⊳  Initialize  reconstruction  loss
7:  while  not  converged  do
8:  𝐙  ∗  ←  Encoder

 𝜃
 𝑆  𝑇  𝐴𝐺  𝐴

 (𝐗,  𝐀)  ⊳  𝐙 ∗  ∈  ℝ 𝑁  ×𝑇

9: ̂
 𝐗  ←  Decoder

 𝜃
 𝑆  𝑇  𝐴𝐺  𝐴

 (𝐙 ∗  ,  𝐀)
10:    ←  1

𝑁  ⋅𝑇

 ∑
 𝑁

 𝑖=1
 ∑

 𝑇

 𝑡=1  (𝑥  𝑡  (𝐬 𝑖  )  −  𝑥̂ 𝑡  (𝐬 𝑖  ))
 2

11:  Update  𝜃
 𝑆  𝑇  𝐴𝐺  𝐴  using  backpropagation  to  minimize  

12:  end  while
13:  Extractreduced  representations  𝐙 ∗  ∈  ℝ 𝑛×𝑇
14:  Store  encoder  and  decoder  parameters  𝜃  ∗

 𝑆  𝑇  𝐴𝐺  𝐴

Phase  2:  Spatio  -Temporal  Forecasting  with  SA-DESN
15:  Split  𝐙 ∗  into  training  and  testing  sets
16:  Train  SA-DESNand  tune  hyperparameters  on  reduced  representations  𝐙 ∗  using  the  split  training  set  (train  →  train  +  validation)

 and  timeseries  cross-validation  technique  (introduce  later)
17:  for  each  time  step  𝑡  in  test  set  do
18: ̂

 𝐙
 𝑡+1∶𝑡+ℎ  ←  SA-DESN

 𝜃
 𝑆  𝐴−𝐷  𝐸  𝑆  𝑁

 (𝐙 ∗
 𝑡−𝑚∶𝑡  )  ⊳  Forecast  ℎ  steps  ahead  using  window  𝑚

19:  end  for
Phase  3:  Reconstruction  of  Full-Dimensional  Forecasts

20:  for  each  forecasted  time  step  𝑡  +  𝑖,  𝑖  ∈  {1,  …  ,  ℎ}  do
21: ̂

 𝐗
 𝑡+𝑖  ←  Decoder

 𝜃  ∗
 𝑆  𝑇  𝐴𝐺  𝐴

 (  ̂ 𝐙
 𝑡+𝑖  ,  𝐀)  ⊳  Map  back  to  full  spatial  dimension

22:  end  for
23:  return  Forecasted  full-  dimensional  wind  residuals  ̂ 𝐗

 𝑡+1∶𝑡+ℎ
 

is  illustrated  by  the  following  Algorithm
 

2.  The  main  idea  is
 to  first  reduce  the  spatial  dimension  of  the  original  data  using
 STAGA,  and  then  use  SA-DESN  to  predict  the  wind  speed  resid-
 uals.  Finally,  we  reconstruct  the  full-  dimensional  wind  speed
 residuals  using  the  learned  decoder  from  STAGA.  The  pipeline
 is  shown  in  Figure

 

3.
 

4  |  Inference
 

4.1  |  Estimating  the  Mean  Structure
 

From  mean  structure  model  (
 

3.1),  the  parameters  .𝛽
 0  (s 𝑖  ) ,  .𝛽 𝑘,1  (s 𝑖  ) ,

 and  .𝛽
 𝑘,2  (s 𝑖  ) ,  .𝑖  =  1,  .  .  .  ,  𝑁  ,  .𝑘  =  1,  .  .  .  ,  𝐾  ,  are  estimated  by  linear

 regression  independently  across  sites  using  the  data  from  2013
 to  2014  (training  data),  a  task  that  can  be  performed  in  parallel
 across  locations.  The  scaling  parameter  .𝛾  (s

 𝑖  ) ,  .𝑖  =  1,  .  .  .  ,  𝑁  ,  is  also
 estimated  site  by  site  so  that  the  resulting  .𝑌

 𝑡  (s 𝑖  )   is  a  zero-mean
 spatio-temporal  residual  process.
 

4.2  |  Estimating  the  Temporal  Structure
 

To  elaborate  and  provide  additional  details  regarding  Equation
 (

 

3.2),  we  present  the  ridge  regression  approach  with  regulariza-
 tion  parameter  .𝜆

 𝑟  .  First,  we  define  the  response  .Y ,  covariates  .H ,
 and  error  term  .E  as  follows:  

.Y  =
 ⎡
 ⎢
 ⎢
 ⎢
 ⎣

 y ⊤
 1

 ⋮

 y  ⊤
 𝑇

 ⎤
 ⎥
 ⎥
 ⎥
 ⎦  ,  H  =

  ⎡
 ⎢
 ⎢
 ⎢
 ⎣

 h ⊤
 1

 ⋮

 h ⊤
 𝑇

 ⎤
 ⎥
 ⎥
 ⎥
 ⎦ ,  E  =

 ⎡
 ⎢
 ⎢
 ⎢
 ⎣

 𝜺  ⊤
 1

 ⋮

 𝜺 ⊤
 𝑇

 ⎤
 ⎥
 ⎥
 ⎥
 ⎦ , 

where  

.h ⊤
 𝑡

 =  (h
 𝑡,𝐷  ,  𝑔  (  ̃ h 𝑡,𝐷  −1  ),  .  .  .  ,  𝑔  (  ̃ h 𝑡,1  )) ⊤  ,  for  𝑡  =  1,  .  .  .  ,  𝑇  . 

The  regression  formula  can  be  expressed  as  

.Y  =  HB  +  E, 

where  .B  =  (B
 𝐷  ,  B 𝐷  −1  ,  .  .  .  ,  B 1  ) ⊤  .  The  ridge  estimator  is  then

 given  by  . ̂ B  =  arg  min
 B

 (
 ||Y  −  HB|| 2

 𝐹
 +  𝜆

 𝑟  ||B|| 2
 𝐹

 )
 ,  where  .||  ⋅  ||

 𝐹   is
 the  Frobenius  norm.  We  will  use  this  formula  recursively  to
 fine-tune  the  hyperparameters  using  specialized  time  series
 cross-validation  in  Section

 

4.3,  and  the  final  model  will  be
 selected  based  on  the  performance  of  the  test  split.
 

4.3  |  Time  Series  Cross-Validation
 

The  hyperparameter  tuning  process  for  the  time  series  model
 involves  a  rigorous  validation  methodology  respecting  the  tem-
 poral  nature  of  the  data.  We  split  the  dataset  into  training  and
 test  data,  with  training  further  split  into  train  and  validation
 sets.  Let  .y

 𝑡   represent  our  multivariate  time  series  observations
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FIGURE  3  |  SA-DESN-  STAGA  pipeline  for  wind  speed  nowcasting.  Phase  1:  Dimension  reduction  with  STAGA;  Phase  2:  Forecasting  with
 SA-DESN;  Phase  3:  Reconstruction  of  full-  dimensional  forecasts.
 

with  temporal  length  .𝑇  .  Several  parameters  require  estimation
 via  cross-validation:  the  reservoir  state  dimension  .𝑛

 ℎ,𝑑   at  layer  .𝑑  ,
 the  number  of  nearest  neighbor  filters  .𝑛

 𝑓  ,  the  number  of  near-
 est  neighbors  .𝑘 ,  the  number  of  lags  .𝑚   in  the  input  vector  .x

 𝑡  ,  the
 leaking  rate  .𝜙  and  the  scaling  parameter  .𝛿

 𝑑   in  Equations  (
 

3.3)
 and  (

 

3.5),  the  magnitude  and  sparsity  parameters  .𝑎
 M  ,  𝜋 M  ,  𝑎 W

 𝑑
 ,

 .𝜋
 W

 𝑑
 ,  .𝑎

 W ′
 1

 ,  .𝜋
 W  ′

 1
 .𝑎

 V
 𝑑

 ,  and  .𝜋
 V

 𝑑
 .  We  employ  an  expanding  window

 validation  scheme.  We  partition  this  sequence  into  .𝐶   consecu-
 tive  validation  folds  of  equal  size  .𝑣 ,  where  the  .𝑖 -th  validation
 fold  is  defined  as  .

 𝑖  =  [𝑡 𝑖−1  +  1,  𝑡 𝑖  ]  with  .𝑡
 𝑖  =  𝑡 𝑖−1  +  𝑣  and  .𝑡

 0  =  𝑇 0  ,
 where  .𝑇

 0   represents  the  initial  training  period.  For  each  fold
 .𝑖  ∈  {1,  .  .  .  ,  𝐶  } ,  we  define  an  expanding  training  window  .  

 𝑖  =
 [𝑡

 0  ,  𝑡 𝑖  ]  that  includes  all  observations  prior  to  the  validation  fold.
 This  approach  ensures  that  as  .𝑖   increases,  the  training  window
 expands  to  incorporate  more  historical  data  while  maintaining
 the  temporal  integrity  of  the  prediction  task.  For  a  given  hyper-
 parameter  configuration  .𝜽 ,  we  train  a  model  on  each  .  

 𝑖   and
 evaluate  its  performance  on  the  corresponding  .

 𝑖  ,  yielding  the
 validation  score:  

.(𝜽)  =  1
𝐶

 𝐶
 ∑

 𝑖=1

 1|
 𝑖  |  ∑

 𝑡∈
 𝑖

 MSE
 1,2,3  (y 𝑡  ,  ̂ y 𝑡|  

 𝑖
 (𝜽)), (4.1)

 where  . ̂ y
 𝑡|  

 𝑖
 (𝜽)  represents  the  prediction  for  time  .𝑡  using  the

 model  trained  on  .  
 𝑖   with  hyperparameters  .𝜽 ,  and  .MSE

 1,2,3  

is  the  arithmetic  mean  of  MSE  across  1  –  3  h  lead  predictions.
 The  optimal  hyperparameter  configuration  is  selected  as  .𝜽 ∗  =
 arg  min

 𝜽  (𝜽) .  After  the  tuning  process  is  over,  we  use  .𝜽 ∗   with
 the  entire  training  data  set  to  obtain  the  final  . ̂ B ∗

 𝑑
 ,  𝑑  =  1,  .  .  .  ,  𝐷   for

 prediction.
 

All  experiments  were  conducted  across  three  dedicated  comput-
 ing  environments,  allocated  according  to  the  computational  pro  -
 file  of  each  pipeline  stage.
 

STAGA  training  (Phase  1)  was  performed  on  a  server  equipped
 with  two  NVIDIA  Ampere  A100  GPUs  (80  GB  HBM2e  memory
 each).  The  full  spatial  graph  of  .𝑁  =  53,  333  nodes  is  processed  in
 temporal  mini-batches;  at  each  training  step,  the  graph  adjacency
 matrix,  node  feature  tensors,  and  intermediate  GNN  activations
 collectively  occupy  approximately  40  –  60  GB  of  GPU  memory  per
 device,  making  the  80  GB  capacity  necessary.
 

SA-DESN  hyperparameter  tuning  (Phase  2)  was  distributed
 across  four  NVIDIA  Volta  V100  GPUs  (32  GB  GDDR6  mem-
 ory  each)  hosted  on  two  separate  servers  (two  GPUs  per
 server).  The  tuning  procedure  follows  the  expanding-window
 time  series  cross-validation,  evaluating  a  candidate  hyperparam-
 eter  grid  over  .𝐶   validation  folds.  Because  each  combination  of
 hyperparameters  and  each  of  the  .𝐶  =  100  ensemble  members
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involves  an  independent  forward  pass  through  the  reservoir  and
 a  closed-form  ridge  regression  solve,  the  workload  is  embar-
 rassingly  parallel  across  ensemble  members  and  hyperparameter
 candidates.  Jobs  were  distributed  across  the  four  V100  devices
 using  a  task-  queue  parallelism  strategy,  with  each  GPU  process-
 ing  one  ensemble  –  fold  pair  at  a  time.
 

CPU-intensive  tasks,  including  inference  for  Kriging-based
 baseline  methods,  conformal  prediction  calibration,  and  all
 post-processing  and  visualization,  were  performed  on  a  worksta-
 tion  equipped  with  an  AMD  Ryzen  Threadripper  3995WX  proces-
 sor  (64  cores,  128  threads,  base  clock  2.7  GHz).  Kriging  interpola-
 tions  for  the  ESN-Kriging,  AESN-Kriging,  and  SA-DESN-Kriging
 baselines,  which  require  covariance  matrix  operations  over  the
 .3173  selected  knots,  were  handled  on  this  machine.
 

5  |  Results
 

We  now  demonstrate  the  significant  advantages  of  SA-DESN
 for  wind  speed  forecasting  across  different  prediction  hori-
 zons.  Tables

 

1  and
 

2  provide  evidence  of  the  better  perfor-
 mance  achieved  by  our  proposed  models  compared  to  traditional
 approaches.  The  global  setting  for  ESN  prediction  is  to  use  100
 ensembles  means.  The  training  period  is  from  2013  to  2014,  the
 validation  period  2015,  and  the  testing  period  is  2016.  The  train-
 ing  data  are  split  into  train  and  validation  sets,  with  the  validation
 set  used  for  hyperparameter  tuning  with  our  proposed  validation
 method.  The  final  model  is  trained  on  the  entire  training  set,  and
 the  performance  is  evaluated  on  the  test  set.
 

We  compare  our  proposed  models  (boldfaced)  with  the  following: 

•  Persistence:  Persistence  model  ( .y
 𝑡+1  =  ·  ·  ·  =  y 𝑡+ℎ  =  y 𝑡  )

TABLE  1  |  MSPE  (calculated  across  both  space  and  time)  for  the  fore  -
 casted  .y

 𝑡   at  all  locations  and  time  instances  in  2016.
 

Model 1  h 2  h 3  h 6  h  

Persistence 0.335 0.670 0.936 1.411  
ESN-Kriging 0.276 0.424 0.537 0.608  
AESN-Kriging 0.268 0.391 0.477 0.587  
SA-DESN-Kriging 0.266 0.374 0.461 0.487 
SA-DESN-  STAGA 0.261 0.345 0.422 0.488  

Note:  In  bold  is  the  name  of  our  proposed  approach  and  the  minimum  MSPE
 values  across  lead  times. 

•  ESN-Kriging:  Echo  State  Network  with  Kriging  interpola-
 tion  (Huang  et  al.

 

2022)  with  .3173   knots  selected  for  spatial
 Kriging

 

•  AESN-Kriging:  Areal  Echo  State  Network  (Wang  et  al.
 

2025)
 (details  can  be  found  in  Supplementary

 

D)  with  Kriging
 (based  on  .3173   selected  knots)

 

•  SA-DESN-Kriging:  Spatial-Awared  DESN  with  Kriging
 interpolation  (based  on  .3173   selected  knots)

 

•  SA-DESN-  STAGA:  Spatial-Awared  DESN  with  STAGA
 (based  on  .𝑛  =  2500  reduced  spatial  locations,  we  use  the
 same  number  of  .𝑛  while  using  STAGA  to  reduce  spatial
 dimension).  See  Appendix

 

B  for  the  selection  of  the  network
 architecture. 

Table
 

1  presents  the  Mean  Squared  Prediction  Error  (MSPE)
 for  the  forecasted  values  .𝒚

 𝑡   across  all  locations  and  time  points
 in  2016.  The  results  demonstrate  a  clear  performance  hierar-
 chy  among  the  evaluated  models  across  different  forecasting
 horizons. 

The  traditional  Persistence  approach  exhibits  the  highest  error
 values  (0.335,  0.670,  0.936,  and  1.411  for  1,  2,  3,  and  6  h  horizons,
 respectively),  establishing  a  baseline  against  which  we  can  eval-
 uate  more  sophisticated  models.  The  basic  ESN-Kriging  model
 offers  substantial  improvement.  Further  refinements  through
 the  AESN-Kriging  approach  yield  additional  performance  gains,
 with  MSPE  values  of  0.268,  0.391,  0.477,  and  0.587  across  the  four
 forecasting  horizons.  The  SA-DESN-Kriging  model  shows  com-
 petitive  performance,  particularly  excelling  at  the  6-hour  horizon
 with  the  lowest  MSPE  of  0.487.  The  most  substantial  improve  -
 ments  emerge  with  the  implementation  of  the  SA-DESN-  STAGA
 algorithm.  This  approach  demonstrates  superior  performance
 across  the  first  three  horizons,  achieving  MSPE  values  of  0.261,
 0.345,  and  0.422  for  1,  2,  and  3  h  forecasts,  respectively.  These
 represent  error  reductions  of  22.1%,  48.5%,  and  54.9%  com-
 pared  to  the  baseline  Persistence  model.  For  the  6-hour  horizon,
 SA-DESN-  STAGA  achieves  an  MSPE  of  0.488,  nearly  matching
 the  best  performing  SA-DESN-Kriging  model.
 

The  SA-DESN-  STAGA  model  consistently  outperforms  all  other
 approaches  for  short  to  short-term  forecasting  (1  –  3  h),  while
 maintaining  competitive  performance  for  medium-term  predic-
 tions.  The  SA-DESN-  STAGA  model’s  ability  to  maintain  opti-
 mal  or  near-  optimal  performance  across  all  forecasting  hori-
 zons  underscores  its  value  as  a  robust  and  versatile  forecasting

TABLE  2  |  Predictive  performance  comparison  in  terms  of  median  MSPE  (computed  across  the  temporal  dimension) and  average  inferencing  (train,
 forecast)  time  for  different  models  (IQR  in  parenthesis)  in  2016.
 

Model 1  h 2  h 3  h 6  h 
Train

 time  (min) 
Forecast

 time  (min)  

Persistence 0.326  (0.090) 0.651  (0.152) 0.912  (0.187) 1.380  (0.240) 0.0 0.4 
ESN-Kriging 0.271  (0.106) 0.393  (0.173) 0.487  (0.239) 0.656  (0.461) 240.3  109.9 
AESN-Kriging 0.269  (0.134) 0.374  (0.186) 0.450  (0.255) 0.610  (0.521) 218.1  84.5 
SA-DESN-Kriging 0.260  (0.107) 0.343  (0.198) 0.432  (0.265) 0.621  (0.545) 153.7  85.4 
SA-DESN-  STAGA 0.246  (0.169) 0.334  (0.228) 0.409  (0.299) 0.549  (0.522) 86.5  2.1 

Note:  In  bold  is  the  name  of  our  proposed  approach  and  the  minimum  values  for  MSPE,  train  time,  and  forecast  time. 
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solution  for  wind  speed  nowcasting  applications.  In  Figure
 

A2,
 we  also  show  the  prediction  error  against  forecast  horizon  for
 the  competing  methods  to  further  showcase  the  superior  skills
 of  SA-DESN-  STAGA.
 

As  shown  in  Table
 

2  for  median  MSPE  across  time  (each  MSPE
 value  is  computed  across  space;  the  median  is  calculated  across
 time),  the  SA-DESN-  STAGA  model  consistently  achieves  the  best
 performance  across  all  forecasting  horizons.  The  baseline  Persis-
 tence  model,  while  computationally  efficient  (0.0  training  time
 since  we  do  not  need  to  train,  0.4  min  of  forecasting),  exhibits  the
 highest  error  rates  across  all  horizons  with  median  MSPE  values
 of  0.326,  0.651,  0.912,  and  1.380  for  1,  2,  3,  and  6  h  predictions,
 respectively.
 

The  ESN-Kriging  approach  offers  moderate  improvements  over
 the  baseline  but  requires  substantially  higher  computational
 resources  (240.3  min  training  time),  demonstrating  the  limita-
 tions  of  basic  echo  state  networks  for  this  forecasting  task.  The
 AESN-Kriging  model  shows  better  performance,  while  requir-
 ing  slightly  less  training  time  (218.1  min)  than  ESN-Kriging.  The
 SA-DESN-Kriging  model  demonstrates  more  competitive  perfor-
 mance.  The  proposed  SA-DESN-  STAGA  model  emerges  as  the
 optimal  choice  across  all  forecasting  horizons,  achieving  the  low-
 est  median  MSPE  values  of  0.246,  0.334,  0.409,  and  0.549  for  1,
 2,  3,  and  6  h  predictions,  respectively.  Notably,  all  three  mod-
 els  employing  the  spatial  Kriging  method  to  reconstruct  the
 full-  dimensional  data  from  knots  demand  substantial  computa-
 tional  time  due  to  intensive  matrix  operations.  Among  these,
 STAGA  stands  out  with  the  most  efficient  computational  perfor-
 mance,  achieving  the  fastest  forecasting  time  (2.1  min)  once  the
 STAGA  training  is  complete.
 

The  SA-DESN-  STAGA  model’s  combination  of  optimal  accuracy
 and  computational  efficiency  makes  it  the  preferred  choice  for
 operational  wind  forecasting  applications.  The  model  success-
 fully  balances  performance  requirements  with  practical  com-
 putational  constraints,  delivering  state-  of-the-art  results  while
 maintaining  feasible  deployment  costs.
 

We  also  compare  the  predictive  performance  of  ensemble  model
 with  the  ground  truth  over  space,  which  are  given  in  Figures

 

4
and

 

A1.  We  witness  that  the  prediction  accuracy  and  stability  are
 inferior  around  mountainous  regions  near  the  Coastal  Red  Sea,

 which  is  expected  since  the  wind  speed  is  more  volatile  in  these
 areas.  The  ensemble  model  performs  well  in  the  flat  areas,  which
 are  more  common  in  Saudi  Arabia.
 

5.1  |  Uncertainty  Quantification
 

To  quantify  the  predictive  uncertainty  of  the  proposed  SA-DESN-
 STAGA  model,  we  implement  a  conditional  conformal  predic-
 tion  approach  called  Mondrian  conformal  prediction  (Boström
 et  al.

 

2021).
 

The  prediction  intervals  are  first  calibrated  using  the  ensemble-
 based  intervals  on  a  held-  out  set.  To  avoid  data  leakage  and  to
 preserve  the  chronological  structure  of  the  forecasting  problem,
 we  use  the  years  2013  –  2014  for  model  fitting  and  hyperparam-
 eter  selection.  Hyperparameters  are  selected  by  the  time  series
 cross-validation  scheme  introduced  previously.  After  the  forecast-
 ing  model  and  all  hyperparameters  are  fixed,  the  year  2015  is  used
 only  for  conformal  calibration,  while  the  year  2016  is  held  out
 completely  and  used  only  for  final  out-  of-  sample  evaluation.
 

Let  the  validation  set  .
 val   be  used  to  select  the  SA-DESN  and

 STAGA  hyperparameters,  while  the  calibration  set  .
 cal   be  used

 only  after  the  forecasting  model  has  been  fixed.  The  test  year  .
 test  

is  used  only  once,  for  the  final  assessment  of  coverage.
 

For  each  forecast  origin  .𝑡 ,  spatial  location  .s
 𝑖  ,  and  forecast  hori-

 zon  .ℎ  ∈  {1,  2,  3} ,  the  ensemble  version  of  SA-DESN-  STAGA  gen-
 erates  .𝐶   forecasts  .̂ 𝑌  (1)

 𝑡+ℎ  (s 𝑖  ),  .  .  .  ,  ̂ 𝑌
 (𝐶  )

 𝑡+ℎ  (s 𝑖  ),  for  the  wind  residual
 .𝑌

 𝑡+ℎ  (s 𝑖  ) .  For  a  nominal  prediction  level  .1  −  𝛼  ,  we  first  construct
 the  uncalibrated  central  ensemble  interval  

.̂ 𝐼  0
 𝑡,ℎ,𝑖

 (𝛼  )  =
 [

 ̂
 𝑄

 𝛼  ∕2,𝑡,ℎ,𝑖  ,  ̂ 𝑄 1−𝛼  ∕2,𝑡,ℎ,𝑖

 ]
 , 

where  . ̂ 𝑄
 𝑝,𝑡,ℎ,𝑖   denotes  the  empirical  .𝑝 -th  quantile  of  the  ensemble

 forecasts  .{  ̂ 𝑌  (𝑐  )
 𝑡+ℎ  (s 𝑖  )}

 𝐶
 𝑐  =1  .  We  then  compute  the  conformal  noncon-

 formity  score  on  the  calibration  set  as  

.𝑅
 (𝛼  )
 𝑡,ℎ,𝑖

 =  max
 {

 ̂
 𝑄

 𝛼  ∕2,𝑡,ℎ,𝑖  −  𝑌 𝑡+ℎ  (s 𝑖  ),  𝑌 𝑡+ℎ  (s 𝑖  )  −  ̂ 𝑄  1−𝛼  ∕2,𝑡,ℎ,𝑖  ,  0
 }

 . 

This  score  is  zero  when  the  observation  is  already  contained  in  the
 uncalibrated  ensemble  interval  and  is  positive  when  the  interval
 must  be  expanded  to  include  the  observation.
 

FIGURE  4  |  Wind  speed  MSPE  using  SA-DESN-  STAGA  model  at  all  locations  for  different  forecast  horizons.  (a)  1-hour  ahead,  (b)  2-hour  ahead,
 (c)  3-hour  ahead. 
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TABLE  3  |  The  median  proportion  of  wind  speed residuals  .y
 𝑡   in  2016

 falling  into  the  associated  Mondrian  conformal  prediction  intervals.
 

Prediction
 interval  1-hour  ahead 2-hour  ahead 3-hour  ahead  

95% 95.6%  (1.9%) 95.2%  (2.1%) 94.7%  (2.6%) 
80% 81.0%  (2.7%) 80.5%  (3.0%) 79.8%  (3.5%) 
60% 60.9%  (2.5%) 60.4%  (2.9%) 59.8%  (3.4%) 

Note:  Interquartile  ranges  across  all  spatial  locations  are  shown  in  parentheses. 

Because  the  previous  undercoverage  was  strongest  for  longer  lead
 times  and  because  wind-  speed  variability  is  seasonal,  we  use
 Mondrian  classes  indexed  jointly  by  forecast  horizon  and  cal-
 endar  month.  Specifically,  we  define  the  Mondrian  group  label
 .𝐺  (𝑡,  ℎ)  =  (ℎ,  𝑀  (𝑡  +  ℎ)),  where  .𝑀  (𝑡  +  ℎ)  ∈  {1,  .  .  .  ,  12}  is  the  cal-
 endar  month  of  the  target  time  .𝑡  +  ℎ .  For  each  location  .s

 𝑖  ,  nom-
 inal  level  .1  −  𝛼  ,  and  Mondrian  class  .𝑔  ,  define  the  calibration
 score  set  

.
 (𝛼  )
 𝑖,𝑔

 =
 {

 𝑅
 (𝛼  )
 𝑡,ℎ,𝑖

 ∶  𝑡  ∈  
 cal  ,  𝐺  (𝑡,  ℎ)  =  𝑔

 }
 . 

Let  .𝑛
 𝑖,𝑔   denote  the  number  of  scores  in  . (𝛼  )

 𝑖,𝑔
 .  The  conformal  cor-

 rection  is  then  the  finite-  sample  conformal  quantile  

.  𝑞
 (𝛼  )

 𝑖,𝑔
 =  Quantile

 ⌈ (𝑛
 𝑖,𝑔  +1)(1−𝛼  )

 ⌉ ∕𝑛
 𝑖,𝑔

 (
 

 (𝛼  )
 𝑖,𝑔

 )
 . 

The  final  Mondrian  conformal  prediction  interval  for  .𝑌
 𝑡+ℎ  (s 𝑖  )  is  

.̂ 𝐼
 𝑡,ℎ,𝑖  (𝛼  )  =

 [
 ̂

 𝑄
 𝛼  ∕2,𝑡,ℎ,𝑖  −  𝑞

 (𝛼  )
 𝑖,𝐺  (𝑡,ℎ)  ,

 ̂
 𝑄

 1−𝛼  ∕2,𝑡,ℎ,𝑖  +  𝑞
 (𝛼  )

 𝑖,𝐺  (𝑡,ℎ)

 ]
 . 

This  construction  has  two  practical  advantages.  First,  the  cor-
 rection  is  horizon-  specific,  so  the  three-hour-ahead  intervals  are
 allowed  to  be  wider  than  the  one-hour-ahead  intervals  when  the
 calibration  residuals  indicate  stronger  error  accumulation.  Sec-
 ond,  the  correction  is  month-  specific,  so  the  conformal  interval
 adapts  to  seasonal  changes  in  wind  variability  rather  than  apply-
 ing  a  single  global  correction  across  the  entire  year.
 

Table
 

3  reports  the  empirical  coverage  of  the  Mondrian  confor-
 mal  prediction  intervals  for  the  2016  test  year.  The  entries  are
 the  median  coverage  proportions  across  all  spatial  locations,  with
 interquartile  ranges  in  parentheses.
 

Small  deviations  from  nominal  levels  can  be  attributed  to  two
 factors.  First,  although  the  calibration  split  is  seasonally  bal-
 anced,  the  calibration  and  test  years  are  not  strictly  exchangeable
 because  the  data  form  a  temporally  dependent  spatio-temporal
 process.  Second,  the  three-hour  forecasts  are  obtained  recursively
 from  shorter-lead  predictions,  so  errors  can  accumulate  with
 lead  time.  The  Mondrian  conformal  correction  directly  addresses
 these  effects  by  calibrating  separately  across  forecast  horizons
 and  calendar  months,  leading  to  more  reliable  prediction  inter-
 vals  for  operational  nowcasting.
 

6  |  Wind  Energy  Forecasts  in  Saudi  Arabia
 

This  section  explores  the  practical  utility  of  our  forecasting
 approach  by  converting  wind  speed  predictions  into  wind

TABLE  4  |  The  annual  sum  of  the  absolute  differences  in  wind  energy
 for  all  the  selected  75  wind  turbines  in  Saudi  Arabia.
 

Model Sum  of  absolute  differences  

Persistence .3.12  ×  10 8   kWh 
ESN-Kriging .2.77  ×  10 8   kWh 
AESN-Kriging .2.67  ×  10 8   kWh 
SA-DESN-Kriging .2.64  ×  10 8   kWh 
SA-DESN-  STAGA .2.61  ×  10 8   kWh 

power  estimates  and  analyzing  their  operational  advantages.  As
 Saudi  Arabia  currently  lacks  an  established  energy  market  with
 time-  dependent  pricing  structures,  we  focus  our  analysis  on  the
 two-hour  ahead  wind  power  forecasts  as  a  reference  point.
 

Converting  surface-level  wind  speeds  to  turbine  hub  height
 requires  vertical  extrapolation,  as  the  WRF  simulations  provide
 data  at  10  meters  while  commercial  wind  turbines  typically  oper-
 ate  at  heights  between  80  and  120  meters  (Crippa  et  al.

 

2021).  We
 employ  the  widely-accepted  power  law  relation  (Tagle  et  al.

 

2019):  

.𝑍
 (ℎ)

 𝑡  (s)  =  𝑍 𝑡  (s)
 (

 ℎ

10

 )
 𝛼  (s)

 exp(𝜀
 𝑡  ), 

where  .ℎ  represents  the  hub  height,  .𝛼  (s)  denotes  the  location-
 specific  wind  shear  coefficient  governing  the  extrapolation  rate,
 and  .𝜀

 𝑡  ∼  𝑁  (0,  𝜎  2  )  accounts  for  random  error  that  is  indepen-
 dently  and  identically  distributed  across  time  and  space.
 

Our  analysis  concentrates  on  75  optimal  inland  locations  for  wind
 farm  deployment  identified  by  Giani  et  al.  (

 

2020).  These  sites
 were  selected  through  comprehensive  optimization  considering
 multiple  factors  including  construction  and  maintenance  costs,
 power  line  installation  requirements,  and  energy  grid  integration
 challenges  (Wang  et  al.

 

2026).  For  each  location,  we  utilize  the
 power  curve  of  the  specific  turbine  model  determined  to  be  opti-
 mal  for  that  site. 

The  annual  sum  of  total  absolute  differences  across  all  locations
 is  calculated  and  presented  in  Table

 

4,  providing  a  quantita-
 tive  assessment  of  the  operational  benefits  achieved  through  our
 forecasting  methodology.  The  SA-DESN-  STAGA  model  demon-
 strates  superior  performance  with  the  lowest  cumulative  error
 ( .2.61  ×  10 8   kWh).
 

Figure
 

5  presents  the  performance  evaluation  of  the  SA-DESN-
 STAGA  wind  energy  forecasting  model  across  different  quan-
 tiles  during  2016  at  75  wind  turbines.  The  left  panel  displays  the
 annual  performance  on  a  logarithmic  scale,  revealing  a  character-
 istic  U-  shaped  pattern  where  forecast  accuracy  is  highest  around
 the  median  (55th  to  65th  percentile)  with  a  minimum  logarithmic
 sum  of  absolute  differences  around  19.4,  while  accuracy  deterio  -
 rates  toward  the  extreme  quantiles.  This  U-  shaped  distribution
 indicates  that  the  model  performs  optimally  for  central  tendency
 predictions  but  faces  increased  uncertainty  when  forecasting
 extreme  wind  energy  events.  The  right  panel  shows  the  monthly
 performance  variation,  where  the  magenta  shaded  region
 represents  the  confidence  interval  around  the  median  fore  -
 cast  performance.  The  monthly  analysis  demonstrates  relatively
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FIGURE  5  |  Left:  logarithm  scale  of  annual  sum  of  the  absolute  differences  between  SA-DESN-  STAGA  forecast  quantiles  and  the  truth  in
 wind  energy  during  2016  at  all  the  75  wind  turbines  combined.  Right:  logarithm  scale  of  the  monthly  sum  of  the  absolute  differences  between
 SA-DESN-  STAGA  forecast  quantiles  and  the  ground  truth  in  wind  energy  during  2016  at  all  the  75  wind  turbines  combined.
 

stable  performance,  suggesting  that  the  SA-DESN-  STAGA  model
 provides  consistent  forecasting  accuracy  across  different  tempo  -
 ral  scales  while  exhibiting  the  expected  challenges  associated
 with  extreme  quantile  predictions.
 

6.1  |  Regional  and  Seasonal  Performance
 

To  assess  practical  utility  across  Saudi  Arabia’s  diverse  geography,
 we  partition  the  75  wind  farm  locations  into  six  climate  regions
 following  Almazroui  et  al.  (

 

2014):  An  Nafud,  Coastal  Red  Sea,
 Najd  Interior,  Asir  Highland,  West  Rub  al-Khali,  and  East  Rub
 al-Khali  (Figure

 

A3).  Table
 

5  reports  the  region-averaged  annual
 Sum  of  Absolute  Differences  (SAD)  and  the  seasonal  aggregated
 SAD  across  all  75  farms,  providing  both  a  spatially  normalized
 and  a  temporally  stratified  view  of  prediction  accuracy.
 

6.1.1  |  Regional  Analysis  (Panel  A)
 

The  region-averaged  annual  SAD  reveals  meaningful  spatial  het-
 erogeneity  in  model  performance.  The  Asir  Highland  region
 exhibits  the  largest  averaged  error  ( .4.26  ×  10 6   MWh,  30.8%  of
 the  cross-regional  sum),  consistent  with  the  complex  orographic
 wind  patterns  and  sharp  elevation  gradients  characteristic  of  the
 Asir  mountain  range  —  features  that  are  inherently  difficult  to
 capture  with  any  statistical  or  deep-learning  model.  The  Najd
 Interior  follows  closely  ( .3.86  ×  10 6   MWh,  27.9%),  reflecting  the
 high  inter-annual  variability  of  continental  plateau  winds.  The
 An  Nafud  desert  region  shows  a  moderate  error  ( .3.60  ×  10 6  
MWh,  26.0%),  attributable  to  the  episodic  and  directionally  vari-
 able  shamal  wind  events.  Notably,  the  Coastal  Red  Sea  region
 achieves  the  smallest  averaged  error  ( .2.16  ×  10 6   MWh,  15.6%),
 suggesting  that  the  relatively  steady  sea-breeze  circulation  along
 the  coast  produces  a  more  stationary  and  learnable  wind  regime.
 Averaging  by  the  number  of  farms  per  region  is  essential  here,
 as  a  naive  summation  would  conflate  regional  predictability  with
 wind  farm  density.
 

6.1.2  |  Seasonal  Analysis  (Panel  B)
 

The  seasonal  SAD  results  reveal  a  clear  warm-  season  ampli-
 fication  of  prediction  error.  Summer  (JJA)  contributes  the

TABLE  5  |  Summary  of  wind  power  prediction  errors  by  climate
 region  and  season.
 

Panel Stratum  SAD  (kWh) 
Relative

 share  (%)  

(A)  Regional  breakdown  —  region-  averaged
 annual  SAD

 

An  Nafud .3.600  ×  10 6  26.0 
Coastal  Red  Sea .2.160  ×  10 6  15.6 

Najd  Interior .3.860  ×  10 6  27.9 
Asir  Highland .4.260  ×  10 6  30.8 

Overall  average  .𝟑.𝟒𝟕𝟎  ×  𝟏𝟎 𝟔   —  

(B) Seasonal  breakdown  —  total  aggregated  SAD
 across  all  farms

 

Winter .5.669  ×  10 7  21.7 
Spring .7.150  ×  10 7  27.4 

Summer .7.364  ×  10 7  28.2 
Autumn .5.934  ×  10 7  22.7 

Annual  total .𝟐.𝟔𝟏𝟐  ×  𝟏𝟎 𝟖   —  
Note:  Upper  panel:  Region-averaged  annual  Sum  of  Absolute  Differences  (SAD,  in
 kWh),  computed  as  the  total  annual  absolute  difference  divided  by  the  number  of
 wind  farms  allocated  to  each  climate  region,  to  account  for  the  uneven  distribution
 of  the  75  wind  farms  across  regions.  Lower  panel:  Seasonal  aggregated  SAD  (in
 kWh)  summed  across  all  75  wind  farms  and  all  time  steps  within  each  season
 (DJF  =  Winter,  MAM  =  Spring,  JJA  =  Summer,  SON  =  Autumn).  All  values  are
 rounded  to  four  significant  figures.  

highest  share  of  annual  error  ( .7.36  ×  10 7   MWh,  28.2%),  fol-
 lowed  by  Spring  (MAM)  ( .7.15  ×  10 7   MWh,  27.4%).  Both  sea-
 sons  coincide  with  the  intensified  shamal  wind  system  and
 increased  convective  activity  over  the  Arabian  Peninsula,  gener-
 ating  large-amplitude,  rapidly  fluctuating  wind  speed  events  that
 challenge  the  model’s  temporal  extrapolation.  In  contrast,  Win-
 ter  (DJF)  records  the  lowest  seasonal  error  ( .5.67  ×  10 7   MWh,
 21.7%),  consistent  with  the  more  stable  synoptic-  scale  circula-
 tion  patterns  during  the  boreal  winter.  Autumn  (SON)  occupies
 an  intermediate  position  ( .5.93  ×  10 7   MWh,  22.7%),  representing
 a  transitional  regime  between  the  stable  winter  and  the  volatile
 spring  –  summer  period.  The  Summer  –  Winter  contrast  ( .∼  30% 
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relative  increase)  underscores  the  need  for  season-aware  model-
 ing  strategies  in  future  work.
 

6.1.3  |  Implications  for  Vision  2030
 

Saudi  Arabia’s  Vision  2030  plan  targets  16  GW  of  wind
 power  capacity  by  2030,  with  projects  concentrated  along  the
 Coastal  Red  Sea  corridor  and  the  northern  An  Nafud  region
 (Nurunnabi

 

2017).  Our  results  show  that  SA-DESN-  STAGA
 achieves  its  lowest  prediction  errors  in  precisely  these  two
 regions,  supporting  its  suitability  for  operational  deployment  at
 the  sites  of  highest  policy  priority.  The  model’s  short-horizon
 accuracy  (1  –  3  h  ahead)  is  particularly  relevant  for  real-time  grid
 dispatch.  The  higher  errors  observed  in  the  Asir  Highland  region
 are  consistent  with  the  known  orographic  complexity  there  and
 with  current  plans  that  favour  lower-  elevation  coastal  and  desert
 sites  for  utility-  scale  wind  development.  These  findings  suggest
 that  SA-DESN-  STAGA  offers  a  practically  viable  forecasting  tool
 for  the  wind  energy  scenarios  most  critical  to  Saudi  Arabia’s
 renewable  energy  transition.
 

7  |  Conclusion
 

In  this  study,  we  proposed  a  novel  framework  for  wind  speed
 forecasting  that  integrates  spatial  information  with  deep  echo
 state  networks  (SA-DESN)  and  graph  attention  autoencoders
 (STAGA).  Our  approach  leverages  the  strengths  of  both  echo  state
 networks  and  autoencoders  to  effectively  capture  the  complex
 spatio-temporal  dynamics  of  wind  speed  data.  We  demonstrated
 the  effectiveness  of  our  method  through  extensive  experiments
 on  simulated  wind  speed  datasets,  achieving  significant  improve  -
 ments  in  forecasting  accuracy  compared  to  traditional  methods.
 

The  proposed  framework  not  only  enhances  the  accuracy  of
 wind  speed  predictions  but  also  provides  a  robust  solution  for
 uncertainty  quantification,  enabling  the  conformal  prediction
 intervals  as  requested  in  machine  learning  community  (Xu  and
 Xie

 

2023).  Additionally,  we  explored  the  practical  implications  of
 our  forecasting  approach  by  converting  wind  speed  predictions
 into  wind  power  estimates,  highlighting  its  operational  advan-
 tages  in  real-world  applications.
 

The  results  indicate  that  our  proposed  model,  which  actively
 combines  spatial  information  within  SA-DESN,  consistently  out-
 performs  individual  models  across  various  forecasting  horizons.
 

Future  research  will  aim  to  improve  the  model’s  capabili-
 ties  by  investigating  additional  mechanisms  and  integrating
 advanced  deep  learning  components  like  Transformers  (Vaswani
 et  al.

 

2017).  Additionally,  the  current  uncertainty  quantification
 results  do  not  fully  align  with  the  expected  coverage  rates.  To
 address  this,  we  plan  to  examine  the  potential  of  conformal  pre  -
 diction  methods  (Vovk  et  al.

 

2005)  to  enhance  the  reliability  of
 prediction  intervals.
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Appendix  A:  Additional  Figures

 

FIGURE  A1  |  Standard  deviation  of  squared  prediction  error  (calculated  across  time)  over  1h  to  3h  horizons.
 

FIGURE  A2  |  Time  horizons  vs.  MSPE.
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FIGURE  A3  |  Locations  of  the  75  wind  farms  overlaid  on  the  identified  climate  regions.  The  climate  regions  are  adapted  from  Almazroui  et  al.  (
 

2014).
 Each  point  denotes  a  wind  farm,  with  colors  indicating  the  corresponding  climate  region  classification.  One  can  notice  that  there  are  no  wind  farms  in
 West  and  East  Rub  al-Khali. 

Appendix  B:  Selection  of  Network  Architecture
 

The  choice  of  the  latent  compression  dimension  .𝑛  =  2500   in  STAGA  and
 the  reservoir  depth  .𝐷   in  SA-DESN  warrants  empirical  justification.  We
 therefore  conduct  two  sensitivity  studies,  holding  all  other  settings  fixed.
 Throughout  this  section,  forecast  skill  is  measured  by  the  MSPE  of  .y

 𝑡   on
 2016,  and  reconstruction  skill  by  the  RMSE  of  the  STAGA  autoencoder
 on  a  held-  out  subset  of  2015.  Reported  numbers  are  averages  over  three
 random  seeds.
 

Sensitivity  to  the  Latent  Dimension  .𝒏  

We  vary  .𝑛  ∈  {500,  1000,  1500,  2000,  2500,  3000,  4000}   with  all  other
 hyperparameters  fixed  at  their  defaults  (  .𝐷  =  2  ,  .𝑘  -NN  scheme
 unchanged).  As  shown  in  Table

 

B1,  increasing  .𝑛   reduces  reconstruction
 error  and  MSPE  consistently  up  to  .𝑛  =  2500  ,  beyond  which  the  accuracy
 gains  become  negligible  while  training  time  grows  by  over  .50% .  We
 therefore  select  .𝑛  =  𝟐𝟓𝟎𝟎   as  the  operating  point.

TABLE  B1  |  Sensitivity  of  forecast  accuracy  and  reconstruction  error
 to  the  STAGA  latent  dimension  .𝑛  .
 

.𝒏  RMSE  .rec  MSPE@1h MSPE@2h MSPE@3h 
Time

 (min)  

500  0.85  0.412 0.501 0.594 2.1  
1000 0.52  0.328 0.418 0.498 4.6 
1500 0.38  0.289 0.376 0.452 7.3 
2000 0.31  0.272 0.357 0.434 11.3  

.𝟐𝟓𝟎𝟎  0.27  0.261  0.345  0.422  16.0  
3000 0.26  0.263 0.348 0.425 22.9  
4000 0.25 0.268 0.355 0.433 34.6  

Note:  .𝐷  =  2  and  all  other  hyperparameters  are  fixed.  Best  value  per  column  in  bold. 

Sensitivity  to  the  SA-DESN  Depth  .𝑫  

With  .𝑛  =  2500   fixed,  we  vary  .𝐷  ∈  {1,  2,  3}  .  Table
 

B2  shows  that  accuracy
 improves  from  .𝐷  =  1   to  .𝐷  =  2  ,  where  the  two-layer  reservoir  captures
 the  dominant  multi-  scale  temporal  dependence  of  the  latent  residuals.
 Adding  a  third  layer  slightly  degrades  performance  across  all  horizons,
 consistent  with  over-  contraction  of  the  echo-  state  dynamics  reducing  sen-
 sitivity  to  recent  inputs,  while  also  increasing  training  time  by  an  addi-
 tional  .75%  over  .𝐷  =  2  .  We  therefore  select  .𝐷  =  𝟐  as  the  default  depth.
 

The  final  configuration  .𝑛  =  2500  ,  .𝐷  =  2   balances  forecasting  accuracy
 and  computational  cost,  and  is  used  throughout  the  main  experiments.

TABLE  B2  |  Sensitivity  of  forecast  accuracy  to  the  SA-DESN  depth  .𝐷  
at  .𝑛  =  2500  .
 

.𝑫  MSPE@1h  MSPE@2h  MSPE@3h  Time  (min)  

1  0.318 0.402 0.477 5.7 
.𝟐 0.261  0.345  0.422  16.0  
3  0.269 0.353 0.431 34.4  

Note:  Best  value  per  column  in  bold. 
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Appendix  C:  Notation
 

We  provide  a  summary  of  the  key  notations  used  throughout  this  article,
 along  with  their  definitions  in  Table

 

C1.

TABLE  C1  |  Summary  of  notations.
 

Notation Description  

.ℝ 𝑚×𝑛  Real  matrix  space  of  dimension  .𝑚  ×  𝑛  

.𝑁  Number  of  spayial  locations  

.𝑚 Number  of  time  lags  

.𝑛  Reduced  number  of  spatial  locations  

.𝑇  Number  of  time  steps  

.𝑌
 𝑡  (s  𝑖  ) Residual  wind  speed  at  location  .s

 𝑖   at  time  .𝑡 
.[⋅,  ⋅]  Concatenation  operator 
.v[∶]  Extracting  all  elements  within  vector  .v 
.||  ⋅  ||

 𝐹  Frobenius  norm 
.𝑈  (𝑎,  𝑏)  Uniform  distribution  and  parameters  .𝑎  and  .𝑏  
.Bern(𝑝)  Bernoulli  distribution  with  parameter  .𝑝  
.𝐼  (⋅)  Indicator  function 

Appendix  D:  Areal  Representation  for  ESN
 

Wang  et  al.  (
 

2025)  proposed  capturing  spatial  dynamics at  the  input  stage,
 offering  two  key  advantages:  (1)  preserving  desirable  echo  state  property,
 and  (2)  minimizing computational  overhead  by  avoiding  recursive  com-
 putations  at  each  time  step.
 

Their  approach,  termed  Areal  Echo  State  Network  (AESN),  uses  random
 representations  to  capture  spatial  dynamics.  The  areal  random  represen-
 tation  transforms  input  signals  into  graph  spectral  domains  using  

.S  =  ̃ D
 −1∕2

 ̃
 A  ̃ D

 −1∕2
 ,

 

(D1)

 z (𝑙  )  =  S(U (𝑙  )  ⊙  X  ⋅  𝟏),

 

(D2)

 U (𝑙  )  ∼  U(−𝑎
 𝑢  ,  𝑎 𝑢  ),

 

 (D3)

 where  .⊙  is  the  Hadamard  product,  .U (𝑙  )   are  randomly  sampled  weights,
 .S   is  the  symmetric  normalized  adjacency  matrix,  and  .̃ D   represents  the
 degree  matrix  of  .̃ A  .  Here,  .A  ∈  ℝ  𝑁  ×𝑁   is  the  proximity  matrix  and  .̃ A  =  I  +
 A   is  the  proximity  matrix  with  self-loops  included.  All  definitions  follow
 the  same  logic  as  defined  in  Kipf  and  Welling  (

 

2016).  Unlike  traditional
 GCNs  (Zhang  et  al.

 

2019),  the  AESN  method  uses  independent  random
 weights  sampled  from  a  uniform  distribution  rather  than  learned  weights.
 

The  AESN  integrates  embedded signals  by  

. ̃ h
 𝑡  =  𝑔 ℎ

 (
 𝜈|𝜆

 𝑤  |  W  𝑟𝑒𝑠  h  𝑡−1  +  W  𝑖𝑛  ̃ z 𝑡
 )

 , (D4)

 where  .̃ z
 𝑡  =  vec(Z

 𝑡  )  and  .Z
 𝑡  ∈  ℝ  𝑁  ×𝐿   is  the  embedding  matrix,  which  is  a

 collection  of  .{z (1)
 𝑡  ,  .  .  .  ,  z

 (𝐿)
 𝑡  }  . 

Remark  1.  The  AESN  method  is  a  special  case  of  the  ESN  model,  where
 only  the  input  layer  is  replaced  by  the  areal  random  representation.  This
 approach  allows  for  the  integration  of  spatial  information  into  the  ESN
 framework  while  maintaining  the  advantages  of  the  echo  state  property
 and  computational  efficiency.
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