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Constructed regional photovoltaic generation fields improve

ultra-short-term distributed solar forecasting
Dayin Chen, Xiaodan Shi, Xin Xu, Zhongyue Su, Shibo Zhu, Dongxiao Zhang, Yuntian Chen, Jinyue Yan

Abstract—Ultra-short-term forecasting of densely distributed
photovoltaic (PV) systems remains challenging because external
meteorological and satellite products may not adequately resolve
rapid local variations, while heterogeneous PV systems exhibit
different generation responses under similar atmospheric condi-
tions. Meanwhile, dense PV fleets provide spatially distributed
measurements that reveal regional generation dynamics. Here,
we reformulate fleet-level PV forecasting from modeling discrete
station time series to predicting explicit, spatially structured re-
gional PV generation fields. We develop SatPV-Field, a regional-
to-local forecasting framework that transforms distributed PV
measurements into image-like generation fields and models their
spatiotemporal evolution. By combining historical PV fields
with satellite-derived future shortwave radiation guidance and
meteorological forecasts, the framework predicts future regional
generation states, which subsequently provide location-specific
guidance for individual-station forecasting. Experiments involv-
ing 496 distributed PV systems, including 446 source stations
and 50 held-out target stations, demonstrate that these regional
fields can be effectively forecast and used to improve station-level
predictions. The proposed approach reduces station-level MAE
by approximately 10.0% relative to the best-performing single-
station temporal baseline and by 2.5% relative to a graph-based
regional forecasting approach using the same source fleet. These
findings establish an explicit spatial-field modeling paradigm
that connects regional generation dynamics with individual-site
forecasting.

Index Terms—Distributed photovoltaic forecasting, ultra-short-
term forecasting, satellite irradiance guidance, regional PV gener-
ation field, field-guided forecasting, spatio-temporal forecasting.

I. INTRODUCTION

Solar photovoltaic (PV) deployment is expanding rapidly
and becoming increasingly distributed, with global cumulative
capacity approaching 3 TW in 2025 and distributed PV
capacity in China reaching 530 GW [1], [2]. The proliferation
of rooftop, commercial, and industrial PV systems is shifting
the forecasting problem from individual plants toward fleets
of geographically dispersed generators [3]. Unlike an isolated
PV plant, a distributed fleet experiences spatially varying
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atmospheric conditions and exhibits generation dynamics that
evolve across both space and time [4]. Reliable ultra-short-
term forecasting of these dynamics is increasingly important
for distribution-level visibility and local grid operation [5]–
[7]. Distributed PV forecasting is therefore becoming not only
a temporal prediction problem at individual sites, but also a
problem of characterizing generation evolution across a region.

A fundamental challenge in distributed PV forecasting is
the limited availability of weather observations at the spatial
and temporal scales of individual sites. Large utility-scale
PV plants can be equipped with dedicated meteorological
sensors or sky-imaging systems to obtain high-resolution local
information, whereas extending such sensing infrastructure
to large numbers of small distributed PV systems is costly
and often impractical [6], [8]. Distributed PV forecasting
therefore commonly relies on externally available numerical
weather prediction (NWP) and satellite-derived products [9],
[10]. Although these products provide valuable regional atmo-
spheric information, their ability to resolve local conditions at
individual PV installations remains limited. Satellite observa-
tions provide spatially detailed information on recent cloud
and irradiance variations, but do not directly describe future
atmospheric conditions. In contrast, NWP forecasts provide
information on future weather evolution, yet may struggle to
capture rapid, localized fluctuations relevant to ultra-short-
term PV forecasting [11], [12]. Moreover, the spatial and
temporal resolutions of both products may not fully resolve
the fine-scale variability associated with densely distributed
PV systems [13]. Beyond these limitations, even an accurate
description of local atmospheric and irradiance conditions does
not uniquely determine PV generation. Systems exposed to
similar solar resources can exhibit different outputs because
their irradiance-to-power responses depend on site-specific
characteristics, including system configuration, module ori-
entation and tilt, shading, conversion efficiency, degradation,
and operating conditions [14]–[17]. Consequently, external
meteorological information alone cannot fully characterize the
heterogeneous spatial patterns of actual PV generation.

The same dense deployment that complicates site-level
forecasting also creates a distributed sensing resource through
PV generation measurements collected across the fleet [18],
[19]. Unlike dedicated meteorological observations, which are
often unavailable at individual small-scale PV installations,
power measurements are routinely collected during system
operation. These measurements reflect local generation re-
sponses to prevailing atmospheric conditions, shaped by the
characteristics of individual PV systems. When combined
across geographically distributed sites, they provide spatially
distributed observations of the evolving regional generation
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Fig. 1. Conceptual motivation for representing distributed PV fleets as an explicit regional generation state. (A) Atmospheric observations describe external
conditions but cannot fully determine heterogeneous PV generation responses. (B) Distributed PV systems provide spatially distributed measurements that
form a regional sensing network capturing generation dynamics. (C) Multi-site PV measurements can be transformed into an explicit and forecastable regional
PV generation field, which provides future regional context for downstream station-level forecasting.

state [20]. As weather-driven changes in cloud cover and
irradiance affect different sites with spatial and temporal
offsets, the collective measurements reveal regional generation
dynamics that cannot be captured by any single site’s history
[21]. Dense PV fleets can therefore be viewed not merely
as collections of forecasting targets, but as regional sensing
networks for observing the spatiotemporal evolution of PV
generation. Fig. 1 illustrates this perspective, highlighting how
distributed PV measurements can reveal regional generation
patterns beyond those characterized by external atmospheric
information alone.

Recent studies have explored the use of measurements from
multiple PV sites to improve forecasting at individual stations.
Neighboring PV systems provide information about correlated
generation fluctuations and their temporal offsets across loca-
tions, helping characterize regional variations that may not be
evident from a single site’s history [22]–[25]. Multi-site and
graph-based approaches incorporate these spatial dependencies
through geographical coordinates, graph structures, or learned
spatial features [26], [27]. In most of these approaches, cross-
site information is used to support predictions at individual
stations, while the regional generation state itself is not ex-
plicitly represented or forecast.

A prior study provided an initial exploration of spatializing
distributed PV measurements by constructing two-dimensional
solar PV maps from geographically distributed power data
[28]. The study mainly focused on demonstrating the fea-
sibility of this spatial representation and reported only a
preliminary forecasting experiment, which the authors them-
selves described as very early work. The broader potential of
such spatialized PV representations as a forecastable regional
generation state for downstream site-level prediction was not
systematically investigated.

These developments motivate a different formulation of

fleet-level PV forecasting. Rather than modeling distributed
PV systems solely as discrete station time series, we organize
measurements from the source fleet into spatially structured
regional PV generation fields. Stacking these fields over time
transforms the station-indexed observations into a spatiotem-
poral field sequence, allowing geographical relationships, local
generation patterns, and their temporal evolution to be mod-
eled jointly. This representation makes the regional generation
state explicit and directly accessible to spatial and spatiotem-
poral forecasting models. Unlike atmospheric or irradiance
fields, the PV generation field captures the realized generation
responses of distributed PV systems under varying weather
conditions and site-specific characteristics, providing a repre-
sentation more directly aligned with PV forecasting tasks. We
therefore investigate whether predicting the evolution of this
regional state can provide complementary spatial information
beyond a target site’s own history and meteorological inputs,
thereby improving station-level predictions.

To test this hypothesis, we develop SatPV-Field, a regional-
to-local forecasting framework that predicts future regional
PV generation fields and uses them to guide individual-station
forecasting, as illustrated in Fig. 2. First, historical satellite
observations are used to predict future shortwave radiation
fields, providing guidance on upcoming atmospheric condi-
tions. These irradiance forecasts are then combined with his-
torical regional PV generation fields and future meteorological
forecasts to predict the spatiotemporal evolution of regional
PV generation. Finally, location-specific context is extracted
from the predicted PV fields and combined with each target
site’s historical PV observations and future meteorological
information to forecast its power output.

To isolate the contribution of regional fleet information, the
evaluation explicitly separates target-local information from
the regional representation. Each target site retains its own
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Fig. 2. Overview of SatPV-Field. The framework consists of four stages: (1) construction of historical regional PV generation fields from distributed PV
measurements; (2) generation of future irradiance guidance from satellite observations; (3) forecasting of future regional PV generation fields by integrating
historical field dynamics, future irradiance guidance, and meteorological information; and (4) regional-to-local station forecasting using predicted local field
context together with target-site historical PV and future meteorological information.

historical PV observations and meteorological inputs for local
forecasting, while its PV measurements are excluded from
regional-field construction and field-level supervision. The
regional generation field is therefore derived solely from the
surrounding source fleet. This design avoids recycling target-
site measurements through the regional representation and al-
lows us to assess whether a forecasted regional generation state
provides predictive information beyond that already available
from the target site itself.

The main contributions of this work are summarized as
follows:

• We formulate distributed PV generation as an explicit re-
gional field forecasting problem. By transforming discrete
measurements from a source fleet into spatially structured
generation fields, the proposed formulation enables geo-
graphical relationships and the spatiotemporal evolution
of regional PV generation to be modeled directly.

• We develop SatPV-Field, a regional-to-local forecasting
framework that combines satellite-derived future irra-
diance forecasts, historical PV generation fields, and
meteorological forecasts to predict future regional gener-
ation states. The predicted fields provide location-specific
spatial context for downstream station-level forecasting.

• We evaluate the proposed framework using 496 real-
world distributed PV systems, with 446 source stations
and 50 held-out target stations. The experiments demon-
strate the effectiveness of predicted regional field guid-
ance, achieving approximately 10.0% lower station-level
MAE than the best-performing single-station temporal
baseline and 2.5% lower MAE than a matched graph-
based regional forecasting approach, with additional eval-
uations across source densities and operating conditions.

II. METHODOLOGY

A. Problem Formulation: Explicit Regional PV Generation
Field Forecasting

We consider a set of geographically distributed source PV
stations S and a disjoint set of target stations T . Rather than
modeling the source fleet solely as discrete station time series,
we organize its power measurements into an explicit regional
PV generation field. At each time step t, the field is constructed
as

Pt = Φ({pi(t), xi, yi}i∈S) , (1)

where Pt ∈ RHg×Wg denotes the spatially structured PV
generation field, with Hg = Wg = 64 in this study, and
(xi, yi) denotes the geographical coordinates of source station
i. A corresponding support mask Mt identifies grid cells
supported by source-station observations.

The first forecasting objective is to predict the future evo-
lution of the regional generation field:

P̂T :T+H−1 = ffield
(
PT−k:T−1,MT−k:T−1,

R̂T :T+H−1,ZT :T+H−1

)
.

(2)

where PT−k:T−1 and MT−k:T−1 denote historical regional
PV fields and their support masks, R̂T :T+H−1 represents pre-
dicted future irradiance guidance, and ZT :T+H−1 represents
future meteorological and solar-condition information. Here, k
and H denote the numbers of historical and future time steps,
respectively. For compactness, sequence subscripts use discrete
15-min time steps, with T−1 corresponding to T−∆t, where
∆t = 15 min.

The predicted regional fields are subsequently used to guide
forecasting at individual target stations:

p̂ pu
j,T :T+H−1 = fstation

(
Xhist

j,T ,Zfut
j,T ,

Cj(P̂T :T+H−1,MT−∆t)
)
.

(3)

where Cj(·) extracts the location-specific field context and
support mask around target station j. The station forecaster
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combines this regional context with the target’s own historical
observations and future meteorological information to predict
its power output.

B. Source-Supported Regional PV Generation Field Construc-
tion

The regional PV generation field is constructed exclusively
from source-station measurements, with target stations ex-
cluded from field construction and supervision.

For source station i ∈ S with installed capacity Ci and
measured power output pi(t), the power measurement is first
capacity-normalized and then rescaled using a station-specific
upper quantile:

p̃i(t) = clip

(
pi(t)/Ci

qi,0.95
, 0, pmax

)
, (4)

where qi,0.95 is the 0.95 quantile of the capacity-normalized
power at station i, estimated using the training split only, and
pmax = 1.5 is used to suppress extreme values. Capacity
normalization removes differences in installed system size,
while station-specific quantile scaling further aligns generation
magnitudes across the source fleet without removing their
temporal variations.

The study region is discretized into a 64 × 64 regular
grid. After mapping each source station to its geographical
grid location, the normalized measurement p̃i(t) is distributed
to nearby grid cells using truncated Gaussian splatting with
bandwidth σP = 1 grid cell and support radius rP = 2
grid cells. The generation value at grid cell g is obtained by
normalized weighted aggregation:

Pt(g) =

∑
i∈S wigp̃i(t)∑
i∈S wig + ϵ

, (5)

where wig denotes the truncated Gaussian weight between
source station i and grid cell g, and ϵ is a small constant
for numerical stability.

To account for the nonuniform spatial coverage of source
stations, the support mask Mt identifies grid cells with suf-
ficient observational support. Cells whose accumulated Gaus-
sian weight exceeds 10−6 are marked as valid. The mask is
provided to the field forecaster, while unsupported cells are
excluded from field-level supervision and evaluation. Together,
(Pt,Mt) defines the source-supported regional PV generation
state used in subsequent forecasting.

C. Future Regional PV Generation Field Forecasting

Representing distributed PV measurements as spatially
structured fields enables the spatiotemporal evolution of re-
gional generation patterns to be modeled explicitly. How-
ever, their limited geographical coverage makes it difficult to
capture the influence of approaching cloud systems outside
the observed region, particularly near the field boundaries.
Satellite observations provide a broader spatial view of cloud
and radiation conditions, offering complementary information
on atmospheric evolution. We therefore first predict future
shortwave radiation (SWR) fields from historical satellite
observations over a larger surrounding region. The resulting

irradiance forecasts are then combined with historical PV
generation fields and future meteorological information to
predict the evolution of regional PV generation.

1) Satellite-Derived Future Irradiance Guidance: Histori-
cal satellite observations are collected over a broader spatial
domain spanning 26◦–34◦N and 116◦–126.5◦E, covering the
Ningbo PV region and surrounding inland, coastal, and off-
shore areas.

Given four hourly multichannel satellite observations from
T − 4 h to T − 1 h, the irradiance forecasting model predicts
three hourly-mean SWR fields labeled at T , T + 1 h, and
T +2 h, as illustrated in Fig. 2. The latest observed SWR field
over the target region is also retained as historical context for
subsequent temporal alignment.

To reduce the influence of the diurnal solar cycle, irradiance
is represented using a clear-sky-normalized ratio:

Qt(x, y) =

clip

(
Rt(x, y)

Rcs
t (x, y)

, 0, Qmax

)
, Rcs

t (x, y) ≥ Rcs
min,

0, Rcs
t (x, y) < Rcs

min,
(6)

where Rt and Rcs
t denote the historical SWR and corre-

sponding clear-sky irradiance fields, respectively. The clear-
sky irradiance threshold is Rcs

min = 50 Wm−2, and the ratio
is clipped at Qmax = 1.6.

The predicted SWR fields are reconstructed from the pre-
dicted ratios and clear-sky irradiance:

R̂t = clip
(
Q̂t ⊙Rcs

t , 0, Rmax

)
, (7)

where Rmax = 1200 Wm−2. The historical ratio inputs and
future irradiance guidance used for PV-field forecasting are set
to zero where clear-sky irradiance falls below Rcs

min.
The irradiance forecasting model consists of a 3D spa-

tiotemporal base predictor followed by a residual ConvLSTM
correction stage. The predicted SWR fields are cropped to the
PV region and used to guide subsequent regional generation-
field forecasting.

2) Temporal Alignment of Irradiance Guidance: The irra-
diance guidance is available at an hourly resolution, whereas
the regional PV generation field is forecast at 15-min intervals.
A fixed temporal alignment is therefore applied to obtain
horizon-specific irradiance guidance for each PV-field forecast
step.

The anchor sequence consists of the latest observed irradi-
ance guidance and three predicted future irradiance guidance
representations:

[A0,A1,A2,A3] =
[
Robs

T−1h, R̂T , R̂T+1h, R̂T+2h

]
. (8)

As these SWR fields represent hourly means, temporal
interpolation is performed using the centers of their corre-
sponding averaging intervals. The four anchor centers are
therefore located at (T-30), (T+30), (T+90), and (T+150) min,
respectively.



5

For the eight 15-min PV-field forecast timestamps τn =
T + n∆t, where ∆t = 15 min and n = 0, . . . , 7, the aligned
SWR sequence is obtained by

R̃τ0

R̃τ1

R̃τ2

R̃τ3

R̃τ4

R̃τ5

R̃τ6

R̃τ7


= W


A0

A1

A2

A3

 , (9)

where

W =



0.50 0.50 0 0
0.25 0.75 0 0
0 1.00 0 0
0 0.75 0.25 0
0 0.50 0.50 0
0 0.25 0.75 0
0 0 1.00 0
0 0 0.75 0.25


. (10)

The weights are fixed according to linear interpolation
between neighboring anchor centers and introduce no trainable
parameters. This alignment converts the hourly SWR guidance
into a 15-min sequence consistent with the temporal resolution
of regional PV-field forecasting.

3) Spatiotemporal Field Evolution Modeling: The field
forecasting model integrates three sources of information:
historical PV generation fields, temporally aligned future irra-
diance guidance, and future meteorological and solar-condition
features, as illustrated in Fig. 2. Historical PV fields capture
recent regional generation dynamics, while future irradiance
and meteorological information provide guidance on upcoming
atmospheric conditions. A 3D convolutional encoder extracts
spatiotemporal features from historical PV fields and their
auxiliary inputs, while irradiance information is processed
through separate convolutional encoders. These features are
combined with horizon-specific future conditions to predict
the evolution of regional PV generation.

Regional generation patterns can evolve through both spatial
propagation and local intensity changes. To capture these
complementary dynamics, the prediction head consists of two
branches. The spatial-propagation branch estimates a horizon-
specific displacement field and warps the latest observed PV
field to model the movement of existing generation patterns.
In parallel, the direct-prediction branch estimates future gener-
ation fields without imposing spatial displacement constraints,
capturing local intensity changes that cannot be represented
by warping alone.

The predicted displacement is bounded to three grid cells
in each spatial direction, and warping is performed using
differentiable bilinear sampling with border padding. A pixel-
wise fusion gate is generated from the shared forecasting
features and the outputs of both prediction branches. The two
predictions are then adaptively combined at each grid cell:

P̂τn = Gn ⊙ P̂warp
τn + (1−Gn)⊙ P̂dir

τn , (11)

where Gn ∈ [0, 1]Hg×Wg denotes the learned pixel-wise
fusion gate at forecast horizon τn. The resulting sequence
{P̂τn}H−1

n=0 represents the predicted future regional PV gen-
eration fields.

The field forecaster is optimized using a support-masked
SmoothL1 reconstruction loss:

Lrec = SmoothL1
(
P̂τn ,Pτn

)
, (12)

where the loss is averaged over source-supported grid cells
and forecast horizons.

D. Regional-to-Local Station Forecasting
The predicted regional PV generation fields provide future

spatial context for individual target stations. For each target
station, location-specific field patches are extracted according
to its geographical coordinates and combined with its historical
observations and future meteorological and solar-condition
information for station-level forecasting.

For target station j and forecast timestamp τn, a 5×5 local
patch is extracted from the corresponding predicted regional
field:

Xfield
j,τn = Cj

(
P̂τn ,

MT−∆t

)
,

(13)

where Cj(·) denotes location-based cropping centered at sta-
tion j. Each patch contains two channels: the predicted PV
generation field and the source-support mask. The latest ob-
served support mask is reused across all forecast horizons
to identify source-supported grid cells. The predicted-field
channel is standardized using statistics computed from the
training-set patches, while the support mask remains binary.

The station-level forecast integrates three sources of in-
formation: the target station’s historical observations, future
meteorological and solar-condition features, and the predicted
regional field context:

p̂ pu
j,T :T+H−1 = fstation

(
Xhist

j,T ,

Zfut
j,T ,

Xfield,fut
j,T

)
,

(14)

where Xhist
j,T contains historical PV observations and associ-

ated station-level features, Zfut
j,T contains future meteorolog-

ical and solar-condition information, and Xfield,fut
j,T denotes

the sequence of location-specific patches extracted from the
predicted regional fields.

The historical station sequence is encoded using a bidirec-
tional LSTM, while future-condition features and regional field
patches are separately encoded using multilayer perceptrons
with weights shared across forecast horizons. A learnable
horizon embedding distinguishes individual forecast steps.
These representations are fused to produce horizon-specific
station-level PV forecasts.

The station forecaster is trained using a weighted SmoothL1
loss applied to station-specific standardized PV outputs. Fore-
cast horizons with a ground-truth power change of at least
0.10 p.u. relative to the latest historical observation receive
a weight of 1.5, while the remaining horizons receive unit
weight. The weighted loss is normalized by the sum of the
sample weights.
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III. EXPERIMENTS

A. Experimental Setup and Evaluation Protocol

The proposed framework is evaluated on a real-world dis-
tributed PV dataset collected from 496 PV systems in Ningbo,
Zhejiang Province, China. The dataset spans January 1, 2022
to June 24, 2023 at a 15-min resolution. The forecasting
task uses twelve historical observations covering the preceding
three hours to predict the subsequent eight time steps, corre-
sponding to forecast horizons of 15–120 min.

Among the 496 systems, 446 stations form the source
fleet for regional field construction and supervision, while 50
spatially distributed stations serve as target sites for down-
stream forecasting. The target stations are excluded from
regional field construction and supervision, but their historical
measurements and training-period labels remain available for
station-level model training. Performance is evaluated at both
regional-field and station levels.

1) Dataset and Auxiliary Data: Only daytime observations
from 07:00 to 16:45 Beijing time are retained. PV power is
normalized by installed capacity, while the additional station-
wise scaling used for regional PV-field construction follows
Section II-B.

Hourly Himawari-8 Level-3 satellite products are obtained
from the JAXA P-Tree system [29], [30]. The satellite inputs
include shortwave radiation (SWR), photosynthetically active
radiation (PAR), ultraviolet-A (UVA), ultraviolet-B (UVB),
aerosol optical thickness (AOT), and Ångström exponent (AE).
Historical meteorological data are obtained from ERA5 [31],
while future meteorological information is provided by a com-
mercial operational weather-forecast product issued at 06:00
BJT on the preceding day. The forecasts include radiation,
10-m wind direction and speed, and total cloud cover at 12
representative locations across the PV region. These variables
are interpolated onto a 16 × 16 grid using inverse-distance
weighting and subsequently resized to the 64 × 64 PV-field
grid. Location-specific weather forecasts are used for station-
level prediction. Solar-position variables, clear-sky GHI, and
cyclical time encodings are also included as auxiliary features.

2) Source–Target Setting and Data Split: As shown in
Fig. 3, 446 stations are used as the source fleet and 50 stations
are retained as target sites. Target candidates are required to
have at least eight neighboring PV stations within 8 km. The
final targets are selected using Latin-hypercube-based spatial
stratification with a minimum separation of 2 km, while each
selected target retains at least five non-target source stations
within 5 km. Target stations are excluded from regional PV-
field construction and field-level supervision throughout the
experiments.

The data are chronologically divided into training, valida-
tion, and test sets. The training period spans January 1, 2022
to January 13, 2023, the validation period spans January 14
to March 8, 2023, and the test period spans March 9 to June
24, 2023. All normalization and standardization statistics are
estimated from the training period and then fixed for validation
and testing.

3) Forecasting Protocol: For each forecast issue time T ,
the latest historical PV observation is available at T −15 min.

120.92E 121.46E 121.99E
29.06N

29.70N

30.34N

Source stations
Held-out target stations
PV-field domain

Fig. 3. Spatial distribution of 446 source stations and 50 held-out target
stations in the PV-field domain.

Twelve historical observations covering the preceding three
hours are used to predict eight future steps at 15-min resolu-
tion, corresponding to horizons of 15–120 min ahead of the
latest observation. Six forecast origins are used each day at
10:00, 11:00, 12:00, 13:00, 14:00, and 15:00 BJT. The same
forecast origins are used for regional PV-field and station-level
forecasting.

Historical PV and station-level meteorological observations
are available up to T − 15 min. For satellite-derived irradi-
ance guidance, the latest observed Himawari-8 hourly field
is labeled at T − 1 h and represents the averaging interval
[T − 1h, T ]. Future meteorological inputs are obtained from
forecasts issued at 06:00 BJT on the preceding day. Satellite
inputs are restricted to observations covering periods no later
than the forecast issue time. The evaluation assumes that these
observations are available at their corresponding observation
times, without accounting for satellite product processing,
transmission, or dissemination delays.

This protocol yields 2268 training, 324 validation, and 648
test forecast-origin instances. The three forecasting stages are
trained sequentially. Once trained, the irradiance and regional
field forecasters are fixed, and their predicted outputs are used
to train the downstream station-level forecaster.

4) Evaluation Metrics: Regional PV-field forecasting is
evaluated using MAE, RMSE, R2, masked global SSIM,
DeltaCorr, SignAcc, and Large-∆ MAE. Station-level fore-
casting is evaluated using MAE, RMSE, and R2. Regional-
field errors are evaluated on the normalized generation fields
defined in Section II-B, while station-level errors are reported
in per-unit power normalized by installed capacity. Regional-
field metrics are computed over grid cells supported by the
source-station mask.

For SSIM, global means, variances, and covariance are com-
puted over source-supported pixels within each predicted and
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observed field pair, rather than using sliding local windows.
The resulting frame-level SSIM scores are averaged equally
across valid forecast origins and horizons.

To characterize the evolution of the regional generation
state, the predicted and observed increments relative to the
latest observed field are defined as

∆P̂s,h = P̂s,h −Plast
s , ∆Ps,h = Ps,h −Plast

s , (15)

where s denotes a forecast-origin sample and h denotes a
forecast horizon.

DeltaCorr is the Pearson correlation between the predicted
and observed increments over supported pixels, computed for
each valid sample–horizon frame and then averaged across
frames. Frames with zero variance in either increment field
are excluded. SignAcc measures the fraction of supported
pixels for which the predicted and observed increments have
the same sign, excluding negligible observed changes with
|∆P | ≤ 10−6. Large-∆ MAE evaluates field-value errors over
supported pixels with substantial observed changes, defined by
|∆P | ≥ 0.10.

Because different methods yield slightly different sets of
valid test samples, all methods within each comparison are
evaluated on their common valid subset to ensure a fair com-
parison. For the main station-level comparisons, this results
in 623 valid forecast origins out of the original 648. Station-
wise MAE is also computed for each target station, and the
win count indicates the number of stations where a method
achieves lower MAE than the corresponding reference method.

B. Validation of Regional PV Generation Field Representation

To examine how the constructed PV generation fields rep-
resent regional generation patterns under different conditions,
we select three representative operating regimes: stable high-
generation, spatially heterogeneous generation, and rapidly
varying generation. These regimes are identified using source-
fleet statistics, including regional mean generation, spatial
standard deviation, and 15-min generation changes, which
characterize overall generation level, spatial heterogeneity, and
short-term variability, respectively.

Fig. 4 compares discrete source-station measurements with
the corresponding regional PV generation fields under the
three operating regimes. The stable high-generation case ex-
hibits relatively uniform generation across the region (µ =
1.080, σ = 0.134, and ∆ = 0.012), while the spatially het-
erogeneous case shows more pronounced regional differences
(σ = 0.355). The rapidly varying case exhibits both substantial
spatial heterogeneity and the largest 15-min generation change
(∆ = 0.230). Across these conditions, the constructed fields
make the spatial distribution and variation of regional PV
generation explicit, providing a structured representation of
the underlying source-fleet observations.

To evaluate the consistency between the constructed fields
and the original source-station measurements, we sampled the
fields at source-station locations and compared the resulting
values with the corresponding normalized observations. Across
1,907,857 station-time samples, the MAE, RMSE, and R2

were 0.0539, 0.1037, and 0.9025, respectively. These results
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Fig. 4. Representative source-fleet PV observations and their corresponding
regional PV generation fields under different generation regimes. Panels
(a)–(b), (c)–(d), and (e)–(f) correspond to stable high-generation, spatially
heterogeneous generation, and rapidly varying generation, respectively. The
left column shows normalized PV measurements at source stations, while the
right column shows the constructed source-supported regional PV generation
fields.

indicate that the constructed fields retain the main generation
characteristics of the source fleet while providing a spatially
structured regional representation.

C. Forecasting Performance of Regional PV Generation Fields

We evaluate the forecasting performance of regional PV
generation fields over the 15–120 min horizons. The proposed
field forecaster is compared with persistence and four U-
Net baselines using different combinations of historical PV
fields, future meteorological forecasts, and historical irradiance
information. Performance is assessed in terms of field-value
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TABLE I
REGIONAL PV-FIELD FORECASTING PERFORMANCE. LARGE-∆ MAE IS EVALUATED OVER SUPPORTED PIXELS WITH SUBSTANTIAL OBSERVED

CHANGES (|∆P | ≥ 0.10).

Method MAE ↓ RMSE ↓ R2 ↑ SSIM ↑ DeltaCorr ↑ SignAcc ↑ Large-∆ MAE ↓
Persistence 0.1483 0.2077 0.6098 0.5516 – 0.0000 0.2520
PV-only U-Net 0.0957 0.1398 0.8233 0.6106 0.5760 0.7677 0.1295
PV+NWP U-Net 0.0942 0.1374 0.8293 0.6043 0.5895 0.7736 0.1255
PV+Past SWR U-Net 0.0983 0.1428 0.8157 0.5998 0.5576 0.7571 0.1334
PV+Past SWR+NWP U-Net 0.0950 0.1392 0.8247 0.6004 0.5737 0.7706 0.1281
Proposed field forecaster 0.0880 0.1306 0.8456 0.6297 0.6132 0.7773 0.1207
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Fig. 5. Qualitative comparison of regional PV-field forecasts at three forecast
lead times. Columns show the ground truth, the PV+NWP U-Net prediction
and absolute error, and the proposed field prediction and absolute error. All
field maps share the same value scale, while both error maps share the same
error scale.

accuracy, global structural similarity, and the consistency of
predicted generation changes.

Table I summarizes the regional field forecasting results.
Persistence produces relatively large errors, with an MAE
of 0.1483 and an RMSE of 0.2077. The U-Net baselines
substantially reduce these errors, achieving MAEs between
0.0942 and 0.0983. Among them, PV+NWP U-Net provides
the best point-wise accuracy, with an MAE of 0.0942 and an
R2 of 0.8293.

The proposed field forecaster achieves the best performance
across all reported metrics, reducing MAE to 0.0880 and
RMSE to 0.1306. Compared with PV+NWP U-Net, this cor-
responds to a 6.6% reduction in MAE. The proposed model
also achieves the highest SSIM of 0.6297 and DeltaCorr
of 0.6132, while reducing Large-∆ MAE to 0.1207. These
results demonstrate improved accuracy in predicting regional
generation fields, including their overall spatial patterns and
temporal changes.

Fig. 5 compares regional field forecasts at 15-, 60-, and
105-min lead times. At 15 min, both methods reproduce the
dominant spatial generation pattern. As the forecast hori-
zon increases, the differences become more apparent. At
105 min, the proposed model more accurately captures the
high-generation region in the northern part of the field, with
smaller and less spatially extensive prediction errors. This
example illustrates the improvement in spatial field prediction
observed in the quantitative evaluation.
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Fig. 6. Example of satellite-derived future irradiance guidance. The red
dashed box marks the Ningbo PV region within each large-context forecast.
The extracted target-region forecasts are shown with the corresponding
ground-truth SWR fields and absolute errors at the three future guidance
anchors.

TABLE II
ABLATION STUDY OF FUTURE IRRADIANCE GUIDANCE AND REGIONAL

FIELD-EVOLUTION MODELING.

Setting MAE↓ RMSE↓ R2↑ SSIM↑
w/o future irradiance guidance 0.0898 0.1336 0.8385 0.6032
w/o temporal alignment 0.0911 0.1350 0.8352 0.6231
Direct-only head 0.0935 0.1336 0.8386 0.6107
Warp-only head 0.1029 0.1445 0.8111 0.5614
w/o adaptive gate 0.0992 0.1389 0.8255 0.5822
Full model 0.0880 0.1306 0.8456 0.6297

Fig. 6 presents an example of satellite-derived future irradi-
ance guidance. The large-context SWR forecasts describe the
evolving irradiance distribution over the surrounding region,
while the extracted target-region fields are compared with the
corresponding observations. These forecasts are subsequently
aligned with the PV-field prediction timestamps to provide
horizon-specific irradiance guidance.

Table II examines the contributions of future irradiance
guidance, temporal alignment, and the field-evolution pre-
diction head. Removing future irradiance guidance increases
MAE from 0.0880 to 0.0898 and reduces SSIM from 0.6297
to 0.6032. Without temporal alignment, MAE increases to
0.0911. These results indicate that both future irradiance
information and its temporal alignment contribute to regional
field forecasting accuracy.

The field-evolution ablations show more pronounced dif-
ferences. The direct-only model achieves an MAE of 0.0935,
while the warp-only model produces a higher MAE of 0.1029
and a lower SSIM of 0.5614. Removing the adaptive gate also
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TABLE III
COMPARISON OF REGIONAL INFORMATION SOURCES UNDER A COMMON

STATION-LEVEL FORECASTING BACKBONE. ALL METHODS ARE
EVALUATED ON THE SAME TEST RECORDS.

Regional information MAE ↓ RMSE ↓ R2 ↑
None (BiLSTM+NWP) 0.0746 0.1084 0.7956
3-NN PV guidance 0.0737 0.1074 0.7995
Future irradiance guidance 0.0713 0.1033 0.8144
Historical PV-field guidance 0.0725 0.1060 0.8048
Predicted future PV-field guidance 0.0672 0.0999 0.8266
Historical graph guidance 0.0719 0.1058 0.8054
Predicted graph guidance 0.0689 0.1019 0.8197

degrades performance, increasing MAE to 0.0992. The full
model consistently outperforms these variants, supporting the
complementary roles of spatial propagation and local intensity
changes, as well as the benefit of their adaptive fusion.

D. Benefits of Regional Field Context for Station-Level Fore-
casting

We investigate whether predicted regional PV generation
fields provide useful information for target-station forecasting
beyond local observations and meteorological forecasts. Dif-
ferent sources and representations of regional information are
compared using a common BiLSTM-based station forecasting
backbone. All variants use the same target-site historical
observations and future meteorological and solar-condition
information, differing only in their regional guidance inputs
and associated context encoders.

The local-only BiLSTM+NWP model serves as the baseline
without regional guidance. The 3-NN PV variant incorporates
historical generation measurements from the three nearest
source stations, while future irradiance guidance provides
predicted spatial irradiance information. We also compare
historical PV-field guidance, extracted from the latest observed
regional field, with predicted future PV-field guidance to assess
the benefit of forecasting regional generation evolution.

A graph-based spatiotemporal approach is further included
to compare different representations of regional generation
dynamics. A fixed geographical 8-nearest-neighbor graph is
constructed from the same 446 source stations, excluding
all 50 target stations. A graph-based GRU predicts future
source-node generation states using historical PV measure-
ments and future meteorological and irradiance information.
For each target station, source nodes within its local field
region are aggregated through distance-weighted pooling to
provide location-specific context. Historical graph guidance
uses the latest observed node states, while predicted graph
guidance uses their forecasted future states. Both variants share
the same source fleet and station-level forecasting backbone
as the corresponding PV-field approaches.

Table III shows that all forms of regional guidance improve
station-level forecasting over the local-only baseline. The 3-
NN PV variant achieves a modest reduction in MAE from
0.0746 to 0.0737, while future irradiance guidance further
reduces it to 0.0713. Historical PV-field guidance also im-
proves performance, achieving an MAE of 0.0725. More

TABLE IV
STATION-LEVEL FORECASTING PERFORMANCE COMPARED WITH

EXISTING TEMPORAL AND SPATIO-TEMPORAL METHODS.

Type Method MAE ↓ RMSE ↓ R2 ↑
Temporal LSTM+NWP 0.0754 0.1092 0.7927
Temporal BiLSTM+NWP 0.0746 0.1084 0.7956
Temporal TCN+NWP 0.0753 0.1086 0.7949
Temporal Transformer+NWP 0.0783 0.1125 0.7799
Temporal PatchTST+NWP 0.0778 0.1130 0.7780
Spatio-temporal STGCN+NWP 0.0758 0.1082 0.7965
Spatio-temporal AGCRN+NWP 0.0694 0.1035 0.8137
Proposed SatPV-Field 0.0672 0.0999 0.8266

importantly, using predicted future PV fields reduces MAE to
0.0672, representing a 7.3% improvement over historical PV-
field guidance and a 5.8% improvement over future irradiance
guidance. These results demonstrate the additional value of
explicitly forecasting future regional PV generation states.

The graph-based results provide a complementary compar-
ison. Predicting future graph-node states reduces MAE from
0.0719 to 0.0689 compared with historical graph guidance,
confirming the benefit of forecasting future fleet-level gen-
eration dynamics. The predicted PV-field approach further
reduces MAE by 2.5% relative to predicted graph guidance
and achieves lower station-wise MAE at 40 of the 50 target
stations. This indicates that the explicit regional field represen-
tation provides effective spatial context for downstream station
forecasting.

Overall, predicted future PV-field guidance achieves the best
performance, reducing station-level MAE by approximately
10.0% relative to the local-only baseline. The results highlight
the benefit of predicting regional generation dynamics and
transferring the resulting spatial context to individual stations.

E. Comparison with Existing Forecasting Methods

We compare SatPV-Field with representative temporal and
spatiotemporal forecasting methods on the 50 target stations.
All methods follow the same chronological data split and
forecasting protocol, with access to future meteorological and
solar-condition information. The temporal baselines include
LSTM, BiLSTM, TCN, Transformer, and PatchTST, while
STGCN and AGCRN are included as graph-based spatiotem-
poral baselines that jointly model the 50 target stations.

Table IV summarizes the station-level forecasting results.
Among the temporal baselines, BiLSTM+NWP achieves the
lowest MAE of 0.0746. The graph-based models show dif-
ferent performance levels: STGCN remains comparable to the
temporal baselines, while AGCRN achieves a lower MAE of
0.0694, demonstrating the potential benefit of modeling cross-
station dependencies.

SatPV-Field achieves the best performance across all three
metrics, with an MAE of 0.0672, an RMSE of 0.0999,
and an R2 of 0.8266. Compared with BiLSTM+NWP and
AGCRN+NWP, it reduces MAE by 9.9% and 3.2%, re-
spectively. These results demonstrate the effectiveness of the
proposed regional-to-local forecasting framework relative to
both temporal and graph-based spatiotemporal approaches.
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Fig. 7. Forecasting performance across forecast lead times. (a) Station-
level MAE for BiLSTM+NWP, AGCRN+NWP, and predicted future PV-field
guidance. (b) Regional PV-field MAE for Persistence, PV+NWP U-Net, and
the proposed field forecaster.

F. Robustness of Regional Field Forecasting and Guidance

We examine the performance of regional PV-field forecast-
ing and its downstream station-level guidance across forecast
horizons, source-fleet densities, and different operating condi-
tions.

1) Performance Across Forecast Horizons: Fig. 7 compares
forecasting performance across the eight prediction horizons.
At the station level, the local-only BiLSTM+NWP baseline
exhibits higher MAE over most horizons. AGCRN+NWP
performs competitively at shorter horizons, while predicted
future PV-field guidance achieves lower MAE from 45 to
120 min. The advantage becomes more pronounced at medium
and longer horizons, highlighting the increasing value of future
regional generation context as lead time increases.

At the regional-field level, the proposed forecaster achieves
the lowest MAE across all horizons. Persistence errors increase
rapidly with lead time, while PV+NWP U-Net shows a more
gradual deterioration. In comparison, the proposed model
maintains consistently lower errors throughout the 15–120 min
forecasting window.

2) Source-Fleet Density and Field Observability: We in-
vestigate how source-fleet density affects regional field con-
struction and downstream forecasting. The 446 source stations
are reduced to 112, 223, and 335 stations, representing 25%,
50%, and 75% of the full source fleet, respectively. Spatially
balanced nested subsets are used, while the same 50 target
stations are retained across all settings.

For each density setting, regional fields are reconstructed
from the selected source stations, and separate field and station
forecasters are trained. Field predictions are evaluated against
the full-density regional reference using a common support
mask. Local field coverage is measured by the fraction of
supported pixels within target-centered patches, while the
median distance to the nearest source station characterizes the
spatial availability of source observations.

Table V shows that increasing source-fleet density improves
regional field coverage. The supported-pixel ratio within local
patches rises from 0.6312 at 25% density to 0.9218 at full
density, while the median nearest-source distance decreases
from 2.60 to 1.12 km. Field MAE correspondingly decreases
from 0.1251 to 0.0880, indicating that denser observations
improve regional field reconstruction and forecasting.

TABLE V
SENSITIVITY TO SOURCE-FLEET DENSITY. COVERAGE DENOTES THE
SUPPORTED-PIXEL RATIO WITHIN LOCAL FIELD PATCHES, AND WINS

DENOTE TARGET STATIONS WITH LOWER MAE THAN BILSTM+NWP.
STATION-LEVEL RESULTS ARE OBTAINED FROM INDEPENDENTLY

TRAINED DENSITY EXPERIMENTS.

Ratio Sources Patch coverage Median dist. (km) Field MAE Station MAE Wins/50
25% 112 0.6312 2.60 0.1251 0.0699 43
50% 223 0.8002 1.67 0.1063 0.0680 48
75% 335 0.9119 1.22 0.0914 0.0684 47
100% 446 0.9218 1.12 0.0880 0.0670 49

TABLE VI
STATION-LEVEL FORECASTING PERFORMANCE UNDER DIFFERENT

WEATHER AND SHORT-TERM VARIATION CONDITIONS. REDUCTION IS
CALCULATED RELATIVE TO BILSTM+NWP.

Condition BiLSTM+NWP PV-field guidance Reduction
Weather conditions (MAE)
Clear 0.0472 0.0449 4.9%
Partly cloudy 0.1004 0.0921 8.3%
Overcast 0.0801 0.0755 5.7%
Short-term variation conditions (RMSE)
Low variation 0.0621 0.0533 14.2%
High variation 0.1397 0.1304 6.7%

Station-level performance is less sensitive to source-fleet
density. The 50% and 75% settings achieve similar MAEs
to the full-density configuration, although the improvements
are not strictly monotonic. Even at 25% density, regional field
guidance outperforms BiLSTM+NWP at 43 of the 50 target
stations. These results indicate that useful regional guidance
can be obtained from substantially reduced source fleets, while
higher source density improves regional field coverage and
accuracy.

3) Performance Across Operating Conditions: We fur-
ther evaluate station-level forecasting under different cloud-
cover and short-term generation-variation conditions. Based
on ERA5 total cloud cover (TCC), test samples are classified
as clear (TCC ≤ 0.30), partly cloudy (0.30 < TCC ≤ 0.70),
or overcast (TCC > 0.70).

Short-term generation variation is measured by the maxi-
mum absolute change between consecutive future PV outputs
within each target-station forecast window:

sj,T = max
n=1,...,H−1

∣∣ppuj (τn)− ppuj (τn−1)
∣∣ , (16)

where ppuj (t) = pj(t)/Cj denotes the installed-capacity-
normalized ground-truth output of target station j. Samples are
divided into low- and high-variation groups using the median
variation score of 0.0853 p.u.

Table VI shows that predicted regional field guidance im-
proves station-level forecasting across all three cloud-cover
categories. The largest relative MAE reduction occurs under
partly cloudy conditions (8.3%), while improvements are also
observed under clear and overcast conditions.

Regional field guidance also reduces RMSE in both varia-
tion groups, from 0.0621 to 0.0533 under low variation and
from 0.1397 to 0.1304 under high variation. Although fore-
casting errors remain larger during periods of rapid generation
changes, the predicted regional context provides consistent
improvements under both conditions.
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G. Discussion and Practical Implications

The proposed formulation introduces a spatial perspective
on distributed PV forecasting by treating fleet-level genera-
tion measurements as observations of an evolving regional
generation state. Distributed PV output reflects the combined
influence of atmospheric conditions and heterogeneous sys-
tem responses, producing spatial patterns that are not fully
characterized by meteorological information alone. Organizing
these observations into explicit regional PV generation fields
makes such patterns accessible to spatial analysis and future-
state prediction. This establishes a regional-to-local forecasting
paradigm in which generation dynamics are first modeled at
the fleet level and subsequently used to inform individual-site
predictions.

The present study provides an initial demonstration of the
feasibility of this paradigm. The explicit field representation
creates opportunities for spatial and spatiotemporal modeling
beyond the architectures explored here. In particular, the
current regional-to-local forecasting stage extracts a target-
centered 5 × 5 field patch and encodes it using a multilayer
perceptron. More advanced approaches, including multiscale
convolutional networks, spatial attention, and spatiotemporal
vision models, could exploit larger spatial contexts, evolv-
ing regional patterns, and interactions across different spatial
scales. Such developments may enable richer extraction of
generation information from predicted PV fields and further
improve downstream forecasting performance.

From a practical perspective, the regional PV field offers a
shared spatial representation that connects measurements from
existing PV installations with forecasting at other locations. A
predicted regional field can provide location-specific genera-
tion context without requiring target stations to participate in
its construction. Beyond individual-site forecasting, this rep-
resentation could also support regional generation monitoring,
spatial anomaly detection, and distribution-level situational
awareness, where geographically organized information on PV
generation is valuable.

The current evaluation is limited to a single regional PV
fleet, and the reconstructed fields depend on the spatial
coverage and characteristics of the available source stations.
The forecasting protocol also assumes immediate availability
of satellite observations, while operational product latency
remains to be considered in real-time deployment. Future re-
search will investigate cross-region transferability, uncertainty-
aware field forecasting, adaptive spatial representations under
changing source coverage, and latency-aware operational fore-
casting.

IV. CONCLUSION

This study introduces an explicit regional PV generation
field as a forecastable spatiotemporal representation of dis-
tributed PV generation. By organizing measurements from
a distributed source fleet into a spatially structured state,
the proposed SatPV-Field framework establishes a regional-
to-local forecasting approach that uses predicted regional
generation dynamics to inform individual-station predictions.
The framework combines satellite-derived future shortwave

radiation forecasts, which provide large-scale atmospheric
information, with historical PV generation fields constructed
from distributed station measurements and meteorological
forecasts to predict future regional generation states. Exper-
iments involving 496 distributed PV systems demonstrate
the feasibility of this formulation, achieving a regional field
forecasting MAE of 0.0880. The predicted future PV fields
provide effective location-specific guidance for individual-
station forecasting, reducing MAE by approximately 10.0%
relative to the best-performing single-station temporal base-
line. A matched source-fleet comparison further shows that
the field-based regional forecasting pathway achieves a 2.5%
lower MAE than its graph-based counterpart.

These findings demonstrate that distributed PV fleets can
serve as regional sensing resources whose measurements sup-
port the explicit representation and prediction of evolving
generation conditions. By connecting forecasted regional states
with location-specific predictions, the proposed formulation
establishes a regional-to-local forecasting pathway that extends
beyond conventional station-centered modeling. More broadly,
representing distributed generation as a spatial field provides
a foundation for developing richer spatiotemporal models
and exploring regional generation dynamics in distributed PV
systems.
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