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Weakly Informative Priors Flow Matching for
Probabilistic Regional Solar Irradiance Forecasting

Tao Jing, Shanlin Chen, Jiannong Fang, Fernando Porté-Agel, Ming Chun Lam and Mengying Li

Abstract—Probabilistic forecasting of regional surface solar
irradiance provides critical technical support for the reliable
operation and grid integration of large-scale and distributed pho-
tovoltaic power systems. However, stochastic fluctuations driven
by cloud dynamics substantially complicate the characterization
of solar irradiance uncertainty at the regional scale, thereby pos-
ing significant challenges to probabilistic regional forecasting. To
address this, we propose WIP-Flow, a novel Weakly Informative
Priors Flow Matching framework that leverages satellite-derived
historical irradiance fields and cloud optical thickness to capture
complex spatio-temporal dynamics. Central to WIP-Flow is
an unsupervised autoregressive integrated correction algorithm,
which combines optical flow with multi-scale decomposition to
generate a physically informed initial distribution based on
cloud advection. Furthermore, a Flow Matching model with a
stochastic interpolation path is introduced to correct boundary
distortions and characterize stochastic cloud formation, diffusion,
and dissipation processes. Experimental validation on a satellite-
derived regional solar irradiance dataset demonstrates that WIP-
Flow generates physically coherent probabilistic forecasts and
achieves competitive or superior performance across marginal
and multivariate evaluation metrics. Notably, WIP-Flow achieves
a root mean square error of 104.3 W/m2 and a continuous ranked
probability score of 47.81 W/m2 in 4-hour-ahead forecasts,
indicating its potential value for uncertainty-aware solar power
grid integration.

Index Terms—Regional Solar Irradiance Forecasting, Proba-
bilistic Forecasting, Weakly Informative Priors, Flow Matching

I. INTRODUCTION

AS the global energy transition accelerates and renew-
able energy capacity continues to expand, solar power

generation is becoming increasingly critical in modern power
systems [1], [2]. Surface Solar Irradiance (SSI), the primary
driver of photovoltaic (PV) power output, exhibits pronounced
temporal and spatial variability, which is largely governed
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by cloud dynamics. This variability introduces significant
challenges to the safe and reliable operation of power systems,
efficient scheduling, and electricity market operation [3], [4].
For grid integration of large-scale PV, traditional deterministic
forecasting methods often fail to effectively account for SSI
uncertainty and the risks associated with extreme weather
conditions [5]. Probabilistic forecasting has emerged as a
promising alternative, offering insights into the distribution,
range, and potential scenarios of future SSI. This approach
provides crucial decision support for power generation plan-
ning, grid optimization, load management, energy storage
strategies, and risk-aware dispatch [6].

Probabilistic forecasting of SSI at the regional scale remains
an underexplored yet crucial area of research. While numerical
weather prediction (NWP) remains the dominant approach,
its ability to quantify uncertainties comes at the cost of high
computational demands associated with ensemble forecasts,
which limits its scalability and real-time applicability [7]. To
address these limitations, researchers have explored alternative
probabilistic forecasting approaches that extend beyond NWP
models. One such approach involves probabilistic graphical
models that integrate ground-based irradiance measurements
from multiple monitoring stations with advanced spatial in-
terpolation techniques, such as spatio-temporal Kriging, to
construct regional probability distribution maps of SSI [8].
Another innovative direction employs graph neural networks,
leveraging graph-based convolutional structures to explicitly
model spatial dependencies among distributed sites while
capturing complex nonlinear relationships between irradiance
and meteorological factors [9]. However, the effectiveness of
these methods is fundamentally constrained by the spatial
density of ground-based monitoring stations. In areas where
station distribution is sparse, the reliability of the constructed
regional mapping deteriorates, significantly limiting the appli-
cability of these approaches to regions without well-developed
monitoring infrastructures.

The increasing adoption of validated satellite-derived ir-
radiance data has facilitated the widespread application of
computer vision techniques in probabilistic SSI forecasting.
From the perspective of model construction paradigms, these
approaches can be broadly categorized into two technical
pathways: extending deterministic prediction models to enable
the generation of probabilistic outputs; and directly utilizing
generative models to learn and simulate the uncertainty in
future irradiance distributions in an end-to-end manner. Re-
garding the former, Nielsen et al. [10] modified a determin-
istic ConvLSTM to output per-pixel SSI probabilities over
predefined bins, which greatly inflates output dimensionality.
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Carpentieri et al. [11] performed deterministic SSI forecasting
by combining semi-Lagrangian extrapolation, cascade decom-
position, and autoregressive models. They then introduced
locally spatially correlated noise to model uncertainties and
generate probabilistic predictions. For the latter, Wen et al. [12]
proposed a regional-scale probabilistic prediction method for
SSI by combining satellite-derived irradiance data with a mul-
tiscale Generative Adversarial Networks (GAN) framework,
effectively addressing the shortcomings of traditional single-
point prediction methods. Similarly, Liu et al. [13] developed
a spatio-temporal deep learning model leveraging variational
inference to capture the complex spatio-temporal variability of
SSI. While these approaches demonstrate significant potential,
they are hindered by several inherent challenges, including
unstable training processes, inadequate temporal modeling
capabilities, and subpar performance in uncertainty quantifi-
cation.

Recently, generative models such as the denoising diffu-
sion probabilistic model (DDPM) and the Flow Matching
model have offered novel perspectives on quantifying uncer-
tainty [14], [15]. However, these models, originally designed
for image generation tasks, still face fundamental challenges
when directly applied to SSI forecasting, which exhibits strong
periodic characteristics. Carpentier et al. [16] proposed guiding
the diffusion process by incorporating deterministic forecast
conditions. However, this method inherently relies on gener-
ating future trajectories from random Gaussian noise, which
not only limits its ability to capture complex cloud-driven
dynamics in the atmosphere but may also reduce the accuracy
of clear-sky forecasts by introducing unnecessary random
perturbations into the predictions. Jing et al. [17] proposed
DiffSolar, which decouples the deterministic prediction of
regional SSI from the stochastic residuals induced by cloud
dynamics. DiffSolar employs a smart persistent forecasting
model (SPFM) to compute the deterministic component, al-
lowing the generative model to focus on predicting probabilis-
tic residuals, which significantly enhance prediction accuracy
and interpretability. Nevertheless, the complexity and lengthy
training cycles of DDPM still constrain its further application
and development in real-time SSI forecasting.

Compared with DDPM, Flow Matching learns a velocity
field that transports a source distribution to the target dis-
tribution. By leveraging ordinary differential equation (ODE)
solvers, it enables fast and accurate generation tasks. Unlike
DDPM’s noise reduction process, which requires a large
number of iterative steps to progressively optimize samples,
Flow Matching directly models transformation dynamics, sig-
nificantly reducing computational overhead while maintaining
high-quality results [15]. However, applying Flow Matching
techniques to regional solar irradiance forecasting faces two
major challenges. Firstly, simple initial distributions (such as
Gaussian distributions) often struggle to accurately capture
the spatiotemporal dynamics of cloud evolution through Flow
Matching. This limitation stems from such distributions’ in-
ability to encode the complex spatiotemporal dependencies
inherent in cloud formation and motion. To address this issue,
designing more informative initial distributions that incor-
porate prior knowledge of cloud behavior can significantly

enhance the model’s ability to learn cloud dynamics. Secondly,
a meticulously chosen initial distribution might inadvertently
hinder Flow Matching from effectively learning the mapping
between distributions. An overly complex or restrictive initial
distribution may introduce bias or limit the flexibility of the
velocity field, making it difficult for the model to accurately
simulate the evolution of cloud dynamics.

The primary motivation of this study is to explore how
to adapt and optimize the Flow Matching methodology for
probabilistic regional SSI forecasting, offering an innovative
pathway to enhance the reliability of solar forecasting and
its integration into power systems. In this work, we propose
a weakly informative priors Flow Matching framework for
probabilistic regional SSI forecasting, denoted as WIP-Flow.
By leveraging the temporal dynamics of historical SSI fields,
WIP-Flow not only aligns with the physical essence of cloud
evolution and its impact on SSI but also enhances the reliabil-
ity of the initial distribution in Flow Matching. The proposed
method provides a physically guided generative forecasting
strategy for improving regional SSI probabilistic prediction
while extending Flow Matching to weather-related spatio-
temporal forecasting. The main contributions are as follows:

• We develop a weak-prior-guided Flow Matching frame-
work for probabilistic regional SSI forecasting. By lever-
aging historical SSI fields and cloud optical thickness
(COT), the proposed framework models cloud-driven
spatio-temporal uncertainty while avoiding direct gener-
ation from an uninformative Gaussian prior.

• We propose an unsupervised autoregressive integrated
correction (AIC) algorithm to construct a physically
informed source distribution for Flow Matching. The
algorithm combines Lucas–Kanade optical flow, semi-
Lagrangian advection, multi-scale cascade decomposi-
tion, and autoregressive integrated correction to capture
the dominant cloud-advection structure in historical SSI
fields.

• To rectify AIC-induced boundary distortions and repre-
sent stochastic cloud formation, diffusion, and dissipa-
tion, we propose a stochastic interpolation method based
on Stochastic Differential Equations (SDEs) to model the
probabilistic mapping path between the initial distribution
and the target distribution. Furthermore, we provide a
distributional-transport interpretation to show that the
AIC-informed source distribution reduces the effective
source–target discrepancy, allowing Flow Matching to
focus on stochastic residual cloud evolution rather than
learning the entire future irradiance field from an unin-
formative prior.

The remainder of the paper is organized as follows. Sec-
tion II formalizes the regional SSI prediction task. Section III
presents the proposed weakly informative priors Flow Match-
ing framework. In Section IV, we describe the experimental
setup. Experimental results and discussion are presented in
Section V. Finally, Section VI provides the conclusion.

II. TASK DEFINITION

A prevalent strategy in SSI forecasting involves selecting
the Clear-Sky Index (CSI) as the primary predictive variable.
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Fig. 1: The framework of WIP-Flow.

The fundamental motivation is to decouple the stochastic fluc-
tuations of irradiance from the strong, deterministic influence
of seasonal and diurnal solar cycles. This approach effectively
isolates the transient transmittance variations introduced by
atmospheric conditions. Consequently, the CSI serves as a
dimensionless metric of cloud-induced modulation, directly
capturing variations in optical thickness, cloud cover, phase
state, and geometric distribution [18], [19]. The CSI is defined
as:

CSIi =
SSIi

SSIics
, (1)

where SSIics refers to the SSI value under clear sky conditions,
which can be derived from a physical or empirical clear sky
model. McClear [20] is used to calculate clear sky irradiance
in this work. Regional-scale CSI forecasting is formulated
as a spatio-temporal forecasting problem. The observed CSI
and COT are expressed as two spatio-temporal sequences
Xcsi = [xicsi]

0
i=−Th

∈ R1×Th×H×W and Xcot = [xicot]
0
i=−Th

∈
R1×Th×H×W , where Th represents input time steps, and H
and W denote the spatial resolution. The goal of probabilistic
forecasting is to model the conditional probability distribu-
tion p(Y|Xcsi,Xcot) of the Tf -step-ahead target CSI sequence
Y = [yi]

Tf

i=1 ∈ R1×Tf×H×W , given observations Xcsi and
Xcot. A superscript i is employed to indicate the i-th temporal
frame.

III. METHODOLOGY

In this work, short-term (0–4 hours ahead) SSI forecasting
is considered, which is greatly influenced by daytime cloud
dynamics. Fundamentally, cloud dynamics can be partitioned
into four dominant processes: cloud advection, formation,
diffusion, and dissipation. Accordingly, WIP-Flow is designed
as a physically guided probabilistic framework: AIC first
captures the dominant deterministic advection component,
while Flow Matching corrects the remaining stochastic cloud-
evolution residuals. To characterize the advection component,
AIC is introduced to initialize per-pixel optical-flow vectors
and perform semi-Lagrangian extrapolation, yielding a pre-
dicted advection field. In addition to advective extrapolation,
an autoregressive integrated correction is used to capture local
temporal persistence and cross-scale evolution.

However, AIC tends to introduce inherent boundary distor-
tion issues during the advection extrapolation process due to

invalid back-traced departure points near the domain bound-
ary [21]. More importantly, as a deterministic prior, AIC can-
not fully represent cloud formation, diffusion, dissipation, or
forecast uncertainty. To address the limitations of AIC, a flow-
matching framework is introduced to enhance the modeling
of cloud formation, diffusion, and dissipation. Specifically,
stochastic Gaussian boundary completion is applied only to
the distorted boundary regions in the AIC output before
latent encoding. This operation provides stochastic degrees
of freedom for uncertain boundary inflow, while preserving
the physically informed AIC advection structure in the valid
region. The boundary-completed AIC field then serves as the
weakly informative source distribution for the Flow Matching
phase. A VAE further compresses the high-dimensional CSI
and COT fields into a tractable latent space. Then, we formu-
late an SDE-based interpolation path that transports the initial
distribution to the target distribution. The SDE path not only
mitigates boundary artifacts but also captures cloud formation,
diffusion, and dissipation processes, which are inadequately
represented by AIC. Thus, the performance gain arises from
the coupling of a weakly informative AIC prior with stochastic
Flow Matching correction, rather than from either component
alone. The overall framework of WIP-Flow is presented in
Fig. 1.

A. Autoregressive Integrated Correction

Starting from a sequence of historical CSI frames Xcsi,
we estimate inter-frame motion using the Lucas–Kanade
method [21]. Specifically, dense optical-flow vectors are com-
puted for each pair of consecutive frames {xi−1

csi , x
i
csi} within

the history window. To obtain a stable representation of the
dominant transport, these flow fields are temporally averaged
to produce a mean optical-flow field (CMV):

vi = LK{xi−1
csi , x

i
csi}, (2)

v̂ =
1

Th

Th∑
i=1

vi, (3)

where LK denotes the Lucas–Kanade algorithm described
in [21], and v̂ denotes the mean CMV. Using the CMV, we
then extrapolate the last historical CSI frame with the back-
ward interpolation-once semi-Lagrangian scheme described
in [22]. For each forecast time step, pixel locations are traced
backward along the mean-flow trajectories to their departure
points in the previous frame, and CSI values are recovered via
bilinear interpolation. For a given pixel location m0 in x0

csi,
the departure point is computed as:

m−1 = m0 − v̂∆t (4)

The CSI value is then obtained by bilinear interpolation at the
departure point:

Scsi =


x0

csi
x1

csi
...

x
Tf

csi

 =


I
(
x−1

csi , m
0 − v̂∆t

)
I
(
x0

csi, m
1 − v̂∆t

)
...

I
(
x
Tf−1
csi , mTf − v̂∆t

)
 (5)
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where Scsi ∈ R1×Tf×H×W represents the results of the semi-
Lagrangian extrapolation, I is the spatial bilinear interpola-
tion operator, and ∆t denotes the temporal resolution. This
procedure yields a forward-propagated CSI sequence while
suppressing frame-to-frame noise and preserving coherent
motion patterns.

In previous studies on precipitation forecasting, cascade de-
composition has commonly been employed to model the evo-
lutionary characteristics of advection processes across different
spatial scales [23], [24]. Considering the scale interactions
driven by both cloud dynamics and micro-physical processes,
the spatiotemporal evolution of SSI also exhibits significant
scale heterogeneity and non-uniformity. Therefore, we employ
a method based on the Discrete Fourier Transform (DFT) to
perform cascade decomposition on the CSI advection field
obtained through semi-Lagrangian extrapolation. The DFT and
a set of bandpass filters are applied to the CSI advection field,
and each scale is obtained as:

Sj = F−1(wj F(Scsi)), (6)

where F and F−1 denote the DFT operator and the inverse
DFT operator, respectively; wj is the weight of the Fourier
wavenumbers k = (kx, ky) for different scale levels j:

w|k|,j = h|k|,j , g|k|,j , (7)

where
∑n

j=1 h|k|,j = 1 are the normalization constants. The
g|k|,j are defined as follows:

g|k|,j =


e

Ç
−

(loga|k|−bj)
2

2c2
j

å
, 0 < |k| ≤ H

4 ,

0, |k| = 0®
0, j = 1, 2, . . . , n− 1

1, j = n
, |k| >

⌊
H
4

⌋ (8)

where

a =

Å
H

8

ã 1
n−2

bj =

®
0, j = 1

loga 2 + j − 2, j = 2, 3, . . . , n

cj =

®
0.15a, j = 0

0.1a, j = 1, 2, . . . , n
(9)

where the number of scale levels n = 6. All hyperparameter
settings are referenced from [24].

For the n cascade levels, we employ an autoregressive
integrated algorithm to predict the growth and decay trends of
cloud motion advection. The autoregressive iterative formula
applied at each scale in the Lagrange coordinates can be
formulated as:

Ap,j,x,y(1− B)dSt
j(x, y) = ϕ0, (10)

where Ap,j,x,y = 1 − ϕ1,j,x,yB − · · · − ϕ1,j,x,yBp,
Bp(St

j(x, y)) = St−p
j (x, y), x, and y are the spatial coor-

dinates, d denotes the order of differencing, and p is the
order of autoregression. Based on computational complexity,
we set p = 2, d = 1, and ϕ0 = 0. During each iteration, the
model parameters ϕ1,j,x,y · · ·ϕp,j,x,y in Eq. (10) are estimated

using the Yule–Walker equations [25] and by computing the
empirical lag-l autocorrelation functions:

γi,x,y(l) =
covx,y

(
∆St0

j ,∆St0−l
j

)»
stdx,y

(
∆St0

j

)
stdx,y

(
∆St0−l

j

) , (11)

covx,y
(
∆St0 ,∆St0−l

)
=

1

sx,y

∑
Ω

wx,y∆St0
Ω ∆St0−l

Ω , (12)

stdx,y
(
∆St0

)
=

√
1

sx,y

∑
Ω

wx,y(∆St0
Ω )2 (13)

where

sx,y =
∑
Ω

wx,y, (14)

∆St
j = St

j − St−1
j , (15)

Ω denotes the domain, and wx,y denotes the bivariate Gaus-
sian function. The autoregressive integrated algorithm requires
p + 2 frames of input CSI advection fields. After parameter
estimation is completed, the resulting parameters are projected
onto the nearest point within the defined stationary region to
ensure that they satisfy the stationarity requirement:

|ϕ1,j,x,y| < 2,

ϕ2,j,x,y < 1− ϕ1,j,x,y,

|ϕ2,j,x,y| < 2. (16)

After the iterations are completed, each cascade level is
reorganized to generate the pre-completion corrected CSI field:

S̄ =

n∑
j=1

Sj . (17)

Boundary distortions may arise after semi-Lagrangian extrapo-
lation when back-traced departure points fall outside the valid
spatial domain. To construct a valid source state for the subse-
quent Flow Matching process, stochastic Gaussian boundary
completion is applied only to these ill-defined boundary pixels.
Let M and B denote the valid AIC-predicted region and the
boundary-distorted region, respectively, with M∪B = Ω and
M∩B = ∅. Denoting the pre-completion AIC field by S̄, the
final AIC output Ŝ is defined as

Ŝ(p) = 1M(p)S̄(p) + 1B(p)ϵb(p), ϵb(p) ∼ N (0, σ2
b ),
(18)

where p denotes a spatial grid point, ϵb is used only for
boundary-distorted pixels, and 1M and 1B are the corre-
sponding indicator functions. This construction preserves the
valid AIC-predicted region and introduces stochastic degrees
of freedom only for uncertain boundary inflow. The Gaussian
boundary component is not regarded as the final boundary
prediction; spatial coherence is recovered through the learned
conditional Flow Matching transport from the AIC-informed
source distribution to the target distribution. The details of AIC
are shown in Algorithm 1.
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Algorithm 1: Autoregressive Integrated Correction
Input:

Dataset: {Xcsi};
Hyperparameters: p and n;
Boundary noise: ϵb ∼ N (0, σ2

b ).
Output:

Pre-completion AIC field S̄ and boundary-completed AIC field Ŝ.
1 Calculate optical flow based on Eqs. (2) and (3);
2 Semi-Lagrangian extrapolation based on Eq. (5);
3 Cascade decomposition with n levels based on Eqs. (6)–(8);
4 for j = 1, . . . , n do

for i = 1, . . . , p do
Iterate the autoregressive integrated algorithm based on

Eq. (10);
Estimate the model parameters based on Eqs. (11)–(13);

5 Recompose the cascade levels to obtain the pre-completion AIC field
S̄ based on Eq. (17);

6 Apply stochastic Gaussian boundary completion only to the
boundary-distorted region to obtain Ŝ;

7 return Ŝ

B. Weakly Informative Priors Flow Matching

Although the AIC algorithm effectively models cloud advec-
tion, it remains limited in representing uncertainty associated
with cloud formation and dissipation, which in turn limits the
accuracy of regional SSI predictions. To mitigate this issue,
an SDE-based interpolation path is introduced to transport the
AIC-informed source distribution toward the target distribution
of Y . Here, interpolation refers to a latent probability path
in Flow Matching, rather than spatial interpolation or image
super-resolution, since the source and target fields share the
same satellite-derived grid. To accelerate training and infer-
ence, a pre-trained variational autoencoder (VAE) [26] encodes
all inputs into a latent space:

{Zcsi,Zcot, Ẑ,ZY} = E{Xcsi,Xcot, Ŝ,Y}. (19)

Flow Matching learns a time-dependent vector field that
deterministically transports a source distribution p0 to a target
distribution p1 along a probability path pt [15], [27]. At
inference time, generating a new sample reduces to drawing
from p0 and integrating the ODE defined by the velocity
field. In the proposed framework, the mapping from the biased
prediction Ẑ to the ground truth ZY is modeled as

d
dt
ψt(g) = ut(ψt(g)), (20)

where t ∈ [0, 1] denotes the time step, ψt defines the flow, and
the velocity field ut generates the probability path pt subject
to the boundary conditions

ψ0(g) = G0 = Ẑ ∼ p0, ψ1(g) = G1 = ZY ∼ p1. (21)

The use of the distribution of Ẑ as the source distribution
can be interpreted from a distributional-transport perspective.
Let pG0 denote a standard Gaussian prior, pAIC

0 denote the
distribution of the encoded AIC estimate Ẑ , and p1 denote
the distribution of the encoded target ZY . The 2-Wasserstein
distance between two distributions is defined as

W 2
2 (p, q) = inf

π∈Π(p,q)
E(X,Y )∼π∥X − Y ∥2, (22)

where Π(p, q) denotes the set of all couplings with marginals
p and q. Since the paired samples (Ẑ,ZY) naturally define a
feasible coupling between pAIC

0 and p1, we have

W 2
2 (p

AIC
0 , p1) ≤ E∥Ẑ − ZY∥2. (23)

This inequality shows that the source–target discrepancy in-
duced by the AIC prior is upper-bounded by its mean squared
residual to the target. In contrast, when a Gaussian prior is
used, the velocity field needs to learn both the large-scale
cloud-advection structure and the stochastic residual correction
from a less informative source. Therefore, the AIC prior
provides a physically meaningful initialization that can reduce
the effective transport distance when its residual discrepancy
to the target is smaller than that of an uninformative prior.

While various constructions of probabilistic paths pt are
available [28], [29], standard linear paths are ill-suited to solar
irradiance prediction, where Ẑ and ZY are highly correlated
yet differ in high-frequency details induced by cloud dynam-
ics. An overly simple (e.g., linear) interpolation path makes
it difficult to disentangle the necessary correction signal from
noise. To this end, a stochastic interpolant path with a non-
linear schedule is adopted to amplify the gradient signal near
the target:

Gt = αtG0 + βtG1 + σtϵ, (24)

with G0 = Ẑ , G1 = ZY , and ϵ ∼ N (0, I). Equation (24)
defines a bridge between the corrected prediction and the
target, allowing the velocity field ut together with the score
field implied by σt to capture the complex non-linear residuals
caused by cloud dynamics. The interpolation coefficients are
chosen as

αt = 1− t, βt = t2, σt = σ2t(1− t)2, (25)

so that the convex trajectory induced by βt = t2 steers the
velocity field more aggressively toward the target structure
as t → 1. The corresponding conditional vector field, which
serves as the regression target for the neural network, is then

ût(Gt|G0,G1) =
d
dt
Gt = −G0+2tG1+σ

2(1−t)(1−3t)ϵ. (26)

The model is trained by minimizing the Flow Matching loss

Lθ = Et,p0,p1,ϵ

ï∥∥∥uθt (Gt, t, Ẑ,Zcsi,Zcot)− ût(Gt|G0,G1)
∥∥∥2ò .

(27)
During training, a denoising UNet [17] parameterizes uθt ,

with the full procedure summarized in Algorithm 2. At in-
ference, ensemble members are generated by independently
sampling stochastic Gaussian boundary completion and inte-
grating the learned velocity field with a forward Euler solver,
as detailed in Algorithm 3.

IV. EXPERIMENTAL SETUP

A. Datasets PreProcessing

This study employs two key satellite-derived datasets: SSI
and COT. The SSI dataset is obtained from SARAH (Sur-
face Solar Radiation Dataset – Heliosat), which is based on
observations from the Meteosat Second Generation (MSG)
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Algorithm 2: WIP-Flow Training
Input:

Training dataset: {Xcsi,Xcot,Y};
VAE encoder: E ;
Noise distribution: ϵ ∼ N (0, I);
Noise scale: σs.

Output:
Learned vector field uθ∗

t .
1 Perform AIC to obtain Ŝ based on Algorithm 1;
2 Encode {Zcsi,Zcot, Ẑ,ZY} = E(Xcsi,Xcot, Ŝ,Y);
3 repeat

Initialize G0 = Ẑ and G1 = ZY based on Eq. (21);
Sample t ∼ U(0, 1) and ϵ ∼ N (0, I);
Construct Gt based on Eq. (24);
Compute ût(Gt|G0,G1) based on Eq. (26);
Update θ by minimizing

Et,G0,G1,ϵ

ï∥∥∥uθ
t (Gt, t, Ẑ,Zcsi,Zcot)− ût(Gt|G0,G1)

∥∥∥2ò;
until convergence

4 return uθ∗
t

Algorithm 3: WIP-Flow Inference with Forward Euler
Input:

Testing dataset: {Xcsi,Xcot};
VAE encoder E and decoder D;
Learned vector field uθ∗

t ;
Number of ensemble members N ;
Number of Euler steps T .

Output:
Forecast ensemble {Ŷ(r)}Nr=1.

1 Encode {Zcsi,Zcot} = E(Xcsi,Xcot);
2 for r = 1, . . . , N do

Perform AIC with an independent boundary-noise realization to
obtain Ŝ(r) based on Algorithm 1;

Encode Ẑ(r) = E(Ŝ(r));
Initialize G(r) ← Ẑ(r);
for k = 0, . . . , T − 1 do

Set tk = k/T ;
G(r) ← G(r) + 1

T
uθ∗
tk

(
G(r), tk, Ẑ(r),Zcsi,Zcot

)
;

Decode Ŷ(r) = D(G(r));
3 return {Ŷ(r)}Nr=1

satellites [30]. The COT dataset is derived from the third-
generation CLoud property dAtAset (CLAAS-3), a climate
data record generated using data from the Spinning Enhanced
Visible and Infrared Imager (SEVIRI) instrument on the same
MSG satellite [31]. The COT values are computed using the
Cloud Physical Properties (CPP) algorithm, which utilizes the
3.8 µm channel to effectively capture cloud microphysical
and radiative characteristics. Both datasets cover the European
region, spanning from 5.1°W to 20.3°E longitude and 36.9°N
to 62.3°N latitude. They are provided at a spatial resolution of
0.2◦ × 0.2◦ and a temporal resolution of 30 minutes. Missing
values in the time series were imputed to ensure temporal
continuity using observations from the same calendar date
of the previous year. Nighttime periods were excluded to
focus solely on daylight hours critical for solar irradiance
forecasting, based on a valid data index derived from the
SARAH cloud albedo product. To enhance model stability,
all input features are normalized to the range [−1, 1] via min-
max scaling. Following established practices [30], [31], we
applied this transformation using fixed bounds: [0.05, 1.2] for
CSI and [0.0, 150] for COT. Ground-based solar irradiance
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Fig. 2: Geographical distribution of the selected area and the
four selected BSRN stations in the updated Köppen–Geiger
climate classification system [32].

measurements were used as an independent validation dataset
to identify potential inaccuracies in the models. Validation data
were sourced from four European Baseline Surface Radiation
Network (BSRN) stations [33] as shown in Fig. 2, equipped
with high-precision pyranometers. A slight positive bias in
SARAH irradiance at these stations has been reported [34];
therefore, the BSRN measurements are used as an independent
reference for assessing potential satellite-related deviations.
The selected stations span diverse climatic regions, covering
the cloudy and variable northwest and the stable, mountainous
south, ensuring comprehensive validation.

B. Training Procedure

All training experiments are performed on one NVIDIA
A6000 graphics card. In terms of dataset segmentation, we
use data from 2017 to 2020 for training, data from 2021
for validation, and data from 2022 for testing. The train-
ing process of WIP-Flow is divided into two stages: firstly,
training the VAE, and then training Flow Matching. The
VAE architecture, as implemented in the latent diffusion
model (LDM) [35], is adopted for feature compression to
improve training efficiency. Specifically, the VAE encodes an
input frame X ∈ RTh×1×H×W into a latent representation
Z ∈ RTh×32×H/8×W/8. For the training configuration of
Flow Matching, we enabled the exponential moving average
mechanism to enhance model stability, set the initial learning
rate to 5×10−4, and used a cosine annealing restart strategy for
learning rate scheduling, which includes 500 warm-up steps
and 2 restart cycles. The AdamW optimizer is utilized for
model optimization, setting β1 = 0.95, β2 = 0.999, and
weight decay to 1×10−5. To improve training efficiency, we
use the mixed-precision training strategy with 50 Euler steps
in the inference stage of the WIP-Flow model. The number of
ensemble members generated for all probabilistic forecasts is
N = 20.
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C. Benchmarks

To comprehensively evaluate the effectiveness of WIP-Flow,
we conducted comparative experiments against six proba-
bilistic models: SPFMen, DiffSolar [17], SHADECast [16],
LDM [35], GAN [12], and Rectified Flow [27], where LDM
and Rectified Flow use a standard Gaussian as their initial dis-
tribution, and the same UNet backbone is used to parameter-
ize the corresponding generative dynamics where applicable.
Additionally, we compared WIP-Flow with two deterministic
forecasting models, Earthformer [36] and ConvLSTM [10],
which do not have a probabilistic decoding layer, as well as
two deterministic NWP models: GFS and HRES. The SPFM
ensemble SPFMen is constructed as a baseline based on the
historical series. Specifically, the CSI at the same moment of
the previous N days is extracted from the historical series and
combined with the theoretical clear-sky irradiance at the target
moment to form the final prediction. To maintain experimental
fairness, we configured all benchmark models according to
their original hyperparameter settings.

D. Evaluation Metrics

To quantify the forecasting performance, we construct a
comprehensive assessment framework that combines proba-
bilistic and deterministic metrics to evaluate the reliability,
sharpness, regional dependence structure, and deterministic
accuracy of the prediction ensemble [37]. The Continuous
Ranked Probability Score (CRPS) is used as the primary
marginal probabilistic metric. It measures the distance be-
tween the cumulative distribution function F̂ i of the ensemble
forecast Ŷi and the Heaviside function H centered at the
observation Yi:

CRPS =
1

n

n∑
i=1

∫ ∞

−∞

Ä
F̂ i(x)−H(x− Yi)

ä2
dx, (28)

where n denotes the number of valid grid–time evaluation
points. A lower CRPS indicates better marginal probabilistic
performance. To provide a standardized comparison against
the reference ensemble, the Continuous Ranked Probability
Skill Score (CRPSS) is further used:

CRPSS = 1− CRPS

CRPSen
, (29)

where CRPSen denotes the CRPS calculated from the refer-
ence SPFMen ensemble.

Since CRPS evaluates the marginal predictive distribution
at each grid–time location, it does not fully characterize the
joint dependence structure of regional probabilistic forecasts.
Therefore, two multivariate scoring rules, namely the Energy
Score (ES) and the Variogram Score (VS), are further adopted
to assess the spatial and temporal coherence of the generated
ensemble scenarios [37], [38]. For each forecast case and lead
time, each ensemble member is flattened over the regional grid
to form a multivariate vector. The ES and VS values reported
in this study are computed separately at each forecast lead
time and then averaged over all valid daytime test cases. The

Energy Score extends CRPS to multivariate forecasts and is
defined as

ES(F,y) = EF ∥X− y∥2 −
1

2
EF ∥X−X′∥2 , (30)

where X and X′ are independent ensemble members drawn
from the forecast distribution F , and y denotes the observed
regional irradiance vector. ES evaluates the overall distance
between the forecast ensemble distribution and the observed
regional field.The Variogram Score of order p is used to
evaluate pairwise dependence structures:

VSp(F,y) =
∑
i,j

wij (|yi − yj |p − EF |Xi −Xj |p)2 , (31)

where i and j denote two spatial locations in the flattened
regional field. The weight is defined as wij = I(dij ≤ d0),
where dij is the normalized distance between locations i
and j, and d0 is a prescribed neighborhood threshold. Thus,
only local neighboring pairs are included in the score, which
emphasizes cloud-driven local dependence structures. Follow-
ing [38], p = 0.5 is adopted for robustness to extreme
irradiance values. Both ES and VS0.5 are negatively oriented.

In addition to probabilistic metrics, the root mean square
error (RMSE), mean absolute error (MAE), and forecast skill
score (Sf ) are used to evaluate the deterministic prediction
accuracy of the ensemble mean:

RMSE =

Ã
1

n

n∑
j=1

(
Yj − Ȳj

)2
, (32)

MAE =
1

n

n∑
j=1

∣∣Yj − Ȳj
∣∣ , (33)

where Ȳj denotes the ensemble mean prediction at the j-th
valid evaluation point. The forecast skill score is calculated
relative to the reference SPFMen forecast:

Sf = 1− RMSEForecast

RMSESPFMen

. (34)

A larger Sf indicates stronger deterministic forecasting skill
relative to the reference model.

V. RESULTS AND DISCUSSION

A. Forecast Assessment

Table I reports the probabilistic performance across four
forecast horizons under both marginal scoring rules (CRPS
and CRPSS) and multivariate scoring rules (ES and VS0.5).
All metrics are averaged over the complete satellite-derived
spatial domain and all valid daytime forecast cases. CRPS and
CRPSS evaluate marginal probabilistic accuracy at each grid–
time location, whereas ES and VS0.5 assess the joint spatio–
temporal distribution of the generated ensemble scenarios.
WIP-Flow achieves the lowest CRPS at the 0.5-, 1-, and 2-hour
horizons, corresponding to CRPSS values of 0.338, 0.342,
and 0.329, respectively. At the 4-hour horizon, DiffSolar
marginally outperforms WIP-Flow in CRPS, whereas WIP-
Flow achieves the best VS0.5, indicating stronger pairwise
spatio–temporal coherence. The multivariate scores further
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TABLE I: Probabilistic predictive performance under marginal and multivariate scoring rules.

Method 0.5-hour-ahead 1-hour-ahead 2-hour-ahead 4-hour-ahead

CRPS CRPSS ES VS0.5 CRPS CRPSS ES VS0.5 CRPS CRPSS ES VS0.5 CRPS CRPSS ES VS0.5

SPFMen 53.32 – 108.2 3.182 71.91 – 146.5 4.487 84.87 – 172.6 5.276 74.39 – 152.4 4.713
GAN [12] 38.70 0.274 81.47 2.508 57.52 0.200 119.8 3.706 67.93 0.199 142.3 4.385 57.85 0.222 121.6 3.842
LDM [35] 42.66 0.199 89.74 2.738 53.33 0.258 112.6 3.463 64.51 0.240 135.4 4.176 54.07 0.273 114.8 3.624

SHADECast [16] 40.18 0.246 84.58 2.586 52.30 0.273 109.8 3.358 60.45 0.288 127.5 3.917 50.30 0.324 107.2 3.392
DiffSolar [17] 38.47 0.279 80.78 2.453 49.17 0.316 103.5 3.158 58.13 0.315 122.3 3.742 47.11 0.367 100.4 3.165

Rectified Flow [27] 42.35 0.205 88.93 2.713 58.37 0.188 121.7 3.738 59.25 0.301 124.7 3.864 56.11 0.245 117.8 3.658
WIP-Flow 36.28 0.338 76.24 2.314 47.29 0.342 99.68 3.041 56.91 0.329 117.4 3.547 47.81 0.357 101.8 3.073

demonstrate the advantage of WIP-Flow in preserving physical
cloud-driven patterns. WIP-Flow achieves the lowest VS0.5

across all four horizons, with values of 2.314, 3.041, 3.547,
and 3.073. Compared with DiffSolar, the reductions in VS0.5

are 5.7%, 3.7%, 5.2%, and 2.9% at the 0.5-, 1-, 2-, and
4-hour horizons, respectively. Compared with SHADECast,
the corresponding reductions are 10.5%, 9.4%, 9.4%, and
9.4%. On ES, WIP-Flow ranks first at the 0.5-, 1-, and 2-
hour horizons and remains close to the best-performing model
at 4 hours. These results indicate that WIP-Flow improves
marginal probabilistic accuracy at short forecast horizons and
consistently enhances the regional dependence structure of the
forecast ensemble, as reflected by the best VS0.5 across all
horizons.

Table II summarizes the deterministic forecasting perfor-
mance of various models. For probabilistic approaches, the
evaluation metrics are computed based on the ensemble mean
of 20 generated samples. WIP-Flow achieves the lowest RMSE
and the highest Sf across all four prediction horizons, while
maintaining competitive MAE values. Specifically, for the 0.5-
hour prediction horizon, WIP-Flow achieved the lowest MAE
of 47.91 W/m2 and RMSE of 83.15 W/m2, while simultane-
ously attaining the highest Sf of 0.238. Compared with existing
generative models and deep learning benchmarks, WIP-Flow
effectively enhances deterministic forecast accuracy through
the coupling of AIC-informed initialization and flow-matching
correction. Notably, even over longer time spans, WIP-Flow
maintains a highly competitive RMSE (104.3 W/m2) and
the highest Sf score (0.278), demonstrating its robustness in
capturing complex irradiance dynamics. Figure 3 illustrates
a visual comparison of the WIP-Flow model against ground
truth, AIC, and Rectified Flow across four forecast horizons
(0.5 to 4.0 hours), highlighting the high consistency of WIP-
Flow’s predicted SSI with the ground truth in terms of cloud
motion. The WIP-Flow samples remain spatially coherent
near the advected boundaries, indicating that the stochastic
Gaussian boundary completion is effectively corrected by
the subsequent Flow Matching transport rather than being
propagated as noise-like artifacts.

Furthermore, the AIC exhibits predictive capabilities that
are superior to those of traditional NWP models. Despite its
relatively simple structure, the AIC consistently yields MAE
and RMSE values that are significantly lower than those of
GFS and HRES across all prediction horizons. For instance,
in the 0.5-hour forecast, AIC’s MAE (54.07 W/m2) is substan-
tially lower than that of GFS (94.28 W/m2). This indicates that
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Fig. 3: Visual comparison of target SSI fields, AIC outputs,
WIP-Flow samples, and Rectified Flow samples at 11:00 on
2022-06-02. Three generated members are shown for each
probabilistic model across four forecast horizons.

advection extrapolation based on optical flow can effectively
capture cloud motion trends in nowcasting, providing a solid
physical foundation for more complex models like WIP-Flow.
However, as the prediction horizon extends, the advantages of
WIP-Flow become even more pronounced, as it successfully
combines the short-term precision of advection-based transport
with the long-term generative modeling of complex cloud
dynamics.

B. Ablation Experiments

To systematically evaluate the contribution of each key
component in WIP-Flow, we conduct ablation experiments
from four perspectives: the AIC module, the weakly informa-
tive prior construction, the stochastic interpolation path, and
the COT input. For generative ablations, all variants use the
same VAE latent representation, denoising UNet backbone,
training strategy, and testing split unless otherwise specified.
These controlled comparisons are designed to clarify whether
the final performance gain arises from a single dominant
component or from the coupling between the AIC-informed
prior and the stochastic Flow Matching correction.

1) Effect of the AIC Module: To evaluate the contribution
of the AIC module, we conduct an internal ablation with three
deterministic variants: (i) semi-Lagrangian extrapolation only,
which advects the latest CSI field using the estimated cloud
motion vectors; (ii) semi-Lagrangian extrapolation with cas-
cade decomposition, which introduces multi-scale separation
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TABLE II: Deterministic Predictive Performance Comparison of Different Models

Method Prediction Horizons

0.5-hour-ahead 1-hour-ahead 2-hour-ahead 4-hour-ahead

MAE RMSE Sf MAE RMSE Sf MAE RMSE Sf MAE RMSE Sf

SPFMen 63.77 109.2 - 81.30 136.1 - 93.12 155.7 - 85.21 144.4 -
GAN [12] 55.32 95.46 0.126 71.69 120.6 0.114 81.75 135.7 0.128 68.53 122.4 0.152
LDM [35] 63.38 106.1 0.028 79.58 130.1 0.044 87.21 141.0 0.094 71.81 123.9 0.141

SHADECast [16] 55.53 95.71 0.124 72.19 121.4 0.109 82.18 136.3 0.124 68.89 122.6 0.150
DiffSolar [17] 52.31 84.02 0.231 62.13 104.2 0.234 69.77 116.5 0.252 60.28 105.9 0.267

Rectified Flow [27] 53.78 95.78 0.123 70.80 123.3 0.094 84.37 143.1 0.081 73.84 134.3 0.070
ConvLSTM [10] 63.23 94.37 0.136 71.76 109.4 0.195 76.75 124.9 0.198 66.02 117.5 0.186
Earthformer [36] 55.74 86.60 0.211 64.85 108.4 0.243 63.09 114.7 0.263 64.62 107.8 0.253

GFS 94.28 123.5 -0.131 97.53 136.8 -0.005 99.59 146.9 0.056 107.5 158.9 -0.100
HRES 93.50 121.9 -0.116 95.41 127.6 0.062 98.08 136.9 0.121 103.4 145.8 -0.010
AIC 54.07 97.39 0.108 70.52 123.8 0.091 83.41 143.2 0.081 72.39 132.6 0.082

WIP-Flow 47.91 83.15 0.238 61.66 102.4 0.248 67.57 110.4 0.290 61.74 104.3 0.278

TABLE III: Ablation study of the AIC module. RMSE is
reported at different lead times.

Variant 0.5 h 1 h 2 h 4 h

Semi-Lagrangian only 104.8 132.6 153.9 146.8
Semi-Lagrangian + cascade 101.2 128.7 148.6 139.4
Full AIC 97.39 123.8 143.2 132.6

but removes autoregressive correction; and (iii) the full AIC
module, which applies autoregressive integrated correction at
each cascade level.

Table III shows that each component in AIC improves
the deterministic prior. Cascade decomposition reduces the
4-hour-ahead RMSE from 146.8 to 139.4 W/m2, while the
full AIC further reduces it to 132.6 W/m2, confirming that
autoregressive integrated correction helps compensate scale-
dependent cloud growth and decay after advection. Neverthe-
less, AIC alone remains much weaker than the full WIP-Flow
model, which achieves a 4-hour-ahead RMSE of 104.3 W/m2.
This indicates that AIC provides a useful but incomplete
deterministic prior, and that the subsequent Flow Matching
correction is essential for modeling stochastic cloud evolution
and probabilistic uncertainty.

2) Effect of Weakly Informative Prior Construction: To
evaluate the effectiveness of using AIC predictions as the
initial distribution for WIP-Flow training, we designed three
comparative experiments. In these experiments, the initial
distributions were set as standard Gaussian noise, SPFM
predictions, and AIC predictions, respectively. For each case,
the proposed probabilistic interpolation path was applied to
map the vector field between the initial and target distributions.
The 4-hour-ahead deterministic prediction results across 20
samples are illustrated in Fig. 4.

Among the tested source distributions, the AIC-based ini-
tialization yields the lowest RMSE values, primarily concen-
trated between 100 and 110 W/m2. This indicates that AIC
provides a more informative source distribution than Gaussian
noise or SPFM predictions for the subsequent generative
transport. This result confirms that AIC provides a more infor-
mative initial distribution for Flow Matching by reducing the
source–target discrepancy. However, it does not imply that AIC
alone is responsible for the final forecasting performance. As

95 100 105 110 115 120 125 130 135 140 145
RMSE [W/m2]

AIC

SPFM

Gaussian

Fig. 4: RMSE comparison of 4-hour-ahead predictions using
different initial distributions (Gaussian, SPFM, and AIC) of
20 samples. Individual sample is plotted as triangles along the
x-axis.

reported in Table II, the standalone AIC baseline obtains a 4-
hour-ahead RMSE of 132.6 W/m2, whereas the full WIP-Flow
model reduces the error to 104.3 W/m2. The large gap between
AIC and WIP-Flow demonstrates that the deterministic AIC
prior is insufficient for accurate regional SSI forecasting, es-
pecially because it cannot model cloud formation, dissipation,
deformation, boundary uncertainty, or the ensemble spread
required for probabilistic prediction. Therefore, AIC should
be interpreted as a weakly informative physical prior rather
than as a complete forecasting model. Its main functionality
is to initialize the Flow Matching process from a physically
plausible cloud-advection state, allowing the velocity network
to focus on learning the stochastic residual transformation
from the AIC-biased estimate to the true future distribution.

3) Effect of Stochastic Interpolation Path: To validate the
effectiveness of the proposed SDE-based stochastic interpola-
tion path, we conducted comparative experiments against two
established baselines: the deterministic straight-line interpola-
tion path proposed by Liu et al. [27] (Rectified Flow) and the
Optimal Transport Schrödinger Bridge (OT-SBFM) proposed
by Tong et al. [39]. As illustrated in Fig. 5, the proposed
WIP-Flow consistently achieves the lowest RMSE across
all forecast horizons. While the prediction error naturally
increases for all models as the forecast horizon extends, WIP-
Flow demonstrates superior stability. It maintains an RMSE
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Fig. 5: Comparison of forecasting performance of different
interpolation path across different prediction horizons.

significantly below 120 W/m2 even at the 4-hour horizon.
In sharp contrast, both baseline methods exhibit considerably
higher error values, with OT-SBFM showing the largest errors
in this forecasting setting, reaching an RMSE peak exceeding
150 W/m2. Rectified Flow relies on a deterministic straight-
line interpolation to connect the noise distribution to the data
distribution. However, the evolution of solar irradiance is a
highly non-linear dynamic process influenced by complex at-
mospheric factors. The rigid assumption of a straight trajectory
oversimplifies these complex temporal dynamics, failing to
capture the intrinsic non-linear manifold of the meteorological
data, which leads to lower prediction accuracy. Although
OT-SBFM theoretically minimizes transport costs based on
Optimal Transport principles, this mathematical optimality
does not necessarily align with the physical reality of weather
evolution. This rigid coupling constraint limits the exploration
of the state space, resulting in the highest RMSE among the
tested methods.

This comparison further confirms that the performance gain
of WIP-Flow is not merely inherited from the AIC prior. If
the deterministic prior were the dominant or sole source of
improvement, different transport paths using the same AIC-
informed source distribution would lead to similar forecast-
ing errors. However, the results in Fig. 5 show substantial
differences among the interpolation strategies. The proposed
stochastic interpolation path consistently achieves the lowest
RMSE, indicating that the Flow Matching formulation and
the choice of probability path provide an additional correction
capability beyond deterministic AIC initialization. In partic-
ular, the stochastic path allows the model to explore non-
deterministic residual cloud evolution around the AIC esti-
mate, thereby improving the representation of cloud formation,
diffusion, dissipation, and boundary uncertainty.

4) Effect of COT Input: To examine whether the perfor-
mance improvement of WIP-Flow is mainly attributed to the
additional COT input, we conduct an input-channel ablation
experiment by removing COT from the conditioning variables.
The resulting variant, denoted as WIP-Flow w/o COT, uses
only historical CSI fields together with the AIC-informed
source distribution, while keeping the VAE architecture, de-
noising UNet backbone, Flow Matching path, training strategy,
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Fig. 6: Ablation study on the contribution of COT input.

and inference configuration unchanged.
As shown in Fig. 6, removing COT causes a moderate

increase in both CRPS and ES, confirming that COT pro-
vides useful cloud optical information for probabilistic SSI
forecasting. Nevertheless, WIP-Flow w/o COT remains close
to the full WIP-Flow model and remains competitive with
DiffSolar across most forecast horizons. This indicates that
the performance gain of WIP-Flow is not solely attributable
to the additional COT input; rather, the AIC-informed source
distribution and Flow Matching correction remain the primary
methodological contributors, while COT serves as a comple-
mentary cloud-related input.

C. Sensitivity to AIC Prior

Since the optical-flow-based AIC prior may become less
reliable when brightness constancy or spatial smoothness is
violated, we further assess the sensitivity of WIP-Flow to
AIC-prior quality. Specifically, we perform a post-hoc strat-
ified analysis using the standalone AIC 4-hour-ahead regional
RMSE. This grouping is used only for diagnostic evaluation
and is not involved in training or inference. The testing
samples are ranked by the AIC error and divided into three
equally sized groups using the empirical 33.3% and 66.7%
quantiles. The low-error group represents cases with relatively
reliable AIC priors, whereas the high-error group corresponds
to strongly biased priors, which may result from rapid cloud
formation, dissipation, deformation, boundary effects, or other
violations of optical-flow assumptions.

As shown in Fig. 7, WIP-Flow consistently outperforms
standalone AIC across all reliability groups. The RMSE is
reduced from 82.5 to 70.8 W/m2 in the low-error group, from
138.7 to 110.9 W/m2 in the medium-error group, and from
176.6 to 131.2 W/m2 in the high-error group, corresponding
to relative improvements of 14.2%, 20.0%, and 25.7%, respec-
tively. These results directly address the sensitivity of WIP-
Flow to degraded AIC priors and indicate that the proposed
model learns corrective stochastic transport beyond direct
propagation of the AIC trajectory.

D. Computational Cost

The computational cost of WIP-Flow and representative
generative baselines is summarized in Table IV. All measure-
ments are conducted on a workstation equipped with an Intel
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the relative RMSE reduction achieved by WIP-Flow over AIC.

TABLE IV: Computational cost on the NVIDIA A6000 GPU
under FP16. Inference latency is reported per probabilistic
forecast of 20 ensemble members.

Method Train (h) Steps Inference (s)

LDM [35] 105.9 100 136
SHADECast [16] 136.8 100 178
DiffSolar [17] 116.0 100 129
Rectified Flow [27] 74.90 50 28
WIP-Flow 71.20 50 26

Xeon Platinum 8352V CPU and NVIDIA A6000 48GB GPU.
Inference latency is measured on a single NVIDIA A6000
GPU under FP16 precision with batch size 1, and corresponds
to generating a 20-member ensemble over the full study region
and all prediction horizons from 0.5 h to 4 h. As shown in
Table IV, WIP-Flow requires 71.2 h for training, including
48.6 h for VAE training and 22.6 h for Flow Matching training,
whereas DiffSolar requires 116.0 h in total, corresponding
to a 38.6% reduction in training time. At inference time,
WIP-Flow requires 26 s to generate a 20-member ensemble,
compared with 129 s for DiffSolar, achieving a 79.8% latency
reduction or a 4.96× speedup. This efficiency gain mainly
comes from the flow-matching formulation, which generates
samples through ODE integration with fewer neural-network
evaluations than diffusion-based iterative denoising. Although
WIP-Flow includes AIC preprocessing, AIC is parameter-
free and introduces limited overhead. Compared with Rec-
tified Flow, WIP-Flow has a similar computational cost but
achieves better forecasting performance, indicating that the
AIC-informed prior improves accuracy without increasing
model complexity.

E. Independent Station-Based Validation against BSRN Mea-
surements

Figure 8 presents a comparative analysis of the conditional
distributions generated by DiffSolar and WIP-Flow against
ground-based measurements from four BSRN stations. While

both models exhibit strong linear consistency with the mea-
sured data, WIP-Flow achieves lower RMSE and MAE values
at all four stations. Visually, the joint density of WIP-Flow
is more tightly concentrated around the identity line than that
of DiffSolar, particularly in the medium- and high-irradiance
ranges. This indicates that WIP-Flow provides more accurate
station-level irradiance estimates with fewer large deviations.

Specifically, the RMSE values decrease from 123.3 to
121.4 W/m2 at CAB, from 135.7 to 132.7 W/m2 at CNR, from
126.1 to 122.3 W/m2 at PAL, and from 120.4 to 118.2 W/m2

at PAY. The corresponding MAE values decrease from 84.4 to
80.7 W/m2, from 88.6 to 85.4 W/m2, from 84.4 to 79.9 W/m2,
and from 80.8 to 76.3 W/m2, respectively. The largest RMSE
reduction is observed at the PAL station, where WIP-Flow
reduces the RMSE by approximately 3.0% relative to DiffSo-
lar. Furthermore, the marginal distributions predicted by WIP-
Flow show better agreement with the measured distributions,
whereas DiffSolar exhibits a slightly broader spread and
more pronounced deviations in several low-irradiance cases.
These results confirm that WIP-Flow improves independent
station-based SSI prediction accuracy over the diffusion-based
baseline.

As shown in Fig. 9, the WIP-Flow model demonstrates su-
perior capability in capturing the complex temporal dynamics
of solar irradiance compared to the baseline DiffSolar model.
While both models generally follow the diurnal trend, WIP-
Flow exhibits significantly higher sensitivity to rapid, high-
frequency fluctuations caused by cloud cover. In contrast to
DiffSolar, which tends to produce overly smoothed predictions
that lag behind sudden changes, WIP-Flow aligns closely with
the ground truth even during periods of extreme volatility, such
as the sharp oscillations observed between 10:00 and 14:00 at
the PAL station.

F. Downstream PV Power Forecasting Validation

To assess whether the SSI forecasting improvements can be
transferred to downstream PV power prediction, an additional
plant-level validation is conducted using the Stutensee PVOut-
put system. The plant is located at 49.12◦N, 8.51◦E, within
the spatial coverage of the satellite-derived SSI dataset used in
this study. It provides measured AC active power and essential
system metadata for irradiance-to-power conversion, including
a reported DC capacity of 9.92 kW, an inverter AC capacity of
9.00 kW, an array azimuth of 225◦, and a tilt angle of 35◦. For
both WIP-Flow and DiffSolar, the SSI forecasts at the nearest
satellite grid cell are converted into normalized PV AC power
using the same PVWatts pipeline implemented in pvlib [40]
and identical plant metadata. Deterministic errors are then
calculated using the ensemble-mean PV power forecasts. PV
power and the corresponding forecasting errors are reported
in per-unit (p.u.) values, defined as:

Pp.u. =
P

Prated
, (35)

where P denotes the PV AC power and Prated is the reported
DC capacity of the PV system, i.e., 9.92 kW in this experi-
ment.
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Fig. 8: Joint and marginal distributions of measured and 4-hour-ahead predicted SSI using DiffSolar and WIP-Flow when
evaluated at CAB, CNR, PAL, and PAY stations. The heat maps show the two-dimensional kernel density estimates.

Fig. 9: Visual comparison of forecasting performance between
DiffSolar and WIP-Flow against the ground truth. The first 4
hours are continuously generated predictions, and the data for
each subsequent time point are taken from the last time step
of each rolling prediction sample. The plots illustrate the P10-
P90 prediction intervals across different dates and sites.

Figure 10 presents the downstream PV power forecasting
performance of WIP-Flow and DiffSolar across four forecast
horizons, where deterministic errors are computed using the
ensemble-mean PV power forecasts. WIP-Flow consistently
achieves lower RMSE than DiffSolar at all evaluated horizons.
The RMSE is reduced from 0.129–0.174 p.u. to 0.125–
0.169 p.u., corresponding to relative reductions of 3.1%, 3.3%,
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Fig. 10: Downstream PV power forecasting performance on
the Stutensee PVOutput system. Percentages denote the rela-
tive RMSE reduction of WIP-Flow compared with DiffSolar
at each forecast horizon.

2.9%, and 2.9% from 0.5 to 4 hours. For MAE, WIP-Flow
achieves lower errors at the 0.5-, 1-, and 2-hour horizons, while
its 4-hour-ahead MAE is slightly higher than that of DiffSolar.
Overall, the results indicate that WIP-Flow provides consistent
RMSE improvements and comparable MAE performance in
downstream PV power forecasting, demonstrating that its SSI
forecasting gains can be transferred to PV power prediction
under a unified irradiance-to-power conversion pipeline.

VI. CONCLUSION

In this study, we addressed the critical challenge of char-
acterizing irradiance uncertainty in regional SSI forecasting,
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a task complicated by stochastic cloud dynamics. We intro-
duced WIP-Flow, a novel Flow Matching-based framework
that introduces Flow Matching into probabilistic regional SSI
forecasting. By integrating an unsupervised autoregressive cor-
rection algorithm with a stochastic interpolation method, WIP-
Flow effectively synthesizes physical insights, specifically
cloud advection and multi-scale decomposition, with advanced
generative modeling. Our experimental results on satellite-
derived datasets validate that the proposed framework not
only captures complex spatiotemporal dependencies but also
rectifies common boundary distortions associated with cloud
formation and dissipation. Achieving a RMSE of 104.3 W/m2

and a CRPS of 47.81 W/m2 for 4-hour-ahead predictions,
WIP-Flow demonstrates competitive and physically coherent
probabilistic forecasting performance. Furthermore, the added
plant-level PVOutput validation demonstrates that the SSI
forecasting gains of WIP-Flow can be transferred to down-
stream PV power forecasting under a consistent irradiance-
to-power conversion pipeline. These findings establish WIP-
Flow as a robust tool for generating physically coherent prob-
abilistic predictions, offering significant potential to enhance
the stability and management of large-scale photovoltaic grid
integration.
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R. Hollmann, “Sarah-3–satellite-based climate data records of surface
solar radiation,” Earth System Science Data, vol. 16, no. 11, pp. 5243–
5265, 2024.

[31] N. Benas, I. Solodovnik, M. Stengel, I. Hüser, K.-G. Karlsson,
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