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Abstract
With the rapid expansion of photovoltaic (PV)
power generation worldwide, PV systems have be-
come key to global energy construction. Accurate
PV forecasting is essential for safe grid operation
and renewable energy integration. However, most
existing models rely heavily on site-specific histori-
cal data and perform poorly when deployed in cold-
start scenarios of newly built power plants. We
propose PhysTrans, a physics-aware transferable
framework for cold-start PV forecasting. Firstly,
we design a physics-constrained residual network
that utilizes a clear-sky module for better physi-
cal consistency. Furthermore, we propose a dy-
namic cloud cropping method to obtain the cloud
information of shaded PV stations by fitting the
angle of the sun offsets. To fuse the asymmetric
data, a query-based asymmetric fusion mechanism
is introduced to achieve high-precision alignment
of multi-modal data. We conduct experiments on
global datasets, and the results show that the Phys-
Trans outperforms state-of-the-art models with a
13.2% decrease in MAE in the single-site task, and
also outperforms existing migration models with an
average decrease in MAE of 12.7% in the cross-
sites task. Our work advances reliable and transfer-
able PV forecasting for early-stage grid integration
and contributes to SDG 7 (Affordable and Clean
Energy) and SDG 13 (Climate Action), in line with
the Leave No One Behind principle.

1 Introduction
Driven by global carbon neutrality goals, low-carbon energy
transition has become a central strategy for national develop-
ment [De La Peña et al., 2022; Ahmad et al., 2025]. Pho-
tovoltaic (PV) power generation, the most widely deployed
and fastest-declining cost clean energy source, is expanding
rapidly worldwide, with an average annual growth rate of

about 40% [Chala et al., 2025]. From large-scale PV plants in
China, to utility-scale installations in the Middle East, to dis-
tributed microgrids in Southeast Asia, PV power has become
a key pillar in achieving carbon neutrality [Yang and Huang,
2025; Wu et al., 2025]. In several fast-growing markets like
India, annual PV additions more than doubled in 2024 and
continued to accelerate into 2025, leading to a rapid surge of
newly commissioned PV plants [Singh et al., 2025]. Mean-
while, the rapid growth of artificial intelligence computing
demand has significantly increased power system loads, mak-
ing data centers and computing infrastructure major electric-
ity consumers with strict stability requirements [Patel, 2025].
Therefore, electricity grid operation depends on the reliabil-
ity of PV power prediction [Kumar et al., 2025]. The accurate
PV power forecasting is an important prerequisite for secure
grid dispatch [Zhu et al., 2022].

Despite recent progress in deep-learning PV power fore-
casting, most existing models rely on an implicit assump-
tion that historical data are sufficient [Dimd et al., 2022;
Yu et al., 2024]. In many new markets, including regions
in Africa and Latin America, newly PV plants often face
a cold-start period with severe data scarcity for about 1
year [Fonou et al., 2024; Kim et al., 2025]. During this
phase, the transferability and reliability of existing models
degrade, which disrupts grid safe operation and leads to eco-
nomic losses [Gupta and Singh, 2021]. This may be due to
the fact that the models still use old data experience when mi-
grating across new regions and have difficulty in adapting to
differences in characteristics such as climate, clouds and so-
lar irradiation [Dave and Vajpai, 2026]. Therefore, recent re-
search is focused on the satellite cloud image, which provides
global historical data as an important external data source
for cold-start scenario [Qin et al., 2022; Sun et al., 2025a].
However, the state-of-the-art (SOTA) methods such as Bi-
LSTM-based approaches [Wu et al., 2024] and MCloud-
Net [Wan et al., 2025] typically apply fixed-window crop-
ping, which treat overhead cloud as direct shading indicators.
This strategy ignores geometric parallax between cloud po-
sitions and their projected shadows caused by seasonal and
diurnal solar motion. Furthermore, without explicit physical
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constraints, these models may produce non-physical predic-
tions under extreme weather conditions, which can lead to po-
tential system risks during grid dispatch [Liu and Du, 2023;
Sun et al., 2025b]. In areas with limited infrastructure and
data availability, the above challenges will seriously affect
the deployment of clean energy and climate action [Chala and
Al Alshaikh, 2023].

To address these challenges, we propose a physics-aware
transferable framework for global cold-start PV forecasting,
which implement asymmetric fusion of time series and satel-
lite data. This design can reduce the dependence on local
historical data from the model structure and achieve high-
precision prediction with very few historical samples. The
main contributions are summarized as follows:

• Physics-aware consistency modeling: We model PV
power as a residual correction around the clear-sky phys-
ical baseline, with a solar-zenith design and day-night
mask embedded for physical consistency.

• Geometry-based satellite image cropping: We design
a dynamic region-of-interest (ROI) cropping strategy
that corrects satellite parallax and aligns cloud regions
with the real solar illumination path.

• Comprehensive cold-start evaluation: We evaluate
PhysTrans under three settings, including single-site
forecasting, zero-shot cross-site transfer, and few-shot
target-site adaptation. The comparisons cover general
time-series forecasters, transfer-learning baselines, and
PV-specific multimodal forecasting models, demonstrat-
ing the effectiveness of PhysTrans in both normal and
cold-start PV forecasting scenarios.

• Social and economic impact: Based on deployments
at newly built PV plants in Yunnan, the PhysTrans re-
duces deviation energy on about 10,000 MWh during
the first year operation, while supporting newly plants
worldwide for rapid deployment and safe grid dispatch.

This work is aligned with the United Nations Sustainable
Development Goals SDG 7 and SDG 13. For rapidly grow-
ing PV markets such as Brazil and Southeast Asia, the Phys-
Trans supports newly plants with accurate power forecasting
under the Leave No One Behind (LNOB) principle. To en-
courage broader adoption, the codes and part of data of Phys-
Trans are open-source released, enabling PV plants world-
wide to apply it for power grid operation analysis and carbon
emission assessment. The codes and data are available at:
https://github.com/KabulG/PhysTrans.

2 Related Work
2.1 Multimodal PV Forecasting with Satellite
In recent years, PV prediction based on satellite and cloud im-
ages has developed rapidly [Qin et al., 2022; Mao et al., 2023;
Amaral et al., 2025]. Yang et al. incorporate fine-grained
temporal attention and cloud-coverage spatial attention into
a day-ahead PV forecasting model for cloud-induced spatial
heterogeneity [Yang et al., 2023]. The spatio-temporal inter-
actions of clouds are proposed to improve the ultrashort-term
accuracy through a two-stream cloud image framework [Zang

et al., 2024]. Luo et al. show that relying on sky image
brightness features can improve ultra-short prediction [Xie
et al., 2025]. The ACMCA cross-modal attention network
are designed to jointly learn power and satellite image fea-
tures [Pan et al., 2024]. Cross-modal fusion studies inte-
grate PV temporal sequences with sky images via an atten-
tion mechanism [Wang et al., 2025]. The latest MCloudNet
models multilayered cloud structures and has been deployed
in a real-world scheduling system [Wan et al., 2025]. Despite
the advances in image fusion, existing work generally relies
on fixed ROI and ignores the key issues of cloud parallax and
solar geometry offset.

2.2 Transferable and Data-Scarce PV Forecasting
Cross-site relocatable PV prediction aims to reduce the data
requirements of new plants [Luo et al., 2023; Zhou et al.,
2024; Howlader, 2025]. Luo et al. propose an early cold-start
relocation framework for new plants, which is able to com-
plete the initial adaptation with very little target data [Luo
et al., 2022]. The DRFN network utilizes the random mod-
eling ability of VAE to enhance the model’s generalization
ability and achieve small sample transfer [Bashyal et al.,
2025]. TL-PatchTST uses a hybrid structure to enhance the
cross site generalization of multi-step prediction and main-
tain stable performance under multi site conditions [Bak et
al., 2025]. Other works further explore personalization [Mi-
raftabzadeh et al., 2023; Luo et al., 2025] and regional-level
migration [Wang et al., 2024; Zheng et al., 2024] to han-
dle site heterogeneity in distributed PV. DATN (2025) then
enhances the robustness of cross-region migration through
domain-adversarial time-series networks [Qu et al., 2025].
However, a key challenge remains open as existing methods
heavily rely on historical data from the target site, which lim-
its their effectiveness in true cold start scenarios.

3 The Overall Framework
The overall architecture of PhysTrans is shown in Figure 1.
The complete process is divided into three stages: Input &
Preprocessing, Multi-Modal Encoders, and Fusion & Out-
put. Firstly, the input includes three types of data sources:
Physics Branch, Cloud Branch, and Power Branch, which are
also multimodal. During the preprocessing process, the lati-
tude and longitude information in Physics Branch is used to
calculate physical reference variables and guide the dynamic
cropping of satellite image based on the path of sunlight. The
variables such as power in Power Branch are organized into
a fixed length time series. Then, in the Multi-Modal En-
coders stage, the above multi-modal data will be indepen-
dently encoded. We have introduced mechanisms such as
day night constraint and 3D convolution. Physics Branch
is transformed into a physical prior representation, Cloud
Branch features are extracted to capture cloud occlusion ef-
fects, and power sequences are mapped to station-level repre-
sentations. The cloud branch is implemented as a lightweight
3D-convolutional encoder for spatio-temporal feature extrac-
tion from dynamically cropped satellite cloud sequences. It
does not rely on a pretrained vision backbone. Instead, the
cloud encoder, power encoder, fusion module, and physics-
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constrained head are optimized in an end-to-end manner. Fi-
nally, in the fusion stage, power features are used as queries to
retrieve relevant cloud features under asymmetric sampling.
The physical constraint combines the physical baseline with
the learned residual correction to produce the final PV power
prediction.

4 Methods
This section describes the core components of PhysTrans. In
this work, the cold-start period refers to the first year of newly
commissioned PV plants with limited historical data. Specif-
ically, we denote the setting with no target-site data as zero-
shot cold-start, and the setting with a small amount of target-
site data for adaptation as few-shot cold-start.

4.1 Physics-Aware Consistency Modeling
To generate reasonable predictions with limited historical
data, we design a physics-aware strategy with constrained
residual learning.

It should be noted that the clear-sky branch is intentionally
designed as a lightweight physical prior rather than a full irra-
diance simulator. In cold-start scenarios, the main objective
is to provide a stable and interpretable baseline when site-
specific historical data are scarce. Complex environmental
disturbances, capacity deviations, and local operational fac-
tors are further compensated by the residual correction terms
and the multimodal fusion branch.

Astronomical Geometry and Physical Baseline
A data-independent clear-sky physical baseline model is con-
structed, which mainly depends on the spatial geometry and
geographic location of the power station. The solar zenith an-
gle θz is defined as the angle between the incident solar rays
and the local vertical direction. It determines the effective
surface irradiance and is computed as:

cos θz = sinϕ sin δ + cosϕ cos δ cosω, (1)

where ϕ denotes the latitude of the power station, δ is the so-
lar declination angle, and ω is the solar hour angle computed
from the local true solar time.

To model the power output more accurately, system effi-
ciency and temperature correction are introduced. Therefore,
the clear sky physical PV power baseline Pbase is defined as:

Pbase =
Isc · cos θz

Istc
· Cap · η · [1 + γ(T − Tstc)] , (2)

where Isc is the solar constant, Cap denotes the installed ca-
pacity of the PV station, η represents the system efficiency, γ
is the temperature coefficient, and T is the ambient tempera-
ture. We set Tstc = 25◦C and Istc = 1000 W/m2 following
the standard test conditions (STC) commonly used to rate PV
modules. Note that these STC values serve only as fixed ref-
erence constants for normalization. When deploying to other
regions, the baseline adapts the site-specific inputs such as
latitude and ambient temperature, while the STC references
remain unchanged.

Parametric Residual Mapping
The clear sky physical baseline value provides a reasonable
upper limit for PV power generation, but in practice, it cannot
capture the operating conditions of installed capacity devia-
tion and environmental changes. To solve this problem, we
redefine the prediction task as a residual learning process that
is emphasized relative to the physical baseline. The clear sky
PV value is updated by introducing the capacity scaling factor
kscale, and the capacity deviation term βcap. We use the cloud
attenuation factor kc to correct the prediction bias caused by
cloud obscuration. Finally, the residual term Pres is added
to fit the abnormal changes. In this way, the corrected output
Pcorrected is constrained to an interpretable physical residual
space, which is defined as:

Pcorrected = kc · (kscale · Pbase + βcap) + Pres. (3)

Nighttime Soft Mask and Structural Consistency
To eliminate non-zero power predictions at night and ensure
consistency with solar conditions, especially smooth transi-
tions around sunrise and sunset, a nighttime soft mask hnorm

is designed, which is defined as the normalized solar height:

hnorm = ReLU

(
90◦ − θz

τ

)
, (4)

where τ controls the smoothness of the day–night transition.
Finally, the physics baseline output Pphy is composed of the
clear sky model, the residual correction terms, and the night-
time mask:

Pphy = hnorm · Pcorrected. (5)

4.2 Dynamic ROI Cropping Based on Geometry
To enhance the correlation between satellite images and PV
power fluctuations, we propose a dynamic ROI cropping
strategy guided by solar geometry. Different from the fixed
cropping window at the center of the top of the PV plant, this
method adaptively shifts the cropping window along the solar
incidence direction. It can select the most relevant clouds that
have a real shading effect on the PV plant.

Let (x0, y0) denote the pixel coordinates of the power sta-
tion in the satellite cloud image, where x0 and y0 correspond
to the east-west and north-south axes, respectively. r denotes
the spatial resolution of the satellite image (metre/pixel) and t
denotes the time index. At each moment t, the solar azimuth
angle α(t) and solar zenith angle θz(t) are calculated based
on the station position and time information. The α(t) de-
termines the panning direction of the cropping window and
θz(t) controls the panning amplitude.

To estimate the cloud height used for ROI displacement,
we utilize the thermal infrared brightness-temperature chan-
nel from geostationary meteorological satellites. For the Chi-
nese sites, the TBB13 channel of Himawari-8 is used, while
the corresponding infrared brightness temperature product is
used for GOES-West over the Stanford region. Specifically,
a pixel neighborhood Ω of size 9 × 9 is constructed around
the PV station location (x0, y0), and the median brightness
temperature within this neighborhood is used as the effective
cloud-top brightness temperature:

Tc(t) = median ({T (x, y, t) | (x, y) ∈ Ω}) , (6)
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Figure 2: Dynamic ROI cropping method.

where T (x, y, t) denotes the brightness temperature value at
pixel (x, y) and time t.

Based on the cloud-top brightness temperature Tc(t) and
the near-surface reference temperature Tref(t), we estimate
an effective cloud height under the standard tropospheric
lapse-rate approximation:

h∗
c(t) =

Tref(t)− Tc(t)

Γ
, (7)

hc(t) = clip (h∗
c(t), hmin, hmax) , (8)

where Tref(t) denotes the near-surface reference temperature
obtained from local meteorological measurements or forecast
variables, and Γ = 6.5K/km is the standard tropospheric
lapse rate. The estimated hc(t) is not intended to recover
exact cloud microphysics. Instead, it serves as a geometry-
guided effective cloud height for estimating the ROI displace-
ment caused by cloud-shadow projection.

As shown in Figure 2, the horizontal projection distance of

a cloud on the ground is approximated as:

d(t) = hc(t) tan θz(t), (9)

where d(t) denotes the physical distance between the cloud
shadow and the power station. Converting this distance to a
pixel-scale displacement:

s(t) =
d(t)

r
, (10)

where s(t) refers to the amount of translation in pixel units.
Finally, the dynamic cropping center (xt, yt) at moment t is
defined as:

∆xt = s(t) sinα(t), ∆yt = s(t) cosα(t), (11)

(xt, yt) = (x0 +∆xt, y0 +∆yt). (12)
To avoid invalid cropping when the shifted ROI exceeds

the satellite image boundary, we clamp the crop center into
the valid image range:

x̂t = clip

(
xt,

Wroi

2
,W − Wroi

2

)
,

ŷt = clip

(
yt,

Hroi

2
, H − Hroi

2

)
.

(13)

where W and H are the image width and height, and Wroi

and Hroi are the ROI width and height. The final cropping
center is (x̂t, ŷt), ensuring that the dynamic ROI always re-
mains inside the valid satellite image region.

4.3 Query-Driven Asymmetric Multimodal Fusion
PV power sequences and satellite cloud image sequences
have different temporal sampling intervals. The sampling
interval for power measurements is 15 minutes, while the
update interval for satellite cloud maps is 10 minutes. To
achieve the alignment without interpolation noise, we pro-
pose a query-driven asymmetric fusion mechanism.
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Asynchronous Semantic Alignment
The cloud map branch uses a 3D convolutional network to
encode the ROI cropping image into a visual feature vec-
tor sequence Zcloud = {zc(tj)}tj∈Tc

, where zc(tj) ∈ Rd

denotes the visual feature vector corresponding to the cloud
map timestamp tj and d is the feature dimension. Corre-
spondingly, the power branch encodes the multivariate ob-
servation as a sequence of power feature vectors Zpower =
{zp(ti)}ti∈Tp , where zp(ti) ∈ Rd denotes the power-side
vector with the timestamp ti.

To deal with the asynchronous intervals problem, we de-
sign the power-side features as Query to retrieve the most rel-
evant moment from the cloud image features. For any power
timestamp ti and cloud map timestamp tj , define the Query,
Key and Value vectors qi,kj ,vj ∈ Rd as follows:

qi = zp(ti)WQ, kj = zc(tj)WK , vj = zc(tj)WV ,
(14)

where WQ,WK ,WV ∈ Rd×d are learnable projection ma-
trices that map power-side and cloud-side features into the
same embedding space. The attention score eij is augmented
with a learnable embedding of the relative time offset ∆tij :

eij =
qik

⊤
j√
d

+ b(∆tij), (15)

where b(·) is implemented by a learnable offsets embedding,
which helps the model to fuse the temporal relationship be-
tween power changes and cloud image by alignment.

Locally Constrained Time Mask
To avoid matching power features with temporally irrelevant
cloud information, we design a local time mask Mij :

Mij =


0, |∆tij | ≤ 30 min,

−∞, otherwise.
(16)

where Mij limits attention to a short time window centered
on each time step of power data. The normalized attention
weights αij and the visual representation z̃c(ti) at the power
timestamp ti are computed as:

αij = Softmaxj(eij +Mij), z̃c(ti) =
∑
j

αijvj . (17)

The 30-minute local window is physically motivated by
cloud advection: with a representative cloud-motion speed of
10m/s, it corresponds to approximately 18 km of horizontal
displacement, which is sufficient to cover nearby cloud obser-
vations affecting PV output while filtering temporally distant
and weakly related cloud maps.

Learnable Gating and Residual Projection
In cold-start scenarios, time series power data is usually eas-
ier to learn than image features. To avoid the interference of
image noise on the learning process in the early stage of train-
ing, a time adaptive learning gating mechanism is designed to
adjust the injection intensity of image information. Specifi-
cally, for each power timestamp ti, a scalar gating coefficient
gi ∈ (0, 1) is computed:

gi = σ(w⊤
g zp(ti)), (18)

where wg ∈ Rd is the learnable parameter vector and σ(·)
denotes the Sigmoid activation function. Then the fusion rep-
resentation is obtained by residual summing and layer nor-
malization:

zfuse(ti) = LayerNorm (zp(ti) + gi · z̃c(ti)) . (19)

Finally, the fusion feature zfuse(ti) is fed into a lightweight
MLP that compensates for residual errors not captured by the
physics-aware module:

∆P (ti) = MLP (zfuse(ti)) , (20)

where ∆P (ti) denotes the learned correction at timestamp
ti. The final PV power prediction is obtained by the physics-
guided output Pphy(ti):

Pfinal(ti) = Pphy(ti) + ∆P (ti). (21)

5 Experiments
5.1 Datasets
As shown in Fig. 3, we evaluate PhysTrans on PV datasets
from Stanford, Hebei, and Yunnan. The Hebei and Yun-
nan datasets are collected from real newly commissioned PV
plants, where each plant is paired with 10-minute satellite
cloud maps and 15-minute local measurements. The Stanford
dataset is based on the publicly available PV data released
by Stanford University and is further augmented with cor-
responding ECMWF weather forecast variables and GOES-
West satellite cloud observations. To evaluate temporal dis-
tribution shifts, we split the Stanford time series into three
non-overlapping chronological subsets, denoted as Stanford
station1, Stanford station2, and Stanford station3 in the ex-
perimental tables. These subsets are constructed from the
same public site and are used to simulate seasonal vari-
ability, rather than representing independent commissioned
PV plants. Satellite cloud images are obtained from geo-
stationary meteorological satellites with regional coverage:
Himawari-8 for stations in China and GOES-West for the
Stanford region. All satellite inputs are processed into a uni-
fied cloud-feature representation with consistent spatial reso-
lution and temporal sampling to support cross-region evalua-
tion.

Figure 3: Satellite maps and PV plant locations in three regions.

5.2 Experimental Setup
All timestamps are uniformly mapped to the local reference
time zone. We use the past 24 hours to predict the day-ahead
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Methods Ours TL-PatchTST DRFN MCloudNet TimeXer iTransformer PatchTST

Region Station MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE

Stanford

Source station 0.393 0.328 0.972 1.137 0.413 0.358 0.432 0.371 0.415 0.360 0.461 0.379 0.738 0.881
HB station1 0.533 0.667 1.492 8.474 0.580 0.740 0.608 0.736 0.641 0.775 0.566 0.645 0.828 1.169
HB station2 0.473 0.522 1.041 3.845 0.504 0.578 0.521 0.548 0.538 0.544 0.478 0.455 0.692 0.820
HB station3 0.477 0.505 1.174 4.091 0.516 0.570 0.542 0.582 0.555 0.605 0.496 0.502 0.713 0.913
YN station1 0.709 1.195 3.109 9.731 0.739 1.205 0.788 1.271 0.819 1.363 0.952 1.583 0.744 1.207
YN station2 0.832 1.918 2.825 8.071 0.874 2.052 0.864 1.602 0.903 1.793 0.913 1.436 0.881 1.762
YN station3 0.820 1.913 1.937 4.677 0.861 2.047 0.895 1.681 0.913 1.539 0.934 1.861 1.118 1.448

HeBei

Source station 0.519 0.623 1.015 2.511 0.545 0.667 0.472 0.598 0.456 0.547 0.562 0.643 0.819 1.144
Stanford station1 0.379 0.351 1.648 4.751 0.399 0.406 0.418 0.389 0.596 0.542 0.443 0.371 0.544 0.474
Stanford station2 0.517 0.625 2.121 4.963 0.543 0.689 0.542 0.661 0.565 0.688 0.565 0.654 0.748 0.655
Stanford station3 0.556 0.351 2.105 5.319 0.584 0.381 0.561 0.703 0.668 0.614 0.582 0.509 0.585 0.509
YN station1 0.715 0.905 3.511 13.608 0.751 0.968 0.742 1.142 0.754 1.231 0.681 0.941 0.726 1.183
YN station2 0.838 1.824 4.346 19.119 0.880 1.952 0.853 1.587 0.905 1.798 0.713 1.341 0.861 1.704
YN station3 0.801 1.800 3.797 16.191 0.816 1.926 0.872 1.633 0.842 0.749 1.350 1.266 0.821 0.937

YunNan

Source station 0.785 1.599 1.423 2.964 0.800 1.711 0.804 1.631 0.821 1.615 0.945 1.927 1.065 2.328
Stanford station1 0.403 0.385 2.335 6.782 0.423 0.442 0.512 0.458 0.527 0.473 0.555 0.453 0.678 0.713
Stanford station2 0.668 0.919 2.875 9.551 0.701 0.983 0.589 0.721 0.774 1.192 0.784 1.109 0.991 1.693
Stanford station3 0.410 0.361 2.758 9.243 0.431 0.416 0.548 0.486 0.585 0.511 0.521 0.401 0.798 0.903
HeBei station1 0.484 0.483 1.941 6.235 0.508 0.537 0.612 0.731 0.656 0.782 0.658 0.776 0.857 1.819
HeBei station2 0.505 0.507 1.342 3.065 0.530 0.572 0.633 0.756 0.673 0.875 0.548 0.513 0.884 1.319
HeBei station3 0.469 0.427 0.766 1.677 0.492 0.477 0.602 0.718 0.571 0.592 0.677 0.813 0.754 0.925

Table 1: Main results of single-site evaluation and cross-site transfer. The best MAE and MSE in each row are highlighted in bold.

prediction length. We split each time series into training, val-
idation, and test sets with a ratio of 8:1:1 along the temporal
axis, without random shuffling. For few-shot adaptation, we
use only the earliest three months of target-site data for adap-
tation. We use Mean Absolute Error (MAE) and Mean Square
Error (MSE) as the final test metrics. In the following anal-
ysis, iTransformer is used as the baseline for reporting rela-
tive improvements, while TL-PatchTST, DRFN, MCloudNet,
TimeXer, and PatchTST are included as compared methods.
All error metrics are reported on standardized PV power val-
ues to ensure comparability across stations with different in-
stalled capacities. All models are implemented in PyTorch
and trained using the Adam optimizer for 40 epochs with an
initial learning rate of 0.001 and batch size = 256. Experi-
ments are conducted on NVIDIA A100 (80GB) GPUs.

5.3 Single-Site PV Power Accuracy Prediction
To verify the base performance of our model on single-site
with 2 years historical data, we perform a train-test task on 3
sites and the results are shown at the first line of each plant in
Table 1. These results indicate that the model achieves bet-
ter performance than other models, with the average MAE
decreasing by 13.2% compared to the baseline. In particu-
lar, at the data-scarce Yunnan site, MAE decreases by 16%.
This result shows that the proposed model provides strong
performance in normal single-site PV prediction task. This is
maybe due to the design of a physical constraints with accu-
rate irradiance.

5.4 Zero-Shot Cross-Site Transfer Experiment
To evaluate cross-site generalization, we design three sets
of zero-shot transfer experiments. In each experiment, the
model is trained on one source region and directly evaluated
on the other target regions without using target-site train-
ing samples. For the Stanford data, station1/2/3 follow the

chronological subset setting described in Section 5.1. The
transfer results are reported in Table 1. PhysTrans achieves
stable advantages in most target settings. In particular, un-
der the Stanford→Yunnan transfer setting, MAE is reduced
by 15.7% compared with the baseline. This suggests that
PhysTrans relies less on source-domain statistical patterns
and benefits from transferable physical representations. Un-
der the Hebei→Stanford setting, PhysTrans reaches the low-
est MAE of 0.379, which may be attributed to the relatively
similar solar geometric conditions between the two regions.
The relatively weak performance of TL-PatchTST suggests
that transfer models relying heavily on sufficient adaptation
data may be less suitable for strict zero-shot transfer.

5.5 Ablation Experiments
We ablate all the key modules proposed in PhysTrans to ver-
ify the contribution of each module on the cross-site transfer
task. The results are shown in Table 2.

Method MAE MSE

Base 0.565 0.654
Base + Phys 0.537 0.631
Base + Static ROI 0.553 0.651
Base + Dynamic ROI 0.541 0.601
Base + Dynamic ROI + ASA 0.53 0.614
PhysTrans 0.517 0.623

Table 2: Ablation study results (Phys and ASA refer to physics-
aware consistency model and asynchronous semantic alignment).

Overall, the ablation results verify the effectiveness of the
key components in PhysTrans. Compared with the Base
model, adding the physics-aware consistency module reduces
MAE from 0.565 to 0.537 and MSE from 0.654 to 0.631, in-
dicating that the physical prior provides a stable constraint
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for cross-site transfer under data scarcity. In addition, the dy-
namic ROI cropping mechanism improves the modeling of
real cloud-shadow variations. Compared with Static ROI,
Dynamic ROI reduces MAE from 0.553 to 0.541 and MSE
from 0.651 to 0.601, showing that geometry-guided cloud
cropping can select more relevant cloud regions for PV power
prediction. After introducing asynchronous semantic align-
ment, MAE is further reduced from 0.541 to 0.530, which
indicates that the query-driven fusion mechanism improves
the alignment between satellite cloud observations and power
timestamps. The full PhysTrans achieves the best MAE of
0.517, confirming that the physics-aware constraint, dynamic
ROI cropping, and asynchronous fusion are complementary.

It is worth noting that the MSE trend is not strictly mono-
tonic. This is because MSE is more sensitive to a small num-
ber of large errors, which may occur under abrupt cloud evo-
lution or difficult cloud-power alignment. Thus, the ablation
results mainly show that each module contributes to reducing
the average prediction error, while tail-error robustness un-
der complex weather conditions remains an aspect for further
improvement.

5.6 Physical Consistency Validation
To further evaluate the ability of our model to express phys-
ical principles, we add irradiance prediction as an auxiliary
experiment, and the GHI in the output results is visually an-
alyzed while keeping the input data and time window un-
changed. The experimental results are shown in Fig. 4.

Figure 4: Physical consistency validation by irradiance prediction.

We select summer and winter solstices as representative
cases of extreme solar geometric conditions. We observe sig-
nificant differences in GHI curves during the summer solstice
and winter solstice periods, with a 40% difference in the max-
imum GHI values on the same day between the two locations,
which is consistent with changes in the solar geometric posi-
tion. Comparing the irradiance curves of Stanford and Hebei
on summer solstice days, it can be seen that the sunshine du-
ration on both summer solstice days is 15 hours, which may
be related to the similarity in latitude and solar radiation tra-
jectory between the two places. In addition, other models still
have non-zero GHI prediction values at night. Our model’s
prediction results fit well with the real GHI curve, indicating
that it not only grasps the patterns at the data level, but also

Method Stanford → Yunnan Hebei → Yunnan

Ours 0.787 0.785
TL-PatchTST 2.624 4.485
DRFN 2.944 2.623
MCloudNet 0.849 0.822
TimeXer 0.878 0.834
iTransformer 0.933 0.915
PatchTST 0.914 0.803

Table 3: Few-shot transfer adaptation results (MAE) on Yunnan.

captures physical information related to seasonal changes in
solar position.

5.7 Few-Shot Cross-Site Transfer Experiment
To further evaluate the prediction ability of PhysTrans in real
application scenarios in newly commissioned PV plants, we
design a few-shot transfer adaptation experiment. We take
the transfer model trained in other sites as the initial model,
and use the early three months of data from the target site for
further training, then we evaluate it on the target site. The
specific experimental results are shown in the Table 3, and it
can be seen that our model shows good prediction ability with
a small amount of data, and shows strong generalization abil-
ity across the sites in different regions. In contrast, the time-
series models are difficult to learn the relationships among
sites, and are susceptible to the interference caused by the
site differences, which makes it difficult to learn the transfer-
able relationships. By introducing physical constraints, our
model can capture cross-site correlations and provide reliable
prediction results under limited data, which can support the
cold-start PV plants.

5.8 Prediction Length Sensitivity Analysis
To analyze the sensitivity of PhysTrans to different prediction
horizons, we evaluate five prediction lengths: 24, 48, 96, 192,
and 336, while keeping other settings unchanged. As shown
in Figure 5, our model performs well at different prediction
lengths. It can be seen that the model can still achieve high
accuracy in short-term predictions with limited data, indicat-
ing that physical information constraints help the model con-
verge quickly. At the same time, due to our model’s ability
to capture real physical field information, it can maintain sta-
bility even under longer prediction window lengths, avoiding
prediction fluctuations caused by data disturbances.

6 Deployment and Social Impact
6.1 Stakeholder Collaboration & Real Deployment
This work was conducted in collaboration with power sys-
tem engineers, operational decision-makers from newly com-
missioned PV plants, and domain experts in power system
research. Through practical deployment discussions, stake-
holders identified cold-start forecasting as a critical challenge
in early-stage PV operation, where limited historical data
makes conventional data-driven models difficult to use reli-
ably. As shown in Figure 6, PhysTrans has been integrated
into the short-term forecasting workflow of more than ten
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prediction length

Figure 5: Results on different prediction length.

newly commissioned PV plants in Yunnan, China. In these
scenarios, the model supports short-term power forecasting
during the cold-start phase, when only limited local measure-
ments are available. The deployment pipeline is also compat-
ible with Hygon GPU resources for real-world usage. Com-
pared with conventional forecasting models that rely heav-
ily on target-site histories, PhysTrans can provide more sta-
ble predictions by combining transferable physical priors,
geometry-guided cloud information, and limited target-site
observations. In real-world dispatch, improved cold-start
forecasting can reduce forecast deviation energy and provide
more reliable references for grid operation. For a represen-
tative PV plant with an installed capacity of 500 MW and an
annual generation of about 1.0 TWh, if the cold-start forecast
deviation energy accounts for about 10% of the annual gener-
ation, the observed accuracy improvement of PhysTrans cor-
responds to a conservative reduction of approximately 10,000
MWh deviation energy per plant per year. This estimate is
used to illustrate the potential dispatch value of improved
cold-start forecasting, rather than a fixed guaranteed benefit
for all PV plants.

Figure 6: Real-world deployment interface (Yunnan)

6.2 Social Impact
The rapid expansion of PV power has created an increasing
demand for forecasting models that can be reliably deployed
immediately after new PV plants are commissioned. By
2024, global cumulative PV capacity had exceeded 2.2 TW,
with over 480 GW of new installations added in a single
year [Sim et al., 2025]. Meanwhile, more than 600 GW

of new PV capacity was installed globally in 2024, with at
least 34 countries each adding over 1 GW [Joshi et al., 2025].
These trends indicate that cold-start forecasting is a common
challenge for newly built PV plants worldwide.

PhysTrans addresses this challenge by reducing the depen-
dence on long target-site historical records. More accurate
cold-start forecasting can reduce forecast deviation energy,
support safer grid dispatch, increase PV utilization, and de-
crease the need for fossil-fuel backup generation. By com-
bining physical priors, satellite cloud observations, and lim-
ited target-site measurements, PhysTrans provides a practical
solution for early-stage PV operation. Through open-source
models and datasets, this work further supports broader re-
search and practical adoption, contributing to renewable en-
ergy integration and global climate mitigation goals.

7 Conclusion
This paper introduces PhysTrans, a physics-aware transfer-
able framework for cold-start PV forecasting with limited his-
torical data. By combining a lightweight clear-sky physical
prior, geometry-guided dynamic ROI cropping, and query-
driven asymmetric multimodal fusion, PhysTrans reduces the
dependence on long target-site histories and improves the
physical consistency of PV power prediction. The dynamic
ROI strategy aligns satellite cloud observations with the solar
illumination path, while the asymmetric fusion module han-
dles the different sampling intervals between cloud images
and PV measurements.

Experiments on Stanford, Hebei, and Yunnan datasets
demonstrate that PhysTrans achieves consistent improve-
ments in single-site forecasting, zero-shot cross-site transfer,
and few-shot target-site adaptation. Despite its effectiveness,
PhysTrans still relies on valid geostationary satellite cover-
age, and abrupt cloud evolution or heavy rainfall may intro-
duce tail errors under difficult weather conditions. Future
work will improve cloud-motion modeling, enhance robust-
ness under extreme weather, and extend PhysTrans as a plug-
in module for broader PV forecasting backbones.
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