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Abstract

Traditional solar forecasting models are based on several
years of site-specific historical irradiance data, often span-
ning five or more years, which are unavailable for newer pho-
tovoltaic farms. As renewable energy is highly intermittent,
building accurate solar irradiance forecasting systems that
are data-efficient is essential for efficient grid management
and enabling the ongoing proliferation of solar energy, which
is crucial to achieve the United Nations’ net zero goals. In
this work, we propose SPIRIT, a novel framework leveraging
foundation models for solar irradiance forecasting, making
it applicable to newer solar installations. Our approach out-
performs state-of-the-art models in zero-shot transfer learn-
ing by upto 70%, enabling effective performance at new lo-
cations without relying on any past data. Further improve-
ments in performance are achieved through fine-tuning, as
more location-specific data becomes available. These find-
ings are supported by statistical significance, further validat-
ing our approach. By dramatically reducing the forecasting
setup timeline, SPIRIT accelerates solar farm deployment in
all potential global sites, most of which lack historical data,
thereby democratizing access to clean energy and enabling
participation in the renewable energy transition.

Code —
https://github.com/surya-ravindra06/SPIRIT-Official

Dataset TSI —
https://midcdmz.nrel.gov/apps/sitehome.pl?site=srrl

Dataset AST —
https://midcdmz.nrel.gov/apps/sitehome.pl?site=srrlasi

Dataset SKIPP’D —
https://huggingface.co/datasets/solarbench/SKIPPD

1 Introduction

The proliferation of solar energy is paramount for electrifi-
cation and the global energy transition to meet the Net Zero
commitments of the United Nations (Sadhukhan 2022). So-
lar energy is notable for its potential to reduce carbon emis-
sions (Sen 2008). Expanding the solar energy infrastructure
is crucial to mitigate the effects of climate change (Bashir
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et al. 2021) and meet the energy demands arising from sec-
tors such as data centers (Agarwal et al. 2021), transporta-
tion (Lee et al. 2016), and buildings (Iyengar et al. 2017).

Unlike conventional sources, solar energy presents unique
challenges due to its intermittency from daily and sea-
sonal sunlight variations, significantly impacting grid stabil-
ity (Abido et al. 2022). High solar penetration creates the
”duck curve” phenomenon (Iyengar et al. 2016), where mis-
alignment between solar production and peak demand com-
plicates grid management. Despite increasing storage capac-
ity, electricity grids function primarily as just-in-time sys-
tems requiring balanced energy supply and demand (Joskow
2012). To maintain grid reliability, operators face deviation
penalties for unplanned energy contributions (Yang et al.
2020), necessitating accurate short-term solar predictions
for efficient grid operation (Iyengar et al. 2014).

Existing approaches for short-term forecasting use sky
cameras, a fish-eye lens positioned to look directly towards
the zenith, which require extensive site-specific data to train
models (Hendrikx et al. 2024; Gao and Liu 2022). While
these methods have demonstrated high accuracy, they rely
on multi-year training datasets. With global solar photo-
voltaic (PV) capacity projected to expand from 1 terawatt
in 2022 to 10 terawatts by 2030 (ISA 2023), 90% of the so-
lar farms worldwide will have negligible data to train custom
models from scratch. Thus, lack of site-specific data under-
scores the need for novel approaches.

Vision foundation models have revolutionized numerous
computer vision tasks such as feature extraction and ob-
ject detection, enabling improved accuracy through zero-
shot and few-shot approaches with limited data (Dosovit-
skiy 2020; Zohar et al. 2023; Jeeveswaran et al. 2022).
Concurrently, physics-inspired feature engineering has en-
hanced model performance by integrating domain-specific
knowledge, yielding more accurate and interpretable pre-
dictions (Ompusunggu and Hostens 2021; Erdmann et al.
2020). Our research hypothesis investigates: Can we lever-
age state-of-the-art vision foundation models and physics-
inspired features, along with transfer learning strategies, to
reduce the dependence on site-specific sky camera data?

To address these challenges, we introduce SPIRIT, a novel
solar irradiance forecasting approach with inductive bias to-
ward enhanced generalizability. Our contributions include:

(1) Development of an innovative system leveraging foun-
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Figure 1: Illustration of our system: A vision encoder (top-left) extracts embeddings from a sky camera image sampled from a
diverse set spanning multiple locations and setups. Physics-inspired features are derived and integrated with auxiliary values,
then merged with the image embedding (top-middle) into a unified representation. For nowcasting (right), a regressor predicts
Global Horizontal Irradiance from this feature vector. For forecasting (bottom), a time-series model processes past feature
vectors to create a context embedding, which is concatenated with a future covariate vector constructed from known future
values to form the final latent representation. A regressor then maps this representation to future GHI values (bottom-right).

dation models, physics-informed features and future covari-
ates that eliminates site-specific training requirements while
facilitating adaptation across diverse transfer learning sce-
narios. Our system’s flexibility enables seamless integration
of future vision model advancements.

(2) Motivated by real-world deployment constraints, we
demonstrate that SPIRIT can rapidly scale to new solar plant
locations without prior sky camera data, significantly accel-
erating integration into operational workflows.

2 Related Work

Traditional solar forecasting methods primarily utilize
Numerical Weather Prediction models and satellite im-
agery (Markovics and Mayer 2022). These approaches of-
ten lack sufficient spatial and temporal resolution for accu-
rate short-term forecasts. NWP models typically operate at
kilometer-scale grids with updates every few hours, failing
to capture rapid cloud cover changes affecting solar irradi-
ance (Kostylev, Pavlovski et al. 2011). Recent years have
seen various time series forecasting approaches for solar pre-
diction, yet these generally function at multi-hour to day-
ahead timescales, rendering them inadequate for detecting
short-term solar generation variations from transient factors
like cloud cover (Iyengar et al. 2014).

Sky cameras have gained prominence due to their poten-
tial to enhance short-term solar power prediction (Gao and
Liu 2022; Nie et al. 2024). These fish-eye lenses capture
wide-angle sky images that provide crucial data on cloud
cover and movement, key determinants of solar irradiance
forecasting (Dev et al. 2019). Recent research has focused
on utilizing sky cameras to overcome prior limitations. Gao
and Liu (2022) and Hammond et al. (2024) demonstrated
sky cameras’ efficacy in developing high-precision short-
term solar forecasting models. Their studies employed ex-
tensive site-specific data collected across multiple years,
yielding models with significantly improved forecast accu-
racy compared to conventional methods.

Siddiqui, Bharadwaj, and Kalyanaraman (2019) devel-
oped a deep learning framework combining sky-camera im-
agery with meteorological data for solar irradiance predic-
tion. Their approach integrates a CNN and temporal LSTM
for forecasts up to four hours ahead, demonstrating that aux-
iliary data (temperature, wind speed, relative humidity) en-
hances prediction generalization when trained on 10 years of
data. Gao and Liu (2022) proposed a transformer-based ar-
chitecture incorporating a clear sky model to estimate resid-
ual irradiance, achieving superior accuracy compared to
CNN-LSTM methods using 10 years of training data. Both



studies emphasize the efficacy of integrating sky imagery
with auxiliary data for precise solar forecasting. However,
these approaches face data availability constraints, particu-
larly significant as global solar PV capacity expands from 1
TW (2022) to a projected 10 TW by 2030, leaving most so-
lar installations around the world with insufficient historical
data for custom model development.

Limited availability of site-specific data presents a criti-
cal challenge for advancing solar forecasting. Despite sig-
nificant improvements in short-term predictions through
sky cameras and auxiliary data integration, these meth-
ods face scalability constraints due to insufficient historical
data at most solar installations. Transfer learning emerges
as a promising solution, enabling knowledge leveraging
from pre-trained models and adaptation of learned repre-
sentations across diverse datasets and locations. Recent re-
search (Nie et al. 2024; Paletta et al. 2024) demonstrates that
multi-dataset fusion training and data augmentation methods
yield models with superior performance, highlighting cross-
dataset knowledge transfer benefits in solar forecasting.

3 Design and Implementation
3.1 Key Concepts

Nowcasting and Forecasting: Nowcasting, the prediction
of solar power generation over very short time horizons, typ-
ically ranges from a few minutes to a few hours (Lee et al.
2017). In contrast, short-term forecasting extends the pre-
diction horizon to cover periods from one hour to 24 hours
(Remund and Miiller 2012). Methods developed to provide
forecasts utilize various data sources, such as satellite data
(Lopes et al. 2021; Lee et al. 2017), weather station obser-
vations (Lee et al. 2017), and sky camera images (Gao and
Liu 2022; Siddiqui, Bharadwaj, and Kalyanaraman 2019).
Nowecasting and short-term forecasting are indispensable for
managing the intermittency of solar power, allowing grid op-
erators to perform better scheduling, dispatching, and bal-
ancing of energy resources (Aouidad and Bouhelal 2024).

Sky Camera: Sky cameras enhance nowcasting and
short-term forecasting by capturing sky images with fish-eye
lenses, providing detailed cloud movement, and sun posi-
tion data. These images enable algorithms to track cloud dy-
namics and predict their trajectories, essential for estimating
solar irradiance (Saraswat, Jhanwar, and Gupta 2023; Dev
et al. 2019). Offering a low-latency alternative to weather
satellites, sky cameras facilitate real-time monitoring. How-
ever, variations in camera setup and quality affect image ap-
pearance, as shown in Figure 4 in the Appendix. As a key
tool in solar forecasting, sky cameras contribute to more reli-
able energy predictions (Rajagukguk, Kamil, and Lee 2021).
Further details are provided in Appendix C.

Solar Irradiance necessitates distinguishing between
three fundamental measurements. Direct Normal Irradiance
(DNI) quantifies solar radiation received per unit area per-
pendicular to the sun’s rays without atmospheric scattering.
Diffuse Horizontal Irradiance (DHI) measures scattered ra-
diation reaching a horizontal surface from all sky directions,
becoming crucial during cloud cover. Global Horizontal Ir-
radiance (GHI), the total radiation on a horizontal surface,

encompasses both of these components and is mathemati-
cally expressed as:

GHI = DNI x cos(f) + DHI (1)

where 6 represents the zenith angle, defined as the angle be-
tween the direction of incoming solar radiation and the ver-
tical.

GHI is the most commonly used irradiance measure in so-
lar energy applications, as it directly influences photovoltaic
(PV) panel performance and solar power generation, mak-
ing it the primary focus of research in irradiance forecasting.
Henceforth, unless explicitly stated otherwise, any mention
of irradiance or solar irradiance refers specifically to Global
Horizontal Irradiance.

Photovoltaic Power Output refers to the electricity gen-
erated by solar panels from incoming solar radiation. While
it is primarily driven by GHI (Vilanova et al. 2020), factors
like temperature, and system losses also play a role. Under
stable conditions, the relationship between GHI and PV out-
put is roughly linear (Razak et al. 2016). Since PV output is
a more actionable metric for grid management and energy
planning, predicting it directly is often more desirable.

3.2 Physics-inspired Feature Engineering

Clear sky models (Ineichen and Perez 2002; Stein, Hansen,
and Reno 2012) are mathematical models that estimate the
solar irradiance at a given location under cloud-free con-
ditions, serving as a representation of the maximum pos-
sible radiation reaching the Earth’s surface. These mod-
els leverage fundamental atmospheric physics and employ
mathematical formulations based on solar geometry, atmo-
spheric transmittance, and radiative transfer (Stein, Hansen,
and Reno 2012). The Ineichen model (Ineichen and Perez
2002) requires inputs such as latitude, longitude, time, and
date, which are readily available. This allows clear sky irra-
diance values to be readily computed and incorporated into
our model as features, providing a reference for expected ir-
radiance levels in the absence of cloud interference.

Physics behind solar irradiance: Solar irradiance varies
significantly based on site-specific parameters like panel ori-
entation and solar positioning. The critical angle of inci-
dence (0), representing the angle between incoming solar
rays and panel normal, is calculated as cos(f) = cos(f,) -
cos(B)+sin(6,,)-sin(B)-cos(y — «), where 6, and  denote
solar zenith and azimuth angles, while 8 and « represent
panel tilt and azimuth angles, respectively.

These physics-inspired features enable the creation of fu-
ture covariates through their deterministic calculation capa-
bilities independent of temporal constraints, thereby enhanc-
ing time-series information for predictive modeling.

3.3 Nowecasting Architecture

We propose an architecture that encodes sky images into
vector representations, which are augmented with auxiliary
data and physics-based features to capture GHI information
that is then effectively extracted by a regression model. Let
X be the set of sky camera images, and D be the dataset, de-
fined as D = {(X;, A;,4;)}Y,, where X; € X represents



the i-th sky image, A; € R* corresponds to the auxiliary
features such as azimuth and zenith angles of the Sun, and
y; € R are the corresponding solar irradiance measure-
ments.

An encoder function F : X — R is defined that assigns
a d-dimensional embedding vector to each image X € X

Z=EX), ZecR?

To leverage domain knowledge in solar power prediction,
we introduce a set of additional features, P, derived from
the auxiliary measurements A. These features incorporate
established solar engineering principles, such as clear sky
irradiance, and panel tilt and orientation, as defined in Sub-
section 3.2. The feature vector is given by P € RP where
p represents the number of physics-based features extracted
from the auxiliary data.

The final feature representation f € R *+P is con-
structed by concatenating the image embedding Z, raw aux-
iliary measurements A, and the physics-based features P:

f=ZoA0P

where @ denotes concatenation. This combined representa-
tion leverages data-driven, visual and domain-specific fea-
tures, providing a comprehensive characterization of each
sample (X;, A;,y;) € D.

A regression function R,, : R¥T**P — R*, parameter-
ized by weights w, is defined such that:

Nowecasting loss function L£,,pueqst(w) is defined as the
average of the individual regression losses for each sam-
ple, where each individual loss measures the discrepancy
between the predicted §; = R, (f;) and the true value y;
across all NV samples in the dataset:

N
1
Enowcast(w) = N § £<Rw(fz)ayz)
i=1

where L£(R,,(f;),y;) is the regression loss for the i-th
sample. To learn the optimal parameters w*, we minimize
Lnpoweast(w) using gradient-based methods.

3.4 Forecasting Architecture

Our forecasting architecture processes sequences of sky
images to predict GHI across multiple future intervals.
Each image is encoded using the embedding and augmen-
tation approach from Section 3.3, creating a foundation
for temporal analysis. A sequence of T images X;.r =
{X1, Xa,..., X} along with their corresponding auxiliary
features Aj.7 = {A1,As,..., A7}, where each A; € R*
represents the auxiliary feature vector at time ¢, is given.
An encoder function E generates the vector represen-
tation Z; = F(X;) € R? for each image at time step
t = 1,2,...,T. The physics-based features P; are derived
from auxiliary measurements A;. The final feature vectors
f, € RIT*+P are obtained by concatenating the image em-
bedding, auxiliary data, and physics-based features:

fi=72, oA, 0P,

where @ denotes concatenation, providing a compre-
hensive characterization of each sample (X, A, y:) €
D. Thus, the set of feature vectors for each timestamp
over the sequence of 7' time steps is given by Fi.p =
{f1,fo,...,fr}.

A time-series model M is used to encode the observed
sequence F;.1 into a latent vector L € R™, which captures
the full context of the input data series while retaining its
temporal patterns and dependencies:

L= M(Fl;T) cR™

To integrate known future information, derived from the
spatiotemporal context of time and location, future covariate
vectors Cr,, € R? are constructed for each forecast time
T + 7;. The full covariate vector C € R? ¥ is then formed
by concatenating these individual representations across all
H forecast horizons:

H
C= ,@1 Criry Crirn €RY
i=

We concatenate the future covariate vector C with the
latent representation of the past time steps L, forming the
final vector h that encompasses all relevant information:
h = L @ C. This ensures that both past contextual informa-
tion as well as known future data contribute to the forecast-
ing process. A regression function R, : Rm+aH# — RH,
parameterized by w, is applied to the vector h € R™+aH
to generate the corresponding predicted GHI values. The re-
gressor outputs a vector y € R of predicted GHI values
for the forecast time intervals T+ 71, T 4+ 7o, ..., T + Tg:

5’ = Rw(h) = [QT+T17@T+727 EER QT+TH] € RH

where each y; corresponds to the irradiance forecast for
the time interval T 4 7;, and the vector y represents the full
set of predicted irradiance values across all forecast intervals
T+7m,T+m1,...,T+1H.

Forecasting loss function £ forecast(w) is defined as the
mean of the individual regression losses computed over all
forecast intervals 1"+ 7; for each sample ¢ across IV samples
and H forecast horizons. The total loss is given by:

N H
1 NG i
Eforecast (w> = ﬁ Z Z ‘C(ygpln 5 y'_(Tl-TJ)
i=1 j=1

where E(Q(Tq’lﬂ_ , y(TziTj) is the individual regression loss
for the forecast interval 7" + 7; for sample i . To learn the
optimal parameters w*, we minimize Efwecast(w) using
gradient-based optimization methods. The complete archi-
tecture is illustrated in Figure 1.

The Significance of Generalized Encoders: A key dis-
tinction of our approach is that in prior work (Gao and Liu
2022; Hasan 2023; Siddiqui, Bharadwaj, and Kalyanaraman
2019), the encoder E is a vision model typically trained
on data from a specific location and camera setup. Further-
more, studies aiming for generalizability typically rely on



training models using a fusion of solar datasets from mul-
tiple locations (Nie et al. 2024; Despotovic et al. 2024). In
contrast, we argue, and later demonstrate, that leveraging a
foundation model, a highly generalizable feature extractor,
provides a more robust E function. A foundation model not
only matches the performance of site-specific encoders at a
given location with a particular setup but also demonstrates
an unparalleled advantage in generalizing across diverse lo-
cations and camera setups.

3.5 Implementation

Our implementation leverages the pre-trained Google
ViT (Dosovitskiy 2020) for image embedding generation,
deliberately excluding all meteorological sensor data to sig-
nificantly reduce sensor dependence. Instead, we incorpo-
rate only the zenith and azimuth angles and, physics-based
features (clear sky irradiance values, panel tilt and orienta-
tion). These carefully selected image embeddings are con-
catenated with the auxiliary vector to form robust feature
representations that train an XGBoost regressor for now-
casting. For forecasting, we extend these feature represen-
tations across a one-hour context window (six consecutive
timestamps) and process them through a transformer en-
coder (Vaswani 2017). The resulting temporal representa-
tion is fused with future covariates from the auxiliary and
physics features before passing through MLP layers to pre-
dict solar irradiance at 1-4 hour horizons, using clear-sky
GHI as residuals before the final regressor. This represents
one concrete realization of our system, with comprehensive
ablations in Appendix A for understanding the contributions
of each component. More details on hyperparameters and
deployment efficiency are provided in Appendix F.

4 Evaluation Methodology
4.1 Datasets and Performance Metrics

We evaluate our methods using three publicly available
datasets: TSI880 (Andreas and Stoffel 1981), ASI16 (An-
dreas and Stoffel 1981), and SKIPP’D (Nie et al. 2023). The
TSI880 and ASI16 datasets, both collected from the NREL
Solar Radiation Research Laboratory in Golden, Colorado,
provide sky images captured every 10 minutes along with
corresponding GHI values and auxiliary data such as air
temperature and relative humidity and only differ in cam-
era setup and sensors, with the ASI16 dataset capturing
higher-resolution images. The SKIPP’D dataset, collected
from Stanford University, consists of raw sky images cap-
tured every minute and PV power output data, prioritizing
finer temporal granularity at the expense of image quality.
For more details, refer to Appendix B.

We utilize the TSI880 and ASI16 datasets to investigate
the impact of camera setup at the same location. To ex-
plore location and task shifts, we use the SKIPP’D dataset
to evaluate the performance of models trained on GHI data
in predicting PV power output. The SKIPP’D dataset fea-
tures lower-resolution images and lacks meteorological data,
thereby presenting a more challenging task by limiting the
contextual information typically leveraged by prior mod-
els (Gao and Liu 2022; Siddiqui, Bharadwaj, and Kalyanara-

Train Test SPIRIT Gao and Liu
ASI 27.17 (-62.49) 89.66
TSI  SKIPP’D 35.94 (-60.94) 96.43
TSI 9.04 (+0.08) 8.96
TSI 28.86 (-46.65) 75.51
ASI  SKIPP’'D 32.98 (-57.69) 90.67
ASI 9.08 (+0.95) 8.13

Table 1: Nowcasting performance across multiple datasets:
SPIRIT and Gao and Liu (2022) model trained on one
dataset for a year are evaluated with nMAP error (lower is
better) both in a zero-shot setting and on the same dataset,
with testing on TSI 2021, ASI 2021, and SKIPP’D 2017.
Performance is comparable when tested in the training setup,
but our model demonstrates significantly better zero-shot
performance when in a new setup or a new location.

man 2019). To ensure the models learn from higher-quality,
information-rich datasets, we train exclusively on the TSI
and ASI datasets while evaluation is done across all the
datasets, including the more challenging SKIPP’D, allowing
us to assess how well the models generalize to lower-quality
data and increased domain shifts.

We assess the effectiveness of the predicted values using
the normalized Mean Absolute Percentage error (nMAP):

L Ly — 3
nMAP = — ————— x 100 2)
N ; % sz\;1 Yi
where y; represents the actual value and j; represents the
predicted value for the i-th sample, with ¢ € {1,..., N}. It
is commonly used for solar irradiance prediction as the nor-
malization ensures that models can be assessed uniformly
on different datasets, avoiding biased assessments due to
scale differences. Comprehensive analysis on metrics is in
Appendix I.

4.2 Baselines

We benchmark against Gao and Liu (2022), the current state-
of-the-art, who achieve superior performance by training a
vision transformer (Dosovitskiy 2020) and temporal trans-
former (Vaswani 2017) on 10 years of site-specific data (An-
dreas and Stoffel 1981; Gao and Liu 2022; Siddiqui, Bharad-
waj, and Kalyanaraman 2019) with sensor-dependent aux-
iliary values. For equitable evaluation, we reproduced their
architecture and conducted experiments under identical con-
ditions for both their model and SPIRIT. More details on
baselines are in Appendix G.

4.3 Zero-shot Transfer Learning

To evaluate the zero-shot generalization performance of our
models, we analyze two distinct transfer learning scenarios.
First, we examine intra-location generalization where mod-
els are trained and tested at identical geographic locations
but with differing camera configurations. Though environ-
mental conditions remain consistent, variations in camera



Interval Train Test SPIRIT Gao and Liu

AST  29.99 (-5.75) 35.74

TSl SKIPP’D 32.93 (-5.95) 38.88

lhr TSI 18.96 (-1.00) 19.96
ASI TSI  26.85 (-2.19) 29.04
SKIPP’D 27.33 (-14.35) 41.68

ASI  19.23 (+0.02) 19.21

TSI ASI  31.71 (-5.89) 37.60
SKIPP’D 29.01 (-14.80) 43.81

2hr TSI  21.77 (-0.87) 22.64
ASI TSI  28.64 (-1.01) 30.65
SKIPP’D 26.29 (-21.63) 47.92

ASI  21.51 (-0.47) 21.98

TSI ASI  34.41 (-3.36) 37.77
SKIPP’D 30.26 (-17.10) 47.36

3hr TSI  25.46 (-0.84) 26.30
ASI TSI 31.65 (-1.5) 33.15
SKIPP’D 30.26 (-22.89) 53.15

ASI  24.78 (-0.89) 25.67

TSI ASI  38.00 (-1.58) 39.58
SKIPP’D 34.63 (-17.15) 51.78

4hr TSI  29.89 (-1.69) 31.58
ASI TSI  35.86 (-0.99) 36.85

SKIPP’D 36.97 (-13.20) 50.17
ASI  29.29 (-1.73) 31.02

Table 2: Forecasting performance across multiple datasets
and forecast intervals: SPIRIT and Gao and Liu (2022)
model trained on one dataset are evaluated with nMAP er-
ror both in a zero-shot setting and on the same dataset, with
testing on TSI 2021, ASI 2021, and SKIPP’D 2017 across
four forecast intervals: 1hr, 2hr, 3hr, and 4hr.

setup alter the spatial mapping of critical features within im-
ages. Models trained on specific camera setups learn to asso-
ciate image regions with key elements (sun position, cloud
formations, atmospheric conditions) that influence predic-
tions. When these spatial relationships shift due to altered
camera configurations, model performance deteriorates. We
evaluate this scenario by training on TSI and testing on ASI
(both from Golden, Colorado), and vice versa.

Second, we investigate cross-location and cross-task gen-
eralization, training models in one geographic location and
testing in another with different environmental and sen-
sor characteristics. Specifically, we train on TSI and ASI
datasets and evaluate on SKIPP’D (from Stanford Univer-
sity, California), shifting from GHI prediction to PV power
output forecasting. Given the nearly linear correlation be-
tween GHI and PV output (Vilanova et al. 2020), this consti-
tutes a valid heterogeneous transfer learning scenario. Model
outputs are normalized to address scale differences between
GHI and PV measurements, as detailed in Appendix F.2. For
comprehensive evaluation, we conduct experiments for both
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Figure 2: Mean nMAP performance of SPIRIT and Gao and
Liu (2022) across varying fine-tuning data sizes in weeks.
Solid lines denote average accuracy and shaded regions
show 95% confidence intervals across multiple runs, in-
cluding cross-setup (TSI to ASI and vice versa) and cross-
location (TSI or ASI to SKIPP’D) transfer scenarios.

nowcasting and forecasting tasks, training on one year and
testing on another to account for seasonal variations. Ta-
bles 1 and 2 report nMAP errors for nowcasting and fore-
casting respectively, comparing SPIRIT against the state-of-
the-art in both zero-shot transfer learning and traditional set-
ting (same location and setup).

4.4 Fine-tuning with Limited Data

Following our zero-shot transfer learning experiments, we
examine SPIRIT’s adaptability through fine-tuning with
limited target domain data. This scenario replicates real-
world deployment constraints where extensive data collec-
tion is impractical and models must adapt rapidly with min-
imal supervision. We evaluate both intra-location and cross-
location/cross-task adaptation scenarios as described in Sub-
section 4.3. For both experimental configurations, we incre-
mentally increase the amount of target domain data used for
fine-tuning, one to four weeks for nowcasting and two to
sixteen weeks for forecasting, with testing performance on
the remaining annual data. The longer timeframe for fore-
casting accounts for the reduced sample density due to tem-
poral consistency constraints, highlighted in Appendix B.3,
and forecasting’s fundamentally higher complexity relative
to nowcasting.

We employ a selective fine-tuning strategy wherein only
the regressor layers (Figure 1) are updated while freezing
the remainder of the temporal encoder. This preserves the
pre-trained feature extractors that capture generalizable spa-
tiotemporal patterns, an essential part of our core hypothe-
sis. Selective fine-tuning of terminal layers not only acceler-
ates adaptation but also mitigates overfitting on limited tar-
get data (Nie et al. 2024; Zhou et al. 2020; Sarmas et al.
2022). Detailed rationale for this choice is provided in Ap-
pendix D.3. The nowcasting and forecasting performance
metrics are presented in Figures 2 and 3, respectively.
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Figure 3: Forecasting performance of SPIRIT and Gao and Liu (2022) using nMAP error across different forecast intervals.
Subfigures (a), (b), (c), and (d) correspond to 1-hour, 2-hour, 3-hour, and 4-hour forecasting, respectively. The solid lines rep-
resent the average performance, with varying fine-tuning data sizes (in weeks). The shaded regions denote the 95% confidence
interval, illustrating the variability across multiple runs, including training on one dataset and finetuning and testing on another,
as well as utilizing randomized seasonal sampling. SPIRIT exhibits consistently better performance and low variance compared
to the baseline, particularly with severely limited data, demonstrating its ability to maintain stability over the baseline’s.

S Results
5.1 Zero-shot Transfer Learning

Tables 1 and 2 present the results for zero-shot transfer
learning, demonstrating that our model consistently outper-
forms the state-of-the-art baseline across both cross-location
and cross-setup scenarios in nowcasting and forecasting
tasks. In nowcasting, SPIRIT exhibits remarkable adaptabil-
ity when transitioning between camera setups within the
same location (TSI to ASI and vice versa) or across differ-
ent geographical contexts (TSI and ASI to SKIPP’D), out-
performing the baseline by up to 70%. Similarly, in fore-
casting tasks, our approach achieves up to 45% improve-
ment when transferring across locations (from TSI/ASI to
SKIPP’D). These substantial performance gains, particu-
larly in challenging cross-location and cross-task settings,
underscore our model’s exceptional generalizability and ro-
bustness. Furthermore, even in the traditional setup where
models are trained and tested on the same dataset and setup,
SPIRIT demonstrates enhanced or comparable forecasting
performance, further emphasizing its effectiveness across di-
verse deployment conditions. Additional results for our sys-
tem with different foundation model variants are provided
in Appendix E, confirming that the observed improvements
stem from SPIRIT’s design.

5.2 Fine-tuning with Limited Data

Our experimental analysis merges cross-setup evaluations
(training on ASI, finetuning and subsequently testing on
TSI, and vice versa) and cross-location scenarios (shifting
from ASI or TSI to SKIPP’D) to ensure a sufficient number
of experimental instances for the robust confidence interval
plots in Figures 2 and 3 for nowcasting and forecasting re-
spectively. In the simpler nowcasting task, both models ex-
hibit rapid improvement within the first week. However, the

baseline reaches performance saturation around 45%, while
SPIRIT continues to reduce its error, achieving a significant
improvement, dropping below 20% within four weeks.

In forecasting, SPIRIT consistently outperforms the base-
line, demonstrating notably lower variance, particularly in
data-limited settings in the first 2 weeks. This underscores
SPIRIT’s superior stability and reliability, with its nMAP er-
ror remaining consistently below that of the baseline. In con-
trast, the baseline exhibits higher variance, indicating greater
inconsistency and confusion in its performance when lim-
ited data is available. Both models experience a typical per-
formance decline as the forecasting horizon extends from 1-
hour to 4-hour forecasts, driven by the increased uncertainty
over longer time horizons. Nonetheless, SPIRIT’s consis-
tently lower variance and sustained performance highlight
its robustness and its ability to adapt more effectively to
challenging conditions. The transition from a zero-shot con-
figuration to fine-tuning results in noticeable performance
improvements; however, the gains diminish after approxi-
mately eight weeks of fine-tuning, suggesting that extended
fine-tuning beyond this period yields only marginal addi-
tional benefits. Detailed results are in Appendix D.

6 Conclusion

This work addresses a critical challenge in solar irradiance
forecasting: generalizing models to novel geographic loca-
tions without historical data. SPIRIT leverages pre-trained
models and physics-informed features for future covari-
ates, enabling robust performance in data-scarce environ-
ments while facilitating post-deployment fine-tuning as site-
specific observations accumulate. SPIRIT’s modular archi-
tecture accommodates emerging vision models, ensuring its
methodological relevance while its scalability accelerates
the deployment of solar farms in remote and emerging mar-



kets, while also enhancing the reliability, cost-effectiveness,
and accessibility of solar energy generation to facilitate the
global transition toward renewable energy systems.

7 Future Work and Limitations

A key limitation is the geographical restriction of datasets to
North America due to limited availability of publicly acces-
sible data from other regions, while Southern Hemisphere
solar dynamics require further investigation. Future work
will expand dataset diversity to enhance generalizability.
Additionally, foundation models introduce computational
overhead and inference latency. Subsequent research will fo-
cus on efficiency optimization for deployment on resource-
constrained edge devices.
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A Ablation Studies
A.1 Impact of the Future Covariates

We investigate the contribution of the future covariates on
SPIRIT’s predictive capacity, by removing them and con-
straining the model to rely exclusively on historical feature
vectors. As demonstrated in Table 3, this modification in-
duces performance degradation across all forecasting hori-
zons. Error increases of 0.62, 1.01, 1.46, and 2.21 percent-
age points as the prediction window extends from 1-hour
to 4-hour forecasts reveal a clear monotonic trend. This
progressive deterioration in performance indicates that fu-
ture covariates provide increasingly valuable information as
the prediction horizon extends. The pronounced impact on
longer-range forecasts demonstrates that future covariates
become particularly crucial when predicting under height-
ened uncertainty, where historical patterns alone prove in-
sufficient for accurate extrapolation. Incorporation of future
covariates enables the architecture to establish more sophis-
ticated temporal dependencies by providing complementary
contextual information that augments the historical patterns
encoded in past latent representations, thus enhancing the
model’s ability to capture complex dynamics in the underly-
ing time series. More details are in Section H.

Forecast
+lhr +2hr +3hr +4hr

18.96 21.77 2546 29.89
19.58 2278 2692 32.10

Model Configuration

With Future Covariates
Without Future Covariates

Table 3: Ablation study comparing the forecasting perfor-
mance of SPIRIT with and without future covariates across
different time horizons. We train on TSI 2020 and evaluate
on TSI 2021 using nMAP error, where lower values indicate
better performance.

A.2 Investigating Different Vision Encoders

We evaluate SPIRIT’s performance with diverse vision ar-
chitectures, including CNN-based (ResNet, EfficientNet,
ConvNextv2 (Woo et al. 2023)) and attention-based ap-
proaches (DINOvV2, Google ViT (Dosovitskiy 2020), Apple
AIMv2 (Fini et al. 2024)). Results in Table 4 show that trans-
former architectures yield superior performance compared
to traditional convolutional approaches, corroborating find-
ings that self-attention mechanisms better capture the global
image features (Jeeveswaran et al. 2022) critical for solar
forecasting. Notably, ConvNeXtv2 matches ViTs in perfor-
mance, owing to its novel FCMAE framework and GRN
mechanism (Woo et al. 2023). The architectural modularity
of SPIRIT facilitates seamless integration of such emerging
models, conferring substantial advantages for sustained op-
erational deployment.

A.3 Foundation Model Size

Table 5 presents an analysis of how the size of the foundation
model influences the performance of our nowcasting and

Model Params Nowcast Forecast

+lhr +2hr +3hr +4hr
AIMv2 2.72B 9.04 20.89 2390 27.22 32.71
DINOv2 1.14B 9.74 2122 23.56 27.93 33.13
Google 632M 9.04 18.96 21.77 25.46 29.89
ConvNeXtv2 88.7M 9.92 19.73 22.09 25.17 29.56
EfficientNet-B7  66M 13.34 2520 27.25 29.58 34.27
ResNet-152 60.3M 10.50 24.56 27.82 31.23 35.85

Table 4: We use the largest variants of diverse CNN and
transformer-based vision encoders to explore their influence
on SPIRIT’s nowcasting and forecasting performance, train-
ing on TSI 2020 and testing on TSI 2021, measured by
nMAP error.

forecasting architectures. Although increasing model size
has traditionally been linked to performance gains, we ob-
serve that beyond a threshold, further scaling yields dimin-
ishing returns or even performance degradation as with DI-
NOV2. For transformer-based architectures, models in the
moderate parameter range outperform the largest variants,
while in the ResNet family, the smallest variant demon-
strates superior forecasting performance, whereas the sec-
ond smallest attains peak nowcasting results.

These patterns suggest that the impact of model scaling
aligns more closely with parameter count than with architec-
tural family distinctions. Specifically, for transformer-based
models such as DINO and Google-ViT, performance im-
proves consistently with increasing size up to approximately
600M parameters, beyond which gains plateau or regress. In
contrast, ResNets exhibit distinct scaling dynamics that di-
verge from those of transformer architectures.

Model Params Nowcast Forecast
+lhr +2hr +3hr +4hr
86M 9.14 21.92 24.07 2873 34.50
Google ViT  304M 9.45 19.58 2195 25.54 30.60
632M 9.04 18.96 21.77 2546 29.89
22.1M 10.13 20.08 22.53 25.69 29.86
DINOv2 86.6M 9.56 19.52 21.95 25.00 29.57
304M 10.04 19.32 21.74 2529 30.04
1.14B 9.74 2122 2356 2793 33.13
11.7M 1047 2231 24.28 27.28 32.52
ResNet 25.6M 10.29 2436 2593 29.07 34.10
44.5M 1097 2499 2621 30.62 34.86
60.3M 10.50 24.56 27.82 31.23 35.85

Table 5: Impact of scaling across Google-ViT, DINOv2, and
ResNet model families on nowcasting and forecasting, with
training on TSI 2020 and testing on TSI 2021, and nMAP
as the error metric. Results are highlighted for the best per-
former in each family.



A.4 Contribution of Auxiliary and Physics
Features

To quantify the individual and combined contributions of
different feature modalities, we conduct a systematic ab-
lation study examining the impact of image embeddings,
physics-based features, and auxiliary spatiotemporal vari-
ables on nowcasting performance. As presented in Table 6,
the results reveal several critical insights regarding feature
importance and complementarity. The baseline configura-
tion using only image embeddings achieves a test nMAP
of 12.45%, establishing the fundamental predictive capa-
bility of visual information. The incorporation of either
physics features (9.48% nMAP) or auxiliary features (9.55%
nMAP) individually provides substantial performance im-
provements, with both modalities contributing nearly equiv-
alent error reductions. Crucially, the combination of physics
and auxiliary features without image embeddings yields
severely degraded performance (34.23% nMAP), conclu-
sively demonstrating that visual information serves as the
primary predictive signal, while physics-based and aux-
iliary features provide essential complementary enhance-
ments rather than standalone predictive power. The optimal
configuration integrating all three feature types achieves the
lowest error at 9.04% nMAP, validating our feature choice
and the importance of our multimodal approach in capturing
the complex dynamics inherent in this task.

Setup nMAP (%)
Only image embeddings 12.45
Embeddings + Physics 9.48
Embeddings + Auxiliary 9.55
Physics + Auxiliary 34.23
Embeddings + Physics + Auxiliary 9.04

Table 6: Ablation on the contribution of image embeddings,
physics features, and auxiliary features for nowcasting. Re-
sults are reported as test nMAP (%, lower is better). The
model is trained on TSI-2020 and tested on TSI-2021.

A.5 Variation of Regressors for Nowcasting

To establish the optimal modeling approach for nowcast-
ing, we conducted a comprehensive evaluation of different
regression models in our system while maintaining con-
sistent input features across all models. As demonstrated
in Table 7, XGBoost achieves superior performance with
a test nMAP of 9.04%, substantially outperforming alter-
native approaches. This performance advantage can be at-
tributed to XGBoost’s inherent strengths in handling het-
erogeneous tabular data, where its gradient boosting frame-
work effectively captures complex interactions between aux-
iliary meteorological features, physics-based variables, and
high-dimensional image embeddings. The ensemble nature
of XGBoost enables it to leverage the complementary in-
formation from these diverse feature modalities more ef-
fectively than traditional neural architectures in this specific
nowcasting context.

Regressor nMAP (%)
MLP 19.74
KNN Regressor 16.51
Random Forest Regressor 15.66
XGBoost 9.04

Table 7: Comparison of different regressors for nowcasting
using the same input features. Results are reported as test
nMAP (%, lower is better). XGBoost performs the best, in-
dicating its suitability for this task. The models are trained
on TSI 2020 and evaluated on TSI 2021.

B Dataset Details
B.1 Overview of Datasets

TSI880 Dataset: The TSI880 dataset is collected from the
NREL Solar Radiation Research Laboratory in Golden, Col-
orado. The camera captures an image every 10 minutes from
7:50 to 16:40 daily, providing raw sky images along with
corresponding global horizontal irradiance values. Addition-
ally, the dataset includes auxiliary information such as air
temperature, relative humidity, azimuth angle, and zenith an-
gle.

ASI16 Dataset: The ASI16 dataset is also sourced from
the Solar Radiation Research Laboratory in Golden, Col-
orado, but it differs in that the camera setup captures im-
ages at a higher resolution. Similar to the TSI880 dataset,
it provides global horizontal irradiance values and auxiliary
data including azimuth angle, zenith angle, air temperature,
relative humidity, and average wind speed.

SKIPP’D Dataset: The SKIPP’D dataset consists of raw
sky images and photovoltaic (PV) power output data col-
lected from Stanford University, California, USA. Images
are captured every minute with a resolution of 64x64 pix-
els, emphasizing finer temporal granularity at the expense of
lower image resolution.

B.2 Robustness to Low-Quality Visual Inputs

The SKIPP’D dataset helps us assess the model’s robust-
ness under challenging visual conditions. With a resolu-
tion of just 64x64 pixels, the SKIPP’D images are sig-
nificantly lower in quality than those found in most prac-
tical deployments, where sky imagers typically produce
higher-resolution outputs. By evaluating on SKIPP’D, we
test whether our model can still perform reliably in scenar-
ios where image quality is degraded due to hardware lim-
itations, compression, or transmission artifacts. This setup
provides a realistic stress test, ensuring that our model is
not only accurate under ideal conditions, but also resilient in
more constrained, real-world environments.

B.3 Temporal Consistency in Forecasting

Valid samples for forecasting are formed such that all the
data points from time steps 1 to 7', and their corresponding
forecast intervals T+ 71, T + 7o, ..., T + 75, fall within the
same day. This is an essential requirement because the pre-
dictions for future intervals rely on the assumption that both



Attribute TSI880 Dataset

ASI16 Dataset

SKIPP’D Dataset

Location Golden, Colorado, USA

Data Type Sky images & Irradiance
data

Data Frequency 10-minutes

Image Resolution 288x352

Camera Model Aero-Laser TSI-880

Number of Samples / Year 24,948

Golden, Colorado, USA
Sky images & Irradiance Sky images & PV power

Stanford, California, USA

data output

10-minutes 1-minute

1536x1536 64x64

EKO ASI-16 Hikvision DS-2CD6362F-
v

25,107 121,125

Table 8: A Comparative Overview of the TSI880, ASI16, and SKIPP’D Datasets: Key Attributes Including Geographical
Location, Data Provided, Image Resolution, Collection Frequency, and Annual Sample Size

Figure 4: Examples of sunny, partly cloudy, and overcast
conditions, captured by different sky cameras, are shown
from left to right, across the three datasets: TSI, ASI, and
SKIPP’D, displayed from top to bottom.

historical and forecast data belong to the same day. Using
data from the current day to predict values for the following
day is not a valid forecasting approach, as the discontinuity
between days renders such predictions unreliable. Any sam-
ples that violate this condition are considered invalid and are
excluded from training or evaluation.

C Clear Sky Global Horizontal Irradiance

Clear Sky Global Horizontal Irradiance (GHI) is the solar
irradiance received on a horizontal surface under cloud-free
conditions. Most of the time, it serves as an upper bound for
the actual GHI at a given location and time.

Clear Sky GHI plays a key role in solar forecasting by
serving as a baseline for estimating how much clouds re-
duce solar irradiance. By comparing actual irradiance with
Clear Sky GHI, we can get an estimate of the impact of cloud

cover, which helps in enhancing short-term predictions, and
improving the accuracy of forecasting models.

Given the latitude and longitude of a location, the clear
sky values can be estimated for any timestamp. This be-
comes very useful in solar forecasting, as this value would
give a reference of how much the prediction needs to be.

Clear Sky GHI is computed using mathematical mod-
els incorporating solar position, atmospheric transmittance,
and radiative transfer principles. A common approach is the
Ineichen-Perez model :

GH I jeor = I - 7 - cos(6,,) 3)

where [ is the extraterrestrial irradiance (W/m?), 7 is the
atmospheric transmittance factor, 6, is the solar zenith an-
gle.

D Fine-tuning Detailed Results
D.1 Nowcasting

To understand the impact of fine-tuning duration and the
training size, we conducted a series of experiments by vary-
ing the amount of training data used for fine-tuning, by using
subsets of the data consisting of 1, 2, 3, and 4 weeks.

Our results show that even with only one week of train-
ing data at a new location, the fine-tuned model performs
remarkably well. Furthermore, in all experimental configu-
rations, our model significantly outperforms the baseline.

Detailed results for these experiments are presented in Ta-
bles 9, 10, 11, and 12.

Trained on Finetuned on SPIRIT Gao and Liu

ASI 20.23 52.01
TSI SKIPP’D 29.89 63.82
TSI 14.99 27.98
ASI SKIPP’D 27.51 40.92

Table 9: Nowcasting performance with one week of training.

D.2 Forecasting

We conducted a series of experiments to assess the impact of
training data size on model performance during fine-tuning.



Trained on Finetuned on SPIRIT Gao and Liu
ASI 18.96 51.45

TSI SKIPP'D 29.07 62.91 Interval Trained on Tested on SPIRIT Gao and Liu
Sl TSI 14.91 2771 TSI ASL 2217 29.03
SKIPP'D 26.41 4025 Ihr SKIPP’D 32.44 39.82
ASI TSI 27.65 35.77
Table 10: Nowcasting Performance with 2 weeks training SKIPP’'D 26.54 30.70
TSI ASI 25.13 32.69
hr SKIPP’D 29.56 40.21
TSI 31.06 36.62
Trained on Finetuned on SPIRIT Gao and Liu ASI SKIPP'D 25.53 33.63

3h : -

AST TSI’ 14.59 27.53 r sl TSI 34.47 3876
SKIPP’D 25.68 39.89 SKIPP'D 29.73 39.70
Table 11: Nowcasting Performance with 3 weeks training TSI ASI 36.14 41.92
Ahr SKIPP’D 37.24 41.31
ASI TSI 39.72 40.02

SKIPP’D  36.67 44.16

Trained on Finetuned on SPIRIT Gao and Liu

Table 14: Forecasting Performance with 4 weeks of training.

TSI ASI 15.63 50.01
SKIPP’D 26.51 61.17
ASI TSI 14.12 27.28
SKIPP’D 24.32 39.43

Table 12: Nowcasting Performance with 4 weeks training

Interval Trained on Tested on SPIRIT Gao and Liu
ASI 22.62 32.45

Interval Trained on Tested on SPIRIT Gao and Liu TSI SKIPP'D 33.56 36.94

TSI ASI — 3L15 33386 Thr TSI 2638 3570

Ihr SKIPP'D 32.35 3824 AL SKIPP'D 2661 31.25

ASI SKTSII),D ;:'3; ;6)}1;2 TSI ASI 2515 3358

S 32'70 36~44 ohr SKIPP’D  30.65 38.06

TS skippp 2941 39.06 ASI 2698 220

2hr . : SKIPP’D 25.30 33.95

ASI SKT}?}{,D ;:'gz ;g;; TSI ASI 2866 3557

: : SKIPP’D 32.64 39.29

TSI ASL 3441 3824 3hr TSI 2981 3644

3hr SKIPP'D 3153  39.84 AL GkIPPD 2025 3985

ASI SK}EIID’D :g'gi ‘3‘;‘7‘2 TSI ASI 3476 3941

. : SKIPP’D 37.80 41.63

ST ASI  38.19 43.76 4hr T 3497 3873

Ahr SKIPP'D 3683  41.76 AL SKIPP'D 3623 4425

ASI TSI  36.44 45.89

SKIPP’D 36.84 44.16 Table 15: Forecasting Performance with 8 weeks of training.

Table 13: Forecasting Performance with 2 weeks of training.



Interval Trained on Tested on SPIRIT Gao and Liu
ASI 22.03 34.63

Ihr TSl SKIPP’D  33.76 37.35
ASI TSI 24.87 35.24

SKIPP’D 28.28 31.20

TSI ASI 24.95 35.81

Shr SKIPP’D  30.38 38.16
ASI TSI 27.42 35.31

SKIPP’D  26.17 35.01

TSI ASI 29.86 38.02

3hr SKIPP’D 31.80 39.12
ASI TSI 30.04 36.61

SKIPP’D 29.61 41.13

TSI ASI 34.37 41.27

dhr SKIPP’D  36.60 41.34
ASI TSI 35.71 38.67

SKIPP’D  36.16 45.28

Table 16: Forecasting Performance with 12 weeks of train-
ing.

Interval Trained on Tested on SPIRIT Gao and Liu
ASI 22.76 28.97

TSI
Ihr SKIPP’D  33.12 36.93
ASI TSI 23.33 35.07
SKIPP’D 25.74 31.01
TSI ASI 25.30 31.55
hr SKIPP’D  30.75 38.18
ASI TSI 2748 36.57
SKIPP’D 25.83 32.22
TSI ASI 28.86 36.28
3hr SKIPP’D 33.10 39.83
ASI TSI 31.92 39.46
SKIPP’D 31.04 37.69
TSI ASI 33.99 41.36
dhr SKIPP’D  38.20 42.66
ASI TSI 37.50 42.14

SKIPP’D 38.25 42.46

Table 17: Forecasting Performance with 16 weeks of train-
ing.

We utilized training splits of 2, 4, 8, 12, and 16 weeks of data
at the new site. For each training duration, we performed ex-
periments with different random splits of the corresponding
number of weeks and reported the results accordingly.

The results are presented in Tables 13, 14, 15, 16, and 17.
The figure for forecasting performance upon finetuning (Fig-
ure 3 in the main paper) was constructed by systematically
aggregating the results from our fine-tuning experiments,
encapsulating the performance trends observed across dif-
ferent training durations. By leveraging visualization tech-
niques, the figure provides a holistic representation of how
the model adapts as more site-specific data becomes avail-
able. It effectively summarizes variations in performance
across different random splits of finetuning data and across
different sets of source and target datasets. This covers train-
ing on TSI, and testing on ASI and SKIPP’D, as well as
training on ASI, and testing on TSI and SKIPP’D. This com-
prehensive validation methodology substantiates SPIRIT’s
efficacy across diverse deployment conditions during trans-
fer learning.

We employed 95% confidence intervals for all experi-
ments, spanning diverse transfer learning settings and ran-
dom sampling of the fine-tuning data. To rigorously com-
pare our method with the baseline across different weekly
intervals, we applied a paired t-test at a significance level
of 0.001 (i.e., less than a 0.1% chance of incorrectly reject-
ing the null hypothesis). In every instance, the observed p-
values fell below this threshold, demonstrating that SPIRIT
achieves statistically significant performance improvements
over the baseline.

D.3 Frozen Vision Encoder in Fine-tuning
Strategy

We perform selective fine-tuning on the regressor and
time-series transformer while keeping the vision encoder
frozen. This is a deliberate methodological choice made
to validate our core hypothesis that generalized vision en-
coders outperform site-specific ones used in prior work.
Unfreezing the encoder during fine-tuning would intro-
duce location-specific biases and domain-specific adapta-
tions, which would contradict our fundamental objective of
demonstrating the superiority of foundation model-based vi-
sual representations for cross-domain solar irradiance pre-
diction. By maintaining the frozen encoder, we ensure that
the observed performance improvements are attributable to
the inherent generalizability of pre-trained vision features
rather than location and camera configuration specific adap-
tations, thereby providing a rigorous evaluation of our ap-
proach’s transferability across diverse deployment scenar-
i0s.

E Zero-Shot Transfer Learning Results for
More Foundation Models

To comprehensively evaluate the generalization capabilities
of our proposed system, we extend our zero-shot transfer
learning analysis beyond the Google ViT Large model to
encompass a diverse range of foundation models, including
multiple variants of the DINO family (spanning from 22.1M



to 1.1B parameters), ConvNeXtV2, and EfficientNet archi-
tectures. As demonstrated in Table 18, our findings reveal a
consistent and compelling pattern across all evaluated mod-
els and transfer scenarios.

While our system demonstrates comparable or incremen-
tally superior performance to the baseline within the same
geographical location with the same camera setup, the true
strength of our approach emerges when evaluated across
different deployment contexts. Remarkably, every varia-
tion of our system, regardless of the underlying vision en-
coder architecture, consistently outperforms the baseline
method when transferring to new locations and camera
configurations. This consistent superiority manifests across
both cross-camera transfer scenarios, where models trained
on TSI2020 are evaluated on ASI2021, and cross-location
with cross-task generalization scenarios, exemplified by the
transfer from TSI12020 to SKIPP’D2017.

The robustness of this performance advantage across
architecturally diverse models spanning traditional CNN-
based approaches like ConvNeXtV2 and EfficientNet, as
well as various scales of vision transformer architectures
provides compelling evidence for our central hypothesis
that generalized vision encoders possess superior transfer
learning capabilities for atmospheric forecasting applica-
tions. This systematic outperformance across different en-
coder types, parameter scales, and training paradigms un-
derscores the fundamental strength of our system design
in leveraging pre-trained visual representations for cross-
domain atmospheric prediction tasks. The consistency of
these improvements across diverse architectural choices val-
idates that our enhanced system design, rather than specific
model selection, drives the observed generalization benefits.

F Implementation Details

Our implementation incorporates azimuth and zenith angles
as auxiliary inputs, from which we derive the physics-based
features utilizing the pvlib library: clear sky global horizon-
tal irradiance (GHI), clear sky diffuse horizontal irradiance
(DHI), and clear sky direct normal irradiance (DNI) values.
We then employ these values to obtain the effective irra-
diance on the panel. The auxiliary and physics-based pa-
rameters serve dual functions: they generate future covari-
ates and also provide statistical context to the time series
encoder regarding past timestamps. We use clear sky GHI
values as residual inputs to the final MLP layer which con-
tributes favorably to the model’s overall predictive capabili-
ties. Comprehensive hyperparameter optimization was con-
ducted across all reported experimental configurations to en-
sure methodological consistency and reproducibility of re-
sults.

F.1 Hyperparameter Configuration

For nowcasting, we use XGBoost on a 1297-dimensional
feature vector (comprising 1280 ViT features and 17 physic-
s/auxiliary features). The hyperparameters are: max_depth
= 7, learning.rate = 0.021, n_estimators =
1386, subsample = 0.653, colsample_bytree
= 0.888, gamma = 0.002, lambda = 1.744, and
early_stopping_rounds = 200.

For forecasting, we use a 6-layer Transformer with 8 at-
tention heads and a hidden dimension of 1104, along with
learnable positional encodings. The regressor consists of 10
MLP blocks with residual connections. Clear-sky GHI is
added as a residual input before the final layer. The model
is trained using stochastic gradient descent (SGD) with a
learning rate of 0.00032, momentum of 0.9, and a warm-
up followed by a cosine annealing learning rate schedule.
Hyperparameter tuning is performed using Optuna.

F.2 Normalization

We perform z-score normalization on both the global hor-
izontal irradiance (GHI) and photovoltaic (PV) output sig-
nals, standardizing them to have zero mean and unit vari-
ance. This normalization facilitates stable training and al-
lows the model to directly learn the underlying relation-
ship between sky conditions and energy output without re-
quiring additional bias correction. To ensure continuity in
time-series inputs, missing image frames or sensor readings
are handled by interpolating via the average of their near-
est neighboring values, which preserves temporal coherence
and minimizes disruptions during model training or infer-
ence.

F.3 Real-Time Deployment Efficiency and
Performance

SPIRIT demonstrates excellent suitability for real-world de-
ployment, with an average inference time of just 0.5378 sec-
onds (£0.0046) on a GPU with 24GB VRAM and 16 CPU
cores. This low latency ensures that predictions are gener-
ated well within the available time window between consec-
utive image frames. In our evaluation datasets, SKIPP’D has
the highest temporal resolution with a 1-minute gap between
frames, while TSI and ASI, which are representative of most
operational sky image datasets, feature 10-minute intervals.
Given this context, our model’s inference speed is signifi-
cantly faster than required, confirming that latency is not a
bottleneck for real-time solar forecasting applications.

G Other Baselines
G.1 Limitations of Statistical Models

Classical time series forecasting methods such as ARIMA
and Vector AutoRegression (VAR) are frequently used for
structured prediction tasks due to their simplicity and in-
terpretability. However, these techniques operate solely on
temporal sequences and are fundamentally limited in their
ability to capture the spatiotemporal complexity inherent in
sky imagery. These models lack the visual context necessary
to model phenomena such as cloud occlusion, movement,
and changes, which are critical for accurate solar irradiance
forecasting.

G.2 ARIMA: Univariate Modeling of GHI

The ARIMA model combines autoregressive (AR) and mov-
ing average (MA) components with differencing to han-
dle non-stationary time series. For a time series v, the
ARIMA (p, d, q) model is expressed as ¢(L)(1 — L)%y; =



Test Dataset Model 1-Hour 2-Hour 3-Hour 4-Hour
Gao and Liu 19.96 22.64 26.30 31.58
DINO-304M 19.32 21.74 25.29 30.04
DINO-86.6M  19.52 21.95 25.00 29.57

TSI DINO-22.1M  20.08 22.53 25.69 29.86
DINO-1.1B 21.22 23.56 27.93 33.13
ConvNeXtV2  19.73 22.09 25.17 29.56
EfficientNet 25.20 27.25 29.58 34.27

Gao and Liu 35.74 37.60 37.77 39.58
DINO-304M 30.11 31.86 34.52 3791
DINO-86.6M  30.30 32.01 34.49 38.21

ASI DINO-22.1M  31.22 33.16 35.60 39.06
DINO-1.1B 32.41 34.93 36.55 40.12
ConvNeXtV2  30.42 32.19 34.84 38.91
EfficientNet 35.06 37.15 39.11 41.94

Gao and Liu 38.88 43.81 47.36 51.78
DINO-304M 33.20 30.95 32.62 35.71
DINO-86.6M  33.15 30.79 32.89 35.97

SKIPP’D DINO-22.1M  34.05 31.37 33.21 37.11
DINO-1.1B 34.95 32.75 34.50 38.78
ConvNeXtV2  33.71 31.16 32.97 36.12
EfficientNet 36.51 34.67 35.98 40.29

Table 18: Zero-Shot Forecasting Results for Multiple Vision Foundation Models (used as encoders in our pipeline) trained on
TS12020 and tested on TSI2021 (TSI), ASI2021 (ASI), and SKIPP’D2017 (SKIPP’D). All values represent forecasting error
(lower is better). Results for the baseline model by Gao and Liu are also included for comparison. Bold indicates the best value
per column within each test dataset.



O(L)e, where (L) = 1—¢1 L— o L2 —- - -— ¢, LP is the au-
toregressive polynomial, (L) = 1461 L+05 L+ - -+0, L1
is the moving average polynomial, L is the lag operator, and
€; is white noise. For our ARIMA (2, 0, 2) model applied to
GHI, this becomes y; = ¢1ys—1 + Poys—o + € + 0141 +
02€1_o, where y, represents the GHI value at time .

As a statistical baseline, we employ the Autoregressive
Integrated Moving Average (ARIMA) model on a univariate
time series of Global Horizontal Irradiance (GHI). The or-
der (2,0, 2) was selected based on Akaike Information Cri-
terion (AIC) and confirmed to be appropriate after verifying
stationarity using the Augmented Dickey-Fuller (ADF) test.
The differencing order d = 0 was chosen since the time se-
ries was found to be stationary.

The ARIMA model was trained on the TSI 2020 dataset
and evaluated on both the TSI 2021 and ASI 2021 datasets.
The forecasting horizon was set to 4 hours, and only the
preceding 1 hour of data (equivalent to 6 frames with 10-
minute intervals) was used as context, in alignment with
SPIRIT’s input and output windows. The ARIMA model
yielded a Mean Absolute Error (MAE) of 168.94, a Root
Mean Square Error (RMSE) of 195.13, and a negative R>
score of -0.6180, with a normalized Mean Absolute Percent-
age (nMAP) of 55.51%. These results were consistent across
both the TSI 2021 and ASI 2021 datasets. This is expected,
as the ARIMA model operates purely on GHI values and
does not utilize any image-based input. Since the datasets
share the same auxiliary irradiance data and originate from
the same NREL facility in Colorado, the only difference in
camera configuration has no effect on this statistical model’s
performance.

G.3 VAR: Multivariate Time Series Forecasting

The Vector AutoRegression (VAR) model extends univariate
autoregressive modeling to multivariate time series, where
each variable is regressed on its own lagged values and the
lagged values of all other variables in the system. For a
VAR(p) model with & variables, the system is represented
asy: =c+Ay1y;1+Asyio+- -+ Apyi—p+e, where
y¢ is a k x 1 vector of endogenous variables at time ¢, c is a
k x 1 vector of constants, A; are k x k coefficient matrices
fori =1,2,...,p,and e; is a k x 1 vector of white noise er-
ror terms. In our implementation, y; contains clear-sky GHI,
clear-sky DNI, actual GHI, and physics-based auxiliary vari-
ables, enabling the model to capture interdependencies be-
tween these solar irradiance components.

We also evaluate a Vector AutoRegression (VAR) model
trained on multivariate time series composed of clear-sky
GHI, clear-sky Direct Normal Irradiance (DNI), actual GHI,
and physics-based auxiliary variables. To maintain consis-
tency with the image-based baselines, we limit the con-
text window to the previous 6 time steps (1 hour), setting
maxlags=6. The VAR model achieved an MAE of 147.25,
RMSE of 174.99, an R? value of -0.3013, and a normal-
ized MAP of 48.38% on both the TSI 2021 and ASI 2021
datasets. This uniformity in performance is due to the shared
irradiance and auxiliary variables used as input, which are
identical across the two datasets. As with ARIMA, the VAR
model does not utilize visual data, and therefore its forecast-

ing capability is unaffected by the differing camera configu-
rations of TSI and ASIL.

G.4 The Limitations of Purely Statistical
Approaches

Despite being well-established in traditional forecasting
pipelines, autoregressive statistical models, whether univari-
ate (ARIMA) or multivariate (VAR), fall significantly short
when tasked with predicting solar irradiance. Their inabil-
ity to process visual inputs makes them fundamentally inca-
pable of modeling the intricate spatial patterns and dynamic
cloud formations captured in sky images. Both ARIMA and
VAR produce high error rates and even negative R? values,
highlighting their limited generalization capabilities. In con-
trast, vision-based models like ours exhibit strong predictive
accuracy even under location shifts. These findings under-
score the necessity of incorporating spatiotemporal visual
cues for solar irradiance forecasting.

G.5 On CNN-LSTM Baselines

We benchmark our approach against the current state-of-the-
art method (Gao and Liu 2022), which has demonstrated su-
perior performance on publicly accessible datasets and es-
tablished the performance ceiling for solar forecasting tasks.
Vision transformer architectures have fundamentally super-
seded CNN-LSTM approaches across forecasting domains,
with (Gao and Liu 2022) which outperforms traditional con-
volutional methods (Siddiqui, Bharadwaj, and Kalyanara-
man 2019). Our experimental design prioritizes meaningful
evaluation against the strongest available competitor, ensur-
ing that any performance gains represent genuine technolog-
ical advancement in solar forecasting capabilities.

The established dominance of transformer-based archi-
tectures in computer vision forecasting tasks makes com-
parisons with CNN-LSTM baselines redundant as they have
been systematically outperformed. Our focused comparison
allows for a clear analysis of architectural innovations in so-
lar forecasting, without aiming to reestablish existing per-
formance hierarchies.

H Detailed Results with Standard Errors

Table 19 reports the detailed forecasting performance of our
model, including standard errors computed across multiple
random trials. The consistently small standard errors across
all forecast horizons demonstrate the robustness and stabil-
ity of our approach. In contrast, Table 20 presents results
obtained when the model is trained and evaluated without
future covariates, showing markedly degraded accuracy. Im-
portantly, the performance gaps between the two settings are
substantially larger than the associated standard errors, indi-
cating that the observed improvements are significant. This
underscores the critical role of future covariates in enhanc-
ing predictive accuracy for longer forecast horizons.

I Comprehensive Analysis of Evaluation
Metrics

The evaluation of solar forecasting models requires careful
consideration of appropriate metrics that accurately reflect



Forecast Horizon

Mean = Std. Error

Nowcasting
1-hour forecast
2-hour forecast
3-hour forecast
4-hour forecast

9.080 £ 0.00526
19.136 + 0.092
21.779 £ 0.101
25.317 £ 0.170
29.780 + 0.259

Interval Testedon nMAP RMSE R? MAE
TSI 2021 1896 176.60 0.56 106.63

1hr ASI12021 29.99 200.05 0.50 129.11
SKIPP’D 3293 205.11 042 134.19

TSI12021 2177 195.07 0.49 120.80

2 hr ASI2021 31.71 203.01 043 132.06

Table 19: Detailed forecasting performance of our model
with mean values and standard errors across random trials.
The results show consistent improvements with low variance
for nowcasting and future forecasts.

Forecast Horizon = Mean + Std. Error

1-hour forecast 19.688 + 0.085
2-hour forecast 22.858 +0.088
3-hour forecast 26.800 + 0.083

4-hour forecast 31.890 + 0.095

Table 20: Forecasting performance of the model without fu-
ture covariates, showing degraded accuracy across horizons.
The gap between these results and the main model highlights
the importance of future covariates.

model performance in real-world deployment scenarios. We
employ multiple evaluation metrics to provide a comprehen-
sive assessment of our proposed methodology. The normal-
ized Mean Absolute Percentage error (nMAP) is defined as:

N
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Additionally, we evaluate performance using Mean Absolute
Error (MAE):

N
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Root Mean Square Error (RMSE):

N
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and coefficient of determination (R?):
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where y; represents the actual value, y; represents the pre-
dicted value for the i-th sample, and ¥ is the mean of ac-
tual values, withé € {1,..., N}. The comprehensive results
across all these metrics are presented in Table 21.

We primarily focus on nMAP as our principal evalua-
tion metric due to its established status as the standard met-
ric in solar forecasting research. This standardization facil-
itates meaningful comparisons across different methodolo-
gies and ensures our contributions align with established

R*=1- (7

SKIPP’'D  29.01
TSI12021  25.46
3hr ASI2021 3441
SKIPP’D  30.26
TSI2021  29.89
4 hr ASI2021  38.00
SKIPP’D  34.63

198.53 0.47 127.54
201.73 0.53 129.66
207.59 045 136.87
200.56 0.52 129.58
199.73 0.60 128.77
214.55 0.58 143.26
207.96 0.61 137.21

Table 21: SPIRIT’s generalization performance across
datasets and time intervals. The model is trained on TSI
2020 and evaluated on TSI 2021, ASI 2021, and SKIPP’D
using four forecasting horizons (1 hr—4 hr). We report four
metrics: nMAP, RMSE, R?, and MAE.

benchmarks in the field. The practical significance of nMAP
improvements extends far beyond academic metrics, as even
marginal improvements translate to substantial economic
and environmental benefits when deployed across large-
scale solar installations. These improvements compound
across extensive solar deployments, potentially saving mil-
lions in operational costs while simultaneously reducing car-
bon emissions through enhanced grid stability and reduced
reliance on fossil fuel backup systems.

The normalized nature of nMAP ensures that our im-
provements maintain consistent significance across diverse
geographic conditions and varying solar irradiance patterns.
This geographic invariance is crucial for developing univer-
sally applicable forecasting models that can be deployed
across different climatic zones and solar resource condi-
tions without requiring region-specific recalibration of per-
formance expectations. While we conduct comprehensive
multi-metric evaluation during model development and val-
idation as shown in Table 21, we deliberately emphasize
nMAP as the decisive evaluation metric throughout our anal-
ysis to maintain consistency with established solar forecast-
ing standards and provide clear, interpretable results.

J Other Details

Longer forecasts: SPIRIT supports longer-horizon fore-
casts. However, our problem setting focuses on short-term
forecasting, critical for grid operators who need high-
resolution predictions for real-time dispatch decisions and
load balancing. Beyond 4 hours,the focus shifts away from
grid control, and accuracy deteriorates due to atmospheric
randomness and clouds moving beyond the camera’s field-
of-view, which is why longer-term forecasting relies on nu-
merical weather prediction(NWP) and satellites, represent-
ing a fundamentally different forecasting paradigm.
Zero-Shot Transfer and Historical Data Require-



ments:

To clarify our methodology’s data requirements, our ap-
proach eliminates the need for historical data at new de-
ployment sites. New solar installations typically require 5-
10 years of site-specific data before providing reliable fore-
casts, creating a major bottleneck in renewable energy ex-
pansion and delaying the deployment of effective forecast-
ing systems. SPIRIT addresses this fundamental challenge
by leveraging datasets from established sites to achieve zero-
shot transfer to new locations, enabling immediate deploy-
ment of forecasting systems without any data collection pe-
riod. This capability is crucial for accelerating solar energy
adoption, as it eliminates the traditional waiting period re-
quired for accumulating sufficient historical data at each new
installation site. While our model does utilize historical data
during training from established sites, the key innovation lies
in transferring this learned knowledge to new sites without
requiring any site-specific historical data collection.



