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Abstract—Accurate forecasting of solar photovoltaic (PV)
power generation is essential for maintaining stability and relia-
bility of power systems, particularly under wildfire smoke con-
ditions that induce rapid and nonlinear fluctuations in solar ir-
radiance. To address this challenge, this paper introduces an en-
ergy-guided dynamic latent boundary adaptation (E-DLBA)
framework, a deep generative artificial intelligence (GenAl)
model designed for PV power forecasting in the presence of wild-
fires. The proposed E-DLBA framework ensures temporal sta-
bility and robust performance under high-volatility wildfire
conditions. Additionally, a volatility-weighted variational loss
(VWYVL) is introduced to adapt the learning dynamics based on
uncertainty levels, improving the model’s sensitivity to abrupt
smoke-induced variations. In addition, the proposed model lev-
erages an enriched set of meteorological and environmental fea-
tures, including wildfire-related aerosol indicators, to enhance
contextual awareness. Comprehensive numerical experiments
and ablation studies demonstrate that the integration of the pro-
posed E-DLBA, VWVL, and enriched features significantly im-
proves PV power forecasting accuracy in the presence of wild-
fires.

Keywords—Deep generative Al, enriched feature set, solar
power forecasting, wildfire.

L INTRODUCTION

Wildfires have a wide-ranging impact on power grid
operation and planning [1]. The frequency and intensity of
wildfires have been escalating globally as a consequence of
climate change [2]. Accurate estimation of the available
capacity of distributed energy resources (DERSs) is essential to
ensure resilient grid operation during wildfire events. Since
aerosol concentrations and ambient temperature, both
influenced by wildfire smoke and heat transfer, directly affect
solar photovoltaic (PV) generation, PV output is notably
reduced under wildfire conditions [3]. Hence, developing an
approach capable of reliably projecting PV generation in the
presence of wildfires remains a pressing need.

Considerable progress has been made in PV power
forecasting  research. = References [4]-[6]  provide
comprehensive reviews of state-of-the-art techniques,
datasets, and tools used for PV power prediction. However,
limited attention has been devoted to forecast PV power
specifically during wildfire events. One of the earliest studies
in this area [3] employed quantile regression to quantify PV
capacity loss caused by wildfire smoke, enabling operators to
undertake proactive measures to minimize load shedding.
While [3] established a correlation between aerosol optical
density (AOD) and PV output, the work in [7] incorporates the
concentration of particulate matter with 2.5 um (PM2.5) or
smaller diameter —the primary smoke pollutant—together
with additional meteorological inputs into a random forest
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machine learning (ML) model to predict PV power during
wildfires. Building upon the methodology of [7], the work in
[8] utilizes data for longer time periods and more geographical
locations and presents an assessment of financial losses
associated with PV power reduction during wildfires. In [9],
six meteorological variables—absorption radiation index
(ARI), temperature, humidity, visibility, wind speed, and dew
point temperature—are considered alongside different PV cell
technologies in a multi-linear regression model for PV power
prediction during wildfires. A recent study further
demonstrates that incorporating wildfire smoke forecast data
can enhance PV capacity prediction when coupled with ML
algorithms such as random forest and histogram-based
gradient boosting [10].

These studies have substantially improved the
understanding of wildfire impacts on PV systems. Recent
research has also started to explore the use of GenAl-based
methods to forecast PV power [4], [11]. Nevertheless, to the
best of the authors’ knowledge, no prior work has examined
the potential of GenAl models to forecast available PV
resources under wildfire conditions. Furthermore, while
concentrations of particulate matter with 10 um (PM10) or
smaller diameters [12], SO, [13], Os3[13], NO [13], NO, [13],
and NH; [13] rise significantly during wildfires, existing PV
power forecasting works have not considered these features.

To address the existing literature gaps, this paper presents
the following novel contributions:

1) Enriched input feature set: An enriched input feature set
that includes PM10, SO,, O3, NO, NO,, and NH; with other
relevant features is designed and utilized to represent the
influence of wildfire heat transfer and smoke on PV power
generation more effectively.

2) Energy-guided dynamic latent boundary adaptation (E-
DLBA4): A new deep GenAl model with a novel latent
regulation mechanism is proposed for PV power forecasting
during wildfire conditions. The proposed E-DLBA
mechanism integrates energy-aware latent modulation with
adaptive boundary evolution within the conditional
variational auto-encoder (CVAE) backbone. The proposed E-
DLBA mechanism dynamically adjusts the latent manifold
boundaries according to temporal energy variations and
volatility, ensuring stable yet flexible latent trajectories under
wildfire-induced uncertainty.

3) Volatility-weighted variational loss (VWVL): A volatility-
adaptive optimization strategy is proposed for the deep
GenAl model to balance reconstruction fidelity and latent
regularization according to local temporal volatility. The
proposed VWVL reinforces latent robustness during wildfire
events while maintaining accuracy in stable conditions, resul-



ting in a resilient and physically consistent PV power
forecasting framework.

The next section presents the proposed methodology, fol-
lowed by results and discussion in Section III. Section IV con-
cludes the paper and outlines future directions.

II. METHODOLOGY

Details of the proposed framework are presented in this
Section in two main parts: proposed data enrichment and a
deep GenAl model.

A. Data Enrichment

An enriched set of input features, x for the deep GenAl
model is proposed in this study, expressed in (1) and (2).

x =[x, X] (1)
Xs = [xslixsz] (2

where x,=[wind speed, wind direction, humidity, clear sky
global horizontal irradiance (GHI), clear sky direct horizontal
irradiance (DHI), clear sky direct normal irradiance (DNI),
GHI with cloud factor, DHI with cloud factor, DNI with cloud
factor, dew point, solar zenith angle, surface albedo, atmos-
pheric pressure, precipitable water], x;=[temperature, AOD,
PM2.5], and x,,=[PM 10, SO,, O3, NO, NO,, NH3]. In (1), x,.
represents “Regular features”, which are commonly em-
ployed in PV power forecasting regardless of wildfire pres-
ence [4]-[6]; furthermore, x, is “Special features”, which are
not only notably influenced by wildfire smoke [12]-[13], but
also affect PV output. x; has two subgroups: x4, and X, .
Moreover, x4, has been previously examined to establish the
relationship between PV generation and wildfires [3], [7], [8].
In contrast, x, (despite their substantial impacts on PV per-
formance [14]-[16]) has not yet been explored in wildfire con-
text. While PM10, SO, O3, NO and NO; attenuate solar radi-
ation through scattering and absorption, thereby reducing the
irradiance incident on PV panels [14-15], NH; contributes to
increased soiling and haze formation [16], both of which di-
minish PV output.

B. Deep GenAI Model

The foundation of the proposed deep GenAl model is a
CVAE model. It aims to learn a probabilistic mapping
function between the input features of PV power forecasting
process and their latent representations, conditioned on
exogenous contextual factors such as meteorological variables
and wildfire indicators. Unlike a standard variational auto-
encoder (VAE), which models an unconditional latent prior,
the proposed CVAE model introduces conditioning on the
context (c;), enabling the latent variables to capture context-
dependent variability in solar generation under environmental
perturbations. An overview of the model is illustrated in Fig.
1. Further details are presented in the following.

1) Conditional Generative Process: Given a time-series input

x1.7 = {x.}1_, representing PV power output and corre-

sponding contextual features c;.; = {c}I_,, the conditional
generative process is formulated as [17]:
Po (xl:Tlcl:T) =

S po tir|zig, crrdpe (Zirlcyr) dzyy (3)

where z,.; denotes the latent variables; pg (x1.7|Z1.7, C1.7) in-
dicates the likelihood decoder; pg (z1.r|c1.7) T€presents a con-
text prior conditioned on the latent dynamics: and & indicates
the learnable parameters of the generative model. This prob-
abilistic formulation allows the model to represent not only
the expected PV trajectory but also its variability under unc-
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Fig. 1. Overview of the proposed CVAE model.

ertain wildfire-affected conditions.

2) Conditional Inference (Encoder Network): The encoder

4 (Z1.7|X1.7,C1.7) maps observed PV sequences and their

conditioning context to a latent posterior distribution. It is

typically parameterized as a diagonal Gaussian [17]:
CI¢(Zt|x1:t' Cr:) =

N<H¢(x1;t; 1) diag (Ué(xrt' C1:t))) 4)

where ug (., .) represents the mean of the latent Gaussian dis-
tribution (., .); aj, indicates a vector containing the vari-
ance for each latent dimension independently; and diag(.,.)
converts the variance vector into a diagonal matrix. To ensure
temporal coherence, a temporal latent propagation mecha-
nism is proposed as follows:

Zt = fenc(X¢, Cp Re—q) Q)
hy = TCN(z¢, he-1) (6)

where f,,,. denotes the encoder transformation that maps the
input—context pair and previous hidden state (h,_;) into the

latent representation Z;. It is implemented as a temporal con-
volutional network (TCN), which captures long-term depend-
encies. This preserves the temporal continuity of latent repre-
sentations and ensures that latent variability aligns with ob-
served volatility patterns.

3) Conditional Decoding and Reconstruction: The proposed
likelihood decoder py(x;|z;, c;) reconstructs the predicted
PV output at each time step, incorporating both z, and c; as
below:

X = fB(Zt'Ct) @)

where X, represents the reconstructed PV power output at
time step t. This likelihood decoder fg(.,.) is implemented
as a TCN as well, which is then modeled as follows to use in
the reconstruction loss:

po (x¢|zp, c) = N (R, 0'5) (8)

where ¢ indicates the variance of the Gaussian distribution.
By conditioning on ¢, the proposed likelihood decoder ex-
plicitly learns nonlinear responses to wildfire-related contex-
tual variations (e.g., AOD, PM10).

4) Training Objective: The proposed CVAE maximizes the
conditional evidence lower bound (ELBO) as follows [17]:

Lyap = ]Eq¢,(zl:T|x1:T,cl:T) [log po (x1.7|Z1.7,C1.7)] —
Dk, (Q¢(Z1:T|x1:r' c1.r)llpe (Z1:T|C1:T)) )

where E[.] indicates the expectation value function and
Dy (.) is the Kullback-Leibler divergence to penalize unlike-



ly latent configurations and promote a well-structured, phys-
ically plausible latent manifold; E[.] promotes accurate re-
construction of the PV signal, while D, (.) regularizes the
learned posterior to remain close to the conditional prior, en-
couraging generalization under unseen wildfire-impact sce-
narios.

5) Wildfire-Aware Latent Conditioning: To capture wildfire
influence without requiring external physical aerosol models,
a volatility-conditioned latent modulation c; is introduced.
The volatility v, (measured from short-term reconstruction
residuals) serves as an adaptive conditioning signal as below:

¢t = [ces el (10

1

2
1 ~ A
ve= (28 e (= 20 = 255 by —5) (1)

where [.;.] denotes vector concatenation; and K represents
the length of the short look-back window used to compute lo-
cal volatility (v¢). This augmented conditioning vector c; is
fed to both the encoder and decoder parts of the proposed
CVAE, allowing the latent variable z; to encode context-de-
pendent volatility responses. This mechanism is crucial be-
cause wildfire events create abrupt, short-lived deviations that
cannot be captured by simple contextual embeddings.
6) Reparameterization and Sampling: Sampling from the ap-
proximate posterior uses the reparameterization technique as
below:

Zt = .u¢(xt, ) + U¢(xt: ) O€, e~N(0,1) (12)

where © denotes the elementwise (Hadamard) product and €
is a random noise vector drawn from a standard multivariate
normal distribution NV'(0, I), where I is the identity matrix.
This noise term introduces stochasticity into the latent varia-
ble generation process, allowing the model to learn a smooth,
continuous latent space. The decoder reconstructs the future
PV sequence as below:

Ree1 =f9(Zt'Ct) (13)

where fy is implemented via a TCN. The likelihood decoder
is modeled as a Gaussian distribution as below [17]:

Po (x¢lze,c) = N (Re, 04 1) (14)
This yields a reconstruction loss function £, as follows:
[’rec = ||xt_3?t”% (15)

7) E-DLBA: To ensure stable temporal generalization and re-
silience to wildfire-induced volatility, the proposed E-DLBA
mechanism is incorporated within the latent manifold learned
by the proposed CVAE framework. This component is de-
signed to adaptively reshape the latent boundary field so that
latent trajectories neither diverge under abrupt perturbations
nor collapse into overly smooth representations during stable
intervals. The proposed E-DLBA thus acts as a temporal
boundary regulator that continuously re-parameterizes the la-
tent distribution in response to volatility and energy varia-
tions.

To have a latent boundary state formulation, let the latent
representation sequence inferred from the proposed CVAE
encoder be Z = {z,}T_,and let B, denotes the functional la-
tent boundary state associated with z;. Each boundary state
B, is defined as a learnable deformation of the nominal latent
coordinate as below:

Bt =Zt+At (16)

where A, represents an adaptive boundary offset that is dy-
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namically computed, intended to capture transient displace-
ments in the latent trajectory caused by high-volatility phe-
nomena such as wildfire haze or aerosol loading. Further-
more, A, is modeled as a gradient-guided modulation derived
from the functional energy field as follows:

A= —v¢V,.Epg (2o, 2) (17)

2¢ =2t — Zpq (13)
N 1 A A
Eo(z¢,2¢) =E”Zt_zmean"2+5||zt”2 (19)

where Eg(.,.) denotes the functional energy-manifold gener-
ation, which constructs a parametric energy field over the la-
tent space; Zyeqn and A are the latent mean and a hyperpa-
rameter controlling the regularization term, respectively; Z, is
the latent variation; and y, is an adaptive scaling factor
governed by local volatility as below:

Ve = Uy(alvt + as |21 (20)

with o, () being a soft-plus activation function [18]. The as-
sociated loss function Lz ensures consistency between recon-
structed energy flow and latent modulation, defined as below:

2
Ly = 20|V Bz 20 1)
In this way, the magnitude of boundary deformation is auto-
matically increased in regions of large reconstruction volatil-
ity or rapid latent movement. More details of the proposed E-
DLBA are explained in three main parts: dynamic boundary
evolution, boundary-aware latent update, and learning objec-
tive integration.
(a) Dynamic Boundary Evolution: To prevent abrupt transi-
tions between adjacent latent boundaries, a temporal smooth-
ing constraint is introduced:

A
Bf=(1-2,)B:+ 717 (B¢-1+ Bes1) (22)

where 0 < 4, <1 regulates the smoothness of boundary
propagation and B; indicates the optimal value of B,. This
discrete formulation can be interpreted as a latent operator
that distributes boundary corrections over neighboring time
steps, ensuring temporal coherence while preserving the fine-
scale response to volatility.
(b) Boundary-Aware Latent Update: The adapted latent vari-
able (Z;) employed by the decoder is expressed as:

Ze=2+ W, © (B; —zp) (23)

where W, is a learnable weighting vector that controls di-

mension-wise sensitivity to boundary adaptation. Hence, di-

mensions with higher sensitivity to volatility receive stronger

boundary corrections, allowing the decoder to focus on latent

components most affected by wildfire events.

(c) Learning Objective Integration: The proposed E-DLBA

mechanism contributes an auxiliary regularization term to the

total training loss:

Ly _prea = MENBe — z|15] + m E¢[lIB, — B4 lI5] +

N3E[Eq(2¢, Z0)] (24)

where 714, 17,, and n; represent scalar coefficients, fine-tuned
using the grid search algorithm [11]; and E.[.] is the time-
dependent expected value operator. The first term in (24) pe-
nalizes excessive boundary displacement, the second one en-
forces smooth temporal evolution, and the third one links the
loss function of E-DLBA to the proposed energy function
Eg(.,.), ensuring consistency between latent energy dissipa-
tion and boundary modulation.

8) Total Loss Function: The total loss function L4:4;, Which
is used for the end-to-end training of the proposed deep



GenAl model, can be formulated as follows:
Lrotar = Levag + 01Lg + w2 L prpa (25

where the weighting coefficients w4 and w, control the rela-
tive contributions of Lz and Lg_p;p4 regularization, ena-
bling the proposed deep GenAl model to produce reconstruc-
tions that are both accurate and physically plausible. These
weighting coefficients are fine-tuned using the grid search al-
gorithm [11]. More specifically, L 45 drives the reconstruc-
tion of observed PV sequences while enforcing a context-con-
ditioned latent prior, allowing latent variables to capture var-
iability due to meteorological and wildfire factors. The func-
tional energy-manifold loss Ly regularizes the latent space
via a learnable energy field, promoting smooth and energy-
consistent latent trajectories. Finally, the dynamic latent
boundary adaptation loss Lz _p; 54 adaptively reshapes latent
boundaries in response to local volatility and latent energy,
ensuring temporal coherence and preventing collapse or di-
vergence of latent trajectories.

9) Training and Inference: The proposed model is trained
end-to-end using Lq,:q; (as in (25)). During training, ob-
served PV sequences x;.; and their corresponding contextual
features c;., including wildfire indicators (i.e., the enriched
set of input features), are fed into the encoder to infer the ap-
proximate posterior q4(2y.7|X1.7,¢1.7). Latent variables z;.r

are sampled using the reparameterization technique and
passed through the decoder to reconstruct X,.;. The proposed
E-DLBA mechanism dynamically adapts latent boundaries
according to local volatility, while the proposed functional
energy-manifold generation enforces energy-consistent latent
trajectories. Gradients of the total loss are backpropagated to
update both encoder and decoder parameters (i.e., ¢ and 8)
as well as the energy-field and boundary adaptation modules,
ensuring temporally coherent and physically plausible latent
representations. During inference, only the contextual inputs
c1.r and the learned conditional prior pg (z,.7|c,.7) are used
to sample latent trajectories, which are then decoded to gen-
erate PV forecasts X;.r under unseen wildfire conditions. This
enables the proposed model to produce robust, context-aware
PV power point forecasts while capturing uncertainty in latent
dynamics.

III.  RESULTS AND DISCUSSIONS

The dataset used in this study as input to the proposed deep
GenAl model comprises real-world historical data from 2019
and 2020 for Parramatta North, New South Wales, Australia.
Meteorological variables were obtained from [19]- [21],
measured real-time, with point-level spatial resolution. Wild-
fire occurrence records, used to identify wildfire days, were
sourced from [22]. After data collection with hourly temporal
resolution, missing values were filled using linear
interpolation. The proposed methodology has been tested on a
PV power plant with a capacity of 2.5 MW. The specifications
of this plant have been collected from a distribution network
service provider in Australia [23].

All numerical experiments of this paper were implemented
in Python and executed on NVIDIA Tesla K80 GPUs. For fair
comparisons, both the proposed model and all benchmark
counterparts were trained and evaluated under identical exper-
imental settings, including the same training/validation/testing
datasets, the same normalization procedure (with zero mean
and unit variance [17]), and the same evaluation metrics. Hy-
perparameter optimization for all models was performed using
a grid search strategy, as [11], where the optimal parameters
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were selected based on the lowest validation error and subse-
quently applied during testing. Additionally, an identical early
stopping mechanism was adopted across all models to prevent
overfitting [17]. This uniform setup ensured that the perfor-
mance differences arose solely from model design rather than
implementation bias. For one year of hourly training data, the
proposed model required approximately 2.5 hours of training
time on an NVIDIA Tesla K80 GPU, while inference on one
year of test data was completed in less than 5 seconds, corre-
sponding to an average per day inference cost of <0.014 s, con-
firming the practical efficiency of the proposed framework for
operational day-ahead forecasting. Additionally, the proposed
model has approximately 1.2 million trainable parameters, and
a linear computational cost due to encoding—decoding based
on temporal convolutional network and E-DLBA updates, re-
sulting in an average inference cost of 0.8 Giga Floating-Point
Operations per forecasting day (24 forecasting steps), which
remains well within real-time operational limits.

In this study, in-sample (IS) and out-of-Sample (OoS) data
refer to the training/validation and testing data, respectively.
The two-year dataset (2019 and 2020) is divided into training,
validation, and test sets with a ratio of 3:1:4. Thus, the testing
set (year 2020) is completely unseen for the proposed and
comparative forecast methods. The two years have 61 and 49
wildfire days, respectively. Due to the large number of wild-
fire events, the 2019-2020 wildfires in Australia are known as
the “Black summer fires” [24]. Moreover, the forecasting step
and forecasting horizon are set to one hour and one day (24
hours), respectively. The predictive performance of the
proposed and comparative models is quantitatively assessed
using two widely adopted error metrics: mean absolute error
(MAE) and mean absolute percentage error (MAPE) [11].

A. Ablation Analysis Based on Methodological Components

To evaluate the proposed model, an ablation analysis is
conducted to investigate the individual and joint contributions
of the key components of the proposed framework: E-DLBA
and VWVL. To this end, three comparative configurations are
designed and evaluated as in Table 1. To visualize the model’s
and its comparative configurations’ performances under wild-
fire conditions, a severe wildfire day (February 14, 2019) was
selected. Fig. 2 presents a time-series visualization comparing
the actual PV power values, and the values forecasted using
the three methods in Table I for this day.

In the first configuration, E-DLBA is retained while revert-
ing to the original loss, which corresponds to the conventional
VAE objective treating all temporal samples equally without
volatility-based weighting. This setup effectively stabilizes the
latent space and preserves temporal coherence but lacks sensi-
tivity to highly uncertain periods caused by wildfire-induced
irradiance fluctuations. In the second configuration, the origi-
nal boundary is kept, meaning the latent variables follow a
static Gaussian prior without adaptive regularization, while
VWVL is introduced to modulate the learning process

— Actual PV power

__ E-DLBA + VWVL (Proposed)
i —. E-DLBA + Original Loss

0.8 A \ A -+ Original Boundary + VWVL

Normalized PV power

0.0 - >

o 5 10 15 20 24
Time (Hours)

Fig. 2. Time-series visualization of actual vs. forecasted PV power values

obtained from the proposed and two comparative models (ablated variants)

on February 14, 2019.



TABLE I. RESULTS FROM ABLATION ANALYSIS OF THE PROPOSED
METHODOLOGY
Model MAE MAPE (%)
IS | OoS | IS | OoS
E-DLBA + Original Loss 2451262 | 158 | 17.1
Original Boundary + VWVL 264 | 27.6 | 17.2 | 18.8
E-DLBA + VWVL (Proposed) 19.1 1204 | 12.8 | 14.2

according to local volatility. This variant improves robustness
against noise and uncertainty, enabling the model to focus
more effectively on volatile regions, yet the absence of E-
DLBA may reduce the temporal coherence of latent trajecto-
ries and smoothness in temporal transitions. Finally, the full
configuration, which combines the proposed E-DLBA and
VWVL components, demonstrates the strongest overall per-
formance in terms of both metrics, as clearly reflected in Table
I. Furthermore, significant differences are seen between the
results of the proposed model and its two simpler versions in
Table I, further illustrating the effectiveness of the proposed
E-DLBA and VWVL components. Together, these compo-
nents enable the proposed deep GenAl model to achieve both
stable latent evolution and precise reconstruction under vary-
ing uncertainty conditions.

B. Ablation Analysis Based on Input Features

The details of the scenarios examined in this ablation
analysis based on input features and the results obtained from
this analysis are summarized in Table II. This analysis focuses
exclusively on the proposed enriched set of input features. In
Table I, v denotes inclusion of an input feature, whereas x
denotes its exclusion. As confirmed by this Table, the pro-
posed enriched set of input features achieves the lowest error
across both evaluation metrics, whereas the exclusion of any
proposed feature increases the forecasting error.

IV. CONCLUSIONS

This paper introduces an energy-guided generative
framework for PV power forecasting under wildfire smoke
conditions. The model leverages an enriched set of
meteorological features, including wildfire-related aerosol
indicators, to enhance contextual awareness. By integrating E-
DLBA and VWVL, the proposed deep GenAl framework
adaptively regulates latent boundaries and dynamically adjusts
the loss function of the learning process based on local
volatility. Ablation analyses demonstrate that the proposed
framework achieves superior forecasting accuracy compared
to its ablated variants, highlighting the effectiveness of both
the proposed components and input features. Future work will
extend the proposed framework toward multi-site and spatial—
temporal forecasting with improved interpretability.

TABLE II. RESULTS FROM ABLATION ANALYSIS OF THE ENRICHED

INPUT FEATURE SET
. Features MAE [MAPE (%)
Scenarios

PMI10| SO, | NO | NO, | NH; | O; OoS OoS
1 v v v v v V| 204 14.2
2 4 v 4 4 4 x| 22.6 17.8
3 v v v v X v 225 17.6
4 v v v X v v 227 17.9
5 v 4 X v 4 v 224 17.5
6 v X 4 4 x v 232 18.6
7 x v v v v| 225 17.7
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