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ABSTRACT Photovoltaic (PV) power forecasting is critical for grid stability and renewable energy
integration. However, existing approaches prioritize predictive accuracy while neglecting operational
requirements: physical validity under noisy data, transparent decision-making, and scalable multi-site
deployment. This paper proposes an explainable architecture for multi-site photovoltaic forecasting that
extends a validated hybrid ensemble pipeline through system-level design. Forecasting is structured as an
explicit reasoning process comprising perception, inference, validation, explanation, and action stages. Each
photovoltaic site uses an autonomous Forecasting Unit (FU), deployed as a microservice for scalable and
consistent operation across sites. Explainability is achieved through explicit model orchestration, constraint-
based validation, and traceable fallback mechanisms. Validation on real-world PV systems demonstrates that
the architecture maintains competitive forecasting accuracy while ensuring physical validity and transparent
model behavior. All forecasts are operationally applicable with traceable decision-making processes.
These results highlight the relevance of architectural organization and an agentic-by-design (deterministic
reasoning loop) architecture, based on explicit validation and orchestration mechanisms, for deploying
trustworthy photovoltaic forecasting systems in industrial environments.

INDEX TERMS Photovoltaic power forecasting, explainable artificial intelligence, agent-based systems,
hybrid ensemble learning, physical constraint validation, microservices architecture, multi-site energy
systems.

I. INTRODUCTION
Over the past decade, solar energy systems have been
increasingly integrated into modern power grids. This growth
is driven by sustainability targets and lower installation
costs [1]. As the capacity for renewable energy continues
to proliferate, the significance of PV power forecasting
has emerged as an essential element of contemporary grid
operations [2], [3]. Although machine learning frameworks
have considerably increased the reliability of short-term fore-
casting [4], [5], their practical application within operational
frameworks uncovers challenges that cannot be overcome
exclusively through algorithmic refinement. In practice,
forecasting systems must simultaneously ensure physical
validity under imperfect data conditions, provide transparent
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and trustworthy decision-making processes, and operate
autonomously across geographically distributed sites [6], [7].
Physical validity under real-world conditions remains a

fundamental challenge. Data collected from operational PV
systems are frequently affected by sensor noise, communica-
tion failures, and transient anomalies [8], [9], [10], [11], [12].
When trained on historical data and deployed on corrupted
inputs, machine learning models may generate physically
implausible predictions, such as non-zero power produc-
tion at night or outputs exceeding nominal capacity [12].
Post-processing techniques can correct obvious violations,
but when employed in isolation, they act reactively and may
obscure systematic model failures rather than preventing
them.
Transparency and operational trust are also vital com-

ponents for the successful implementation in real-world
contexts. Grid operators necessitate more than mere precision
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in forecasting. They require a clear understanding of the
methodologies employed in generating predictions, espe-
cially when such forecasts influence pivotal operational
or market decisions [6]. Recent research underscores the
inherent trade-off between the accuracy of forecasts and
their interpretability in the domain of photovoltaic power
forecasting, highlighting that exceedingly precise black-box
machine learning models may impede the establishment of
operational trust [13]. In response, most existing solutions
address transparency primarily at the model level, without
making the forecasting process itself explicit or traceable
during operation.

Autonomous operation across distributed sites introduces
a third, often overlooked challenge. Large photovoltaic
parks are spread across multiple locations, and each site
faces its own data-quality issues and local environmental
conditions [14]. Many forecasting pipelines rely on cen-
tralized coordination, which can create a single point of
failure. Others operate as isolated black boxes and provide
little insight to operators. In both cases, scalability and
transparency remain limited for large-scale deployment.

Recent works tackle parts of these problems. However,
these requirements are rarely combined within a single
operational framework. Physics-informed models incorpo-
rate physical constraints during training but typically lack
explicit validation at inference time [15], [16]. Ensemble
methods improve robustness but do not enforce physical
coherence explicitly [17], [18]. Explainable AI techniques
remain largely post-hoc [13], and distributed system architec-
tures focus on deployment scalability rather than structured
forecasting reasoning [19], [20].

To address these limitations, we propose an agentic
architecture that reframes PV forecasting as a process of
autonomous reasoning rather than a black-box input/output
transformation. Here, ‘‘agentic’’ denotes a deterministic
reasoning loop instead of a learning-based agent, while
‘‘autonomous’’ refers to operational independence, meaning
that each FU runs without central coordination, and not to
autonomous decision-making or learning. In this architecture,
each PV installation is managed by an FU that executes five
reasoning stages: perception, inference, validation, explana-
tion, and action. Physical constraints are validated within
this loop, and FUs operate independently as microservices
without centralized coordination.

This work makes the following contributions. First,
we propose an agentic multi-site architecture for photovoltaic
power forecasting that integrates established forecasting
models, implemented as autonomous Forecasting Units
executing a five-stage reasoning loop and designed for
traceable operation. Second, we embed constraint valida-
tion and fallback mechanisms within the runtime loop
to ensure physically valid forecasts under degraded data
conditions. Third, we deploy the architecture as microser-
vices and validate it on operational multi-site PV systems,
demonstrating competitive accuracy alongside end-to-end
traceability.

The remainder of this paper is organized as follows.
Section II reviews related work and positions our contribution
within the existing literature. Section III presents the forecast-
ing pipeline. Section IV introduces the reasoning-oriented
forecasting methodology and its built-in explainability.
Section V describes the system architecture and microser-
vices deployment. Section VI reports the experimental
evaluation. Section VII discusses results and limitations, and
Section VIII concludes the paper and outlines directions for
future research.

II. BACKGROUND ON HYBRID FORECASTING AND
AGENTIC SYSTEMS
Photovoltaic power forecasting has been extensively
studied across multiple research dimensions, includ-
ing data-driven predictive modeling, physical constraint
integration, explainability mechanisms, and system-level
deployment architectures. Substantial progress has been
achieved in each dimension independently. However, inte-
grating these advances into coherent, operational forecasting
systems remains limited. This section reviews representative
advances and positions the gap addressed by our agentic
architecture.

A. ACCURACY-FOCUSED FORECASTING METHODS
Data-driven machine learning approaches are widely used
for PV power forecasting, with deep learning models
demonstrating strong performance in capturing nonlinear
relationships and temporal dependencies. A thorough exam-
ination [4] contrasts multiple machine learning methods and
underscores the superior performance of recurrent neural
networks (RNNs) and long short-term memory (LSTM)
models in representing temporal dynamics of PV energy pro-
duction. More recent studies increasingly explore attention-
based mechanisms and transformer-inspired architectures to
capture longer-range temporal dependencies and complex
multivariate interactions in PV forecasting [6], [7].

Ensemble methods have emerged as a robust approach
to improve forecasting accuracy and reliability [21].
Reference [17] proposes a stacking framework that combines
extreme learning machines (ELM) and convolutional neural
networks (CNN) as base learners with a Bayesian Ridge
meta-learner, incorporating Monte Carlo Dropout for
uncertainty quantification. Their results show that ensemble
aggregation can improve both accuracy and reliability,
although physical constraint validation and architectural
explainability are not explicitly addressed. Similarly, [9]
conducts a systematicmapping study of forecastingmodels in
solar andwind energy, confirming the prevalence of ensemble
approaches while noting limited attention to operational
reliability and validation mechanisms.

These approaches often deliver strong predictive perfor-
mance. On the other hand, they usually frame forecasting as
a black-box mapping from meteorological inputs to power
outputs, with limited attention to physical plausibility and
transparent reasoning.
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B. PHYSICS-INFORMED AND CONSTRAINT-AWARE
MODELING
Recognizing the limitations of purely data-driven forecasting
approaches, recent research has increasingly explored the
integration of physical principles and domain knowledge
into machine learning models for power systems. Surveys
on physics-informed learning in power systems emphasize
that conventional deep learning models may suffer from
physically infeasible or inconsistent predictions, limited gen-
eralizability, and low interpretability, motivating the integra-
tion of physics-informed rules into data-driven methods [15].
In this context, physics-informed neural networks (PINNs)
explicitly embed physical laws and constraints into the
learning process, enabling improved physical consistency
and robustness in energy applications [22]. In parallel,
recent probabilistic forecasting approaches incorporate phys-
ical insight implicitly through problem formulation and
uncertainty modeling, improving forecast reliability without
enforcing explicit physical constraints [23].

Beyond model-centric constraint integration, several
works have investigated constraint-aware data processing
techniques to address data quality issues in operational
energy systems. Adaptive imputation frameworks for
SCADA data leverage spatiotemporal correlations and
feature dependencies to reconstruct missing measurements
under diverse missing-data patterns, improving the reliability
of downstream forecasting models [10].

Recent photovoltaic forecasting systems combine physical
models with data-driven predictors and apply domain-
specific constraints, such as capacity limits and daylight
conditions, to enhance physical plausibility and robustness in
operational settings [16], [21].

However, across physics-informedmodeling and constraint-
aware data processing, constraint handling is predominantly
embedded within training procedures or applied as offline
or post-processing mechanisms. Constraints are therefore
enforced reactively rather than through explicit validation
stages operating at runtime. As a result, existing approaches
do not provide proactive mechanisms for systematically
assessing the physical validity of forecasts before their release
for operational use.

C. EXPLAINABILITY IN ENERGY FORECASTING SYSTEMS
The need for transparent and interpretable forecasting sys-
tems has driven significant research in explainable artificial
intelligence (XAI) for energy applications. Post-hoc explana-
tion techniques have been widely applied to solar forecasting
models to provide insights into model behavior. In particular,
SHAP (SHapley Additive exPlanations) and LIME (Local
Interpretable Model-agnostic Explanations) have been used
to derive feature importance rankings and local explanations
for individual predictions [24]. Similarly, SHAP values have
been employed alongside optimized forecasting models to
enhance interpretability for stakeholders [25].

Recent work has explored attention-based interpretability
mechanisms. MATNet, a multi-level fusion and self-attention

transformer, is proposed in [11] and provides interpretability
through attention weight visualization, enabling users to
understand which temporal features and spatial relationships
drive predictions. The GPT-Agent approach in [26] intro-
duces an LLM-based agent to interpret weather descriptions
and provide natural language explanations for forecasting
decisions, demonstrating the potential of agentic components
for enhancing transparency.

While these XAI techniques successfully provide post-hoc
explanations for model outputs, they fundamentally differ
from explainability-by-design. Post-hoc methods explain
what a black-box model has decided; they do not make the
decision-making process itself transparent through architec-
tural design. Furthermore, they typically ignore key elements
of operational forecasting systems, such as constraint valida-
tion, fallback mechanisms, and model orchestration.

D. MULTI-AGENT SYSTEMS AND DISTRIBUTED
ARCHITECTURES
Multi-agent systems have been explored in renewable
energy contexts primarily for coordination, control, and
distributed learning. Intelligent agent orchestration has been
proposed for climate-resilient energy systems, with a focus on
autonomous management of renewable integration and dis-
tributed resources through coordinated agent behaviors [19].
In a similar vein, a comprehensive framework for AI in
renewable energy management is presented in [27], dis-
cussing multi-agent coordination patterns, constraint-aware
decision methods, and assurance artifacts for trustworthy
AI systems. While conceptually rich, these works mainly
provide design patterns and architectural guidelines rather
than implemented forecasting systems with operational
agentic reasoning.

In the context of distributed learning, multi-agent federated
learning has been applied to regional photovoltaic power
prediction, where each site operates as an agent that trains
local models while preserving data privacy [28]. This
approach demonstrates effective multi-agent coordination for
distributed training, but does not frame forecasting itself
as an explicit agentic reasoning process with well-defined
perception, inference, validation, explanation, and action
stages.

This distinction is critical. Existingmulti-agent approaches
employ agents for coordination, control, or distributed
learning, but not for structuring the forecasting reasoning
process itself. To the best of our knowledge, no prior
work has architected photovoltaic forecasting as an explicit
agentic process in which each autonomous unit imple-
ments staged reasoning with built-in validation and fallback
mechanisms.

E. MICROSERVICES AND DEPLOYMENT ARCHITECTURES
Service-oriented architectures have been widely recom-
mended to support scalable deployment of forecasting
systems in operational energy environments. For example,
the integration of forecasting services within a local energy
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trading platform is demonstrated in [29], where forecasting
profiles are coupled with blockchain-based marketplace
mechanisms using microservices patterns. In a related
direction, a systematic review of AI-enabled digital twins
for smart grids is presented in [30], emphasizing closed-
loop validation, semantic interoperability, and container-
orchestrated microservices deployment for field systems.

Practical deployment challenges have also been addressed
in photovoltaic forecasting contexts. AutoPV, proposed
in [31], introduces an automated forecasting framework
based on an ensemble of pre-trained models designed
to operate under limited information, such as missing
metadata and cold-start scenarios. While this work explicitly
considers deployment constraints, it does not implement
autonomous forecasting agents with explicit reasoning
stages.

A recent line of work structures PV forecast delivery as an
explicit, constraint-aware process qualifying a baseline fore-
cast against physical and operational constraints at runtime
and emitting machine-readable evidence (triggered checks,
reason codes, and correction events) for auditability [32].
This highlights the value of treating validation and expla-
nation as first-class runtime artifacts. However, it remains
confined to a single forecast stream and does not address
operation across geographically distributed installations or
per-site model behavior. This paper extends and generalizes
that single-site wrapper into a multi-site, microservice-based
agentic architecture.

Operational robustness has been further explored through
predictive analytics for distributed photovoltaic systems.
The framework presented in [18] emphasizes real-time
adaptability and heterogeneous data fusion to improve grid
resilience. However, it does not incorporate agentic reasoning
or explicit runtime validation stages within the forecasting
process.

Beyond PV forecasting, operational energy AI increas-
ingly emphasizes resilience and explainability at the system
level rather than predictive accuracy alone. For instance,
Kırat et al. [33] combine deep learning with mixed-
integer optimization for battery energy storage operation,
highlighting the role of validation and decision logic in
deployment. Similarly, AI-based operational frameworks for
hydrogen refueling infrastructure stress resilience-oriented
design principles for critical energy services [34]. These
systems show that forecasting is not an end in itself but
rather a component of a larger decision-making architecture
that must balance multiple objectives under operational
constraints.

Current deployment architectures either propose microser-
vices patterns conceptually without demonstrating opera-
tional forecasting agents, or implement forecasting services
as conventional pipelines without agentic reasoning. The
gap lies in the absence of autonomous Forecasting
Units that combine microservices scalability with agentic
reasoning, runtime validation, and autonomous fallback
mechanisms.

F. MACHINE LEARNING AND ENSEMBLE METHODS FOR
PV FORECASTING
New studies are now delving into blended strategies that
integrate several paradigms. In [17], ensemble learning
has been integrated with uncertainty quantification and
SHAP-based explainability to address multiple objectives
within a unified framework. Nevertheless, this methodology
does not encompass explicit constraint validation or agentic
reasoning phases within the forecasting mechanism.

Research into hybrid renewable energy forecasting sys-
tems [35] looks into merging diverse data sources and model-
ing strategies within containerized deployment frameworks,
confronting challenges of scalability and interoperability.

These systems illustrate the viability of intricate integration
but lack the explicit reasoning architecture and autonomous
decision-making capabilities that are posited in our research.

G. RESEARCH GAP AND POSITIONING
Table 1 summarizes the capabilities of representative
recent works across five key dimensions: agentic reasoning
architecture, proactive constraint validation, explainability-
by-design, autonomous microservices deployment, and
data-quality fallback mechanisms. As shown, existing
approaches address individual dimensions or pairs of dimen-
sions, but no prior work integrates all five within a unified
system.

The limitations of existing approaches can be grouped into
several categories, as summarized below.
• High-accuracy models without operational reliability:
Machine learning and ensemble methods [4], [11], [17]
optimize for predictive accuracy but lack explicit con-
straint validation and transparent reasoning mechanisms
required for operational deployment.

• Constraint-aware models without explicit validation
stages:
Physics-informed approaches [22], [23] embed physical
constraints during training but do not implement runtime
validation as a distinct and inspectable reasoning stage.

• Post-hoc explainability without architectural
transparency:
Explainable AI techniques [24], [25] provide explana-
tions of model outputs but do not make the forecasting
process itself transparent through architectural design.

• Multi-agent coordination without agentic forecasting
reasoning:
Multi-agent systems [19], [27], [28] employ agents
for coordination or distributed learning rather than for
structuring the forecasting reasoning process itself.

• Deployment patterns without operational agents:
Microservices architectures [29], [30] recommend scal-
able deployment patterns but do not demonstrate
autonomous forecasting agents with explicit reasoning
capabilities.

• Partial integrations without unified systems:
Some works combine two or three of these dimen-
sions [10], [27], [30] but do not achieve end-to-end

126352 VOLUME 14, 2026



L. Sakli et al.: Explainable Agentic Architecture for Multi-Site Photovoltaic Power Forecasting

TABLE 1. Comparison of related work across key dimensions. A work is considered to satisfy a given dimension only when the corresponding capability
is explicitly implemented as an operational system component, rather than implicitly addressed at the model or conceptual level.

integration of all five key characteristics within a single
operational framework.

This paper addresses this gap by proposing an explainable
agentic architecture that integrates these five dimensions into
an operational multi-site PV forecasting system.

III. FORECASTING PIPELINE
A. OVERVIEW OF THE FORECASTING PIPELINE
The forecasting pipeline adopted in this work follows a lay-
ered and modular design, intended to provide reliable short-
term photovoltaic power predictions under heterogeneous
and potentially degraded data conditions. As shown in Fig. 1,
rather than introducing novel predictive models, the pipeline
combines complementary forecasting approaches within a
unified and operationally validated structure [16]. Three
complementary predictors are employed: (i) a physics-based
predictor grounded in physical principles, (ii) an LSTM-
based sequence model designed to capture temporal depen-
dencies, and (iii) an XGBoost-based tree ensemble regressor
modeling nonlinear interactions between meteorological
variables and recent production lags.

Each predictor captures a specific aspect of photovoltaic
generation behavior. Their outputs are combined through
constrained ensemble aggregation and refined using context-
aware mechanisms. A final validation stage enforces physical
and operational consistency before forecasts are delivered to
downstream systems.

The pipeline operates at an hourly resolution and produces
forecasts over a 24-hour horizon.

B. PHYSICS-BASED COMPONENT
The physics-based component provides a physically coherent
estimate of photovoltaic power production grounded in solar
geometry and irradiance relationships. Global horizontal irra-
diance (GHI), measured on a horizontal plane, is decomposed
into its diffuse horizontal component (DHI) and the direct
normal irradiance (DNI), i.e., beam irradiance on a plane
normal to the sun rays, as:

GHI = DHI+ DNI · cos(θz), (1)

where θz denotes the solar zenith angle.

The irradiance is then projected onto the plane of the
photovoltaic array (POA) using a transposition model:

POA = POAdirect + POAdiffuse + POAreflected, (2)

where POAdirect denotes the beam component incident on
the tilted plane, POAdiffuse the sky-diffuse contribution, and
POAreflected the ground-reflected term (often linked to surface
albedo).
Rather than modeling internal electrical or thermal sub-

components, the resulting irradiance signal is mapped to a
power estimate through calibrated site-specific coefficients
that capture aggregate system behavior. This abstraction
preserves physical consistency while remaining robust under
partial or imperfect data availability.
To ensure operational continuity under degraded input

conditions, the physics-based component incorporates an
explicit fallback mechanism. When critical inputs are miss-
ing, inconsistent, or deemed unreliable, the pipeline switches
to a simplified physically grounded estimator:

Pfallback = Pnameplate

·
POA
1000

· [1− 0.004 (Tmodule − 25)] · ηsystem.

(3)

Here, Pfallback denotes the fallback power estimate, Pnameplate
is the rated PV capacity at standard test conditions (STC),
and POA is the plane-of-array irradiance incident on the
module surface. The constant 1000 is the STC reference
irradiance used to normalize POA. Tmodule is the PV
module temperature, and 25 ◦C is the STC reference
temperature; the term [1− 0.004 (Tmodule − 25)] implements
a linear temperature derating using a temperature coefficient
of 0.004 ◦C−1. Finally, ηsystem is a dimensionless aggregated
efficiency factor capturing average system-level losses.
The activation of this fallback mechanism is deterministic
and governed by explicit validity checks on the inputs,
ensuring that fallback-based predictions remain physically
plausible.
Fallback activation is explicitly reported as part of

the forecasting output, allowing downstream components
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FIGURE 1. Foundational hybrid forecasting pipeline.

to distinguish between nominal and fallback-based pre-
dictions and contributing to operational transparency and
auditability.

C. SEQUENCE-BASED LEARNING MODEL
Temporal dependencies inherent in photovoltaic generation
are primarily addressed through a sequence-based learning
framework based on recurrent neural networks. This com-
ponent focuses on modeling short-term temporal dynamics
and diurnal patterns and is trained on sliding windows
of historical data. It leverages meteorological variables,
temporal indicators, and recent production measurements
to capture sequential behavior under varying operating
conditions. Temporal features are encoded using cyclical
representations to preserve periodicity, such as:

hoursin = sin
(
2π · hour

24

)
, daycos = cos

(
2π · day
365.25

)
.

(4)

Model training relies on a weighted mean squared error
objective. Given N samples, the loss is defined as:

L =
1
N

N∑
i=1

wi(yi − ŷi)2, (5)

where yi denotes the observed PV power for sample i, ŷi
the corresponding prediction. The weights wi are assigned
during low-production periods to limit sensitivity to near-zero
outputs.

D. TREE-BASED REGRESSION MODEL
A tree-based regression model is employed to capture
nonlinear interactions between meteorological conditions,
temporal variables, and recent photovoltaic power history.
The feature set includes smoothed meteorological indicators,
daylight flags, interaction terms, and lagged power values.

Themodel is trained using a regularized objective function:

L(φ) =
∑
i

l(yi, ŷi)+
∑
k

�(fk ), (6)

where regularization terms control model complexity
and support generalization under heterogeneous operating
conditions.

E. ENSEMBLE AGGREGATION AND CONTEXT-AWARE
REFINEMENT
Outputs from the individual predictors are combined using a
constrained weighted aggregation scheme:

ŷens =
∑
m

wmpm, (7)

subject to:

wm ≥ −0.5,
∑
m

wm > 0. (8)

These constraints prevent dominance by a single predictor
while allowing limited corrective contributions to compen-
sate for systematic biases. A subsequent refinement stage
incorporates contextual information to adapt aggregation
behavior across temporal and meteorological conditions
without explicit data segmentation.

F. VALIDATION AND CONSISTENCY ENFORCEMENT
To ensure operational usability, aggregated forecasts are
subjected to a final validation stage enforcing physical and
operational constraints. Predicted power values are bounded
by nominal system capacity according to:

ŷfinal = min(ŷens, α · Pnameplate), (9)

where α is a safety factor.
Day–night consistency is enforced by setting predicted

power to zero when solar elevation is non-positive.
Model-level outliers are constrained using statistical bounds
derived from historical behavior.
Through this combination of physical modeling, data-

driven learning, constrained aggregation, explicit fallback
handling, and deterministic validation rules, the forecasting
pipeline provides a stable and inspectable prediction back-
bone. However, it does not, by itself, define how predictions
are validated, contextualized, or operationally exposed within
an industrial environment.

IV. REASONING-ORIENTED FORECASTING AND BUILT-IN
EXPLAINABILITY
This section introduces the reasoning-oriented methodology
adopted in this work, which structures an existing forecasting
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pipeline into an explicit, inspectable, and deterministic
reasoning process.

The workflow corresponds to a functional decomposition
of the forecasting pipeline into five reasoning stages. Each
stage relies on established classes of methods commonly used
in time-series forecasting, physical modeling, and constraint-
based validation, together forming a coherent reasoning
structure suitable for industrial deployment and directly
mappable to software services within a microservices-based
architecture (Fig. 2).

A. SCOPE AND MOTIVATION
In operational PV systems, forecasts are consumed as part
of broader monitoring, planning, and energy management
workflows, where downstream use depends on assessing
forecast validity and propagating reliability indicators to
subsequent systems.

In this work, reasoning-oriented forecasting refers to the
explicit structuring of forecasting activities into well-defined
stages governed by physical and operational constraints.
This perspective enables transparent handling of forecast
generation, validation, and delivery within deterministic and
auditable industrial processes, without relying on post-hoc
explanation techniques.

B. FORECASTING UNIT ARCHITECTURE
The system is organized around a site-level forecasting unit
that encapsulates the forecasting pipeline together with its
associated reasoning stages. Each photovoltaic installation
operates an independent instance of this unit, which processes
local data streams while following an identical reasoning
structure across sites.

This organization ensures consistent forecasting behavior,
validation logic, and explainability across heterogeneous
installations. It also allows site-specific data characteristics to
be handled locally. The FU serves as a self-contained, deploy-
able building block that integrates predictive computation,
validation mechanisms, and explanatory outputs.

C. PERCEPTION
At the perception stage, each installation contributes its
historical power measurements, meteorological variables,
and temporal context, which are assembled into the feature
representation used downstream.

Time variables receive a cyclical encoding so that diurnal
and seasonal periodicity is retained, and the inputs undergo
integrity controls covering missing values, inconsistent
timestamps, and the delimitation of nighttime intervals. The
feature set produced in this manner constitutes the input to
inference.

D. INFERENCE
Inference executes, for the installation under consideration,
the hybrid ensemble pipeline of Section III. The physics-
based estimator, the sequence model, and the tree-based
regressor are combined through constrained aggregation,

after which a stacking mechanism reweights each contri-
bution according to the temporal context, the site-specific
characteristics, and the prevailing data quality. What emerges
is a preliminary power forecast, informed jointly by physical
reasoning and data-driven temporal patterns, that has not yet
been subjected to operational validation.

E. VALIDATION
Although validation follows inference in the execution
order, it is architecturally proactive: it constitutes a distinct,
explicitly formalized stage that every forecast traverses
before release. Each inferred output is examined against
the physical and operational constraints relevant to photo-
voltaic systems, with deterministic rules enforcing domain
consistency through three controls: zero production outside
daylight, an upper bound tied to nominal capacity, and
the flagging of anomalous values. Whenever a constraint
is breached, the corrective action and an accompanying
validation indicator are recorded, and these indicators
travel with the forecast to downstream components so
that corrected or constrained predictions remain transparent
in operation.

F. EXPLANATION
Explainability in the proposed framework is achieved by
architectural design through explicit separation and inspec-
tion of reasoning stages. The objective is not to explain
how a specific model computes its output but to make the
forecasting process itself explicit, auditable, and traceable
through well-defined reasoning stages and deterministic
validation mechanisms.

In particular, the system explicitly reports:
• the activation of validation rules,
• the application of corrective constraints,
• and the triggering of fallback estimators under degraded
input conditions.

In addition to predictive accuracy, the system enables
explicit monitoring of operational reasoning behavior. During
the evaluation period, validation rules and fallback mecha-
nisms were automatically stored as part of the forecasting
process. These records allow operators to quantify how
often forecasts are corrected or generated under degraded
input conditions, providing an additional layer of operational
insight beyond traditional accuracy metrics. For example,
whenever a fallback mechanism is activated, a structured
explanation is stored together with the forecast, explicitly
indicating the reason for this activation (e.g., missing or
inconsistent meteorological inputs).

G. ACTION
At the action stage, the validated forecast is released to its
consumers, accompanied by the indicators and explanations
produced upstream. Recipients may includemonitoring dash-
boards, energy management systems, or decision-support
tools. Because each forecast carries its contextual and valida-
tion information, this stage enables informed operational use
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Algorithm 1 Reasoning-Oriented Forecasting Process
Require: PV site s, horizon H , reference time t
Ensure: Forecast P̂, validation status V , explanation E
1: Perception: acquire data and construct feature set. X
2: Inference: generate raw forecast P̂raw from X
3: Validation: check P̂raw against operational constraints
4: if constraints satisfied then
5: P̂← P̂raw; V ← compliant
6: else
7: apply correction or fallback; P̂ ← corrected; V ←

corrected
8: end if
9: Explanation: construct explanation artifact E
10: Action: deliver P̂, V , E and persist decision artifacts
11: return P̂,V, E

while keeping predictive analytics distinct from the decision-
making that builds upon it.

H. MULTI-SITE REASONING CONSISTENCY
In multi-site deployments, each photovoltaic installation
operates an independent forecasting unit instance. While
training and inference are performed on site-specific data, the
forecasting pipeline, reasoning stages, and validation logic
remain identical across installations.

This organization supports scalable deployment across
geographically distributed assets. It preserves consistency in
forecasting behavior, explainability, and operational seman-
tics across sites.

While the workflow illustrated within each forecasting
unit in Fig. 2 provides a functional decomposition of the
reasoning-oriented forecasting process, Algorithm 1 explic-
itly formalizes the deterministic operational loop executed
by each forecasting unit. This formalization specifies the
sequential execution of perception, context-aware inference,
validation, explanation, and action stages, together with the
handling of constraint violations and fallback conditions in
an auditable manner.

V. SYSTEM ARCHITECTURE AND MICROSERVICES
DEPLOYMENT
This section describes the system architecture supporting
the proposed agentic forecasting methodology as shown
in Fig. 2. The objective is to operationalize the forecasting
and reasoning pipeline described in Sections III and IVwithin
a scalable and modular software architecture suitable for
industrial photovoltaic deployments.

A. ARCHITECTURAL OVERVIEW
The proposed system follows a cloud-centric, microservices-
based architecture designed to support multi-site photovoltaic
forecasting. Within each site, multiple photovoltaic instal-
lations may be present. Each installation is associated
with an independent autonomous Forecasting Unit, which

encapsulates the forecasting pipeline and reasoning stages
described previously. All FUs share the same forecasting
structure and configuration. They operate autonomously on
site-specific data streams.

A centralized cloud infrastructure provides shared ser-
vices, including data storage, orchestration, and monitoring.
Site-level autonomy is preserved for forecasting and
validation. This design enables scalable deployment across
geographically distributed assets without introducing inter-
site dependencies.

B. DATA MANAGEMENT AND INGESTION
Operational data generated at each photovoltaic site are
ingested into a centralized data lake hosted in the cloud.
The data lake stores historical power measurements, mete-
orological inputs, and contextual information required for
forecasting. Each FU retrieves the relevant data correspond-
ing to its site and installation, ensuring data isolation and
consistency.

Data ingestion and preprocessing are implemented as
dedicated microservices, allowing independent scaling and
maintenance. This separation supports robustness against
data quality issues and facilitates integration with heteroge-
neous data sources.

C. AUTONOMOUS FORECASTING UNIT AS A
MICROSERVICE
Each FU is deployed as an independent microservice
responsible for executing the complete agentic reasoning
loop, including perception, inference, validation, explanation,
and action. The FU exposes well-defined interfaces for
receiving input data and delivering forecasts together with
associated indicators.

By encapsulating forecasting logic within a microservice,
the system enables flexible deployment, fault isolation, and
independent lifecycle management. This design also allows
multiple FUs to run concurrently for different installations
using the same underlying models.

D. MULTI-SITE DEPLOYMENT STRATEGY
In a multi-site context, the same forecasting and reasoning
pipeline is instantiated independently for each photovoltaic
installation. Training and inference are performed on a
per-site basis, reflecting local characteristics and data distri-
butions, even though the model architecture remains identical
across sites.

This strategy avoids cross-site interference and preserves
consistency in forecasting behavior and explainability. It also
facilitates incremental onboarding of new sites without
requiring system-wide retraining or reconfiguration. Table 2
reports the predictive performance of the forecasting pipeline
for two photovoltaic sites located in different geographical
regions. The same hybrid ensemble model and training
procedure are applied independently at each installation, and
performance is evaluated using the standard accuracy metrics
adopted in prior work. This comparison aims to assess the
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FIGURE 2. System architecture and microservices deployment.

robustness and consistency of the forecasting pipeline under
heterogeneous climatic and operational conditions rather than
to derive site-specific optimizations.

E. INTEGRATION WITH OPERATIONAL SYSTEMS
Validated forecasts and their associated indicators are deliv-
ered by the FUs to downstream operational systems, such
as monitoring dashboards and energy management plat-
forms. Themicroservices architecture supports asynchronous
communication, ensuring that forecasting services remain
decoupled from consumption and visualization layers.

This integration enables operational stakeholders to access
forecasts enriched with validation and explanation artifacts,
supporting informed decision-making without requiring
direct interaction with predictive models.

F. ARCHITECTURAL CONSIDERATIONS
The proposed architecture emphasizes modularity, scal-
ability, and transparency. By separating data ingestion,
forecasting, reasoning, and delivery into distinct services, the
system supports maintainability and extensibility. Moreover,
the explicit alignment between architectural components and
reasoning stages facilitates traceability and auditability in
industrial environments.

VI. EXPERIMENTAL EVALUATION
This section presents the experimental evaluation conducted
to assess the proposed explainable forecasting architecture
in a multi-site photovoltaic context. The objective of the
evaluation is twofold: first, to verify that the proposed system
preserves the predictive performance of the underlying
forecasting pipeline when deployed across multiple sites;

second, to illustrate the operational benefits introduced by
the explicit reasoning structure and built-in explainability
mechanisms.

A. EXPERIMENTAL SETUP
The experimental evaluation is performed on real-world
industrial photovoltaic installations located in different geo-
graphical regions. It includes two installations in Gökçeada,
Turkey (TR-1 and TR-2), and one installation in Formentera,
Spain (ES-1).
Each installation operates independently and is associated

with its own autonomous FU, as described in Section IV.
While the architecture and reasoning workflow are identical
across all installations, model training and inference are
conducted on a per-installation basis using local historical
data. This setup reflects realistic operational conditions
and ensures that observed differences in performance are
attributable to installation-specific characteristics rather than
architectural variations.

B. DATASETS AND SITES
The datasets consist of historical photovoltaic power mea-
surements and corresponding meteorological variables col-
lected from industrial photovoltaic systems. The selected
installations exhibit heterogeneous climatic conditions, sea-
sonal patterns, and operating regimes.
Data preprocessing follows the perception stage described

in Section IV and includes temporal alignment, handling
of missing values, and cyclical encoding of time-related
features. For each installation, the dataset is divided into
training and evaluation periods using a chronological split to
reflect realistic forecasting scenarios and avoid information
leakage.
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TABLE 2. Predictive performance of the different forecasting algorithms
for each photovoltaic installation.

C. EVALUATION METRICS
Forecasting performance is evaluated using a set of com-
plementary accuracy metrics, including the root mean
square error (RMSE), the mean absolute error (MAE), the
mean absolute percentage error (MAPE), and the Pearson
correlation coefficient. Together, these metrics provide a
comprehensive view of forecasting behavior by capturing not
only error magnitude and relative deviation but also robust-
ness across installations with different nominal capacities
and the degree of temporal agreement between predicted and
observed power outputs.

It is noted that MAPE may exhibit high values dur-
ing near-zero production periods, where percentage-based
errors are known to be unstable; RMSE and correlation
are therefore considered primary indicators of predictive
behavior.

All metrics are computed independently for each instal-
lation to preserve installation-level variability and avoid
aggregation effects that could mask site-specific behavior.

Table 2 reports the predictive performance of the physics-
based model, the data-driven predictors, and the ensemble
approach for each installation separately. By avoiding
site-level aggregation, this evaluation protocol preserves
installation-specific behavior and highlights both inter-site
and intra-site variability. Across all three installations, the
ensemble model exhibits the most stable overall performance
on average, confirming its ability to leverage the complemen-
tary strengths of individual predictors under heterogeneous
operating conditions.

D. MODEL SELECTION AND OPERATIONAL BEHAVIOR
Beyond aggregated accuracy metrics, the proposed system
explicitly compares the outputs of multiple forecasting
algorithms at runtime, including physics-based models,
data-driven predictors, and the ensemble approach. This
comparison enables the identification of the best-performing
model for each installation over the evaluation horizon.

This selection is reported for analysis purposes and is
not intended to define a universally optimal forecasting
strategy. Instead, it illustrates how the agentic system exposes
model-level performance information to support operational
assessment. For each installation and time period, the system

TABLE 3. Best performing forecasting algorithm for each photovoltaic
installation.

provides both a robust ensemble forecast and an indication
of the best-performing individual model, allowing opera-
tional stakeholders to choose between robustness-oriented
ensemble predictions and context-specific high-performance
models. Table 3 summarizes the selected algorithm for each
installation together with its associated performance metrics.
The results show that while the ensemble model is

selected for multiple installations, alternative predictors
may outperform it under specific operating conditions.
This behavior highlights the relevance of exposing model
selection outcomes in an agent-oriented forecasting system,
enabling interpretability and traceability without modifying
the underlying predictive models.
The operational behavior of the architecture is further

reflected in the activation rates of its validation and fallback
mechanisms over the evaluation horizon. Validation rules
were triggered for 9.4% of forecasts, enforcing physical con-
sistency and filtering anomalous predictions. The physics-
based fallback estimator was activated for 0.75% of forecasts,
corresponding to situations in which real production data
were unavailable.

E. CASE STUDIES AND QUALITATIVE ANALYSIS
To complement the quantitative evaluation, representative
case studies are presented to qualitatively analyze the
behavior of the forecasting system under different operating
conditions. These examples are illustrative rather than
statistically exhaustive and are intended to highlight temporal
dynamics, model-specific biases, and ensemble behavior in
realistic scenarios.
Figure 3 presents a representative two-day forecasting

example for a Turkish photovoltaic installation, illustrating
the behavior of the different predictive models and the
ensemble approach. The physics-based model, the data-
driven predictors (XGBoost and LSTM), and the ensemble
forecast are shown together to highlight their respective
temporal dynamics.
During daytime periods, noticeable differences can be

observed among individual models, particularly around peak
production, reflecting their distinct modeling assumptions
and sensitivities. In contrast, the ensemble forecast exhibits a
more stable and balanced behavior, lying between individual
predictions.
Importantly, the absence of positive power predictions

during nighttime periods confirms the effective application of
validation rules enforcing physical consistency. By exposing
both individual model outputs and the ensemble forecast, the
system enables transparent assessment of model behavior and
supports informed operational decision-making.
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FIGURE 3. Measured and forecasted photovoltaic power for Turkish
site TR-2.

VII. DISCUSSION AND LIMITATIONS
The experimental evaluation confirms that the proposed
explainable forecasting architecture can successfully embed
a validated hybrid forecasting pipeline within a multi-
installation operational context. This work’s primary value is
in structuring PV forecasting as an explicit and inspectable
process, supporting transparency, traceability, and integration
into operations.

The results highlight that no single forecasting algorithm
consistently outperforms others across all installations and
operating conditions. This observation reinforces the rele-
vance of exposing model-level behavior and performance
variability, rather than enforcing a unique forecasting
strategy. By delivering both a reliable combined forecast and
clear identification of the top-performing individual models,
the system enables well-informed operational decisions while
maintaining human supervision.

Beyond predictive accuracy, the system demonstrates
reasoning-oriented operational behavior through determin-
istic validation mechanisms and explicit communication
of forecast status. The enforcement of physical consis-
tency rules and the activation of fallback estimators under
degraded data conditions are not treated as post-processing
steps but as explicit and traceable architectural actions
reported to downstream systems together with their under-
lying causes. This design choice directly addresses indus-
trial requirements for auditability and trust in forecasting
systems.

Several limitations of the proposed approach should be
acknowledged. First, the reasoningmechanisms implemented
in this work are deterministic and rule-based and do not
involve adaptive learning or autonomous decision-making.
Second, while we report aggregate activation rates for vali-
dation and fallback, the current evaluation does not provide
a detailed quantitative analysis of per-rule and site-wise
activation patterns, nor their marginal impact under heteroge-
neous operating conditions. The evaluation likewise does not
characterize computational overhead, runtime performance,
or the behavior of the architecture under a large number
of concurrently deployed Forecasting Units. Future work
will complement these results with dedicated per-rule and
site-wise analyses and with a quantitative characterization

of runtime performance and deployment scalability. Finally,
while the experimental results are illustrated using a subset
of representative installations, the proposed architecture was
evaluated in a multi-site operational context. The selected
sites are presented to illustrate heterogeneous operating
conditions rather than to exhaustively characterize large-scale
photovoltaic portfolios.
As a direction for future work, a natural extension of the

proposed architecture is to integrate probabilistic uncertainty
metrics alongside point forecasts. Forecasting Units could
output prediction intervals (e.g., via quantile regression,
conformal prediction, or ensemble-based uncertainty esti-
mates) while preserving the deterministic reasoning loop.
These uncertainty estimates can be logged and reported in
the explanation stage to support risk-aware operation, for
instance, by triggering conservative actions or fallbacks when
uncertainty is high. Future evaluations could complement
RMSE/MAE with calibration and coverage metrics to assess
operational reliability under uncertainty.

VIII. CONCLUSION
This paper proposed an agentic architectural framework
for multi-site photovoltaic power forecasting that addresses
operational requirements often overlooked by accuracy-
driven approaches. The proposed architecture structures
forecasting as an explicit reasoning process composed of
perception, inference, validation, explanation, and action
stages.
The motivation for this work arises from the observation

that high predictive accuracy alone is insufficient for
industrial deployment. Operational forecasting systems must
ensure physical validity under imperfect data conditions, pro-
vide transparent and traceable decision processes, and operate
autonomously across geographically distributed installations.
These requirements cannot be reliably addressed through
algorithmic optimization alone.
The proposed architecture addresses these challenges

through explicit architectural design choices. Physical con-
straints are enforced as validation rules within the reasoning
process, ensuring that forecasts remain physically coherent
before operational use. Explainability is achieved by design
through the explicit separation of reasoning stages and
the systematic reporting of validation actions and fallback
activations. Each photovoltaic installation is managed by an
autonomous Forecasting Unit deployed as a microservice,
enabling decentralized operation while preserving consis-
tency across sites.
Experimental evaluation on operational photovoltaic sys-

tems showed that this architectural approach preserves the
predictive performance of a validated hybrid forecasting
pipeline while ensuring physical consistency and traceable
decision paths. By orchestrating physical and data-driven
models within a transparent ensemble framework, the sys-
tem supports robust forecasting under heterogeneous data
quality conditions without relying on a single predictive
model.
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Several limitations remain. As noted, the reasoning
remains deterministic and rule-based, and the computational
cost of the staged process has not been characterized.

Overall, this work highlights architectural design as a first-
class concern in operational forecasting systems. Treating
forecasting as an explicit and inspectable reasoning process
provides a practical foundation for trustworthy deployment
in industrial photovoltaic applications. The architectural
principles presented here may be extended to other renewable
energy forecasting contexts where reliability, transparency,
and autonomous operation are essential.
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