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Abstract

Renewable integration is increasingly important for sustainable off-grid computing. The
inherent variability of solar output frequently produces unusable midday surpluses. Lever-
aging recent Artificial Intelligence (AI) advances and established literature, we evaluate
an Al-driven demand-response framework for scaling Large Language Models (LLMs)
training servers using real-time solar energy data, Solcast forecasts, and battery storage
records collected from Battery Management Systems (BMS), Maximum Power Point Track-
ing (MPPT) units, and smart inverters. An n8n Al Agent using the Ollama chat model
gpt-oss:20b assesses surplus solar energy, activating selected servers to utilize otherwise
wasted capacity. Workloads consistently align with solar availability, demonstrating 99% op-
erational reliability, sub-second responsiveness, and accurate surplus-energy detection.
This research demonstrates how Artificial Intelligence can repurpose surplus solar output
into usable computational capacity, thereby contributing to a broader transition toward
renewable-powered infrastructures.

Keywords: sustainable computing; Al-powered demand response; solar power; renewable
energy data monitoring; artificial intelligence; AL surplus energy utilization; energy
optimization; large language models; LLMs; server scaling; n8n automation

1. Introduction

The continuous evolution of technology and drastic digitalization of everyday pro-
cesses have led to a rapid increase in computational workloads, especially when considering
high amounts of Artificial Intelligence usage. Data-intensive tasks such as LLM training
have significantly increased the energy demands of modern digital infrastructures. From
data centers and edge computing systems to distributed home-lab environments, all con-
tribute to escalating electricity consumption, raising concerns about both the environment
and operational costs. The first of these already accounted for around five percent of the
U.S. electricity usage share of 2023 [1], which is projected to multiply worldwide carbon
emissions by 8% in the coming years [2,3]. While this may seem devastating for the sus-
tainable future of the planet, advancements in renewable energy technologies such as solar
systems have at the same time created opportunities for contributing to non-polluting ways
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of meeting these high energy requirements. However, Photovoltaic (PV) technology intro-
duces some substantial challenges when it comes to power management. A persistent issue
is the occurrence of energy surplus, especially at midday, which originates when power gen-
eration and battery storage often exceed demand during these hours due to sunny weather;
this can range from minor low-impact problems such as the lack of energy exportation
and accelerated battery aging in off-grid or standalone systems installations to technical
and economic challenges of paramount importance in enterprise-level grid-connected
structures. These burdens may result in higher maintenance costs or even total failure of
the system, potentially causing power blackouts. In this case, operators face the risk of
enforcing curtailments [4], as seen in California’s grid operator, which reduced 3.4 million
MWh of renewable power in 2024 (a 29% increase from 2023), with solar energy making up
93% of the reduced output [5,6]. These limitations have motivated researchers to explore
efficient solutions from simple load-shifting techniques to Al-enhanced resource allocation.
Recent work has highlighted the ability to absorb renewable energy supply fluctuations
through flexible data center workloads, predicting short-term Photovoltaic output [7] and
performing power usage adjustments by dynamically modulating IT processes without
violating service quality [8]. Big Tech corporations such as Google also seem to follow this
model, implementing the timing of certain computing tasks to coincide with periods of
abundant renewable generation on the grid [9], leading at the same time to the reduction
of their carbon emissions. Recent developments in artificial intelligence and workflow au-
tomation present new opportunities for creating Al-enhanced decision systems to support
demand-response strategies, offering real-time adaptability and predictive reasoning based
on heterogeneous data sources in response to renewable energy conditions. Therefore, the
purpose of this study is to design an Al-enabled demand-response system that dynamically
scales computational workloads based on real-time solar energy availability, examining
the feasibility of solar power balancing in off-grid small-scale data centers with the help
of components that inherently produce rich telemetry data ideal for Al interpretation.
We introduce a practical implementation using a Tools Al Agent Node and the Ollama
gpt-0ss:20b model on the n8n automation platform. Solcast real-time photovoltaic energy
data along with battery metrics from BMS and MPPT units are processed by the agent to
determine the current operational state and available renewable energy capacity. When
surplus conditions are detected, the system autonomously activates or shuts down custom
RAM-only provisioned servers optimized for LLM execution, effectively repurposing ex-
cess solar output into computational work. The proposed framework is also applicable to
grid-connected research laboratories and home-based infrastructures seeking to maximize
renewable use.

2. Methods
2.1. System Orchestration

At the core of the system lies an automation pipeline built using n8n (v2.2.4), an
open-source low-code workflow platform configured locally as a Docker Engine (v29.1.3)
container. The pipeline executes on a scheduled basis every 30 min and includes sequential
operations for data ingestion, solar forecast querying, Al-based reasoning, and control
execution. The workflow is modular, allowing for node-specific debugging and reconfigu-
ration without disrupting the entire pipeline. Real-time system state is maintained within
n8n’s execution context, enabling adaptive logic flow.

The target server is provisioned with a custom RAM-only operating system that
is offered via network through a Preboot Execution Environment (PXE). As a stateless
implementation, all the needed configuration is provided by means of Ansible playbooks,
reforming the system’s mandatory setup. This infrastructure retains the ability to handle
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Layer 3:
Intelligent Orchestration
* Al Decision-Making

heavy computational workloads such as those required for LLM training while operating
with high reliability, superior performance, and substantially increased speed.

The overall system supports both local and distributed server orchestration and is
designed to run continuously without manual intervention. Its architecture also allows
for seamless scalability, enabling the integration of additional workflows or services as
operational requirements evolve.

2.2. Energy Infrastructure and Solar Forecasting

The system is organized into three functional layers which collect data from multiple
interconnected energy infrastructure components, as illustrated in Figure 1. Solar genera-
tion is provided by two photovoltaic arrays, each with a capacity of 3660 Wp, connected
to separate Victron SmartSolar 250/100 MPPT (Victron Energy, Almere, The Netherlands)
units that regulate the DC output. The energy storage subsystem features a 51.2 V/628 Ah
LiFePO, battery bank monitored by a Victron Smart Shunt (Victron Energy, Almere,
The Netherlands), with a Victron Lynx Power In (Victron Energy, Almere, The Netherlands)
unit installed to act as a centralized DC busbar for future scaling. Power distribution is han-
dled by a Victron Lynx Distributor (Victron Energy, Almere, The Netherlands) that serves
as the central DC interconnection point of the system, directly linking the outputs of the
MPPT charge controllers and the battery subsystem to the DC input of a Victron MultiPlus II
48/8000 inverter (Victron Energy, Almere, The Netherlands). The latter supplies AC power
to the computing infrastructure and is rated for a continuous output power of 6400 W at
25 °C, 5500 W at 40 °C, and 4000 W at 65 °C. A Victron Cerbo GX (Victron Energy, Almere,
The Netherlands) unit is explicitly integrated as the local monitoring and communication
gateway, aggregating real-time measurements from the BMS, MPPT controllers, inverter,
and Lynx distribution modules. These are made them available through the Victron Remote
Management (VRM) platform API, enabling consistent and reliable data acquisition for the
Al decision engine.
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Figure 1. Layered architecture of the proposed framework, illustrating the flow from energy monitor-
ing and BMS telemetry to Al orchestration.
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In parallel, high-resolution short-term solar forecasts are retrieved via the Solcast
APL Leveraging the “Home User” SOLAR FORECAST plan, we set our system’s location,
adjusting the necessary parameters as follows:

e Capacity AC in kW: 5 kW

e Capacity DC in kW: 8 kW

e Azimuth: 0 degrees

e  Tilt (horizontal): 30 degrees
»  Efficiency factor: 90%

As a result, forecast parameters include real-time total PV power output estimates,
shown as 30-min averages, along with forecasted data extending from the current day up
to three days ahead. This external forecast data can be accessed in JSON format, which
can be merged with live energy readings to create a comprehensive basis for predictive
decision-making.

2.3. Al Decision Engine

The core of the decision-making mechanism is implemented as a Tools Al Agent Node
configured within the n8n workflow platform. Its interface is provided by selecting a local
instance of the gpt-0ss:20b language model executed through the Ollama runtime engine
(v0.13.5), which provides the LLM API layer for the agent. Instructions are included inside
the prompt and system message, guiding the agent to access the Solcast API. The data
are filtered to today’s date, summarizing recent energy conditions and forecasting trends.
The final results are presented as two JSON objects, “surplus” and “explanation”, using
the Output Parser’s extended function. This Al decision engine calculates the possibility
of exceeding the upper limit of 80% amount of the 32 kWh battery storage, deciding the
appearance of surplus energy. In this case, the identically named object is assigned the
value “1”. If there is no adequate solar production due to bad weather conditions or if
the energy generation is likely to decline, thereby risking the battery percentage falling
below 20%, the surplus accumulation cannot be considered feasible, and a value of “0” is
assigned. It is worth mentioning that the implementation also takes into consideration
the load consumption of the 300 W server. In any case, an additional summary of the
decision is provided within the corresponding “explanation” object. The complete output
is then parsed by downstream nodes and routed to the appropriate control module. The Al
agent is also integrated with Telegram, which acts as a lightweight input/output interface
and notification service. It reports surplus energy decisions and server state actions while
supporting simple interaction with the orchestration workflow.

2.4. Server Orchestration and Control Logic

7

The most important component of the given JSON output is the value of the “surplus’
variable. Taking this into account, an algorithm is developed in a JavaScript Code node
on the n8n environment, determining the execution path of each outcome. Once the Al
agent issues power abundance, returning “1” as output, a Wake-on-LAN (WoL) magic
packet is sent to the selected MAC address, activating the ephemeral server. Since WoL
is not provided as a pre-installed software package, it was manually installed on the n8n
host machine. Conversely, a shutdown command is performed to add the essential private
key credentials when solar energy and stored battery power are regarded as insufficient.
Both operations are performed via Secure Shell (SSH) connections, established from the
n8n container to the host machine and to the activated server, respectively, after passing
through a simple “if” function unit for each case, driven by JavaScript-based forwarding
logic, as shown in Figure 2.
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Figure 2. Implementation logic and communication workflow of the Al Agent within the n8n
automation platform.

3. Results and Discussion

From data input to command execution, the end-to-end decision-making process
exhibited modest latency, primarily attributed to hardware constraints impacting Al in-
ference performance. Once the agent (including the output parser unit) is executed, the
remaining nodes occur instantly. The compact prompting format and the lightweight
nature of the “Control Logic” unit contributed to improving determinism to the extent that
was feasible within our setup, with only minor delays that are negligible in the context of a
non-commercial data center. The activated compute nodes reliably executed workloads
during surplus intervals and powered down when surplus conditions diminished. WoL
and SSH connections were established successfully in 99% of cases, demonstrating that
the system achieved its primary objective. Failure cases were limited to external factors,
namely, insufficient power supply or loss of network connectivity.

In addition, the ephemeral nature of the server cluster introduces a provisioning
latency before the activated compute nodes become fully operational. Specifically, the
PXE-based boot process required approximately one minute for the operating system to be
loaded over the network. After boot completion, software provisioning and configuration
through Ansible required an additional two to three minutes, depending on the assigned
server role and the corresponding playbook complexity. Consequently, the total activation
time from a positive surplus decision to a fully provisioned compute node was typically
in the range of three to four minutes. This delay is inherent to the stateless design of the
infrastructure, since each activated server is intentionally reconstructed at runtime rather
than maintained as a permanently configured instance.

Regarding the Al agent within the previously described end-to-end process, the
observed response time typically ranged from one to two minutes, covering telemetry
retrieval, forecast data processing, and local model reasoning. However, this duration does
not constitute a strict limitation for the examined use case, since solar surplus detection
and battery-state forecasting operate over gradual energy-variation timescales rather than
requiring instantaneous actuation. The workflow is executed at 30-min intervals, while
photovoltaic generation trends and battery state-of-charge variations evolve over substan-
tially longer time scales than the observed decision latency. Accordingly, the observed
response interval with an approximate duration of one to two minutes can be considered
acceptable for renewable-aware workload scheduling, particularly in the context of surplus
solar utilization and battery protection.

To assess decision quality, predictions from the Al agent were compared against actual
solar generation curves and system load patterns leveraged from the Victron Software,
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VRM App (v3.0.7). The model correctly identified imminent surplus conditions in the vast
majority of cases, with accurate “power-on” decisions occurring whenever the battery’s
state of charge could reach its maximum threshold due to excessive PV output. Likewise, a
comparable pattern was observed for the power-off condition, where no surplus energy
production was detected. The results are presented in Tables 1 and 2, which summarize ten
activation events for each server-scaling scenario.

Table 1. Ten consecutive runs on a sunny day.

Execution Runs Surplus_Tag Server-State Command
1 “1” WoL
2 “1” WoL
3 “1” WoL
4 “1” WoL
5 “1” WoL
6 “1” WoL
7 “1” WoL
8 “0” Poweroff
9 “1” WoL
10 “1” WoL

Table 2. Ten consecutive runs on a cloudy day.

Execution Runs Surplus_Tag Server-State Command
1 “0” Poweroff
2 “0” Poweroff
3 “0” Poweroff
4 “0” Poweroff
5 “1” WoL
6 “0” Poweroff
7 “0” Poweroff
8 “0” Poweroff
9 “0” Poweroff

10 “0” Poweroff

It should also be noted that the presented runs are intended to provide an initial
functional evaluation of the proposed workflow rather than a complete statistical character-
ization of all possible operating conditions. Although the number of runs is limited, the
results offer a useful indication of the system’s behavior under representative operating
cases. A more extensive evaluation over longer seasonal periods would be required in
order to quantify the impact of intermediate weather conditions, forecast uncertainty, and
variable computational load on the long-term decision accuracy of the system.

4. Conclusions

The presented approach offers a low-cost modular solution adaptable to both off-
grid micro-data centers and grid-connected facilities, aiming to maximize clean-energy
utilization. Across all evaluated scenarios, the proposed architecture consistently aligned
workload activation with surplus solar availability. By integrating real-time solar telemetry,
short-term photovoltaic forecasts, and intelligent decision-making through a local LLM
agent, the system successfully repurposed midday surplus energy into usable compute
capacity. Importantly, the framework operated fully autonomously, requiring no manual
intervention while maintaining stable and consistent behavior throughout extended testing.
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Beyond its technical performance, this research highlights the ability to intelligently
synchronize intensive tasks with periods of solar energy abundance. With the contribution
of Artificial Intelligence, the development of renewable-aware infrastructures constitutes
not only a dynamic load stabilization tool but also a beneficial application for computing
tasks. Future work may introduce more improved system mechanisms by using advanced
learning methods, helping the agents to make better decisions over time. Additionally, the
current study could be expanded to use a multi-server workflow with dynamic selection of
which instances to activate, prioritizing those that have not been used previously.
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The following abbreviations are used in this manuscript:

AC Alternating Current

BMS Battery Management System
DC Direct Current

LLM  Large Language Model

MPPT Maximum Power Point Tracking
1Y% Photovoltaic

PXE Preboot Execution Environment
RAM  Random Access Memory

SSH Secure Shell

VRM  Victron Remote Management
WoL Wake-on-LAN
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