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Abstract
In energy-constrained environments where edge devices operate on
intermittent renewable sources, maintaining continuous AI model
training poses significant challenges. This work evaluates two mi-
gration strategies, reactive and proactive, for preserving computa-
tional progress during power interruptions. The reactive strategy
relies on centralized heartbeat monitoring to trigger checkpoint
transfers, while the proactive strategy enables devices to offload
state or data based on local energy thresholds. To improve reliability
and efficiency, load balancing is applied to distribute computation
across available devices, and battery buffering is integrated to sta-
bilize power supply.

Extensive simulation results based on real-world data demon-
strate that load balancing increases the migration success rate to
96% in the reactive setting and reduces migration frequency by
39-45% in the proactive scenario. Battery integration yields the
most substantial improvement, reducing total proactive migrations
by approximately 96% and limiting reactive migrations to just two.
These findings highlight the effectiveness of adaptive migration
and power-aware strategies in enabling robust, uninterrupted Edge
AI training under intermittent energy availability.

CCS Concepts
• Computer systems organization→ Fault-tolerant network
topologies; • Computing methodologies → Distributed com-
puting methodologies; Cooperation and coordination; Simu-
lation evaluation; • Hardware→ Power and energy.
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1 Introduction
In remote and isolated regions without access to a power grid, small
edge devices play a crucial role in monitoring and data collection
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[9]. These devices must operate on harvested energy from sources
like solar or wind [10], [28]. However, unpredictable weather can
disrupt energy availability, causing devices to experience frequent
power outages. Beyond data collection, these devices face the added
challenge of training lightweight AI models on-site to process and
analyse the gathered data and to perform predictions on trained AI
models [31]. Furthermore, offloading to a central facility needs to
be replaced by on-device training, as the network connectivity is
unreliable and the bandwidth is limited in rural areas [4]. Moreover,
the limited and unreliable energy supply creates another major
challenge for both model training and data transmission between
devices [29]. The problem of maintaining AI model training con-
tinuity during power interruptions requires novel approaches to
computation state management [25]. Traditional checkpoint-based
methods are insufficient when power failures occur frequently
and unpredictably. Moreover, the distributed nature of edge de-
ployments introduces additional complexity in coordinating model
training across multiple devices with varying energy availability
patterns. When an edge device faces imminent power failure, the
computational state of ongoingAImodel trainingmust be preserved
to avoid losing progress. This necessitates migration strategies that
can transfer computation states, trained model parameters, and
accumulated training data to other devices or systems that have
sufficient energy reserves [30]. The challenge lies in developing
efficient migration mechanisms that minimize energy consumption
during the transfer process while ensuring seamless continuation
of AI model training. Moreover, migration strategies in intermit-
tent computing environments must predict power failures, identify
suitable target devices, minimize migration overhead to conserve
energy, and ensure migrated AI models maintain accuracy and
learning effectiveness.

This work addresses the problem of enabling continuous AI
model training in energy-harvested edge devices through effective
migration strategies, and the following are the main contributions
of this work.

(1) Comparative study of migration strategies for Edge AI under
intermittent power.

(2) Optimization mechanisms that improve migration behavior.
(3) An energy-harvesting-driven simulation framework for Edge

AI training.

The rest of this paper is organized as follows. In Section 2, we review
the literature related to the topic, followed by the declaration of
the migration strategies proposed in Section 3. The Experimental
Setup is described in Section 4, the Evaluation of the results is done
in Section 5, and Section 6 concludes the work.

https://orcid.org/0009-0005-0382-2573
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2 Related Work
To address migration challenges in intermittent Edge AI environ-
ments, recent research has explored strategies for optimizing both
AI model training and data transmission. Developing intermittent
devices brings several hurdles, for instance erratic runtimes and
volatile memory states caused by unpredictable power outages [16].
In intermittent computing settings, edge devices are predominantly
powered via energy harvesting [14]. A diverse array of harvesting
techniques, e.g. solar, acoustic, radio-frequency, wind, thermal, me-
chanical and chemical, has been explored to sustain operation under
erratic power input [3]. Notably, pairing solar and wind harvesters
with supercapacitors has emerged as a particularly promising so-
lution for delivering stable power in rural edge deployments [24]
[11]. However, energy harvesting introduces several challenges,
such as hardware profiling, energy-aware testing of edge devices,
and adapting devices for deployment in uncontrolled environments
[8]. Lee and Chang [15] address one aspect of this by boosting
harvested energy by 8% without relying on batteries or other con-
verters. Several studies focused on power-management schemes
to maximize throughput. Akunov et al. [2] proposed an power
optimized computation strategy called TETRA (Three Threshold
Tracker), which enables an edge device to remain in a volatile state
of computation, even when the energy harvester fails to supply
sufficient energy for computation on the AI model. In a related
effort to maximize the computational throughput of edge devices,
Luo et al. [17] introduced an offline optimal computing power man-
agement strategy that leverages a battery in conjunction with a
solar energy harvester. Their findings indicate that determining
the optimal battery capacity and the appropriate size of the en-
ergy harvester for effective charging represents an optimization
problem. Beyond traditional harvesters, research on Neuromorphic
Edge AI shows that event-driven neuromorphic hardware can oper-
ate under minimal energy conditions [4]. This enables computing
lightweight AI tasks even with unpredictable power availability.
However, maintaining the relevance of locally trained models in
diverse microclimates presents a challenge when data contexts vary
across regions [13]. Not just energy harvesting, research also has ex-
plored offloading strategies to maximize throughput in intermittent
Edge AI environments.

Research on fault-tolerant edge offloading frameworks provide
strategies, using Support Vector Regression (SVR) to predict of-
floading decisions and try to optimize resource use [33]. Aral and
Brandic [5] introduced a DBN-based modeling framework that
uncovers correlated failures from common causes and learns de-
pendency patterns in edge-computing systems. Building on this
work, Zilic et al. [32] then developed EFPO, a failure-predictive,
energy-efficient offloading framework. Recent work has also dis-
tilled key criteria for crafting efficient migration frameworks for
general applications [1]. Offloading delivers the greatest benefit
when workloads demand substantial computation but involve rela-
tively small data sizes, since constrained compute resources reduce
the odds of successful transfers, and moving large datasets in inter-
mittent settings can drain precious energy [18]. Moreover, partial
offloading of data yields further energy savings compared to migrat-
ing entire datasets. An alternative is checkpointing, capturing an

application’s state via timer-based triggers, load/store-error detec-
tion, or voltage thresholds, and migrating that snapshot rather than
the full workload [26]. When training and migrating AI models
across resource-constrained edge devices, reducing model complex-
ity is essential [22]. Employing lightweight architectures not only
promotes offloading among heterogeneous platforms but also en-
sures hardware-agnostic operation [27]. Finally, Aslanpour et al.
[6] introduced Hedgi, a heterogeneous, serverless edge-computing
architecture tailored for AI-driven IoT deployments. By leverag-
ing a weight-tuned, multi-objective load balancing scheme, Hedgi
tackles intermittent challenges by harmonizing energy awareness
with cost efficiency. However, balancing these offloading operations
with limited power resources remains a challenge, as data trans-
mission and task re-computation can significantly impact energy
consumption.

3 Proposed Migration Strategies
To address the challenge of intermittent computing, two migration
strategies were implemented: a reactive approach and a proactive
approach. Each strategy is designed to mitigate the impact of power
fluctuations and ensure reliable data migration between devices.

3.1 Reactive Approach
Algorithm 1, the reactive approach, defines a migration strategy
in which migration only takes place when the edge devices lack
power and in which a centralized server continuously monitors
the status of the edge devices via a heartbeat request at each time
step. If a device is online and has sufficient power, it responds with
an acknowledgment and the current checkpoint of the data or AI
model, depending on the offloading strategy. If an edge device runs
out of power and fails to respond to the heartbeat request, the server
recognizes that the device is offline. In response, it tries to assign
the last available checkpoint to a partner device with sufficient
resources. When model offloading is deployed, the server selects
a running partner device based on resource constraints, such as
the number of services already assigned to it. In contrast, with
data offloading, data is assigned to any available partner device,
regardless of its current data load. If no device meets the required
criteria, the server postpones the migration and retries to re-assign
the checkpoint in the next time step.

The granularity of this strategy enhances via the controlling
of the currently available resources of the remaining, online edge
devices, like restrictions for the maximum amount of services per
device and/or the number of partner devices each edge device
gets assigned. The comparison and results of the restrictions are
highlighted in Section 5.1.

3.2 Proactive Approach
The proactive approach in Algorithm 2 describes a migration strat-
egy, in which edge devices analyse their current power supply and
if necessary initiate a migration of their model or data before run-
ning out of power. Therefore, the edge devices check their power
supply at every time step of the simulation. If the power is below a
certain threshold, the device assumes a dropping power supply for
the next time steps and initiates a migration of AI model or data.
In comparison to the reactive approach, the proactive approach
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Algorithm 1 Reactive Migration Strategy
1: //Edge Device (ED) Logic
2: for each ED do
3: update current power
4: update current state
5: if device running then
6: measure data via sensors
7: end if
8: for each service of the ED do
9: if not offloading then
10: train AI model
11: else
12: stop AI model
13: end if
14: end for
15: end for

16: //Server Logic
17: for each ED do
18: get heartbeat
19: if heartbeat == false and model/data ≠ empty then
20: if ED has available partner ED then
21: if partner ED meets max_services restriction then
22: assign checkpoint to partner ED
23: end if
24: end if
25: end if
26: end for

migrates the model/data as a whole, rather than just a checkpoint.
Therefore, the payload of the migration is much higher and the
migration needs a couple of time steps to complete entirely. After a
successful finished migration, the server holds the model/data and
tries to find another device, which meets certain running criteria, to
assign the model/data to it. If the migration from an edge device to
the server fails, then the model/data resume residing on the device.
If the device gets enough power in the future then it will continue
running the model and collecting data.

Now, the question arises if an edge device is eligible initiating
the migration to the server or not, which is covered as a comparison
of ’True-Offloading vs. False-Offloading’ in the results in Section
5.2.

3.3 Optimization Strategies
To further improve the proposed migration strategies, the following
optimization strategies are implemented.

3.3.1 Load Balancing. A Load Balancing (LB) service on the cen-
tralized server activates when AI model offloading is used. The LB
distributes migrated checkpoints or models across edge devices
with available computing capacity. The device reserve is calculated
as the difference between CPU cores and currently running services,
which one core reserved for the operating system, communication
and measurements. If the reserve is greater than 0, the LB assigns
additional models until reaching full utilization, meaning reserve is
0. This strategy prevents reactive devices from being overloaded

Algorithm 2 Proactive Migration Strategy
1: //Edge Device (ED) Logic
2: for each ED do
3: update current power
4: update current state
5: if device running then
6: measure data via sensors
7: end if
8: for each service of the ED do
9: if not offloading then
10: train AI model
11: else
12: stop AI model
13: end if
14: if current power < threshold and no migration then
15: initiate migration to server
16: end if
17: end for
18: end for

19: //Server Logic
20: if Server has service(s) then
21: if any ED online and ED has no service then
22: if ED has no migration then
23: initiate migration to ED
24: end if
25: end if
26: end if

with AI models while ensuring proactive devices utilize available
processing power. Moreover, LB aims to increase the model pro-
gram counters by reducing total migrations and accelerating overall
training.

3.3.2 Battery. To reduce the total migrations and gain partial re-
silience against intermittent power availability, a battery is inte-
grated into each edge device. The battery is placed between the
energy harvester and the edge device, such that the energy har-
vester charges the battery, while the battery continuously powers
the edge device through a stable discharge. The battery model incor-
porates real-world constraints including charging efficiency, initial
state of charge, and maximum depth of discharge to prevent long-
term battery damage. The battery size is configured by its capacity,
[𝑄] = 𝐴ℎ, and voltage, [𝑈 ] = 𝑉 . Energy consumption is simulated
using a constant power parameter representing continuous device
demand during operation.

4 Experimental Setup
4.1 Overview
To realize an accurate simulation1, the simulation framework Ed-
geSimPy [23] is chosen. EdgeSimPy is a Python-based modelling and
simulation framework that focusses on edge computing resource
management policies, provides a wide range of abstracted edge

1https://github.com/hengsti/EdgeAI_MigrationStrategies

https://github.com/hengsti/EdgeAI_MigrationStrategies
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computing components, and collects the state of the simulation at
every time step.

4.2 Topology and Devices
The base of the simulation is a topology to model the environment.
Therefore, 10 Base Stations are defined, on which every Base Station
is residing one device. Next, a server is instantiated on a Base Station
to play a central role in the simulation, and it resides at a location,
with a constant power supply. To complete the physical components
of the simulation, 9 edge devices are defined. The edge devices
are Raspberry Pi-5 (RPI5), a cheap single-board computer with
enough computing power to run lightweight AI models on it [12].
Moreover, the RPI5s collect measurements, here temperature, over
an external sensor, which builds up the data source to train and run
the AI models for local weather prediction models [27]. In addition,
each edge device operates two energy harvesting modules, 1 solar
panel and 1 wind turbine. All devices, server and edge devices,
communicate over an always available LoRaWAN (Long Range
Wide Area Network), which is a low-power networking protocol
and fits well in an intermittent computing setting [19], [20].

4.3 Energy Model
The energy supply for edge devices and real-world behavior of
energy harvesting devices was simulated using the Photovoltaic (PV)
Solar Panel Energy Generation Data (UK Power Networks) dataset
[7], and consists of 69,480 rows of weather data collected in London
from November 2013 to November 2014. It contains 38 columns
of various measurements, recorded every 30 minutes across five
locations in the city. For the simulation, the columns "WindSpeed"
and "SolarEnergy" are used as the data source for energy harvesting.
These renewable energy resources come with the advantage that
they are minimal inversive for rural environments and have low
operational costs in a real world scenario [21]. The edge devices
in the simulation are equipped with a 0.5 m2 solar panel and a
small wind turbine. The wind speed (measured in m/s) and solar
energy (measured in Langley) needs to be converted to Watts. Two
conversion formulas are applied to transform the energy data into
the appropriate units. Converting Solar Energy, [𝐸solar] = 𝐿𝑦, to
Solar Power, [𝑃solar] =𝑊 , for a 0.5 m2 large solar panel:

𝑃solar = 𝐸solar · 11.622 ·
1
30

· 60 · 0.5 = 𝐸solar · 11.622 (1)

Converting Wind Speed, [𝑣] = 𝑚
𝑠 , to Wind Power, [𝑃wind] = 𝑊 ,

for a small wind turbine with a swept area of 0.5 m2:

𝑃wind = 0.5 · 𝜌 · 𝐴 · 𝑣3 ·𝐶𝑝 · 𝜂 (2)

where:

𝜌 = 1.225, kg/m3 (air density), 𝐴 = 0.5m2

𝐶𝑝 = 0.35 (Power Coefficient), 𝜂 = 0.9 (Generator Efficiency)
The simulation transforms the sequential weather data into a sim-
ulated weather model and assigns each device its own harvesting
instance.

4.4 Measurements and AI models
Devices collect data from a simulated temperature sensor during
operation when no migration is active. Each AI model maintains a

state and program counter at every time step, transitioning to the
prediction phase after completing training.

4.5 Offloading Strategies
To face the restrictions of intermittent computing in an edge com-
puting setting, different offloading possibilities are created. Data
offloading describes the option to migrate the collected measure-
ments to another nearby edge device. Model offloading describes
the migration of the AI model from one device to another device.

4.6 Migration Strategies
In addition to the proposed migration strategies, an oracle approach
is implemented as a theoretical benchmark, generating and assign-
ing checkpoints like the reactive strategy in Algorithm 1, but with-
out limitations on concurrent services or partner devices. It guaran-
tees success as long as one device remains operational, providing
an idealized comparison for evaluating the reactive and proactive
strategies.

5 Evaluation and Results
The following results were obtained from 69 simulation runs, each
spanning 1000 timesteps and using the production topology. To start
of, Figure 1 illustrates the Migration Success Rate (MSR, equation
3) for data and model offloading. For data offloading, the oracle
strategy achieves a flawless MSR of 100%. In contrast, the proactive
strategy, which relies on local power threshold estimation, reaches
only 53.6% at 25 W and drops further to 48.4% at 15 W. The reactive
strategy with four or more partner devices also achieves a perfect
MSR, showing that such a configuration can match oracle-level
reliability under favorable conditions.

MSR =
𝑀succ
𝑀tot

(3)
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Figure 1: Migration Success Rate Comparison for Data and
Model Offloading across Strategies

A similar trend can be observed in the results for model offload-
ing in Figure 1. Here, the oracle approach once again reaches 100%
MSR. The reactive strategy, when configured with four partner
devices and a five-model service limit, achieves 90.5%. This config-
uration shows strong performance, though it still falls short of the
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oracle level. The proactive strategy yields lower success rates, with
64.5% at 25 W and 53.9% at 15 W. These results highlight the inher-
ent limitations of decentralized, threshold-based decision-making
when compared to the coordinated control offered by the oracle
strategy. In both data and model offloading, the oracle strategy pro-
vides a valuable upper bound for evaluating the migration success
of practical strategies. While the reactive strategy approaches this
bound under specific conditions, the proactive approach exhibits
a clear drop in reliability, especially under lower power thresh-
olds. This confirms that proactive migrations require additional
optimization to close the MSR gap.

5.1 Reactive Approach
5.1.1 Data vs Model Offloading: optimal number of partner devices.
The evaluation of the reactive strategy reveals a strong dependency
between the number of assigned partner devices and the migration
success rate. As shown in Figure 2a, configurations with fewer than
4 partners yield noticeably lower success rates. For example, the
simulation with only two partners reaches a success rate of just
71.77% for the data, and 51.46% for the model offloading. In contrast,
from 4 partner devices onward, the system achieves a 100% success
rate for data offloading. Further increasing the partner devices to
5 and more, data and model offloading gain a 100% success rate.
This behavior can be attributed to the volatile energy availability
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Figure 2: a) MSR for Data Offloading vs. Model Offloading
(5 AI models), b) MSR for varying AI models and 4 Partner
Devices, c) MSR for varying AI models and Partner Devices

across edge devices. If all assigned partners are temporarily offline,
the server cannot complete the migration and must retry in the
next simulation step. With an increasing number of partner devices,
the chance that at least one of them is online rises significantly.
A critical threshold is observed at 4 partners for data, and 5 part-
ner for model offloading, where redundancy becomes sufficient to
consistently guarantee successful migrations.

5.1.2 AI Model Offloading: Max. Services per Device vs Number
of Partner Devices. Figure 2c show that the success rate of model
offloading depends heavily on both the number of partner devices
and the number of concurrent AI model services. For example,
doubling the partner devices from 3 to 6 for a configuration with
two concurrent services improves the migration success rate by

74.49%. With five services and six partners, the system reaches
100% success. Nevertheless, assigning more than three services to
an edge device leads to increased context switching and degraded
performance. As a result, the MSR from allowing more services per
device plateaus quickly. The performance limitation is illustrated in
Figure 2b, which presents success rates for different service limits
while keeping the number of partner devices fixed at 4. Although
increasing the service limit consistently improves the success rate,
failures remain possible if too many partner devices are unavailable
at the same time, and excessive context switches reduce the overall
performance in training of the AI models.

5.1.3 Load Balancing. The results with LB enabled, confirm that
load balancing leads to higher and more stable migration success
rates. Especially for configurations with 4 to 6 concurrent models
per device, MSRs approach 96%. Compared to non-balanced config-
urations, load balancing shifts the point of optimal CPU usage to
lower service limits. As a result, edge devices can train models more
efficiently while reducing overhead caused by context switching
and failed migrations.

5.2 Proactive Approach
5.2.1 True-Offloading vs False-Offloading. To evaluate the behav-
ior of the proactive migration strategy, a combined analysis of true
and false migrations across both data and model offloading scenar-
ios was conducted. Figure 3 presents the results for two threshold
configurations, 25 W and 15 W. At 25 W, data offloading leads to a
relatively balanced migration pattern across devices, with slightly
more true migrations than false ones in most cases. However, with
the 15 W threshold, the number of false migrations increases no-
ticeably across the devices, highlighting a tendency toward prema-
ture offloading when devices still maintain operational potential.
A similar pattern is observed for model offloading: while the 25 W
configuration maintains a higher ratio of true migrations, the 15 W
configuration again sees a substantial rise in unnecessary migra-
tions. These results confirm that selecting an appropriate power
threshold is critical in proactive environments. A threshold that
is too conservative leads to excessive and unjustified offloading
events, increasing communication overhead and draining energy
reserves without tangible progress in model training or data pro-
cessing. The analysis also underlines that proactive migration is
inherently more sensitive to power fluctuations, if devices hover
around the threshold boundary frequently. Consequently, static
thresholds may not be sufficient for environments with highly dy-
namic energy conditions. Adaptive mechanisms or historical power
trend analysis could help improve migration timing and reduce the
proportion of false migrations.

5.2.2 Load Balancing. With LB enabled, the MSR rises to 66.7% at
25 W and 55.3% at 15 W, which improves slightly the overall migra-
tion behavior and reduces the total number of migration events, as
illustrated in Figure 4. For the 25W threshold, total migrations drop
from 231 to 140 (39% reduction), while at 15 W, migrations reduce
from 241 to 134 (45% reduction). These reductions allow devices to
spend less time on migrations and increase AI model training time.
Interestingly, the simulation using the 15 W threshold now results
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in fewer total migrations than the 25 W simulation. However, the
MSR for the 25 W threshold still outperforms that of the 15 W setup.

5.3 Battery
To evaluate the impact of a battery in combination with an en-
ergy harvester and an edge device that continuously draws power,
two different battery sizes are considered. To ensure comparabil-
ity between battery configurations, the parameters efficiency, ini-
tial_charge, and depth_of_discharge are fixed at values of 0.8, 0.5,
and 0.25, respectively.

5.3.1 13.77 Wh vs. 102 Wh Battery. The small battery with 13.77
Wh capacity (2.7 Ah at 5.1 V) can theoretically power a Raspberry
Pi 5 that draws 25 W for about 34.0 minutes. Figure 5 illustrates the
Battery State Of Charge (BSOC) for every edge device over 1000
simulation timesteps using the 13.77 Wh battery. The wave like
pattern reflects periodic solar and wind availability. In the upper
plot, the devices 3, 7, and 9 reach full charge over time, and in
the lower plot, the devices 2 and 4 experience complete power
loss, where device 2 briefly restarts but cannot remain online. The
larger 102 Wh battery extends theoretical runtime to 4.08 hours
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Figure 5: BSOCs over simulation timesteps with 13.77 Wh
Batteries

at 25W. Although harvesters cannot fully charge these batteries,
all devices remain online throughout the simulation Therefore, the
battery’s maximum capacity impacts the device availability and
enables operation during adverse weather conditions when energy
harvesters cannot collect and transform sufficient energy.

5.3.2 Proactive Strategy. Now,migrations starts at 40% BSOC,which
leaves about 15% of capacity to finish the migration. For data and
model offloading, the number of migrations drops about 95.67%
from 231 to 10 with 0 false migrations, and the load balanced model
offloading reduces the migrations about additional 1.73% to 97.40%
with 0 false migrations, using the 13.77 Wh battery.

5.3.3 Reactive Strategy. The simulations run with the "4 partner
per device"- and "max. concurrent AI models per device"-restriction,
from 2 to 9 with LB enabled and disabled. Across all configurations
and offloading strategies, only 2 successful migrations occur in
total, indicating that suitable partner devices were available. This
confirms that the total migrations can be significantly lowered,
but load balancing does not provide additional benefits. However,
the program counter of the AI models are increased by the fault-
tolerance of the edge devices.

6 Conclusion
Both, the reactive and proactive approaches aim to enhance data
and AI model offloading in dynamic, resource-constrained edge
environments. The results indicate common themes in success rates
being influenced by the number of partner devices and power avail-
ability. However, key differences arise in how migrations are initi-
ated and the types of errors encountered. For the reactive strategy,
balancing the optimal number of partner devices is crucial. A low
number results in offloading delays, while too many partners can
lead to cross-region data migrations, causing inaccurate training
of AI models. The proactive strategy faces challenges related to
minimizing unnecessary migrations triggered by frequent power
supply fluctuations, reducing the overall system efficiency. More-
over, introducing a Load Balancer in the reactive approach achieves
a 96% Migration Success Rate when reducing the maximum concur-
rent AI models per device from 6 to 4. For the proactive approach,
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load balancing reduces overall needed migrations by 39% to 45%,
enabling a significant increase in the AI models program counter.
Extending edge devices with a small battery, powered by the energy
harvester, reduces total migrations needed by approximately 96%
in proactive settings for both, AI model and data offloading, while
reactive strategy migrations reduce to 2. However, larger batter-
ies extend device lifecycle but introduce optimization challenges
between the energy harvester size and efficient battery charging
rates.

Future work should focus on developing a hybrid approach com-
bining reactive device monitoring with proactive resource alloca-
tion via dynamically adjusting power thresholds and load balancing.
Additionally, real hardware testing is needed to determine optimal
battery sizing for handling weather-induced power interruptions.
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