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1 INTRODUCTION
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Hybrid renewable energy systems (HRES) combining photovoltaic generation, battery storage, and backup
sources are increasingly used in microgrids and remote installations. Despite improved sustainability, these
systems remain vulnerable to short-term supply interruptions caused by irradiance variability, load changes,
battery depletion, or backup unavailability. Conventional threshold-based alarms often fail to capture the
multi-factor nature of outage formation, motivating data-driven prediction approaches. This paper presents an
IoT-based monitoring and supervised learning framework for near-term outage-risk prediction in HRES. An
Arduino-based edge device collects key electrical measurements and transmits time-stamped telemetry to a
cloud platform via GSM/GPRS. Using a power-balance perspective, features are engineered to represent
system adequacy, including irradiance conditions, battery state-of-charge (SoC), depletion trends, and backup
availability. Horizon-based labeling is applied so that samples are marked as outage-risk when a failure occurs
within a defined future window, enabling early warning rather than post-event detection. Three supervised
classifiers-logistic regression, decision tree, and random forest-are trained and evaluated on a synthetic one-
year dataset sampled at five-minute intervals. Performance is assessed using accuracy, precision, recall, F1-
score, and ROC-AUC metrics. Results show that tree-based models, especially random forests, provide
stronger recall and risk ranking performance, enabling earlier detection of outage-prone conditions. The
proposed approach demonstrates that combining IoT telemetry with probabilistic prediction can support
proactive actions such as generator start, load shedding, and maintenance planning, while providing a practical
foundation for future validation using real operational data.

supply, shift or shed non-critical loads, and schedule
targeted maintenance. This paper develops an outage-
risk prediction workflow for HRES and compares

Hybrid renewable energy systems (HRES) integrate
PV generation with battery storage and a backup
source such as the grid or a generator. While this
architecture improves sustainability and can reduce
fuel usage, it also creates reliability challenges when
renewable output drops, loads rise, or the backup
source becomes unavailable. In practice, outages
often occur from a combination of factors rather than
a single threshold.

Low-cost IoT sensing makes continuous
monitoring feasible, and machine learning offers a
way to turn logged telemetry into actionable
predictions. Instead of reacting after a failure,
operators can use early warning to start backup
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common supervised classifiers using a consistent
labeling strategy and evaluation protocol.

Related work and motivation. Power outage
prediction in microgrids and hybrid renewable energy
systems (HRES) has been approached from both
reliability-based ~ modeling and  data-driven
forecasting. Reliability and adequacy studies provide
useful long-horizon risk estimates and planning
indicators, but operational early warning remains
challenging because outages often arise from a
combination of short-term factors such as irradiance
drops, load variations, and backup
unavailability [1], [2]. In parallel, recent outage
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prediction research increasingly uses machine
learning to capture nonlinear interactions among
weather, demand, and system constraints, producing
probabilistic risk estimates rather than only
deterministic threshold alarms [3], [4]. Recent studies
have also emphasized the importance of IoT
communication reliability and weather-related outage
prediction using deep learning and severity-based
event classification [5]-[7]. These results motivate
framing outage prediction as a near-term decision-
support problem where lead time and false-alarm
control are as important as overall accuracy.

IoT telemetry for operational analytics. Low-cost
IoT monitoring has enabled continuous acquisition of
electrical and context signals (e.g., voltage/current
measurements, battery state indicators, irradiance
proxies, and backup status), which supports cloud- or
edge-based analytics for distributed energy
systems [8], [9]. For supervised prediction on such
telemetry, interpretable baselines (e.g., logistic
regression) and tree-based models are commonly
used because they can model feature interactions and
operate under practical deployment constraints
(limited compute, noisy sensors, intermittent
connectivity) [10]-[12]. However, many studies
evaluate prediction at the failure instant or report
aggregate metrics without explicitly defining a
forward-looking labeling strategy and alert policy
(e.g., persistence thresholds and lead time), which are
necessary to convert model outputs into actionable
operational warnings [13]-[15].

Gap and contribution positioning. Building on
these directions, this paper targets operational early
warning by combining loT-to-cloud monitoring with
horizon-based labeling and deployment-oriented
alerting. The proposed pipeline defines “imminent
outage” using a fixed future horizon, constructs
power-balance-guided  features reflecting PV
scarcity, battery depletion, and backup availability,
and maps predicted probabilities to persistence-based
warning rules that align with practical actions such as
generator start, load shedding, and maintenance
dispatch.

Contributions:

1) IoT monitoring architecture using Arduino +
GSM telemetry;
2) power-balance-guided labeling and feature set
for near-term outage prediction;

3) supervised model training and comparison
(logistic regression, decision tree, random
forest);

4) operational alert logic based on probability and
persistence.
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2 METHODOLOGY

The target HRES consists of PV generation connected
to a DC bus, a battery storage unit, and a backup
source (grid and/or generator). To observe the system
state, voltage and current sensors measure PV output,
battery terminal behavior, and load demand. An
Arduino-based controller aggregates these signals,
attaches timestamps, and transmits telemetry to a
cloud server using a GSM/GPRS module. When risk
conditions persist (for example, rapid battery
discharge during a period without backup power), the
edge device can also issue simple operator
notifications such as SMS alerts. The overall IoT-
based monitoring architecture of the proposed hybrid
renewable energy system is shown in Figurel.

To describe the operating condition, we use a
power balance relationship. Let Psolr represent PV
power, Pgia the backup supply (grid/generator)
contribution, Pvat battery power (positive when
discharging to support the load), and Picd the load
demand. A simplified instantaneous balance can be
written as:

Psolar + Pgrid + Pbatt ~ Pload~

An outage risk increases when Ppy decreases (due
to  weather/irradiance  drop), Pgida  becomes
unavailable (resulting from a grid-off event), and the
battery approaches depletion.

To model battery dynamics, the SoC update can
be approximated by:

1
ncPc(t) - n_Pd(t)
SoC,., = SoC, + I d At,
att

where Pc: and Pa¢ are charge/discharge power
components, Evat is battery energy capacity, ne,nd are
efficiencies, and At is the sampling interval (5
minutes).

We construct a synthetic one-year operational
dataset sampled at 5-minute intervals. Each record
contains electrical measurements and contextual
indicators that influence HRES adequacy, including
PV conditions, battery state, load level, and backup
availability.

Reproducibility. A one-year synthetic HRES
dataset was generated at 5S-minute resolution using a
simplified power-balance model with stochastic
PV/load profiles, battery SoC dynami cs, and backup
availability. Key parameters (sampling interval,
battery capacity, SoC minimum threshold, and
prediction horizon) are fixed and reported in the
Methodology. Dataset generation scripts and
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preprocessing code can be shared by the authors upon
reasonable request.

Instead of labeling only the exact failure instant,
we define a forward-looking label to support early
warning. For a chosen prediction horizon 30 minutes,
we label a data point as “imminent outage” if an
outage occurs within the next 30 minutes. In the
simulation, an outage event is triggered when
available supply cannot meet demand and the battery
is at or below a minimum SoC threshold:

Outage & (Pyy, + Pyrig < Ppaa)” (S0C
< SoCpin)

This definition aligns the ML target with
operational needs: predicting risk early enough to
take corrective action.

To capture dynamics that precede failure, we
additionally use engineered variables such as:

By =V - L, (PV power proxy).
*  Piaa = Vicaa * lioaa (Load power proxy).
= ASoC = SoC, — SoC,_,
trend).

(depletion/charge
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= Rolling statistics (mean/variance) for
irradiance and ASoC over recent windows.

= “Backup-off duration” (time since
grid/generator became unavailable). The
complete feature engineering and horizon-
based labeling workflow is illustrated in Figure
2. The input variables used for outage-risk
prediction are summarized in Table 1.

The prediction objective is binary classification:
determine whether the system is likely to enter an
outage state within the selected future horizon. We
evaluate three supervised approaches:

=  Logistic Regression as an interpretable baseline
that estimates outage probability from a linear
combination of features.

= Decision Tree to capture nonlinear thresholds
and feature interactions that reflect engineering
logic.

= Random Forest as an ensemble of trees to
improve generalization and reduce variance
relative to a single tree.
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Figure 1: System architecture of the hybrid renewable energy monitoring setup.

Table 1: Input features for outage prediction.

Feature Description
Solar Voltage PV panel voltage (volts)
Solar Current PV panel current (amperes)
Irradiance Solar irradiance (W/m?)
Battery SoC Battery state-of-charge (%)
Battery Voltage Battery terminal voltage (volts)
Load Current Load demand current (amperes)
Grid Power Power from grid or generator (watts)
Time OfDay Hour or categorical time indicator
Weather Condition Clear/Cloudy/Rainy (categorical)
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Figure 2: Feature engineering and labeling pipeline.

Training protocol. The dataset is split into 70% for
training and 30% for testing using stratified sampling
to preserve the label distribution. Continuous features
are scaled as needed; categorical variables (e.g.,
weather condition) are encoded (e.g., one-hot).
Hyperparameters are selected using grid search with
cross-validation.

Example hyperparameters:
Logistic regression: L2 regularization, C=1.0,
balanced class weights;
Decision tree: max depth 6, minimum leaf size
20, Gini impurity;
Random forest: 200 estimators, max depth 10,
minimum leaf size 10.

Evaluation metrics. We report accuracy along
with precision, recall, and F1-score to reflect class
imbalance sensitivity. ROC-AUC is also included to
assess ranking quality across thresholds. Because
outage events are typically rare, threshold-
independent and imbalance-aware metrics such as
ROC-AUC and Fl-score are recommended for
reliable comparison [16].

In deployment, the classifier output probability is
treated as an outage-risk score and converted into
alerts using a fixed probability threshold with short
persistence to reduce noise. We also report lead time
as the delay between the first threshold crossing and
the outage event to reflect operational usefulness.

The proposed monitoring concept is also
consistent with previous work on signal conversion
and measurement processes in multiphase power
measurement and control devices [17].

3 RESULTS

We trained and tested the models on the simulated
dataset using horizon-based labels. Figure 3
summarizes performance across accuracy, precision,
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recall, Fl-score, and ROC-AUC for
regression, decision tree, and random forest.

Overall, the random forest provides the strongest
results, particularly in recall and ROC-AUC,
suggesting better sensitivity to multi-factor risk
scenarios (e.g., simultaneous irradiance reduction,
increased load, and backup unavailability). Logistic
regression remains competitive and is valuable when
interpretability is required. Decision trees offer
human-readable rules that often align with
engineering expectations, such as elevated risk under
combined low SoC and reduced supply conditions.

Rule-based baseline for comparison. To
contextualize the supervised models, we additionally
evaluated a simple rule-based early-warning baseline
that mimics a practical engineering alarm. The
baseline triggers an “outage-risk” alert if (i) the
estimated net deficit persists for k& consecutive
samples (P, + Ppackup < Proqa), and (ii) the battery
state-of-charge is at or below SoC,,;, We set k=2 (10
minutes) to reduce single-sample noise alarms. The
baseline is evaluated on the same test split and with
the same prediction horizon H = 30 min as the
learning-based models. This comparison clarifies the
value added by probabilistic prediction (risk scoring)
beyond deterministic thresholding, especially under
fluctuating PV and load conditions. The numerical
accuracy, precision, recall, and F1-score achieved by
this rule-based baseline, alongside the corresponding
metrics for the three learning-based models shown in
Figure 3.

Feature importance insight. For tree-based
models, feature importance rankings commonly
highlight battery SoC, backup availability/power,
irradiance, and ASoC as dominant predictors. This
supports the interpretation that outages typically
emerge from combined resource scarcity rather than
a single threshold.

Probability timeline behavior. A representative
daily plot (Fig. 4) illustrates how predicted risk
increases ahead of outage events, especially during
extended backup-off intervals coupled with low
irradiance and ongoing battery depletion. This
demonstrates the early-warning behavior targeted by
horizon-based labeling.

We also reviewed error types (false alarms vs
missed outages) to assess operational suitability. The
random forest reduces missed outages compared to
logistic regression while keeping false alarms at an
acceptable level under the simulated assumptions.
The experimental results indicate that supervised
learning can provide effective outage-risk prediction
for HRES under the simulated operating assumptions.
From a practical perspective, the primary advantage

logistic
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is risk-based early warning, which can enable actions
such as starting the generator, shedding non-critical
loads, or scheduling maintenance before loss of
supply occurs.
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Figure 3: Multi-metric model comparison.
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Figure 4: Outage-risk timeline with event markers.

Deployment considerations:
Measurement quality. Real installations may
experience sensor noise, drift, and missing
data. Practical mitigation includes filtering,
validity checks, and fallback behavior when
telemetry is unavailable.
Class imbalance. Outages are typically rare
relative to normal operation; therefore, F1-
score and ROC-AUC are more informative
than accuracy. Alert thresholds should be tuned
based on the operational cost of false alarms
versus missed events.
Edge vs cloud inference. Cloud inference
simplifies model wupdates and fleet
management, while edge inference reduces
latency and dependence on connectivity. A
hybrid approach is realistic: rules at the edge
for immediate safety triggers, and probabilistic
ML scoring in the cloud.
Security. Telemetry links and APIs should be
protected with authentication and secure
transport where feasible to reduce spoofing and
tampering risk.
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Limitations. Because the dataset is simulated,
reported metrics likely represent optimistic
performance under controlled assumptions. Field
behavior may include additional effects such as
battery  aging, inverter faults, intermittent
communications, and unobserved loads. These
limitations suggest the next step is collecting real
operational logs for retraining and calibration, rather
than treating simulation results as final.

4 CONCLUSIONS

This paper presented an loT-monitored, supervised
learning-based framework for near-term outage
prediction in hybrid renewable energy systems. By
combining low-cost sensing hardware, cloud
telemetry, and machine learning models, the
proposed approach enables predictive risk assessment
instead of reactive failure handling. Horizon-based
labeling and  power-balance-guided  feature
engineering allow models to generate operationally
meaningful early warnings. Evaluation on a synthetic
one-year dataset showed that supervised classifiers
can effectively capture interactions between
renewable variability, load demand, battery state, and
backup availability. Among the tested models,
random forest achieved the strongest overall
performance, particularly in recall and ROC-AUC,
indicating improved sensitivity to multi-factor outage
scenarios. Logistic regression provided interpretable
probabilistic estimates, while decision trees offered
engineering-consistent decision rules.

From an operational perspective, probability-
based risk scoring supports proactive actions such as
generator activation, load management, and
maintenance  scheduling. The framework is
compatible with low-cost hardware and can be
deployed using edge-cloud architectures depending
on latency and connectivity constraints. The main
limitation of the study is the use of simulated data,
which may not fully represent real-world factors such
as sensor noise, aging components, or communication
interruptions. Future work will focus on validation
using real HRES operational logs, model
recalibration, and adaptive deployment strategies.
Overall, the proposed method provides a practical and
scalable basis for improving reliability and resilience
in renewable-based hybrid energy systems.
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