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Abstract: The efficient harnessing of solar energy in arid regions is critical for closing the electricity access gap in Sub-
Saharan Africa, yet installations routinely underperform due to soiling, extreme temperatures, and lack of adaptive
control. We introduce a novel hybrid Machine Learning-loT framework that unifies real-time environmental and
electrical sensing, deep-learning prediction of power output and fault risk, and reinforcement-learning—based adjustment
of panel tilt and maintenance scheduling. The framework is cast as a constrained optimization problem balancing energy
yield, maintenance cost, and reliability, and employs a multi-stage ML pipeline—combining LSTM and XGBoost for
generation forecasting and a CNN-based classifier for anomaly detection—together with a Deep Q-Network controller. We
validate our approach via a year-long simulation of a 100 kW off-grid PV array in Northern Kenya. Compared to a fixed-
tilt, quarterly-cleaning baseline, our method achieves a 20.8 % increase in annual energy output and a 35.5 % reduction in
downtime, while respecting practical bounds on tilt angles and service frequency and maintaining fault-risk below a
prescribed threshold. These results demonstrate that end-to-end integration of 10T sensing, machine learning, and optimal
control can substantially enhance the performance, cost-effectiveness, and reliability of solar deployments in harsh,
resource-constrained environments.
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I INTRODUCTION studies have explored these developments across a variety
of domains.
The efficient exploitation of solar energy in arid
regions holds the promise of transforming electricity access In [1], hybrid machine learning models were

for millions of people, yet persistent operational challenges
hinder its full potential. In Sub-Saharan Africa, where
average daily irradiance often exceeds 5.5 kWh/m?
photovoltaic installations routinely underperform because
of dust accumulation, extreme temperatures, and the
absence of real-time adaptive control. These factors
combine to reduce annual energy yields by up to 25 %,
increase maintenance costs, and undermine the reliability of
off-grid and microgrid systems that many remote
communities depend on.

Recent advances in artificial intelligence, particularly
in machine learning and deep learning, have significantly
contributed to optimizing energy systems, especially in the
context of smart grids and renewable integration. Several
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employed to enhance the efficiency of solar power
generation in smart grids. This work emphasized accurate
prediction of energy generation as a means to improve
overall grid performance. Similarly, deep learning
frameworks have been adopted to optimize energy
utilization in loT-enabled smart cities, with a focus on
promoting sustainable development through intelligent
consumption management [2].

Distributed energy systems have also benefited from
machine learning-based strategies aimed at maximizing the
efficiency and reliability of solar energy output [3]. In the
domain of energy storage, an improved gravitational search
algorithm combined with a dual-stage optimization
approach was proposed to ensure the economic operation of
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storage systems when integrated with renewable energy
sources [4].

Forecasting and planning within power systems have
been addressed using various machine learning models. In
[5], predictive techniques were developed to estimate
system states, thereby enhancing operational stability and
planning capabilities. Another study demonstrated that
intelligent machine learning approaches can significantly
improve renewable energy utilization and grid efficiency
through optimized energy management [6].

The use of advanced deep learning algorithms has
further facilitated predictive control and resource allocation
in smart city applications [7]. A comprehensive survey
provided in [8] categorized and evaluated deep learning
techniques specifically tailored for wind and solar energy
applications, highlighting the performance of different
architectures.

Reinforcement learning has also found applications in
dynamic environments, such as in the energy-optimized
trajectory planning of solar-powered aircraft, where
environmental factors like wind fields were considered to
enhance flight efficiency [9]. Additionally, deep learning
models have been utilized for short-term solar irradiance
forecasting, showing marked improvements in predictive
accuracy through extensive case studies [10].

For autonomous systems, solar energy prediction has
been integrated into the management of loT devices to
ensure continuous and sustainable operation [11].
Moreover, an adaptive duty cycle MAC protocol, based on
machine learning, was developed for wireless sensor
networks powered by solar energy harvesting, aiming to
optimize both energy efficiency and communication
performance [12].

To address energy forecasting in resource-constrained
environments, recent work has combined modern machine
learning techniques with TinyML for low-power, real-time
solar yield prediction [13]. Finally, big data analytics have
been applied to regional solar energy data in Saudi Arabia
to enhance prediction accuracy and inform energy planning
decisions [14].

Despite rapid advances in Internet-of-Things (loT)
sensing and machine learning (ML) analytics, most existing
solutions treat data collection, forecasting, and control as
separate silos. 10T platforms may flag anomalies but offer
little guidance for corrective action; ML models can predict
power output yet lack integration with decision-making
algorithms; and adaptive controllers often rely on simplistic
heuristics  rather  than  leveraging  comprehensive
environmental and performance forecasts. As a result, no
end-to-end framework currently exists that unifies real-time
monitoring, predictive analytics, and optimal control, all
while respecting the practical constraints of maintenance
logistics and reliability requirements in harsh environments.
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This research is motivated by the urgent need to
bridge that gap for off-grid solar installations in Sub-
Saharan Africa. By harnessing networks of low-cost
environmental and electrical sensors, advanced time-series
and classification models, and reinforcement-learning
controllers, it becomes possible to forecast performance
degradations before they occur, schedule maintenance
optimally, and adjust panel orientation dynamically to
maximize energy capture. Such an integrated approach can
significantly  reduce downtime, lower operational
expenditures, and improve the sustainability of solar
deployments in regions where grid expansion remains
infeasible.

In this paper, we present a novel hybrid Machine
Learning—loT framework designed specifically for arid
regions and validate it through a detailed case study of a
100 kW off-grid array in Northern Kenya. Our main
contributions are as follows. First, we develop a rigorous
mathematical formulation that jointly optimizes energy
yield and maintenance cost under reliability constraints.
Second, we design a multi-stage ML pipeline—including a
hybrid LSTM-XGBoost predictor and a convolutional
anomaly detector—that delivers high-accuracy forecasts of
power output and fault risk. Third, we integrate these
predictions into a Deep Q-Network that learns optimal tilt
and maintenance policies over time. Finally, we
demonstrate through year-long simulations that our
framework boosts annual energy production by over 20 %
and cuts downtime by more than one-third compared to
static or alert-only baselines. Together, these advances point
the way toward more intelligent, resilient, and cost-
effective solar energy systems for communities across arid
Sub-Saharan Africa.

In Figure (1), a visual summary of the proposed
hybrid Machine Learning-loT framework is presented,
illustrating the end-to-end architecture that integrates real-
time environmental and electrical data acquisition with a
multi-stage  machine learning  pipeline—comprising
LSTM-XGBoost prediction and CNN-based fault
detection—followed by mathematical optimization and a
Deep Q-Network for dynamic control of solar panel tilt and
maintenance scheduling, all aimed at maximizing energy
yield while minimizing operational costs and downtime in
arid regions.
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Fig 1: Architecture of the Proposed Hybrid Machine
Learning—loT Framework for Optimizing Solar Energy
Efficiency in Arid Regions

1. PROPOSED MODEL

In this section we present the mathematical structure
that underpins our hybrid Machine Learning—loT
framework. The model balances three competing goals:
maximizing total energy capture, minimizing the frequency
and cost of maintenance interventions, and ensuring reliable
operation by avoiding excessive risk of performance
degradation. Time is discretized into uniform intervals, the
panel tilt angle and the decision to perform maintenance at
each interval serve as the control variables, and predictions
of power output and efficiency loss feed directly into the
optimization.

Before describing each of the relationships in detail,
we introduce the notation used throughout the model. We
denote by T the set of discrete time intervals over which
decisions are made, typically one-hour steps covering a full

year. At each time Ein T, the tilt angle of the PV array is
H(tj, which must lie between a minimum
and maximum physical limit. The binary variable m(t)
indicates whether a maintenance action (such as cleaning or

represented by
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inspection) is performed at time t. The function EE!H
represents the predicted energy generation, in kilowatt-
C

hours, at time t given the chosen tilt. We denote by “maint

the fixed cost, in U.S. dollars, of carrying out one

maintenance action. Finally, A(t) captures the predicted
drop in efficiency at time t due to soiling or other fault risk,
and A is a positive weighting parameter that balances the
trade-off between energy yield and maintenance expense.

The first relationship, Equation (1), defines the single
objective that the framework seeks to maximize. It
accumulates the total predicted energy generation over all
intervals, given the tilt schedule, and subtracts a term
proportional to the total number of maintenance actions
multiplied by their unit cost. The weighting factor A
controls how strongly the optimizer penalizes maintenance
relative to the gain in energy. Prior to imposing bounds on
the decision variables, we restate the notation specific to the

tilt constraints. Again we consider the set T of all time
g

intervals and the tilt functiong(tj. The constants “min and

B define the allowable lower and upper limits for panel
orientation, reflecting mechanical design constraints.
Equation (2) then enforces that at every time t the chosen
tilt angle must stay between these pre-specified minimum
and maximum limits, thereby preventing requests for panel
positions outside their feasible operating range. Next,

focusing on maintenance scheduling, we recall that m(tf]
denotes the binary maintenance decision at time t, and H
represents the length of a sliding window of consecutive
intervals. Equation (3) restricts the number of service
actions by requiring that within any block of H successive
time steps there can be at most one maintenance event. This
captures realistic constraints on how frequently cleaning or
inspection crews can visit the site, avoiding back-to-back or
excessively clustered actions. Finally, we introduce notation
relevant to reliability. We again consider the time set T and

the predicted efficiency drop ﬁ(tj. We also define a

threshold &b for the maximum acceptable drop and ¢ as
the allowable probability of exceeding that threshold.
Equation (4) imposes a reliability requirement by
demanding that at each time t the probability of the
predicted efficiency loss exceeding Ath remains below .
This ensures the system maintains an acceptable risk

profile, guarding against extended periods of
underperformance.
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1. PROPOSED METHOD

In this section we describe the three main components
of our hybrid Machine Learning—loT framework and show
how they work together to forecast power output, detect
faults, and make optimal control decisions. The overall
approach begins by assembling a rich set of environmental
and system features at each time step, processes these
through a prediction module, evaluates fault risk via a
classification network, and finally casts tilt adjustment and
maintenance scheduling into a reinforcement-learning
problem whose policy is learned through iterative
interaction.

The first component, called the Solar Output
Predictor, relies on a time-indexed feature vector that
captures the conditions influencing generation. Equation (5)
specifies how at each hour the input vector is formed from
the measured solar irradiance, ambient temperature,
humidity level, an index of accumulated dust, and the
panel’s previous tilt angle. As indicated in Equation (6), the
predictor then maps the entire history of these feature
vectors up to the current time into a scalar estimate of the
energy produced at that hour, using a learned function
parametrized by o.

Beneath this high-level mapping, the predictor uses a
two-stage architecture. Equation (7) describes how an
LSTM cell ingests the current feature vector together with
its prior hidden state to update its internal memory
representation. After the LSTM has encoded the temporal
context, Equation (8) shows that an ensemble of regression
trees (the XGBoost stage) assigns the new hidden state to
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1)

2)

3)

4)

one of several predefined regions and sums the
corresponding weights to produce the predicted output.
Finally, Equation (9) defines the learning criterion for ¢ as
the minimization of the average squared difference between
observed generation and the model’s prediction across the
training dataset.

The second module, the Fault & Inefficiency Detector,
fuses visual and sensor-based evidence to flag
underperformance. According to Equation (10), the detector
takes as input the camera image and the vector of raw
sensor readings and outputs a binary indicator of whether a
fault or inefficiency is present under parameters y. In
practice, the model computes a probability by passing a
deep feature extracted from the image and a linear
projection of the sensor residuals through a sigmoid
activation, as described in Equation (11), and then
compares this probability to a threshold to make the final
decision.

The third component, called the Dynamic Operation
Optimizer, formulates tilt adjustments and maintenance
actions as a Markov decision process. Equation (12) defines
the immediate reward at each time step as the net energy
output under the chosen tilt minus a penalty proportional to
any maintenance action taken, weighted by both the cost
per service and a tunable trade-off parameter. Equation (13)
then shows how the Deep Q-Network updates its estimate
of the state-action value by blending the observed reward
with the discounted maximum value predicted for the next
state, thereby learning over time which sequences of tilt and
maintenance decisions deliver the best long-term
performance

5)
6)
7)

8)

9

10)
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V. SIMULATION STUDY

The simulation study was carried out on a dedicated
workstation equipped with an Intel Core i7-10700K CPU
running at 3.8 GHz, 32 GB of DDR4 memory, and an
NVIDIA RTX 3080 GPU with 10 GB of VRAM. The
operating system was Ubuntu 20.04 LTS. All algorithms
were implemented in Python 3.8.5 using TensorFlow 2.6
for the LSTM networks, PyTorch 1.10 for the CNN
classifier, XGBoost 1.4 for gradient-boosted regression
trees, and OpenAl Gym alongside stable-baselines3 for the
reinforcement-learning agent. Data management and
preprocessing leveraged pandas 1.3 and NumPy 1.21, while
MQTT libraries enabled realistic loT communication
emulation. Each full-year simulation (8,760 steps) required
approximately four hours for model training and policy
learning, followed by under ten minutes for inference and
scenario comparison.

Three scenarios were compared. The first, labeled
Static, maintained a fixed panel tilt equal to the site latitude
and relied on quarterly manual cleanings. The second,
loT+Alerts, equipped the array with sensors and issued
maintenance alerts whenever the predicted efficiency drop
exceeded the reliability threshold, but still deferred
execution to manual scheduling protocols. The third, Full
ML-IoT, deployed the complete framework—real-time
sensing, hybrid LSTM-XGBoost forecasting, CNN-based
fault detection, and deep Q-network optimization of both
tilt and maintenance timing. Table (1) summarizes the key
simulation parameters used across all scenarios.
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Table 1: Simulation Parameters

Parameter Value
Emin’ Emax 0°, 45°
C it 50 USD/cleaning
A 100 USD/(kwh)
£ 0.05
RL learning rate & 0.001
Discount ¥ 0.95

The bounds on tilt angle reflect typical mechanical
limits of commercial PV mounting hardware, allowing both
horizontal and moderately inclined configurations. The per-
cleaning cost was set to fifty U.S. dollars, accounting for
labor and logistics in remote arid areas. The weighting
parameter A at 100 USD per kWh places substantial
emphasis on minimizing service costs relative to energy
gains, reflecting constrained operational budgets in rural
installations. The reliability tolerance € of 0.05 ensures that
predicted efficiency losses above the acceptable threshold
occur no more than five percent of the time, preserving
system performance. Finally, the reinforcement-learning
agent adopted a conservative learning rate to stabilize value
updates and a discount factor close to unity so that long-
term energy capture remains the dominant optimization
criterion.

Table (2) reports the annual energy yield, percentage
gain relative to the Static baseline, average yearly
downtime due to underperformance or faults, and the total
number of maintenance actions executed over the
simulation year.

Table 2: Simulation Results by Scenario

Metric Static loT+Alerts ML-1oT (Proposed)
Annual Energy (MWh) 146.8 160.2 177.3
% Gain vs. Static — 9.1% 20.8 %
Average Downtime (hrs/yr) 120 84 77.5 (—35.5 %)
# Maint. Actions per Year 4 8 6.2

The Static scenario delivered 146.8 MWh over the
year, establishing a baseline against which adaptive
strategies are measured. Equipping the system with sensors
and issuing alerts raised output to 160.2 MWh, a 9.1 %
improvement, but also doubled the maintenance workload
to eight actions per year as crews responded reactively. The
full ML—loT framework further increased yield to 177.3
MWh, representing a 20.8 % gain over the static case,
while maintaining a moderate maintenance cadence of 6.2
cleanings annually. Average downtime fell from 120 hours
in the Static setup to 84 hours with 10T alerts, and to just
77.5 hours under ML-IoT control, amounting to a 35.5 %
reduction relative to the baseline. This analysis shows that
integrating predictive forecasting and optimized scheduling
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not only maximizes energy capture but also streamlines
maintenance efforts, achieving higher performance with
fewer interventions than an alert-only approach.

In Figure (2), the case study of the proposed hybrid
Machine  Learning—loT  framework is illustrated,
highlighting its deployment in Sub-Saharan Africa through
a 100 kW off-grid solar array scenario, with visual
representations of location, system setup, and achieved
results—including a 20.8% increase in annual energy
output and a 35.5% reduction in downtime—alongside key
evaluation metrics such as tilt angle adjustment,
maintenance  scheduling, and service  frequency
optimization.
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Fig 2: Case Study Deployment of the Proposed Hybrid Machine Learning—loT Framework

In Figure (3), a comparative visualization of key
performance metrics across three maintenance strategies—
Static, loT+Alerts, and ML-IoT (Proposed)—is presented.
The charts illustrate that the ML-IoT (Proposed) approach
achieves the highest annual energy output and the lowest
average downtime, while also reducing the number of

maintenance actions compared to loT+Alerts. The
percentage gain in energy efficiency relative to the Static
scenario  shows clear incremental  improvement,
underscoring the effectiveness of predictive maintenance
enabled by machine learning and 10T integration.
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Fig 3: Performance Comparison of Maintenance Strategies across Key Operational Metrics

V. CONCLUSION

In this paper, we have introduced a unified Machine
Learning—loT framework designed to maximize solar
energy capture in arid environments while containing
maintenance costs and preserving system reliability. By
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combining a hybrid LSTM-XGBoost predictor for near-
term power output, a CNN-based anomaly detector for
early fault identification, and a Deep Q-Network for jointly
optimizing panel tilt and service scheduling, our approach
transforms raw sensor streams into actionable control
policies. Year-long simulations on a 100 kW off-grid array
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in Northern Kenya demonstrated a 20.8 % increase in
annual energy vield, a 35.5 % reduction in downtime, and a
streamlined maintenance cadence compared both to a fixed-
tilt baseline and to an alert-only sensor system. These
results confirm that end-to-end integration of real-time
monitoring, predictive analytics, and reinforcement-
learning control can substantially enhance the performance
and cost-effectiveness of remote solar installations.
Looking ahead, we see several promising directions. Field
deployment of the full framework will be crucial to validate
real-world robustness under variable network connectivity,
hardware failures, and operator workflows. Extending the
model to co-optimize behind-the-meter battery storage and
inverter settings could further smooth output profiles and
increase self-consumption. Adapting the architecture to
grid-connected systems, where time-of-use tariffs and
demand response signals introduce new economic layers,
represents another natural extension. On the algorithmic
side, incorporating physics-informed priors—such as
detailed soiling and temperature-degradation models—
might improve forecast fidelity, while federated or transfer-
learning techniques could enable rapid adaptation across
sites with limited data. Finally, embedding uncertainty
quantification and explainability into both the forecasting
and decision-making modules would build operator trust
and support broader uptake in emerging markets. Through
these enhancements, we aim to create even more adaptive,
resilient, and economically viable solar energy solutions for
communities in arid regions worldwide
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