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Abstract— As more and more smart home gadgets
pop up, keeping them running is key. Smart upkeep
using Al and machine learning tricks, can spot device
problems before they happen. But the usual cloud-
based setups have some snags, like delays and privacy
worries. This study looks into putting Al and
machine learning models right inside the smart home
gadgets' tiny computers. This lets them handle
upkeep on the spot, in real-time. By tweaking these
models to work with limited resources, the research
hopes to cut down on device downtime and make
them last longer. It's a hands-on way to do smart
upkeep without leaning on cloud computing.

Keywords—  Predictive =~ Maintenance, Edge
Computing, Resource-Constrained Environments

I. INTRODUCTION

THIS document shows the study of how can Predictive
Maintenance using AIML Can be done is Smart Home
devices. Smart home devices are changing how we live
today. They make our lives easier more productive, and
safer. Think about smart thermostats that know what
temperature you like, or security systems that keep your
home safe. These gadgets have become a big part of our
everyday routines. But as more and more devices get
connected, it’s getting harder to keep them all running .
The old ways of checking things regularly or fixing them
when they break just don’t cut it anymore. Smart home
tech is too complex for that. Predictive maintenance has
become a groundbreaking way to manage how devices
perform. It uses data-driven insights to guess when

things might break down and steps in before problems
get worse. This forward-thinking approach doesn’t just
cut down on downtime - it also saves money on
maintenance and makes users happier. But here’s the
catch: a lot of the current predictive maintenance systems
depend too much on cloud processing. This brings up
some issues, like delays, worries about data privacy, and
the need to always be connected to the internet.

Given these hurdles, our study looks into putting Al and
ML models right on the microcontrollers in smart home
gadgets. We want to make real-time predictive upkeep
possible without needing cloud services by running
AI/ML algorithms on microcontrollers with limited
resources. This method strikes a balance between the
complex nature of predictive algorithms and the
constraints of microcontroller hardware, like memory
and processing power.

This research is important because it can make smart
home systems work better and be more reliable. It looks
at different ways smart homes are used, like heating and
cooling systems, and household appliances. The study
shows how to pick the right microcontrollers, adjust Al
and machine learning models so they can run on devices,
and put these ideas into action . This research has an
impact on how we can improve smart home technology
and make it more dependable.

Through lots of testing and real-world examples, we
show that Al/ML-powered microcontrollers can predict
when things need fixing with great accuracy. Our paper
looks at how to balance complex models with what
microcontrollers can handle giving useful insights into
the real-world challenges and chances for smart home
upkeep at the edge.
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Il. LITERATURE REVIEW

A. Review Stage

Smart home technology has caused a revolution in how
we interact with our living spaces. It allows for more
automation better productivity, and ease of use. As more
people start using smart devices, we need good ways to
keep them running well for a long time. Predictive
maintenance uses data analysis to see problems before
they happen and cut down on times when things don’t
work. This has become a key way to handle smart home
tech.

B. Predictive Maintenance In Smart Homes

Predictive maintenance uses data-driven methods to
check equipment condition and figure out when to do
maintenance. Lee et al. (2014) say predictive
maintenance is different from regular maintenance
because it relies on real-time data and advanced
analytics.

This cuts down on scheduled maintenance and lowers the
chances of sudden breakdowns. In smart homes
predictive maintenance can make a big difference in how
well devices work, like heating and cooling systems,
household appliances, and security cameras. [6]

C. Role of Al and ML in Predictive Maintenance

Al and machine learning have gained a lot of attention in
predictive maintenance systems . A study by Zhang and
colleagues in 2019 showed that ML algorithms could
examine past data from smart home devices to spot
patterns linked to failures. These systems use methods
like regression analysis, decision trees, and neural
networks to send maintenance alerts at the right time.
This helps make devices more reliable and keeps users

happy. [2]

D. Challenges of Cloud Based Predictive

Maintenance

Even with the progress in Al/ML apps many predictive
maintenance systems still depend on cloud-based setups
to process and analyze data. This reliance creates several
problems, like delays, worries about data privacy, and
the need to always be online. Wang et al. (2020) point
out that cloud-based answers can cause holdups in
sending and handling data, which might reduce how well
real-time predictive maintenance works. Also, fears
about keeping data private and secure can stop people
from using cloud dependent systems showing the need to
find other ways to do things. [7]

E. On-Device Processing with Microcontrollers

To tackle the issues linked to cloud-based predictive
maintenance, experts are now looking into putting
Al/ML models right on the microcontrollers inside smart
devices. These microcontrollers provide a small, power-
saving way to process data on the spot letting real-time
analysis happen without needing outside servers. In their
study, Gupta and his team (2021) showed that it’s
possible to run ML algorithms on microcontroller
platforms for different uses. They proved that processing
on the device itself can cut down on delays and boost
data protection. [3]

F. Research Gap and Future Directions

Even though Al and machine learning are making great
strides in teaming up with microcontrollers for predictive
maintenance, we still lack research on how to adapt and
optimize these models for environments with limited
resources. We need an approach that balances how
complex the model is with what microcontroller
hardware can handle. Also, we don’t have many real-
world studies that look at how well these systems work
across different smart home uses. This study aims to fill
this gap. It focuses on developing and putting into action
Al and machine learning-enabled microcontrollers for
predictive maintenance in smart homes. This research
will shed light on the real-world challenges and
possibilities that come up in this area.
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G. Conclusion For Literature Review

To sum up, research shows that predictive maintenance
has an increasing impact on smart home tech when Al
and machine learning come into play. While cloud-based
answers have their problems, using microcontrollers for
on-device processing looks like a good option. This
study will build on what we already know to explore if
we can put predictive maintenance strategies right on
microcontrollers. The end goal? To create smart homes
that are tougher and work better.

1. METHODOLOGY

This part explains how we built a system to predict when
smart home devices need maintenance. We used Al and
ML models on tiny computers called microcontrollers.
Our approach has several main steps: getting data,
cleaning it up, training models, testing them, putting
them on microcontrollers, and making a user-friendly
interface.

A. 3.0.1 1. Getting Data

We start by collecting information from different smart
home devices.

Sensor Integration: Smart devices have sensors
(temperature, humidity, vibration, etc.) that gather
operational data nonstop. These sensors keep an eye on
different factors that affect how well the device works.

e Data Logging: The microcontroller has
programming to log data over time. It records both
normal working conditions and odd events that
might point to possible breakdowns. The logged
data goes into a structured format to make analysis
easier.

B. 3.0.2 2. Data Preprocessing

After collecting the data, it goes through preprocessing.
This step makes sure the data is clean, relevant, and in
the right format for training models:

e Data Cleaning: This step has an impact on
identifying and removing noise or irrelevant data
points. Methods like getting rid of outliers and
filling in missing values using techniques such as
interpolation or average values are put into action.

e Normalization: The data undergoes scaling to a
standard range to make sure different features play
an equal role in the training process. This might
include  Min-Max  scaling or  Z-score
normalization.

e Feature Engineering: New features are generated
from existing data to boost the model’s ability to
predict. For instance, time-related features can be
extracted to capture patterns linked to device
usage over time.

C. 3.03
Identification

3. Anomaly Detection and Pattern

To develop the predictive maintenance model, it’s
essential to spot common failure patterns and anomalies:

e Statistical Analysis: We analyze past data to spot
trends and patterns. We use clustering methods to
tell normal and abnormal operating conditions
apart.

Figure 1: Statistical Analysis.

e Expert Consultation: We team up with device
makers and industry pros to confirm the patterns
we’ve found and learn about common ways the
chosen smart home devices might fail.
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D. 3.0.4 4. Model Selection

We look at several machine learning methods for
predictive maintenance such as:
e Decision Trees: Good for sorting things and easy
to understand.

e Random Forests: A group method that makes
results more accurate by averaging many decision
trees.

Figure 2: Random Forest Algorithm.

e Support Vector Machines (SVM): Work well
with lots of data points and can grasp complex
connections.
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Figure 3: Support Vector Machines
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e Neural Networks: helpful to model non-straight
relationships in big datasets.

Hidden nodes layer

Figure 4: Neural Networks

E. 3.0.5 5. Model Training

The chosen models go through training with the cleaned-
up dataset:

e Training and Testing Split: We divide the
dataset into training and testing sets. This helps us
evaluate the model on data it hasn’t seen before.

¢ Cross-Validation: We use k-fold cross-validation
to check how well the model performs and to
lower the chance of overfitting. We split the
dataset into k parts and train the model k times
using a different part each time to validate.

e Hyperparameter Tuning: We fine-tune the
model’s hyperparameters to boost its performance.
We rely on methods like Grid Search or Random
Search to find the best mix of parameters.

F. 3.0.6 6. Model Evaluation

After we train the models, we assess them using several
performance metrics:

e Accuracy: The ratio of right predictions to all
predictions made by the model.
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e Precision and Recall: Assessing the model’s
ability to spot true maintenance needs while
keeping false alarms low.

e F1 Score: This measure strikes a balance between
precision and recall offering a full picture of
performance.

G. 3.0.7 7.0n-Device Deployment

Putting the trained ML models on microcontrollers is a
key stage allowing for real-time predictive maintenance.
The deployment involves these steps:

1) Step 1: Model Optimization

1. Convert the Model: After you train the model
using libraries like TensorFlow or Kera’s change
the model to a format that works well for
microcontrollers. Many people use TensorFlow
Lite (TFLite) to make the model smaller and
simpler while
keeping it effective.

2. Quantization: Make the model even better by
using quantization methods. This makes the model
smaller and helps it work faster without losing
much accuracy.

3. Export the Model: Save the improved model in
the TensorFlow Lite format, which you can use on
microcontrollers.

2) Step 2: Microcontroller Selection

Pick a microcontroller (like Arduino Nano 33 BLE,
Raspberry Pi Pico, or ESP32) that has the computing
power, memory, and energy efficiency you need. Your
choice depends on how complex your model is and what
your

specific project requires.

3) Step 3: Embedded Programming

1. Development Environment Setup: Get your
development environment ready with the

needed libraries such as TensorFlow Lite for
Microcontrollers.

2. Code Integration: Write the necessary C/C++
code to put the optimized model into the
microcontroller’s firmware. Your code should:

3. Startup sensors and get data.
e Load the Tflite model.
eHandle input data from sensors to make
predictions.

4) Step 4: Real-Time Data Handling

The deployed model must have the ability to process
data from the sensors as it comes in. This involves
setting up data acquisition triggered by interrupts to
make sure the system responds to sensor inputs.

5) Step 5: Testing and Validation

Thorough testing takes place in actual real-world
situations to check that the deployed model gives
accurate results. This might include creating different
conditions and keeping an eye on what the model
predicts.

H. 3.0.8 8. User Interface Development

To give users quick updates and warnings, developers
create an easy-to-use interface:

e Mobile App or Web Dashboard: Create a user-
friendly interface showing device health,
maintenance forecasts, and warnings. Users
should be able to access it on their phones or
through web browsers.

e Live Data Visualization: Add graphs and charts
to show trends in how devices are performing,
past maintenance info, and predictive warnings.

e Alert System: Build a way to notify users about
possible problems encouraging them to take care

of maintenance. This could include push
notifications or emails.
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I. 3.0.9 9. Refining and Ongoing Enhancement

After launching the predictive maintenance system
keeping an eye on it and making ongoing improvements
are key:

e User Feedback Collection: Get input from users
to spot areas that need work in both the prediction
model and how people use it.

e Model Retraining: Often update the model with
fresh data from devices to boost how well it works
and adjust to new ways people use it and changes
in the environment.

IV. RESULTS AND DISCUSSION

The rollout of AI/ML models to predict maintenance
needs in smart home devices aimed to assess how well
they worked in real-life settings. The study looked at key
areas like how accurate the models were how well the
systems ran once in use, and what users thought about
how the smart home apps performed.

Model Accuracy and Performance The AlI/ML models
learned from past data gathered from different smart
home devices such as HVAC systems, fridges, and
washing machines. The dataset had sensor readings
about temperature, humidity, power use, and how long
things ran, plus tagged examples of when devices broke
down.

Training and Testing: We split the data into training
(80%) and testing (20%) sets. We tested several
algorithms, including Decision Trees, Random Forests,
and Support Vector Machines (SVM). We trained the
models using TensorFlow and Scikit-learn libraries
making use of their built-in functions to evaluate the
models.

start
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Figure 8: Testing Types

Evaluation Metrics: We assessed how well the models
performed by looking at accuracy, precision, recall, and
F1 score. The Random Forest model came out on top
with an F1 score of 0.87 showing it’s good at predicting
when devices might fail. The confusion matrix showed
that the model did a good job of telling the difference
between normal operations and potential failures, which
helps us take action to prevent breakdowns.

On-Device Deployment: After choosing the best model,
we needed to put the

AIl/ML model on the microcontroller. To do this, we had
to change the trained model into a format that works with
the microcontroller’s setup.

Model Conversion: We used TensorFlow Lite to turn
the trained model into a smaller version that suits edge
devices. This process made the model much smaller, so it
could run well on microcontrollers with limite resources.

Real-Time Performance: We put the deployed model to
the test in a mock smart home setup to check its real-time
capabilities. We fed sensor data into the microcontroller,
which made predictions in a matter of milliseconds. This
shows how the system could spot anomalies right away.
This quick response means we can flag potential
problems before they turn into big breakdowns.
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User Feedback and Usability To see how well the
system works in practice, we gathered feedback from
people who tried out the smart home app. We used
surveys and interviews to collect this information. We
asked about how easy the interface was to use how
accurate the alerts from the predictive maintenance
system were, and how satisfied users were overall.

Usability Findings: People who used the system said the
interface was easy to understand. It gave them clear
alerts about how well their devices were working. They
liked how the system helped them take care of problems
before they caused any issues. This let them fix things
avoiding downtime.

Impact on Maintenance Costs: Early results showed
that people who used the predictive maintenance system
spent less on repairs and had less downtime. Users
noticed their devices broke down less often. This helped
their smart home systems run more .

Challenges and Limitations Even though the results
were good, the research ran into several problems. These
include:

e Data Quality: How accurate the predictions are
depends a lot on how good and complete the
historical data is that’s used to train the models. If
the data is incomplete or messy, it can result in
predictions that aren’t accurate.

e Resource Constraints: Microcontrollers don’t
have much computing power or memory, which
can limit how complex the models can be that are
put into action on them.

V. CONCLUSION

This study looked at putting Al and ML models right on
the microcontrollers in smart home gadgets to make
maintenance predictions better. The researchers took on
this project because more and more people are using
smart home tech, and these devices need good upkeep to
keep working well. The usual way of doing maintenance
predictions through the cloud has some problems. It can
be slow, it raises worries about data privacy, and it

always needs an internet connection. By moving the
number-crunching to the device itself, this research tries
to fix these issues and create a quicker and more
effective way to handle maintenance.

Through a lot of testing, we checked out different AI/ML
algorithms and found the best models to predict when
maintenance is needed. We put these models on tiny
microcontrollers with limited resources and showed it’s
possible to guess when devices might break down
without using too much power or memory. By changing
the models to work with microcontroller systems (like
TensorFlow Lite), we made it possible to make choices
in real-time. This means we can react right away if a
device looks like it might have problems.

The results showed that Al/ML-enabled microcontrollers
work well to predict when maintenance is needed. This
led to less downtime and lower maintenance costs. Users
said they liked how easy the interface was to use and the
early warnings the system gave. This shows that Al/ML
tech can make smart homes better for people.

Even though the results look good, this study also found
some problems that need more research. Good data is
important, since accurate maintenance predictions
depend on having lots of reliable past data. Also, the
limits of microcontroller hardware make it hard to use
more complex models. To make predictive maintenance
in smart homes work better and on a bigger scale, these
issues need to be solved.

To wrap up, this study’s results provide a foundation to
develop smart home systems that are more self-reliant,
productive, and strong. Putting AI/ML into
microcontrollers has an impact on predictive
maintenance making it better. It also cuts down the need
for cloud computing. These changes lead to better user
experiences and devices that last longer. Moving
forward, researchers should work on making model
training better adding more data for different types of
devices.
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