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Abstract - While predictive maintenance (PdM) is
established in industrial sectors, its application in Smart
Home Automation (SHA) remains nascent. This paper
proposes a low-cost, high-efficiency AloT framework
utilizing TinyML to monitor household appliance health.
By embedding 8-bit quantized neural networks into
consumer-grade microcontrollers, we enable real-time
detection of mechanical fatigue and electrical anomalies.
Our prototype demonstrates that local inference reduces
consumer privacy risks and operational latency by 92%
compared to cloud-reliant home automation systems.

Index Terms - Smart Home, AloT, TinyML,
Consumer Electronics, Predictive Maintenance, Edge
Intelligence.

I INTRODUCTION
The rapid proliferation of the Internet of Things (IoT)
has transformed residential environments into

data-rich ecosystems. ~While early Smart Home
Automation (SHA) focused primarily on convenience—
such as remote lighting and climate control—the next
frontier lies in system resilience. As household
appliances become more complex and integrated, their
failure increasingly results in significant economic loss and
infrastructure damage (e.g., undetected HVAC compressor
failure or water heater leaks).

A. Problem Statement: The Reactive Nature of Smart
Alerts

Despite the proliferation of "smart" home appliances, current
diagnostic systems remain fundamentally reactive. Existing
smart alerts typically trigger only after a catastrophic failure
threshold is reached—such as a flood sensor detecting water
once a pump has already failed, or a thermal sensor alerting
the user only after an HVAC motor has seized. These late-
stage notifications fail to mitigate the high costs of emergency
repairs and secondary property damage. The primary
technical hurdle has been the inability of residential
electronics to analyse the subtle, high-frequency precursors
of mechanical fatigue in real-time.

B. Proposed Solution: Edge-Native Current and Acoustic
Analysis

To shift from reactive alerts to proactive maintenance, this
paper proposes a framework that utilizes TinyML to "listen"
to the internal health of appliances. By monitoring the
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Electrical Current Signature (ECS) and micro-vibrations at
the point of load, the system identifies spectral anomalies—
such as harmonic distortions or transient oscillations—that
signify early-stage degradation. Unlike traditional methods,
this "local listening" approach processes raw data at the
source, ensuring that critical signatures are never lost to
cloud-latency or network jitter.

C. Technological Context: The "Why Now?" Factor
The feasibility of this framework is driven by a convergence
of three technological milestones between 2024 and 2026:

1. Enhanced MCU Efficiency: Modern
microcontrollers, such as the ARM Cortex-M55 and
ESP32-P4, now feature dedicated vector
instructions (Helium technology) that accelerate the
matrix multiplications inherent in neural networks.

2. Advanced Quantization Algorithms: New post-
training quantization (PTQ) techniques have
matured, allowing complex 32-bit Deep Learning
models to be compressed into 8-bit integer formats
with an accuracy loss of less than 1%.

3. Consumer Price Point Parity: The cost of Al-
capable silicon has dropped below the $5 mark,
making it economically viable to embed "predictive
intelligence" into low-cost consumer electronics for
the first time.

II. COMPARATIVE ANALYSIS OF MAINTENANCE

PARADIGMS
Table I
Feature Reactive Preventive Tl;ﬁ%/[/[L'
(Traditional) | (Scheduled) (Proposed)
: Real-time
Trigger Component Time/Usage Health
Failure Interval .
Signature
Data N/A Low (Cloud High (On-
Privacy Logs) Device)
Cost Low (High Medium High
Efficiency | Repair Cost) (Early (Optimal
y P Replacement) Life)
Response Days Months Milliseconds
Time
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III. SUMMARY OF CONTRIBUTIONS

In light of these developments, this paper details the
electronic design of a sensing node that performs on-device
inference to predict failure in residential HVAC and laundry
systems. We provide a rigorous analysis of the power-to-
accuracy trade-offs required to maintain a battery life of over
12 months in a smart home mesh environment.

IV. EXPERIMENTAL SETUP

The experimental validation of the proposed AloT framework
was conducted in a controlled residential testbed. The setup
focuses on two high-duty-cycle appliances that represent the
most common points of mechanical and electrical failure in a
smart home: a Central HVAC System and a Front-Load
Washing Machine.

A. Appliance Specifications and Data Acquisition

Data was collected using the custom Non-Invasive Current
Monitoring (NICM) node described in Section III. The
sampling rate was set to fs = 2.5KHz to capture the first 20
harmonics of the 60 Hz fundamental power frequency.

Table 11
Appliance Rated Primary Faults
pplt Power Sensor Simulated
Central | .. | SCT-013 Coé’izgtcﬁgfk
HVAC (504) Degradation
Bearing
Washing 500W - | SCT-013 Wear,
Machine 1.2kW (20A) Unbalanced
Load
Smart Micro- Compressor
Fridge 200W Shunt Short-Cycling

B. Controlled Fault Seeding
To train the TinyML model, "Ground Truth" data for both
healthy and degraded states was required. Faults were
physically induced as follows:

1. Mechanical Wear: For the washing machine,
bearing degradation was simulated by introducing
high-viscosity contaminants into the drum
assembly, increasing torque requirements and
altering the current signature.

2. Electrical Aging: In the HVAC system, "Run
Capacitors" were replaced with units of $20\%3$
lower capacitance to simulate the natural aging
process of dielectric materials.

3. Obstruction: Airflow in the HVAC unit was
restricted by $50\%$ to simulate a clogged filter, a
leading cause of premature blower motor failure.

C. The TinyML Inference Loop
The onboard ESP32-S3 microcontroller executed
the inference loop every 60 seconds. Each loop
consisted of:

e  Windowing: Capturing 1024 samples of the current
waveform.
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e Preprocessing: Applying a Fast Fourier Transform
(FFT) to generate a power spectral density (PSD)
map.

e Inference: Feeding the PSD map into a 3-layer 1D-
Convolutional Neural Network (CNN) quantized to
INTS.

D. Connectivity and Gateway

The node utilized the Matter-over-Thread protocol.
Detections were transmitted to a local Home Assistant
gateway. Unlike cloud-based systems, the gateway only
received a boolean "Health Status" and a "Confidence Score,"
ensuring raw electrical usage patterns remained private
within the local network.

V. EVALUATION METRICS
The performance of the experimental setup was evaluated
using the F1-Score to account for the imbalance between

"Healthy" and "Faulty" data states:

Precision X Recall

F1=2X
Precision + Recall

Initial tests show that the system can detect a clogged HVAC
filter with an Fl-score of 0.94 at least 72 hours before a
thermal cutout occurs.

VI. RESULTS AND DISCUSSION

The performance of the proposed integrated electronics
framework was evaluated over a 30-day continuous
monitoring period. The primary focus was on the trade-off
between model compression (quantization) and diagnostic
accuracy.

A. Classification Performance and Confusion Matrix

The TinyML model, a 1D-Convolutional Neural Network
(CNN) quantized to INTS, was tasked with classifying four
distinct states of the HVAC system: Healthy, Clogged Filter,
Capacitor Degradation, and Refrigerant Leak.

The confusion matrix below illustrates the model's high
precision in distinguishing between mechanical and electrical
faults. The most significant overlap occurred between
"Healthy" and "Early-stage Clogged Filter" due to the subtle
nature of initial airflow restriction.

Table 11T
Predicted Clogged | Cap.
\Actual | TN | “picer | Faiture | 162
Healthy 96 4 0 0
Clogged
Filter 3 2 2 3
Cap.
Failure 0 ! o8 !
Leak 1 3 0 96

Total Accuracy: 95.5%
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B. Impact of Quantization on Accuracy
A critical aspect of the "Why Now?" argument is the
efficiency of 8-bit quantization. We compared the baseline
$FP32$ (Floating Point 32-bit) model running on a PC vs. the
$INT8S$ model running on the ESP32-S3.

e FP32 Accuracy: 96.2% (Model Size: 420 KB)

e INTS8 Accuracy: 95.5% (Model Size: 108 KB)

e  Memory Savings: 74.3%
The results indicate that the quantization process resulted in a
negligible accuracy loss of only 0.7%, while successfully
fitting the model within the MCU's restricted SRAM.

C. Power Consumption and Latency Analysis

The electronic framework's efficiency was measured during
active inference cycles. By utilizing the ESP32’s ultra-low-
power (ULP) co-processor for data buffering and only waking
the main CPU for inference, we achieved the following
profiles:

Table IV
Current .
Mode Draw (mA) Duration
Deep Sleep 0.015 58s
Sampling
(ULP) 52 1.5s
Inference
(CPU) 65 0.04s

The average power consumption allows for a theoretical
battery life of 410 days on a standard 2500mAh LiPo battery,
proving the wviability of the "set-and-forget" consumer
electronics model.

D. Discussion: Edge vs. Cloud

The experiment confirms that Current Signature Analysis
(CSA) at the edge is sufficient for residential PAM. The
localized processing eliminated the need to upload 1.2 GB of
raw current data daily, instead transmitting only 45 KB of
health status updates. This effectively solves the privacy and
bandwidth bottlenecks identified in Section I.

VII. CONCLUSION

This paper has demonstrated a complete AloT electronics
framework for smart home predictive maintenance. By
combining non-invasive current sensing with TinyML, we
have moved the needle from reactive "smart" alerts to
proactive "edge" intelligence. The system's ability to operate
with 95.5% accuracy on low-cost, battery-powered hardware
marks a significant milestone for residential infrastructure
reliability.

VIII. FUTURE WORK: SCALING VIA THE MATTER
PROTOCOL

While the current prototype demonstrates high diagnostic
accuracy, the fragmentation of the Smart Home market
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remains a barrier to widespread adoption. Future iterations of
this AloT framework will focus on the following three pillars:

A. Matter 1.3+ and Device Modeling

Currently, the Matter Protocol (governed by the
Connectivity Standards Alliance) primarily supports standard
device types like light bulbs and thermostats. Our future work
involves proposing or utilizing the "Energy Management"
and "Appliance Diagnostics" clusters introduced in recent
Matter revisions. By mapping TinyML "Health Scores" to
standard Matter attributes, a predictive maintenance sensor
could natively alert a user’s Apple Home, Google Home, or
Samsung SmartThings ecosystem without requiring a
proprietary bridge.

B. Federated Learning for Privacy-Preserving Updates

To improve model accuracy across diverse appliance brands
(e.g., a Bosch dishwasher vs. a Samsung unit) without
compromising user privacy, we aim to implement Federated
Learning (FL). In this model:
e The MCU performs local training on the user's
specific appliance signatures.
e Only the "Gradients" (mathematical updates to the
model weights) are sent to a central server.
e  The global model improves for all users without any
raw power consumption data ever leaving the local
network.

C. Self-Healing and Automated Service Dispatch

The ultimate evolution of this electronics framework is the
transition from Detection to Resolution. Future integration
with the Service Provisioning APIs of major manufacturers
would allow the AloT node to:
1. Detect a failing HVAC capacitor.
2. Check the appliance warranty status via a Matter-
certified cloud binding.
3. Automatically schedule a technician or order the
specific 22Q replacement part before the system
shuts down.
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