
TinyML

Running Deep Learning Models on Microcontrollers

What is TinyML?
 TinyML (Tiny Machine Learning) refers to the deployment of machine learning

models on tiny, power-efficient hardware devices like microcontrollers (MCUs)
with severe memory, compute, and power constraints.

 Typical characteristics of TinyML systems:
 Memory: Less than 256 KB of RAM
 Compute: No floating-point unit (often fixed-point)
 Power consumption: Measured in milliwatts
 No OS or real-time OS (RTOS)

Despite these limitations, with efficient model design and optimization, you can
perform inference tasks such as:

 Keyword spotting
 Gesture recognition
 Anomaly detection
 Activity tracking
 Image classification

Why TinyML Is Important



Data Collection
 Gather sensor data (e.g., audio from a mic, vibration from an accelerometer)

Preprocessing & Feature Extraction
 Convert raw signals into usable features like MFCCs for audio or FFTs for

vibrations

Model Training
 Use frameworks like TensorFlow/Keras to train a compact neural network or

classical ML model

Model Optimization
 Reduce size and complexity using quantization, pruning, or distillation

Conversion to Deployment Format
 Convert trained model to .tflite, .onnx, or C arrays (for ultra-low-level

deployment)

Deployment on MCU
 Flash the model onto microcontrollers (like Arduino Nano, ESP32, STM32) for

on-device inference
 Inference & Real-time Results
 The MCU performs prediction instantly using live sensor data

The benefits of TinyML

 Latency: The data does not need to be transferred to a server for inference
because the model operates on edge devices. Data transfers typically take time,
which causes a slight delay. Removing this requirement decreases latency.

 Energy savings: Microcontrollers need a very small amount of power, which
enables them to operate for long periods without needing to be charged. On top of
that, extensive server infrastructure is not required as no information transfer
occurs: the result is energy, resource, and cost savings.

 Reduced bandwidth: Little to no internet connectivity is required for inference.
There are on-device sensors that capture data and process it on the device. This
means there is no raw sensor data constantly being delivered to the server.

 Data privacy: Your data is not kept on servers because the model runs on the
edge. No transfer of information to servers increases the guarantee of data privacy.

Use Cases of TinyML

1. Smart Home Devices:
 TinyML enables smart devices in the home, such as thermostats, security cameras

and lights, to operate efficiently. For example, a smart thermostat can use
TinyML to learn your preferences and adjust temperature settings accordingly
without relying on cloud computing.

2. Wearable Technology:
 Wearables like fitness trackers and health monitoring devices use TinyML to

process data such as heart rate, steps and sleep patterns. These devices can make



decisions on the fly, such as alerting the wearer to potential health issues, without
needing to send data to the cloud.

3. Agriculture:
 TinyML is used in agriculture to monitor soil conditions, weather patterns and

crop health. For instance, soil moisture sensors with TinyML can analyze the data
locally and determine the best time to water crops, improving water efficiency
and crop yield.

Industrial Applications and Solutions of TinyML

 TinyML is increasingly being adopted in industrial environments to optimize
operations and improve efficiency. Here are some key industrial applications:

1. Predictive Maintenance:
 TinyML can be used to monitor machinery and predict when maintenance is

needed. This helps prevent unexpected downtime and reduces repair costs. For
example, vibration sensors on machines can use TinyML to detect signs of wear
and tear, predicting failures before they happen.

2. Quality Control:
 In manufacturing, TinyML can inspect products for defects by analyzing images

or sensor data. This can lead to more efficient quality control processes, ensuring
that defective products are identified and removed from the production line
quickly.

3. Process Optimization:
 TinyML helps optimize industrial processes by analyzing sensor data in real time.

For example, in a factory, TinyML can adjust the speed of an assembly line based
on the data collected from various sensors, improving efficiency without
requiring constant human intervention.

Examples of TinyML Applications

1. Health Monitoring:
 TinyML is used in wearables to monitor metrics like heart rate and blood pressure,

allowing for quick action if irregularities are detected.

2. Smart Agriculture:
 Sensors equipped with TinyML optimize irrigation by analyzing soil moisture

levels and adjusting water usage accordingly, leading to water conservation and
healthier crops.

3. Environmental Monitoring:
 TinyML is used in environmental sensors to track air quality, pollution and other

conditions, triggering actions like activating air purifiers when necessary.

How to Implement TinyML?
 A few machine learning frameworks support tinyML applications. These are the

following:

TensorFlow Lite



 While tinyML is still a young and experimental area, TensorFlow Lite Micro is
one of the most widely used frameworks, which means one will benefit from a lot
of community knowledge and help in projects.

Edge Impulse
 Edge Impulse is a platform designed exclusively for + development. Edge

Impulse is undoubtedly the easiest way for anybody to collect data, train a model,
and deploy it on a microcontroller.

OpenMv
 Another tinyML development platform, this time focusing on computer vision

applications, is OpenMV. This covers object detection and picture categorization
using machine learning on any image or video.

Challenges in TinyML

The Future of TinyML

 With the rise of hardware accelerators, Edge TPUs, and open-source ecosystems,
the future of TinyML looks promising:

 Federated learning on edge devices
 On-device continual learning
 Hybrid cloud + edge architectures
 Neural architecture search (NAS) for embedded
 TinyML is redefining where and how intelligence lives — instead of just training

smarter models, we’re now making smarter devices.


