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Preface 
 

 

 

 

I see it all the time in my peers: an eagerness to build, a 

curiosity about the future, and a hunger to do something 

meaningful. But I also see the frustration—the absence of a clear 

roadmap. This book is for them. For the student who wants to go 

deeper. For the beginner who's tired of shallow tutorials. For 

anyone wondering: “Can I really build something impactful at 

this stage?” 

 

I say yes. And I say it because I’ve lived it. 

 

My journey began with a spark. I was 10 when Sundar Pichai 

became CEO of Google, and something clicked in me. I decided, 

audaciously, that I would become the next CEO of Google. That 

dream—naive as it may sound—ignited my fascination with 

technology. I began by exploring cybersecurity, diving into 

ethical hacking and open-source intelligence (OSINT). I even 

contributed to HackerOne’s vulnerability research and mentored 

30 fellow learners. 

 

But everything changed during the COVID-19 pandemic. 

That pause gave me perspective. I realized I didn’t just want to 

use technology—I wanted to build it. The thrill wasn’t in 

breaking systems; it was in creating them. My focus shifted to 

invention. Embedded systems, energy harvesting, machine 

learning—these became my passion, and research became my 

method of choice. 

 

This conviction led me to make a bold academic choice. I 

passed the entrance for the IIT Madras BS Data Science program 



 

 

but chose instead to study at SIMATS Engineering. Why? 

Because it offered me the time and flexibility to dive deeper—

two years of accelerated coursework followed by two years of 

full-time research. I’ve never looked back. 

Now, I’m building the book I wish I had when I started. 

 

This is Embedded Intelligence, reimagined for today’s 

learner. If you’re curious, impatient, and driven by the idea of 

building something that matters, this book is yours. Let’s build 

the future—together.  

  



 

 

 

 

How To Use This Book 
 

 

 

 

This book is structured for active learners. You won’t just read—you’ll 

build, test, and deploy real systems. Here's how to get the most out of it: 

• Start with Chapter 1 if you're new to microcontrollers or 

embedded C++. 

• Jump to Chapter 2 once you're ready to explore ML workflows 

and deployment. 

• Focus deeply on Chapter 3—this is where your project portfolio 

takes shape. 

• Return to Chapter 4 as you prepare for internships, hackathons, 

or research. 

 

 Tip: Each chapter ends with a “Try This” box—short hands-on 

experiments to deepen your understanding. 
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Introduction 
 

Building the Intelligent Edge—From Student to Innovator 

 

The digital world is undergoing a profound transformation. Over the past 

two decades, we’ve witnessed computing shift from centralized 

mainframes to personal desktops, and then to the cloud. Today, we stand 

at the cusp of a new paradigm: Edge Intelligence—where computation, 

learning, and decision-making happen directly on the devices we carry, 

wear, embed, or deploy into the environment. 

 

This shift is not just about convenience. It is about possibility. 

 

Imagine a hearing aid that learns your environment without sending data 

to the cloud. A drone that adjusts its flight path in real-time without 

network latency. A crop sensor that monitors soil health and triggers 

irrigation autonomously, powered only by sunlight. All of these require 

intelligence at the edge—Edge AI. 

 

And this field is exploding. 

 

 



 

 

According to industry forecasts, the global Edge AI market is projected to 

grow from $20.8 billion in 2024 to a staggering $356.8 billion by 2035. 

The rise of TinyML—a subfield of machine learning optimized for ultra-

low-power devices—has sparked an eight-fold increase in academic 

publications between 2019 and 2022 alone. Startups, research labs, and 

major technology firms alike are racing to create intelligent, efficient, real-

time systems that operate independently of the cloud. 

 

But here’s the truth: in this rapidly evolving landscape, tool proficiency 

isn’t enough. What matters is thinking like a builder. And increasingly, 

those builders are students. 

 

The Problem: Education Still Lags the Frontier 

Despite the market growth, most undergraduate students in electronics, 

computer science, or AI tracks don’t get exposed to embedded intelligence 

in a systematic, hands-on way. You might learn Python. You might build 

with Arduino. Maybe you train an ML model in TensorFlow or PyTorch. 

But where do you go when you want to deploy that model on a battery-

powered microcontroller? 

 

How do you write C++ that doesn't crash under tight memory constraints? 

How do you benchmark latency, optimize inference, or trade off energy 

versus accuracy? 

 

And most importantly: Where do you practice these things as a 

student? 

 

That’s the gap this book fills. It is not a reference manual. It’s not just a 

tutorial. It is a project-first guide designed to turn engineering students 

into practical innovators—people who not only know what Edge AI is but 

can build, test, and deploy real intelligent systems. 

 

What This Book Will Teach You 

 

This book is structured around four major parts, each one deepening your 

capability: 

 

Chapter 1 – Foundations of Embedded Computing 

 

We begin with the essential: how to build and program embedded systems. 

You’ll understand the modern microcontroller ecosystem, learn to use 



 

 

STM32 and ESP32 platforms, and write embedded C++ with zero-

overhead abstractions and memory-safe patterns. 

You’ll gain confidence in using PlatformIO, working with real-time 

constraints, and debugging hardware. This section makes sure you’re 

grounded before going airborne. 

Chapter 2 – Bringing Intelligence to the Edge 

 

Here we bridge into machine learning—specifically on-device learning. 

You’ll walk through the entire TensorFlow Lite Micro workflow: training 

models, quantizing them, converting to C arrays, and deploying on real 

MCUs. 

More importantly, you'll learn why Edge AI matters: real-time response, 

energy efficiency, data privacy, and cost savings. You’ll understand the 

constraints (no mallocs, 16 KB kernels) and how smart engineering 

overcomes them. 

 

Chapter 3 – Guided Projects 

 

This is the core of the book. 

 

You’ll build three fully-documented, portfolio-ready systems: 

1. A Keyword Spotting Smart Sensor with audio input and DS-

CNN inference. 

2. A Low-Latency Wireless Audio Transmitter optimized for BLE 

and adaptive SNR. 

3. An Energy-Adaptive ML Device powered by solar, capable of 

changing models based on available energy. 

 

Each project teaches hardware integration, embedded ML workflows, 

performance optimization, and power profiling. You'll not only build but 

understand how to measure, tune, and improve your system like a 

professional. 

 

Chapter 4 – From Student to Professional 

 

In the final section, we prepare you for what’s next: research, startups, or 

job interviews. You’ll learn to evaluate design trade-offs (cost vs. energy 

vs. accuracy), explore simulation tools like Arm’s Corstone-300, and 

review key career paths—from embedded AI engineering to research in 

cognitive radios or intelligent IoT systems. 

 



 

 

We’ll also explore current hiring trends, salaries, and how to showcase 

your Edge AI skills effectively.  

 

How to Read This Book 

You can read this book linearly—or jump straight to the projects and 

return to theory when needed. Here’s a suggested pathway based on your 

current level: 

 

• Beginner with Arduino/C basics? Start from Part 1 and work 

sequentially. 

• Comfortable with Python and microcontrollers? Skim Part 1, 

focus on Part 2 and 3. 

• Looking for research or resume-building projects? Dive into 

Part 3 and Part 4. 

Each chapter contains: 

 

• Code snippets you can run or adapt 

•  Try This sections for self-directed exploration 

• GitHub links to full code, schematics, and ML notebooks 

• Benchmark tables for performance comparison 

 

 

All code is tested and deployable on mainstream hardware—STM32L4, 

ESP32-S3, and STM32U5—readily available online or via student kits. 

 

Why This Book Matters Now 

 

We’re at a unique moment in history. 

 

Thanks to tools like ChatGPT, Copilot, and AutoML, what you build 

matters more than what you memorize. The future belongs to those who 

can take foundational knowledge and turn it into real systems—efficient, 

intelligent, and ready for the edge. 

 

That’s why this book exists. 

 

Because I believe the next generation of AI isn’t going to come only from 

big labs. It’s going to come from students with passion. From undergrads 

who decide to build. From makers who don’t wait for permission to start. 

Edge AI is not a niche. It is the next wave of computing, and it is wide 

open for builders. 



 

 

 

Let’s Build Together 

 

Whether you're a student exploring embedded systems for the first time, 

an engineer looking to add intelligence to your IoT project, or an aspiring 

researcher aiming to understand the frontier—this book is for you. 

By the end of this book, you won't just understand Edge AI. 

 

You’ll have built it. 

 

Let’s begin. 

  



 

 

Chapter 1 
Foundations of Embedded Computing 

 

Chapter 1.1: The Modern Microcontroller 

 
1.1.1 What Is a Microcontroller? 

 

At its core, a microcontroller (MCU) is a compact computing system on 

a single chip. It typically contains: 

 

• A CPU (usually based on an ARM Cortex-M core or proprietary 

architecture) 

• Flash memory (for storing program code) 

• SRAM (for runtime data) 

• Peripherals like GPIO, timers, ADCs, UART, I2C, SPI 

• Optional wireless modules, cryptographic engines, or even 

NPUs (Neural Processing Units) 

 

Unlike general-purpose processors in PCs or smartphones, MCUs are built 

for low-power, real-time control. They’re what make your washing 

machine beep, your smartwatch track steps, and your drone stabilize in 

flight. 

 

Microcontrollers are central to embedded systems because they bridge the 

physical world (sensors/actuators) with logic and computation. 

 

 

1.1.2 Evolution of MCUs: From 8-bit Toys to AI Enablers 

 

In this section we will be looking at the evolution of MCU with the 

following parameters: Generation, Example, CPU, Flash, RAM, Clock, AI 

Capability. This will help you understand about the rate of innovation over 

time in this field, and the impact on current technology. These MCUs 

plays a crucial role in dynamic conditions, model learning & adapting to 

the environment based on available inputs. Now let us how the 

Microcontrollers have come a long way: 

 



 

 

Generation Example CPU Flash RAM Clock 
AI 

Capability 

8-bit 
Atmega328 

(Arduino Uno) 
AVR 

32 

KB 
2 KB 

16 

MHz 
None 

32-bit STM32F103 

ARM 

Cortex-

M3 

128 

KB 

20 

KB 

72 

MHz 
None 

Modern 32-

bit 
ESP32 

Xtensa 

LX6 

(dual-

core) 

520 

KB 

520 

KB 

240 

MHz 

AI possible 

(manual) 

Edge AI 

MCU 

STM32U5, 

Cortex-M55+ 

Ethos-U55 

ARM 

Cortex-

M55+ 

NPU 

1 

MB+ 

786 

KB 

160 

MHz+ 

Built-in 

acceleration 

 

 

Today’s MCUs can run neural networks, manage wireless protocols 

(Wi-Fi/BLE), and even adapt dynamically to energy conditions. 

 

 

1.1.3 Popular Edge AI-Capable Microcontrollers 

 

Let’s look at 3 student- and industry-friendly MCUs: 

 

  STM32L4 (Low-Power Edge AI MCU) 

• Core: ARM Cortex-M4 @ 80 MHz 

• Flash: 1 MB 

• RAM: 128 KB 

• Power: <10 µA standby, ~2 mA active 

• AI support: CMSIS-NN, TFLM optimized 

• Best for: Audio classification, vibration monitoring 

 



 

 

 
 

  ESP32-S3 (ML + Connectivity) 

 

• Core: Dual Xtensa LX7 @ 240 MHz 

• RAM: 512 KB + external PSRAM 

• Wireless: Wi-Fi + BLE 

• AI support: ESP-DL + TFLM 

• Best for: Voice commands, wireless streaming 

 

  STM32U5 + Ethos-U55 (Next-Gen AI MCU) 

 

• Core: Cortex-M55 + NPU (Ethos-U55) 

• ML throughput: Up to 480× vs Cortex-M4 baseline 

• Power: MCU optimized for sub-mW operation 

• Best for: High-accuracy, low-energy ML inference 



 

 

 

Each of these supports standard toolchains like VSCode + PlatformIO, 

STM32CubeIDE, or Espressif IDF. 

 

 

1.1.4 Anatomy of a Microcontroller 

 

Let’s break down a real microcontroller block diagram: 

 

CPU Core 

(Cortex-M4, Xtensa LX6, etc.) 

      

                             

 

Flash |   |   SRAM (RAM) |   | DMA Controller 

 

              

              

            Peripherals (ADC, Timers, GPIO)      

 

 

                       

SPI  |   |      I2C     |   |    UART 

 

 

You can think of an MCU as a mini PC—with its own program memory, 

runtime memory, and buses—but optimized for predictability, low 

latency, and power efficiency. 

 



 

 

1.1.5 Understanding Peripherals 

 

Microcontrollers become powerful when they connect to the real world. 

That’s what peripherals are for: 

 

• GPIO: General-purpose I/O pins to control LEDs, motors, read 

buttons, etc. 

• ADC/DAC: Convert analog signals to digital (sensor inputs) and 

vice versa. 

• Timers: Generate PWM, measure signal duration, trigger events. 

• I2C/SPI/UART: Communication protocols to talk to sensors, 

displays, GPS, etc. 

• DMA: Transfers data without interrupting the CPU—great for 

audio/ML buffers. 

 

Try This: 

Flash an LED using a timer interrupt instead of a delay() loop. Compare 

power draw using PlatformIO’s Energy Profiler. 

 

 

1.1.6 IDEs & Toolchains That Scale 

 

Modern MCUs are not limited to vendor-specific tools. Students can build 

professional workflows with: 

 

• PlatformIO + VSCode: Unified build, unit tests, CI/CD support 

• STM32CubeIDE: Visual pin config, clock setup, and HAL-based 



 

 

code gen 

• Arduino Core for ESP32: Simplified programming with full SDK 

support 

• Espressif IDF: Full control of low-level Wi-Fi/BLE stack 

 

 

 

Example PlatformIO platformio.ini: 

 

[env:esp32-s3] 

platform = espressif32 

board = esp32-s3-devkitc-1 

framework = arduino 

monitor_speed = 115200 

build_flags = -DCORE_DEBUG_LEVEL=5 

 

You get full debugger support with tools like J-Link, ST-Link, or even 

over USB. 

 

1.1.7 Real-Time Constraints and Scheduling 

Unlike PCs, MCUs often run bare-metal or lightweight RTOS (e.g., 

FreeRTOS, Zephyr). This means: 

• No OS background processes 

• Your code controls everything—timing matters 

• Tasks must be short, predictable, and memory-safe 

Example: You have a 10 ms window to process audio frames for keyword 

spotting. A blocking delay(10) ruins your schedule. A non-blocking 

TimerInterrupt ensures consistent sampling. 

 Try This: 

Write a simple task() loop using millis() and micros() to timestamp a 



 

 

digital sensor. Log jitter. 

 

1.1.8 Microcontroller Selection Guide 

 

Choosing the right MCU is about balance: 

Application Power ML Needed? Recommended MCU 

Basic sensing Ultra-low No STM32L0 

Keyword spotting Low Yes STM32L4 / ESP32 

Wireless streaming Medium Yes ESP32-S3 

Energy-harvesting Ultra-low Yes STM32U5 + NPU 

Rapid prototyping Medium No Arduino Nano 33 

 

You can always start simple, then upgrade. What matters is getting 

comfortable with the fundamentals. 

 

1.1.9 Lab Exercise: Your First ML-Capable Firmware 

Goal: Blink an LED in response to a simulated classification result. 

Hardware: 

• ESP32 or STM32L4 

• Onboard LED or GPIO 

• Serial input simulating ML output 

Steps: 

1. Set up PlatformIO with correct board. 

2. Write a loop that reads input Y/N over serial. 



 

 

3. If Y, turn on LED for 2 seconds. 

4. If N, do nothing. 

 

Later, we’ll replace the serial input with an actual on-device ML 

inference! 

 

Summary 

In this chapter, you learned: 

• What microcontrollers are and how they’ve evolved 

• Popular MCU choices for embedded AI 

• Peripheral types and real-time constraints 

• Toolchains that bring professional workflows to students 

• How to select the right MCU for your next project 

 

With this foundation, you're ready to move on to the language of 

embedded computing: C++. In the next chapter, we’ll explore how to 

write safe, efficient, real-time code using modern C++ tailored for 

embedded systems. 

 

 

 

  



 

 

Chapter 1.2: Essential C++ for Embedded 

Systems 
 

 

“The most dangerous phrase in embedded development is ‘it compiled, so 

it must work.’” 

 

1.2.1 Why C++ in Embedded? 

 

C++ often gets a bad reputation in embedded circles—many engineers 

stick to plain C. But modern C++ offers immense value if used correctly: 

 

 

Feature Embedded Benefit 

RAII (Resource Acquisition Is 

Initialization) 

Ensures safe memory and hardware 

cleanup 

Zero-overhead Abstractions 
Adds readability without runtime 

penalty 

Templates & Inlining 
Compile-time polymorphism—no 

vtables needed 

Namespaces & Classes Improve modularity and encapsulation 

 

 

In short: C++ lets you write safer, cleaner code without giving up 

performance. It’s not just viable—it’s the language of choice for many 

real-time operating systems (RTOS), microcontroller SDKs, and firmware 

platforms. 

 

1.2.2 The Embedded Memory Model 

 

Understanding the memory layout of a microcontroller is key to avoiding 

hard-to-debug crashes. 

 

 

 

Segment Description Example 



 

 

Segment Description Example 

.text Program instructions (Flash) Your compiled code 

.data Initialized global/static vars (RAM) int x = 5; 

.bss Uninitialized global/static vars (RAM) int y; 

Stack Function-local variables grows downward 

Heap new/malloc allocations grows upward 

 

Tip: Avoid dynamic allocation (new, malloc) unless absolutely necessary. 

In tiny RAM environments (e.g., 64 KB), heap fragmentation can lead to 

random crashes. 

Try This: 

Use sizeOf() and a debugger (or nm tool) to see how much RAM each 

global array consumes. 

 

1.2.3 C++ Embedded Building Blocks 

Let’s look at some core patterns that work well in embedded systems. 

 

RAII (Resource Acquisition Is Initialization) 

This pattern guarantees cleanup: 

 

class ScopedPin { 

  int pin; 

public: 

  ScopedPin(int p) : pin(p) { 

    pinMode(pin, OUTPUT); 



 

 

    digitalWrite(pin, HIGH); // Turn on 

  } 

  ~ScopedPin() { 

    digitalWrite(pin, LOW);  // Cleanup 

  } 

}; 

 

RAII helps avoid forgetting cleanup in failure paths. You get deterministic 

shutdown without needing finally blocks. 

 

Static Allocation & Buffer Pools 

Instead of: 

float* buf = new float[128]; 

Use static pools: 

static float buf[128]; // Allocated at compile time 

Or wrap it in a class: 

template<size_t N> 

class FixedBuffer { 

  float data[N]; 

}; 

 

Template-based Drivers 

Example: generic GPIO toggle: 

template<int pin> 

void toggle() { 



 

 

  digitalWrite(pin, !digitalRead(pin)); 

} 

This is resolved at compile time, so there’s zero runtime overhead. 

 

1.2.4 Real-Time Safety in C++ 

Real-time systems have hard constraints on timing. You must avoid: 

 

Rule of Thumb: If it’s not guaranteed to complete in bounded time, don’t 

use it. 

Try This: 

Write a Blinker class with begin() and update() methods using millis() for 

non-blocking toggling. 

1.2.5 MISRA-C++ and Static Analysis 

MISRA-C++ is a safety-oriented guideline for embedded C++. It bans 

risky practices and encourages predictability. 

 

Key guidelines: 

• Avoid dynamic memory 

• Avoid multiple inheritance 

Bad Practice Safer Alternative 

delay(100) millis() or timer ISR 

new/delete Use static buffers 

Exceptions Avoid completely in most MCUs 

Polymorphism via virtual Use templates or function pointers 



 

 

• No exceptions or RTTI 

• Limit recursion and stack depth 

 

Tools to enforce compliance: 

• cppcheck 

• clang-tidy 

• ARM's MISRA Compliance Suite 

 

Try This: 

Run cppcheck --enable=all src/ on your PlatformIO project. Fix at least 3 

warnings. 

 

  



 

 

1.2.6 Common Patterns and Idioms 

 

Pattern Purpose Example 

Singleton Global drivers One I²C bus 

State Machine Control logic Sensor polling 

Timer Callback 
ISR-friendly 

scheduling 
Audio sampling 

Bitmasking Compact config `flags 

CRTP (Curiously Recurring 

Template Pattern) 

Static 

polymorphism 

Base<T> for fast 

drivers 

 

1.2.7 Embedded-Friendly C++ Features 

 

Feature C++11 C++14 C++17 

constexpr       Extended 

auto          

std::array          

if constexpr        

Structured Bindings        

PlatformIO with build_flags = -std=c++17 supports these on modern 

toolchains. 

 

1.2.8 Example: Writing a PDM Microphone Driver (Simplified) 



 

 

 

class PDMReader { 

  uint16_t* buffer; 

  size_t length; 

public: 

  PDMReader(uint16_t* buf, size_t len) : buffer(buf), length(len) { 

    // setup I²S peripheral 

  } 

 

  void read() { 

    // non-blocking DMA read 

  } 

}; 

 

This shows encapsulation, memory reuse, and zero-alloc real-time 

behavior. 



 

 

1.2.9 Lab: Timer-Driven LED State Machine 

 

 

enum State { ON, OFF }; 

State ledState = OFF; 

unsigned long lastChange = 0; 

 

void loop() { 

  if (millis() - lastChange > 500) { 

    ledState = (ledState == ON) ? OFF : ON; 

    digitalWrite(LED_BUILTIN, ledState); 

    lastChange = millis(); 

  } 

} 

 

 

Expand this into a C++ Blinker class with internal timing. 

 

 

  



 

 

Chapter 1.3: Real-Time Thinking & Lab Toolkit 

 
“When milliseconds matter, thinking like the hardware matters.” 

 

1.3.1 Why Real-Time Thinking Matters 

 

In the embedded world, time is not an abstraction—it’s the environment 

you work in. 

When your system misses a window to: 

• Sample a signal 

• Act on a sensor trigger 

• Respond to a wake word 

• Transmit a BLE packet 

 

…it might cause stutters, errors, or even catastrophic failure. 

That’s why embedded developers don’t just program logic—they design 

behavior under constraints: latency, energy, and determinism. 

 

1.3.2 Polling, Delays, and Event Loops 

 

Polling (Bad): 

 

while (digitalRead(BUTTON) == LOW) { 

  // busy wait 

} 

• Wastes power 

• Blocks all other tasks 

• Not scalable 

 

Event-driven via millis() or timers: 

void loop() { 

  if (millis() - lastReadTime > 100) { 

    readSensor(); 

    lastReadTime = millis(); 

  } 

} 

Compare: delay() vs millis() in power draw 

 

Method Avg Power Responsiveness Use Case 



 

 

Method Avg Power Responsiveness Use Case 

delay(100) High Poor Testing only 

millis()-based Low Responsive Real-time firmware 

 

1.3.3 Understanding Interrupts 

 

Interrupts allow hardware to pause your code, run a quick response 

function, and resume. 

Example: Button press ISR 

 

volatile bool pressed = false; 

 

void IRAM_ATTR handlePress() { 

  pressed = true; 

} 

 

void setup() { 

  

attachInterrupt(digitalPinToInterrupt(BUTTON),handlePress,FALLING); 

} 

 

• Fast (<100 µs) 

• Doesn’t block main loop 

• Avoid long logic inside ISR 

 

Rule: Interrupts are triggers, not processors 

 



 

 

1.3.4 Cooperative Multitasking (Without RTOS) 

 

Embedded systems often run a main loop scheduler: 

 

void loop() { 

  task1();  // Read sensor 

  task2();  // Check command 

  task3();  // Update display 

} 

 

Each task is short, returns quickly, and has no delay(). 

 

Pattern: Time-sliced loop 

 

if (millis() - t1 > 100) { readTemp(); t1 = millis(); } 

if (millis() - t2 > 200) { updateBLE(); t2 = millis(); } 

 

Try This: Implement 3 blinking LEDs with different rates using no delays. 

 

1.3.5 Building a Simple State Machine 

 

Example: Fan Controller with 3 states. 

 

enum State { IDLE, ON, COOLING }; 

State systemState = IDLE; 

 

void updateState() { 

  switch(systemState) { 

    case IDLE: 

      if (temp > 30) systemState = ON; 

      break; 

    case ON: 

      if (temp < 28) systemState = COOLING; 

      break; 

    case COOLING: 

      if (temp < 25) systemState = IDLE; 

      break; 

  } 

} 

 

State machines make logic clear, testable, and scalable. 



 

 

 

1.3.6 Energy-Aware Scheduling 

 

When you add ML to the edge, power management becomes critical. 

 

Strategy Description Example 

Duty Cycling MCU sleeps between tasks 
Keyword Spotting every 

100 ms 

Peripheral 

Gating 
Disable unused features 

Turn off ADC during BLE 

TX 

Adaptive 

Inference 

Run smaller model if 

battery low 
Dynamic model selector 

 

 
 

Try This: Use analogRead(VBAT) or ESP32 ADC to adjust your model 

threshold based on power level. 

 

1.3.7 Labs Without Expensive Gear 

 

Here’s how you can simulate labs with minimal tools: 

 



 

 

Task Tool Link 

Serial waveform 

plotting 

Arduino Serial Plotter / Python 

matplotlib 
SerialPlot 

Power profiling 

EnergyTrace (TI MCUs), 

STM32CubeMonitor, or multimeter + 

logging 

Free 

Data logging MicroSD or serial log to CSV 
Serial.print → 

Excel 

Audio 

visualization 
Audacity + FFT plugin Audacity.org 

 

1.3.8 Lab Toolkit & Bill of Materials (BOM) 

 

To build the projects in this book, we recommend the following parts: 

 

Basic Student Hardware Kit (~₹1200–₹1800) 

 

Component Use Notes 

ESP32 Dev Board MCU Use ESP32-S3 for ML 

STM32L4 Discovery MCU For ultra-low power projects 

PDM Microphone Audio input INMP441 or MP34DT05 

OLED Display (I2C) Debugging UI SSD1306 

LiPo Battery (3.7V) Power 500–1000 mAh 

Solar Panel + Supercap Energy harvesting Optional 

Breadboard, jumper wires Prototyping Required 

 

 

Optional Tools 

• Multimeter 

• Logic analyzer (cheap USB versions) 

• ST-Link or J-Link debugger 

• Oscilloscope (or use Serial Plotting + smart logging) 

 

1.3.9 Benchmarks That Matter 

 

When evaluating embedded ML or sensor systems: 



 

 

 

Metric What It Tells You 

Inference Latency (ms) Responsiveness 

Memory Footprint (bytes) Fit on target 

Power Consumption (µW/mW) Battery impact 

Accuracy (%) Model performance 

False Accept Rate (FAR) For KWS, biometrics 

 

Use benchmark templates to standardize your comparisons. 

 

Try This: Time your loop() using micros() and plot execution time over 60 

seconds. 

 

 

Summary 

 

In this chapter, you learned: 

 

• Why C++ is powerful for embedded systems (RAII, templates, 

static alloc) 

• How to write memory-safe code under real-time constraints 

• The value of MISRA-C++ and static analysis 

• Best practices to avoid runtime errors and hard-to-debug bugs 

• How to start thinking modularly using classes and safe design 

patterns 

 

Next, we’ll move into Part 2: Bringing Intelligence to the Edge, starting 

with Chapter 2.1 – Why Edge AI? 

  



 

 

Chapter 2 
Bringing Intelligence to the Edge 

 

Chapter 2.1: Why Edge AI? 

 
2.1.1 The Shift from Cloud AI to Edge AI 

 

Traditionally, machine learning models run in the cloud—on powerful 

GPUs and servers. Devices send sensor data to the cloud, wait for a result, 

and act accordingly. 

 

But this architecture has three critical limitations: 

 

 

Problem Description Example 

Latency 
Round-trips to the cloud take 

200–500 ms or more 

Not acceptable for wake-

word detection 

Privacy 
Sensitive data (e.g., voice, faces) 

leaves the device 

Problematic in healthcare or 

smart homes 

Power 
Transmitting data is expensive 

energy-wise 

BLE, Wi-Fi, LTE all drain 

batteries fast 

 

 

 

That’s why Edge AI—running ML models on the device itself—is taking 

off. 

 



 

 

 

2.1.2 What Is Edge AI? 

 

Edge AI means doing ML inference on hardware at the edge of the 

network—microcontrollers, IoT devices, wearables, or industrial sensors. 

 

It includes: 

• Image or audio classification 

• Anomaly detection 

• Sensor fusion 

• Keyword spotting 

• Gesture or activity recognition 

 

Key point: Edge AI ≠ training. It’s focused on running already-trained 

models in constrained environments. 

 

2.1.3 Why Now? 

 

Three factors have converged to make Edge AI viable in 2020s: 

 

1. Efficient ML architectures 

Models like DS-CNN, MobileNet, and Tiny-YOLO are optimized 

for small sizes. 

2. Toolchains like TensorFlow Lite Micro 

They let you deploy neural networks without dynamic memory or 

OS dependencies. 

3. Powerful microcontrollers 

Cortex-M4/M7/M55, ESP32-S3, and NPUs now handle inference 

in milliseconds. 

 

 

Year Milestone 

2019 Google & Arm release TFLM & CMSIS-NN 

2021 STM32Cube.AI supports automated MCU model conversion 

2023 TinyML papers and workshops expand globally 

2025 You’re reading this book  

 

 

2.1.4 What Makes Edge AI Challenging? 



 

 

 

Unlike cloud models with GBs of RAM and TFLOPs of compute, Edge 

AI developers work with: 

 

Constraint Typical Value 

RAM 32–512 KB 

Flash 128 KB – 2 MB 

CPU 48–240 MHz 

Power <100 mW, often <1 mW 

OS None or RTOS 

 

 

This means you must: 

• Quantize your models (e.g., 32-bit float → 8-bit int) 

• Avoid dynamic memory 

• Optimize your preprocessing pipeline 

• Profile latency per operation 

 

Rule: If you can't control memory and timing, you can't deploy ML at 

the edge. 

 

 

2.1.5 Benchmark: Cloud vs Edge 

 

Let’s compare a typical keyword spotting task: 

 

 

Metric Cloud Inference Edge (ESP32-S3) 

Latency ~300 ms ~20 ms 

Power ~100 mW (Wi-Fi TX) ~8 mW 

Privacy Data in cloud Local only 

Connectivity Required Not required 

 

 

Even in its simplest form, Edge AI is faster, cheaper, and more secure. 

 

2.1.6 Real-World Use Cases 



 

 

 

Wake-Word Detection 

• Device listens for "Hey Assistant" 

• ML model (e.g., DS-CNN) runs on STM32 or ESP32 

• Latency must be <50 ms 

• Power budget <1 mW (duty cycling) 

 

Healthcare Wearables 

• Heart rate anomaly detection on-device 

• No cloud latency = faster alerts 

• Privacy is preserved (HIPAA compliant) 

 

Industrial Sensors 

• Vibration-based anomaly detection 

• ML models predict motor faults 

• Edge devices last years on battery/solar 

 

Try This: 

Which of your current personal devices use Edge AI? Think earbuds, 

fitness trackers, home hubs. 

 

 

2.1.7 Measuring Edge AI Performance 

 

Here’s what matters: 

 

Metric Tool / Method 

Inference Time (ms) 
micros(), STM32CubeMonitor, serial 

logging 

Peak RAM Usage (bytes) xPortGetFreeHeapSize(), MAP files 

Model Accuracy (%) Confusion matrix from training 

Energy Efficiency 

(ops/mW) 
Multimeter + oscilloscope 

 

 

These metrics determine whether a model is deployable or not. 

 

Try This: Log inference time over 60 seconds with a micros() timer and 

serial output. 



 

 

 

 

2.1.8 Energy Trade-Offs 

 

In ultra-low-power systems, every milliwatt matters. 

Strategies: 

• Run inference less often (e.g., every 500 ms) 

• Use confidence thresholds (only act if >85%) 

• Duty-cycle the MCU (sleep mode between tasks) 

• Use simpler fallback models (tiny decision trees) 

 

 

Model Type Power Usage Accuracy 

DS-CNN (KWS) ~8 mW ~95% 

1D-CNN (vibration) ~3–5 mW ~92% 

Logistic regression <1 mW ~80% 

 

 

Your job as an Edge AI engineer is not just to deploy—it’s to optimize. 

 

 

2.1.9 Lab: Simulate an Edge Inference Loop 

 

Write a loop that mimics on-device ML inference: 

 

 

unsigned long t0 = micros(); 

bool detected = simulateKeyword(); 

unsigned long t1 = micros(); 

 

Serial.print("Inference Time (us): "); 

Serial.println(t1 - t0); 

 

Use this to simulate: 

• Wake-word logic 

• False accept/reject thresholds 

• Timing under load 

 

Bonus: Vary the loop frequency to simulate power budgets. 

 



 

 

 

Summary 

 

In this chapter, you learned: 

 

• What Edge AI is and why it's growing rapidly 

• The core benefits: latency, privacy, energy efficiency 

• Key constraints of embedded ML deployment 

• How to evaluate real-world use cases 

• Strategies for measuring and optimizing inference 

 

 

You’re now ready for the technical core of Edge ML 

  



 

 

Chapter 2.2: TensorFlow Lite Micro Workflow 

 
“If you can quantize it, you can deploy it.” 

 

 

2.2.1 What Is TensorFlow Lite Micro? 

 

TensorFlow Lite Micro (TFLM) is a lightweight inference engine that 

lets you run trained ML models on bare-metal microcontrollers—with no 

OS, no dynamic memory, and extremely low resource use. 

 

Feature Value 

RAM footprint < 20 KB 

Flash usage ~22 KB for base runtime 

Heap use None (all static allocation) 

Supported targets Cortex-M, ESP32, ARC, RISC-V 

Operators ~50+, from conv to fully-connected to softmax 

 

 

TFLM lets you take trained models from TensorFlow/Keras and deploy 

them to MCUs that run on coin cells or solar panels. 

 

2.2.2 The Standard TFLM Deployment Pipeline 

 

Here’s the step-by-step flow for getting a model from training to 

inference: 

 

Keras / TensorFlow Model (.h5 or .pb) 

         ↓ 

Quantization & Conversion → .tflite (flatbuffer) 

         ↓ 

TFLM Converter → C Array (.h, .cc) 

         ↓ 

Embed in Firmware → Compile & Flash → Run on MCU 

Let’s break each step down. 

 

2.2.3 Step 1: Train and Save the Model 

 



 

 

Use TensorFlow/Keras to train your model on the task—e.g., keyword 

spotting, vibration classification. 

 

model = keras.Sequential([ 

    layers.Input(shape=(49, 10, 1)), 

    layers.Conv2D(8, (10, 4), strides=(2,2), activation='relu'), 

    layers.Flatten(), 

    layers.Dense(12, activation='softmax') 

]) 

model.compile(...) 

model.fit(...) 

model.save("model.h5") 

 

Convert to TFLite format: 

 

converter = tf.lite.TFLiteConverter.from_keras_model(model) 

tflite_model = converter.convert() 

 

with open("model.tflite", "wb") as f: 

    f.write(tflite_model) 

 

2.2.4 Step 2: Quantization 

 

Why quantize? 

 

Edge MCUs don’t have floating-point units. Running float32 is slow and 

power-hungry. 

 

Quantization compresses weights and activations from float32 to int8 or 

uint8. 

 

Types of Quantization: 

 

 

Type Description MCU Use 

Post-training dynamic 
Only weights 

quantized 

No (activations still 

float32) 

Full integer 
Weights + 

activations int8 
Yes 

Quantization-aware training Better accuracy Best for production 



 

 

Type Description MCU Use 

(QAT) 

 

 

Example for full int8: 

 

 

converter.optimizations = [tf.lite.Optimize.DEFAULT] 

converter.representative_dataset = rep_dataset 

converter.target_spec.supported_ops = 

[tf.lite.OpsSet.TFLITE_BUILTINS_INT8] 

converter.inference_input_type = tf.int8 

converter.inference_output_type = tf.int8 

 

 

Goal: Reduce model size by 4× and speed up inference by 5–15× with 

minimal accuracy loss. 

 

 

2.2.5 Step 3: Convert .tflite to C Array 

 

TFLM doesn't read .tflite files from disk—it expects models compiled 

into firmware. 

 

Use xxd or xxd -i to convert: 

 

xxd -i model.tflite > model_data.cc 

 

Output: 

unsigned char model_tflite[] = { 

  0x1c, 0x00, 0x00, 0x00, ... 

}; 

unsigned int model_tflite_len = 32000; 

 

Include in your project: 

 

extern const unsigned char model_tflite[]; 

extern const unsigned int model_tflite_len; 

 

Some toolchains have array size limits. Break into chunks if needed. 



 

 

 

2.2.6 Step 4: Embed into Firmware 

 

Core Components of TFLM: 

 

 

#include "tensorflow/lite/micro/micro_interpreter.h" 

#include "tensorflow/lite/micro/all_ops_resolver.h" 

#include "tensorflow/lite/schema/schema_generated.h" 

#include "tensorflow/lite/version.h" 

 

 

Initialize TFLM: 

 

 

// Load model 

const tflite::Model* model = tflite::GetModel(model_tflite); 

static tflite::AllOpsResolver resolver; 

 

// Create memory arena 

constexpr int tensor_arena_size = 20 * 1024; 

uint8_t tensor_arena[tensor_arena_size]; 

 

// Create interpreter 

tflite::MicroInterpreter interpreter(model, resolver, tensor_arena, 

tensor_arena_size); 

interpreter.AllocateTensors(); 

Run inference: 

 

 

TfLiteTensor* input = interpreter.input(0); 

input->data.int8[0] = ...;  // Fill input 

 

interpreter.Invoke(); 

 

TfLiteTensor* output = interpreter.output(0); 

int predicted_class = output->data.int8[0]; 

 

 

2.2.7 Memory Management in TFLM 

 



 

 

TFLM uses no malloc/new. All memory is pre-allocated in a tensor 

arena. 

 

 

Region Purpose 

Tensor arena Input, output, intermediate tensors 

Flash Model flatbuffer 

Stack Call frames 

SRAM Local variables, buffers 

 

 

Choose arena size wisely: 

• Too small = crash 

• Too large = wasted RAM 

 

Try This: Log memory usage with: 

 

Serial.println(interpreter.arena_used_bytes()); 

 

 

2.2.8 Performance Profiling on MCU 

 

You can profile inference time on real hardware: 

 

unsigned long start = micros(); 

interpreter.Invoke(); 

unsigned long end = micros(); 

Serial.print("Inference time (us): "); 

Serial.println(end - start); 

 

 

Target Times 

 

 

MCU Target Time (DS-CNN) 

STM32L4 @ 80 MHz <250 ms 

ESP32-S3 @ 240 MHz ~15–30 ms 

STM32U5 + NPU <5 ms 



 

 

 

Add audio preprocessing time (MFCC, filtering) to get full pipeline 

latency. 

 

2.2.9 Deployment Checklist 

 

• Before deploying, verify: 

• Model is fully quantized (int8 weights + activations) 

• Tensor arena is stable under varied inputs 

• Inference time is within timing budget 

• Accuracy drop after quantization <2% 

• Output classes are well interpreted 

• Memory fits in RAM + Flash 

 

Bonus: Use CMSIS-NN for optimized kernels on ARM Cortex-M CPUs. 

 

 

2.2.10 TFLM Project Scaffolding (ESP32 / STM32) 

 

Folder Structure: 

 

src/ 

├── main.cpp 

├── model_data.cc 

include/ 

├── model_data.h 

lib/ 

├── tflite_micro/ 

platformio.ini 

 

 

platformio.ini example (ESP32): 

 

[env:esp32-s3] 

platform = espressif32 

board = esp32-s3-devkitc-1 

framework = arduino 

build_flags =  

  -Iinclude 

  -O3 

monitor_speed = 115200 



 

 

 

 

Best Practice: Use a Git submodule for tensorflow/ directory to track the 

version you deployed. 

 

 

Bonus – Optimizing TFLM Inference for Real Devices: 

 
“Because making it run isn’t the same as making it efficient.” 

 

B.1 Operator Acceleration with CMSIS-NN 

 

CMSIS-NN is an ARM-optimized neural network kernel library for Cortex-M 

MCUs. 

 

It speeds up: 

• Convolution 

• Depthwise conv 

• Dense layers 

• Softmax 

• ReLU, activation 

 

Why Use CMSIS-NN? 

 

Operator TFLM (generic) CMSIS-NN Speedup 

Conv2D ~8 ms ~1.5 ms ~5× 

Dense ~3 ms ~0.6 ms ~5× 

Softmax ~1 ms ~0.1 ms ~10× 

 

Note: Only works with int8 models and ARM Cortex-M targets. 

 

 

B.2 Enabling CMSIS-NN in Your Project 

 

You must: 

 

1. Use CMSIS-NN source in your build 

2. Configure the operator resolver to use CMSIS kernels 

 

Example (PlatformIO platformio.ini): 

 

build_flags =  



 

 

  -DCMSIS_NN 

  -Ilib/CMSIS-NN/Include 

  -Ilib/CMSIS-NN/Source 

 

In code: 

 

#include "tensorflow/lite/micro/micro_mutable_op_resolver.h" 

#include "tensorflow/lite/micro/kernels/cmsis_nn/conv.h" 

... 

tflite::MicroMutableOpResolver<5> resolver; 

resolver.AddConv2D(tflite::ops::micro::Register_CONV_2D_int8_CMSI

S_NN()); 

... 

 

Alternatively, use AddBuiltin() but override with CMSIS flags in compile. 

 

B.3 Memory Optimizations 

 

Strategy 1: Reduce Tensor Arena 

 

• Profile arena size: interpreter.arena_used_bytes() 

• Remove unused ops to reduce arena inflation 

• Use StaticMemoryAllocator if integrating with RTOS 

 

Strategy 2: Fuse Ops During Training 

 

• Fuse Conv2D + BatchNorm + ReLU → single op 

• This saves ~30% compute and simplifies the model graph 

 

Strategy 3: Layer Size Control 

 

• Reduce activation map sizes (e.g., pooling early) 

• Use depthwise separable convolutions to save multiplications 

 

Architecture Params Ops Accuracy Power 

DS-CNN-M 22 KB 5.4 MMAC ~94% ~8 mW 

TinyCNN 12 KB 2.1 MMAC ~92% ~5 mW 

 

 

 



 

 

B.4 Duty-Cycled Inference Patterns 

 

 

Running inference all the time is wasteful. Try: 

 

Pattern Description 
Power 

Saving 

Triggered Inference 
Wait for a spike in mic / sensor before 

running model 
2× 

Confidence 

Thresholding 
Only act if softmax > X% 1.5× 

Model Cascading 
Run simple model first, detailed model 

only on trigger 
1.7–2.5× 

 

 

 

if (simpleModel() == "maybe") { 

  runDSCNN(); 

} 

 

 

  



 

 

B.5 Profiling Tools 

 

Use these to squeeze max performance: 

 

Tool Platform Usage 

STM32CubeMonitor STM32 Memory, CPU load, graph 

EnergyTrace TI MCUs Power profiling (mW over time) 

SerialPlot / Python Any Plot softmax, latency, etc. 

Arm Keil MDK Cortex-M Instruction-level profiling 

J-Trace / J-Link All Function timing, tracing 

 

 

 

B.6 Compression Techniques 

 

 

Even after quantization, you can compress further: 
 

Technique Gain Notes 

Pruning 2–4× smaller May lose accuracy 

Weight 

Clustering 
~2× smaller 

Use TensorFlow Model Optimization 

Toolkit 

Huffman 

Encoding 

20–30% 

smaller 
Add decode logic manually 

Structured 

Sparsity 

2×–10× 

speedup 
Supported on some NPUs 

 

 

Not all techniques are TFLM-compatible out-of-the-box, but they inspire 

custom firmware-level optimization. 

 

  



 

 

B.7 NPUs & Offloading with Ethos-U55, Kendryte, ESP NPU 

 

If you’re using Cortex-M55 + Ethos-U55, Kendryte K210, or ESP32-S3 

with NPU, you can offload layers like conv2d or fully-connected to 

silicon accelerators. 

 

Platform NPU Perf Target Layers 

Ethos-U55 480× uplift Conv, FC, activation 

ESP-S3 NPU 16-bit MAC Image/audio CNNs 

Kendryte Dedicated AI engine Full models 

 

 

Use TVM, CMSIS-NN, or vendor SDK to map layers. TFLM must be 

adjusted for split inference pipelines. 

 

 

B.8 Best Practices Summary 

 

 

Goal Technique 

Faster inference CMSIS-NN, fuse layers, reduce ops 

Lower memory Reduce arena size, prune, simplify 

Better power Duty-cycle, thresholding, adaptive cascade 

Industrial-grade deployment Profile, optimize, repeat 

 

  



 

 

Summary 

 

In this chapter, you learned: 

 

• How to train, quantize, convert, and deploy ML models to MCUs 

• The structure and runtime model of TensorFlow Lite Micro 

• How to embed models using C arrays and run inference with static 

memory 

• Best practices for memory, timing, and profiling 

• A complete workflow from .h5 to blinking an LED on inference 

 

 

You're now ready to build your first deployable ML project! 

  



 

 

Chapter 3 
Guided Projects 

 

Chapter 3.1: The Project 1 – Smart Sensor 
Real-Time Keyword Spotting on STM32 or ESP32 

 
Phase 1: Hardware Setup & Lab Environment 

 
3.1.1 Introduction 

 
In this first project, we build a smart keyword-detecting sensor that can 

run a speech recognition model entirely on a microcontroller. The sensor 

will detect specific words like “on” or “off” and react accordingly—all 

without needing a cloud connection. This isn't just a toy demo; this is a 

blueprint for a real deployable Edge AI product. 

 
At the heart of it: 

 

• Microcontroller: We’ll use either an STM32L4 (ultra-low power) 

or ESP32-S3 (more compute, with vector acceleration). 

• Microphone: We’ll use a digital PDM (Pulse-Density Modulation) 

microphone, though an I²S mic variant can also be used. 

• Software: We’ll use PlatformIO, TensorFlow Lite Micro, and a 

full C/C++ embedded stack. 

 

Goal: You’ll have a working embedded lab setup by the end of this 

section—complete with firmware flashing, logging, and audio capture 

pipeline primed. 
 
3.1.2 Hardware Selection 

 
Let’s break this down by tiers, use-case, and power targets. 

 
3.1.2.1 Microcontroller Boards 

 

Board Features Strengths Notes 



 

 

Board Features Strengths Notes 

STM32L476RG 

Cortex-M4, 80 

MHz, 128 KB 

SRAM 

Ultra-low-

power 

ST-Link 

debugger built-in 

STM32U575 

Cortex-M33 + 

TrustZone, 2 MB 

Flash 

Secure AI-

ready 

Slightly more 

complex 

toolchain 

ESP32-S3 

DevKitC-1 

Xtensa LX7, 240 

MHz dual-core + 

Vector Accel 

Fast inference, 

Wi-Fi/BLE 

Needs careful 

power 

management 

nRF52840 DK 
Cortex-M4, BLE 

5.0 

BLE 

prototyping 

No built-in PDM 

support 

 
For this project, we focus on STM32L4 and ESP32-S3—both widely 

available and capable. 

 

 

3.1.2.2 Microphones 

 

A. PDM Mics 

 

These microphones output a single-bit stream at very high frequency. We 

down sample and filter this to get usable audio. 

 

Recommended PDM Mic Modules: 

 

• SPH0645LM4H-B – I²S & PDM hybrid, very popular 

• MP34DT01-M – ST's official mic, works great with STM32 

• INMP441 – Very common in ESP32 projects 

•  

PDM microphones require hardware support for PDM interface or an 

I²S-to-PDM conversion trick. 

 

B. I²S Mics (Alternative) 

 

If your MCU supports I²S audio, you can use: 

• ICS-43434 

• MAX9814 (analog + preamp) – needs ADC 

•  



 

 

Pro Tip: Choose a mic with known driver libraries on your chosen 

MCU—this saves hours. 

 

 

3.1.2.3 Power Supply Options 

 

Depending on your deployment goal: 

 

Mode Source Target Current 

Debug Mode USB Unlimited 

Field Test Coin cell or Lipo <5 mA average 

Self-powered Solar + supercapacitor <1 mA avg, <50 µA idle 

 

 

For early testing, USB power is fine. But for power profiling (see later), 

simulate real constraints. 

 

3.1.3 Hardware Connections 

 

3.1.3.1 STM32L476 Nucleo + SPH0645 Mic 

 

Wiring the PDM mic to STM32 (using D2 & D3): 

 

Mic Pin STM32 Pin Notes 

VDD 3.3V Use regulated power 

GND GND Tie all grounds 

CLK PA5 (D13) Use TIM or PDM peripheral 

DAT PB4 (D5) GPIO with EXTI for PDM 

Check your board's datasheet—pin remapping may be needed with 

STM32CubeMX. 

 

3.1.3.2 ESP32-S3 DevKit + INMP441 Mic 

 

Wiring for I²S: 

 

Mic Pin ESP32 Pin Notes 

VDD 3.3V Regulated LDO 



 

 

Mic Pin ESP32 Pin Notes 

GND GND Clean ground 

WS/LRCL GPIO 25 Left-right clock 

BCLK GPIO 26 Bit clock 

DOUT GPIO 22 Data out to ESP 

 

Enable I²S in Arduino or ESP-IDF. Verify i2s_read() returns valid 

samples. 

 

3.1.4 Software Environment Setup 

 

We’ll use PlatformIO for its cross-platform flexibility and easy library 

integration. 

 

3.1.4.1 Installing PlatformIO 

 

• Download VS Code 

• Open Extensions tab → Search for "PlatformIO" 

• Install and restart 

 

Command-line users can install via pip: 

 

pip install platformio 

 

3.1.4.2 Creating the Project 

 

pio project init --board nucleo_l476rg 

Folder structure: 

 

project/ 

├── src/ 

│   └── main.cpp 

├── lib/ 

├── include/ 

├── platformio.ini 

 

 

Example config for STM32: 

 



 

 

[env:nucleo_l476rg] 

platform = ststm32 

framework = arduino 

upload_protocol = stlink 

monitor_speed = 115200 

build_flags = 

  -Iinclude 

  -O3 

 

 

3.1.4.3 Serial Debug Logging 

 

Use: 

 

Serial.begin(115200); 

Serial.println("Microphone initialized"); 

 

PlatformIO Terminal → Monitor or use SerialPlot to visualize audio in 

real-time. 

 

 

3.1.5 Debugging Tools & Common Issues 

 

 

Problem Symptom Fix 

Mic not responding Flat audio Check CLK line, verify VDD 

Distorted signal Garbled FFT Fix grounding / reduce clock noise 

No serial output Blank terminal Match baud rate, replug USB 

Flash fails Board not found Driver issue or ST-Link conflict 

Run: 

 

pio device list 

 

to find correct COM port. 

 

 

3.1.6 Optional: Energy Profiling Setup 

 

 



 

 

Tool Use Board Compatibility 

EnergyTrace (TI) mW tracking MSP430 / SimpleLink 

STM32CubeMonitor-Power Real-time current STM32 Nucleo 

Nordic Power Profiler Kit II 0.1 µA accuracy All 3.3V systems 

INA219/INA226 + Arduino DIY power meter All boards 

 

 

We’ll use these later when optimizing duty-cycled inference. 

 

Wrap-Up: Lab Environment Ready 

By now, you should have: 

• Selected your MCU and mic combo 

• Wired it properly 

• Set up PlatformIO and flashed a test sketch 

• Verified serial output and optionally scoped your mic data 

 

 

 

  



 

 

Phase 2: Hardware Setup & Lab Environment 

 
3.1.5 Overview 

 

Microphones output raw audio. But neural networks require structured, 

compact, and meaningful input features. In this pass, we’ll walk through 

the full signal processing pipeline: 

 

1. Audio acquisition (PDM/I²S → PCM) 

2. Preprocessing (windowing, normalization) 

3. Feature extraction (MFCCs) 

4. Tensor shaping (for model input) 

 

This pipeline will run entirely on the MCU, in real time, within RAM 

constraints. 

 

 

3.1.6 From PDM to PCM 

 

3.1.6.1 What Is PDM? 

 

Pulse-Density Modulation microphones output a stream of high-frequency 

1-bit samples. The more frequent the 1s, the louder the signal. To convert 

this into usable audio: 

 

• Decimate: Filter + down sample to reduce data rate 

• Low-pass filter: Extract the envelope of the signal 

 

Example: 

 

A 3.072 MHz PDM stream can be downsampled to 16 kHz PCM (3.072 

MHz ÷ 192). 

 

3.1.6.2 Implementing a Decimation Filter (FIR) 

#include "arm_math.h" 

 

#define PDM_BLOCK_SIZE 256 

#define PCM_FRAME_SIZE 160 

 

int16_t pdm_buffer[PDM_BLOCK_SIZE]; 

q15_t pcm_buffer[PCM_FRAME_SIZE]; 



 

 

 

arm_fir_decimate_instance_q15 decimator; 

 

void init_decimator() { 

  arm_fir_decimate_init_q15(&decimator, FIR_NUM_TAPS, 

DECIMATION_FACTOR, fir_coeffs, state_buffer, 

PCM_FRAME_SIZE); 

} 

 

void pdm_to_pcm() { 

  arm_fir_decimate_q15(&decimator, pdm_buffer, pcm_buffer, 

PCM_FRAME_SIZE); 

} 

 

• FIR_NUM_TAPS: 64 to 128 taps typical 

• DECIMATION_FACTOR: Often 64 or 128 

 

For STM32, enable DFSDM or use I²S + DMA to stream audio. 

 

3.1.6.3 Testing PCM Output 

 

Print PCM buffer to serial to plot in Python: 

 

for (int i = 0; i < PCM_FRAME_SIZE; i++) { 

  Serial.println(pcm_buffer[i]); 

} 

Plot with Python: 

 

import matplotlib.pyplot as plt 

pcm = [int(x) for x in open('log.txt')] 

plt.plot(pcm) 

plt.show() 

 

Expected: clean waveform with ~16 kHz sampling. 

 

3.1.7 Windowing and Pre-Processing 

 

Before applying FFT or MFCC, we divide audio into frames. 

 

• Frame size: 30 ms → ~480 samples at 16 kHz 

• Hop size: 10 ms → 160 sample shifts 



 

 

• Apply Hamming or Hann window 

 

 

for (int i = 0; i < FRAME_SIZE; i++) { 

  windowed[i] = hamming[i] * pcm_buffer[i]; 

} 

 

Use precomputed Hamming coefficients. Avoid floating point on M0/M4 

if possible—use Q15 fixed-point. 

 

 

3.1.8 Computing MFCCs 

 

 

3.1.8.1 What Are MFCCs? 

 

Mel Frequency Cepstral Coefficients are perceptually weighted 

frequency-domain features. They compress audio into a few dozen 

coefficients per frame. 

 

 

 

MFCC pipeline: 

1. FFT 

2. Power spectrum 

3. Mel filterbank 

4. Log 

5. DCT 

 

3.1.8.2 CMSIS-DSP FFT + Power Spectrum 

 

arm_rfft_fast_instance_f32 fft_instance; 

float32_t input_frame[FRAME_SIZE]; 

float32_t fft_output[FRAME_SIZE]; 

float32_t power_spectrum[NUM_BINS]; 

 

void compute_fft() { 

  arm_rfft_fast_f32(&fft_instance, input_frame, fft_output, 0); 

  for (int i = 0; i < NUM_BINS; i++) { 

    power_spectrum[i] = fft_output[2*i]*fft_output[2*i] + 

fft_output[2*i+1]*fft_output[2*i+1]; 



 

 

  } 

} 

 

For STM32F4 and up, float32 is viable. Use arm_rfft_q15() on M0/M3. 

 

3.1.8.3 Mel Filter bank & DCT 

 

Use precomputed filter banks stored as a 2D matrix: 

 

 

float mel_energies[NUM_MEL_BINS] = {0}; 

for (int m = 0; m < NUM_MEL_BINS; m++) { 

  for (int k = 0; k < NUM_BINS; k++) { 

    mel_energies[m] += filterbank[m][k] * power_spectrum[k]; 

  } 

  mel_energies[m] = logf(mel_energies[m] + 1e-6f); 

} 

 

Apply DCT manually or with CMSIS: 

 

arm_dct4_f32(&dct_instance, &sine_table, mel_energies, mfcc_output); 

 

3.1.9 Shaping Tensors 

 

Suppose your final MFCC output is: 

• 49 frames (1 second) 

• 10 coefficients per frame 

 

Resulting tensor: 

 

int8_t mfcc_input[49][10]; 

 

Normalize: 

 

• Subtract mean 

• Divide by std-dev 

• Quantize to int8 range 

 

Use tflite::MicroInterpreter::SetInput() to assign buffer before inference. 

 

3.1.10 Buffer Management 



 

 

 

Microcontrollers have tiny RAM (64–512 KB). Keep: 

 

• Audio buffers in static memory 

• MFCCs reused in-place 

• Tensor arena ≤ 64 KB if possible 

 

DMA and circular buffers are your friend for non-blocking capture. 

 

 If using ESP32, place large buffers in PSRAM: heap_caps_malloc(..., 

MALLOC_CAP_SPIRAM) 

 

 

3.1.11 Debugging the Pipeline 

 

 

Symptom Cause Fix 

Flat MFCC output Incorrect FFT Check scaling, windowing 

Audio noise Ground loop Add bypass cap, isolate mic 

Latency too high Frame size too big Downsample, use fewer MFCCs 

App crash Stack overflow Move buffers to .bss or heap 

 
 

  



 

 

Wrap-Up: Real-Time Feature Extraction Complete 

 

You now have: 

 

• A real-time audio pipeline running on embedded hardware 

• MFCC features computed at ~25–30 fps 

• A correctly shaped input tensor for TFLM inference 

 

You’re no longer capturing sound—you’re converting it into machine 

perception. 

 

 

Next: Training & Quantizing a DS-CNN for deployment. 

  



 

 

Phase 3: Model Design, Training & Quantization 

 
3.1.12 Problem Definition 

 

The goal is to build a low-power wake-word detector. The model must: 

 

• Recognize a small set of words: "on", "off", "silence", and 

"unknown" 

• Operate in real time (≤250 ms latency) 

• Fit in < 32 KB model memory 

• Run on an MCU without floating point or dynamic memory 

 

3.1.13 Model Architecture: Depth wise Separable CNN (DS-CNN) 

 

DS-CNN is the standard for small-footprint audio classification: 

 

• Efficient: 10× fewer parameters than vanilla CNNs 

• Depth wise separable convolution = conv over each channel + 1×1 

fusion 

 

3.1.13.1 Input Shape 

 

We’re feeding in MFCCs of shape (49, 10, 1): 

 

• 49 frames → 1 second of 20 ms windows 

• 10 coefficients per frame 

• 1 channel (single MFCC stream) 

 

3.1.13.2 Model Layers (Keras) 

 

 

model = keras.Sequential([ 

    DepthwiseConv2D(kernel_size=(3,3), padding='same'), 

    BatchNormalization(), 

    ReLU(), 

    Conv2D(32, kernel_size=(1,1)), 

    BatchNormalization(), 

    ReLU(), 

    GlobalAveragePooling2D(), 

    Dense(4, activation='softmax') 

]) 



 

 

 

Total size: ~28 KB (fully quantized) 

 

Trade-off: Add more pointwise layers for accuracy; remove for size. 

 

3.1.14 Dataset: Google Speech Commands (GSC) 

 

Download from: 

 

wget http://download.tensorflow.org/data/speech_commands_v0.02.tar.gz 

 

Classes: 

 

• on/ → positive class 1 

• off/ → positive class 2 

• All others → "unknown" 

• Background noise → "silence" 

 

We’ll sample ~2000 examples per class. 

 

3.1.14.1 Preprocessing Pipeline 

 

Use torchaudio, librosa, or tensorflow_io: 

 

import tensorflow as tf 

waveform = tf.audio.decode_wav(file_bytes) 

mfccs = extract_mfcc(waveform, sample_rate=16000) 

 

• Normalize length (1 second) 

• Compute MFCC (49×10) 

• Store as float32 Numpy array 

•  

Use stratified train/val/test split. 

 

3.1.14.2 Augmentation for Edge Robustness 

 

Keyword spotting in real environments is noisy. 

Apply: 

 

• Background noise mix-in 

• Time shifting 



 

 

• Random pitch stretch 

• Dynamic range compression 

 

 

def augment(audio): 

    noise = get_random_noise() 

    return audio + 0.05 * noise 

 

Try to match the deployment SNR (signal-to-noise ratio). 

 

3.1.15 Model Training 

 

Use cross-entropy loss and Adam optimizer. 

 

model.compile(optimizer='adam', loss='categorical_crossentropy', 

metrics=['accuracy']) 

model.fit(train_X, train_y, validation_data=(val_X, val_y), epochs=25) 

 

Expected: 

 

• Val accuracy > 92% 

• Loss stabilizes in 10–15 epochs 

 

Export baseline .h5 model. 

 

 

3.1.16 Model Conversion & Quantization 

 

3.1.16.1 Float32 to int8 

 

 

Use TensorFlow Lite converter: 

 

converter = tf.lite.TFLiteConverter.from_keras_model(model) 

converter.optimizations = [tf.lite.Optimize.DEFAULT] 

converter.representative_dataset = rep_data 

converter.target_spec.supported_ops = 

[tf.lite.OpsSet.TFLITE_BUILTINS_INT8] 

converter.inference_input_type = tf.int8 

converter.inference_output_type = tf.int8 

 



 

 

tflite_model = converter.convert() 

Save: 

 

with open("ds_cnn_model.tflite", "wb") as f: 

    f.write(tflite_model) 

 

3.1.16.2 Representative Dataset Generator 

 

 

def rep_data(): 

    for i in range(100): 

        yield [np.expand_dims(train_X[i], axis=0).astype(np.float32)] 

 

This tells the converter how your actual MCU inputs will look—ensures 

correct quantization scaling. 

 

3.1.16.3 Post-Quantization Evaluation 

 

Evaluate accuracy before and after: 

 

interpreter = tf.lite.Interpreter(model_path="model.tflite") 

interpreter.allocate_tensors() 

 

Accuracy drop should be <2%. If not: 

• Re-check dataset normalization 

• Increase rep dataset diversity 

• Try dynamic range quantization as fallback 

 

3.1.17 Embedding Model in Firmware 

 

3.1.17.1 Convert. tflite to C Header 

 

xxd -i ds_cnn_model.tflite > model_data.cc 

 

This gives you: 

 

const unsigned char ds_cnn_model[] = { ... }; 

const int ds_cnn_model_len = ...; 

 

Link this in your firmware like: 

 



 

 

tflite::Model* model = tflite::GetModel(ds_cnn_model); 

 

 

3.1.17.2 TensorFlow Lite Micro Integration 

 

Set up the interpreter: 

 

 

constexpr int kTensorArenaSize = 20 * 1024; 

uint8_t tensor_arena[kTensorArenaSize]; 

 

tflite::MicroInterpreter interpreter (model, op_resolver, tensor_arena, 

kTensorArenaSize); 

interpreter.AllocateTensors(); 

 

Feed MFCC input to interpreter.input(0) and call: 

 

interpreter.Invoke(); 

Get output from interpreter.output(0). 

 

 

 

 

 

 

 

 

 

  



 

 

Wrap-Up: Trained and Embedded ML Model 

 

You now have: 

 

• A compact DS-CNN trained on real speech data 

• Fully quantized int8 model under 30 KB 

• Converted and linked into C firmware 

• TFLM runtime integrated for inference 

 

 

Next, we’ll connect all these pieces into the live embedded loop and 

profile it.  

  



 

 

Phase 4: Firmware Integration & Optimization 

 
3.1.18 High-Level Runtime Loop 

 

At this point, we’re combining: 

 

• Live audio capture (from PDM or I²S mic) 

• Feature extraction (MFCCs) 

• Model inference (TFLM) 

• Decision logic (keyword match, debounce, action) 

 

The runtime loop typically runs at ~10–25 fps depending on MCU speed 

and buffer sizes. 

 

3.1.19 System Overview 

 

while (true) { 

  capture_audio_frame();          // Fill buffer from mic 

  compute_mfcc();                 // Generate MFCC input 

  run_inference();                // TFLM inference 

  handle_output();                // React to results 

} 

 

In practice, these steps run in ISR+main loop separation (e.g., mic DMA 

in background). 

 

3.1.20 Audio Buffering Strategy 

 

Microphones stream audio in frames (e.g., 160 samples per 10 ms). Use a 

ring buffer to collect 1-second clips. 

 

 

int16_t audio_ring[RING_BUFFER_SIZE]; 

int ring_index = 0; 

 

void on_audio_frame_ready(int16_t* new_frame) { 

  memcpy(&audio_ring[ring_index], new_frame, FRAME_LEN * 

sizeof(int16_t)); 

  ring_index = (ring_index + FRAME_LEN) % RING_BUFFER_SIZE; 

} 

 



 

 

Once 1 sec is filled (e.g., 49×10 MFCCs), trigger inference. 

 

3.1.21 Feature Extraction in C++ 

 

You’ve already implemented MFCC in earlier steps. Now wrap it in a 

function like: 

 

void compute_mfcc_features(int16_t* audio_input, int8_t* tensor_out) { 

  // Apply window, FFT, Mel filterbank 

  // Output: quantized MFCC array ready for inference 

} 

 

Make sure output matches the quantization range used during training. 

 

3.1.22 Setting up TFLM Interpreter 

 

Load model, allocate tensors once: 

 

const tflite::Model* model = ::tflite::GetModel(ds_cnn_model); 

 

static tflite::MicroMutableOpResolver<5> resolver; 

resolver.AddDepthwiseConv2D(); 

resolver.AddConv2D(); 

resolver.AddSoftmax(); 

resolver.AddFullyConnected(); 

resolver.AddReshape(); 

 

static tflite::MicroInterpreter interpreter(model, resolver, tensor_arena, 

kTensorArenaSize, error_reporter); 

interpreter.AllocateTensors(); 

 

TfLiteTensor* input = interpreter.input(0); 

TfLiteTensor* output = interpreter.output(0); 

 

3.1.23 Running Inference 

 

memcpy(input->data.int8, mfcc_input, kInputSize); 

TfLiteStatus invoke_status = interpreter.Invoke(); 

if (invoke_status != kTfLiteOk) { 

  Serial.println("Invoke failed!"); 

} 



 

 

 

Then read SoftMax probabilities: 

 

int8_t* scores = output->data.int8; 

int detected = argmax(scores, NUM_CLASSES); 

 

Use output->params.zero_point and scale to dequantize if needed. 

 

3.1.24 Post-Processing and Action Logic 

 

Avoid false positives with: 

 

• Confidence thresholding 

• Minimum suppression duration 

• Hysteresis (require multiple hits) 

 

 

if (scores[ON_IDX] > THRESHOLD) { 

  if (time_since_last_detect > cooldown) { 

    trigger_action(LED_ON); 

    time_since_last_detect = 0; 

  } 

} 

 

Example actions: 

• Toggle LED 

• Send UART signal 

• Trigger GPIO/relay 

• Send BLE advertisement 

 

 

3.1.25 Performance Profiling 

 

3.1.25.1 Timing Inference 

 

 

unsigned long start = micros(); 

interpreter.Invoke(); 

unsigned long duration = micros() - start; 

Serial.print("Inference time (us): "); Serial.println(duration); 

 



 

 

Expect: 

 

• ESP32-S3: ~35–50 ms 

• STM32L4: ~180–250 ms 

 

3.1.25.2 Memory Usage 

 

Track: 

 

• Tensor Arena size 

• Stack size (watch for overflows) 

• Heap fragmentation (if using dynamic alloc) 

 

Use --specs=nano.specs -u _printf_float to enable float printing if needed. 

 

3.1.26 Latency vs Power Trade-offs 

 

Strategy Impact 

Reduce MFCC frame count Lower latency 

Use 8-coeff MFCCs Save RAM 

Run inference every 500 ms Save power 

Quantize to int4 (future) Cut model size in half 

 

You can also pause audio capture between inference cycles to save current 

draw. 

 

3.1.27 Field Testing 

 

Try speaking on, off, random noise, and monitor: 

 

• Latency 

• False activations 

• Missed detections 

 

Record logs over serial to evaluate: 

 

[Audio OK] MFCC ready. 

[Invoke] Detected: on (0.91 confidence) 

 



 

 

 

Wrap-Up: Real-Time Embedded Inference Working 

 

You now have: 

 

• A complete keyword detection loop 

• Live audio processing 

• Inference with TFLM 

• Real-world action triggers on device 

 

This is no longer a demo—this is a real embedded AI product core. 

 

Next: Phase 5 – Project Extension, Performance Benchmarks & 

Challenge Labs 

 

  



 

 

Phase 5 Extensions, Performance Benchmarks & Challenge Labs 

 
3.1.28 Project Extensions 

 

These ideas stretch the basic project into advanced Edge AI territory. Each 

one adds a layer of engineering complexity. 

 

3.1.28.1 Multi-Keyword Detection 

 

Upgrade the model to handle 10+ keywords (e.g., "left", "right", "go", 

"stop"). 

 

• Expand training set from Google Speech Commands 

• Increase model capacity (e.g., add more depth wise layers) 

• Use label smoothing or hierarchical SoftMax for better 

generalization 

 

Model size: Expect 60–90 KB 

 

Trade-off: Will no longer fit on STM32L4 (consider STM32H7 or ESP32-

S3 with PSRAM) 

 

 

3.1.28.2 Streaming Inference 

 

Use a sliding window for streaming audio inference every 100–200 ms. 

 

[ 0 - 1 sec ] → infer 

[0.2 - 1.2 sec] → infer 

[0.4 - 1.4 sec] → infer 

 

• Reduce latency 

• Increase responsiveness 

• Enables continuous monitoring in devices like smart speakers or 

toys 

 

Use ring buffers and staggered frame updates. 

3.1.28.3 On-Device Personalization 

 

Enable on-device fine-tuning of models or adaptive thresholds: 

 



 

 

• Store new audio samples via button or BLE 

• Recompute MFCC fingerprints 

• Train tiny nearest-neighbor classifier (1-NN or cosine distance) on-

device 

 

This supports use cases like personal wake words ("Hey Jarvis", "Hello 

Edge"). 

 

 

3.1.28.4 Sleep Mode + Interrupt Wake 

 

Lower average power by duty cycling: 

 

• MCU in STOP2 or Light Sleep mode 

• Use mic interrupt or timer to wake 

• Sample briefly, infer, sleep again 

 

 

Expected savings: 10× reduction in standby power, down to ~150 µA 

average 

 

 

For STM32L4: 

 

HAL_PWR_EnterSTOPMode(PWR_LOWPOWERREGULATOR_ON, 

PWR_STOPENTRY_WFI); 

 

3.1.29 Performance Benchmarks 

 

Use tools to measure latency, memory, and energy efficiency. 

 

 

 

Metric STM32L4 ESP32-S3 

Inference Time ~220 ms ~40 ms 

Model RAM 18 KB 18 KB 

Total Flash 31 KB 31 KB 

Audio + MFCC 20–30 ms 10–15 ms 

Energy (per inference) ~15 mJ ~5 mJ 



 

 

 

Test each component in isolation: 

 

• MFCC() time 

• Invoke() time 

• Buffer fill rates 

 

Optional: Use Power Profiler Kit II or INA219 to log live current. 

 

3.1.30 Student Lab Challenges 

 

These mini-labs turn the project into a classroom or hackathon challenge. 

 

Challenge 1: Optimize for Size 

 

Goal: Fit the entire project (code + model + buffers) into ≤64 KB Flash 

 

• Reduce MFCC dimensions 

• Use 8-coeff features 

• Try a 1D CNN instead of 2D DS-CNN 

• Use -Os compiler flags 

 

 Challenge 2: Beat the Energy Baseline 

 

Goal: Reduce total energy per inference below 10 mJ 

 

• Profile current draw 

• Add MCU sleep states 

• Quantize weights more aggressively 

Extra credit: log energy usage over time with UART CSV. 

 

Challenge 3: Noise Resilience 

 

Goal: Train a model that beats baseline accuracy in a noisy environment 

 

• Add custom noise samples 

• Augment training data with city, office, or kitchen sounds 

• Implement SNR-based adaptive gain before MFCC 

 

Challenge 4: Replace MFCC with Raw Audio 

 



 

 

Goal: Use raw PCM as input and train a 1D CNN 

 

Pros: 

• Bypass MFCC compute 

• Easier pipeline 

Cons: 

• Requires bigger models 

• More RAM for longer inputs 

 

Advanced students can test TinyAudioNet, PCEN, or wave2vec-lite 

variants. 

 

3.1.31 Visual Documentation 

 

• System diagram of mic → DSP → TFLM → action 



 

 

 

• Heatmap of MFCC input 

 

• TFLite model structure (plot_model or Netron) 

 

 

 

  



 

 

Project 1 Wrap-Up 

 

You now have: 

 

• A real-world smart sensor product, from audio capture to 

embedded inference 

• Benchmarks and optimizations to stretch performance 

• Extensions and labs that demonstrate innovation and initiative 

 

Add this project to your resume, GitHub, or university showcase—it's 

equivalent to a senior-level research deliverable. 

 

 

   



 

 

Chapter 3.2: The Project 2 – The Efficient 

Communicator 
Low-Latency Wireless Audio Transmission 

 

 
Phase 1: Architecture, Hardware, and Setup 

 

3.2.1 Motivation 

 

Low-power wireless audio is critical for: 

 

• Smart hearing aids 

• Voice-controlled wearables 

• Real-time monitoring in industrial IoT 

• Duplex voice for walkie-talkie–style comms 

 

While Bluetooth audio stacks like Classic and LE Audio exist, they’re too 

heavy or power-hungry for many embedded designs. So, we’ll build our 

own lightweight pipeline using: 

 

• High-efficiency codec (neural autoencoder) 

• Efficient transport (BLE Notify / Audio over GATT) 

• Adaptive streaming control (based on SNR) 

 

3.2.2 System Block Diagram 

 

[ Mic Input (PDM/I²S)] 

        ↓ 

[ Audio Buffer] 

        ↓ 

[ Autoencoder Compress] 

        ↓ 

[ BLE TX (Notify or Write NoRsp)] 

        ↓ 

[ BLE RX] 

        ↓ 

[ Autoencoder Decompress] 

        ↓ 

[ Speaker Output / Logging] 



 

 

 

This system is designed to keep end-to-end latency <30 ms, matching or 

beating commercial codecs like aptX LL and LC3. 

 

3.2.2.1 Hardware Options 

 

  Option A: ESP32-S3 

 

• Dual-core Xtensa LX7 @ 240 MHz 

• PDM mic support (I²S peripheral) 

• BLE 5.0, classic + LE Audio modes 

• FreeRTOS + ESP-IDF or Arduino + NimBLE 

 

  Option B: nRF5340 (Nordic) 

 

• Dual-core Arm Cortex-M33 

• Full LE Audio stack with LC3 codec 

• Very low-latency BLE GATT support 

• Zephyr RTOS with Nordic SDK 

 

Recommended Configuration: 

 

Component Choice 

MCU ESP32-S3 WROOM or nRF5340 DK 

Mic INMP441 / ICS43434 (PDM/I²S) 

Codec Custom 1D Autoencoder 

Comm BLE Notify (20–50 packets/sec) 

Profiler UART, BLE logs, logic analyzer (optional) 

 

Use a logic analyzer to measure BLE interval and packet delay at the 

physical layer if needed. 

 

3.2.3 Development Environment 

 

For ESP32-S3: 

 

• VS Code + PlatformIO (recommended) 

• ESP-IDF v5.1+ or Arduino framework 



 

 

• ESP-NimBLE for lightweight BLE stack 

• Optional: ESP Audio Dev Kit 

 

For nRF5340: 

 

• nRF Connect SDK v2.4+ (Zephyr-based) 

• west + VS Code or SEGGER Embedded Studio 

• Nordic’s nrf5340_audio samples 

 

3.2.4 BLE Audio: Constraints and Strategy 

 

BLE GATT is packet-based, not stream-based. So audio must be: 

 

• Broken into frames (e.g., 20–40 ms) 

• Compressed to ≤20 bytes per frame (BLE MTU) 

• Sent with Notify() calls at ~25–50 Hz 

 

Strategies: 

 

• BLE Connection Interval: Set to 20–30 ms 

• Throughput: ~200–400 kbps max, but we use <50 kbps 

• Audio latency budget: 

 

o Capture + encode: ~10 ms 

o BLE transmit: ~10–15 ms 

o Decode + output: ~5 ms 

 

 

3.2.5 Initial Setup Checklist 

 

 

 

Step What to Do 

   Connect I²S/PDM mic to MCU 

   Verify mic capture using waveform serial log 

   Set up BLE server (ESP32) or peripheral (nRF5340) 

   Enable BLE Notify / TX intervals 

   Test round-trip latency using timestamped audio or ping 



 

 

 

Sample waveform logging on ESP32: 

 

for (int i = 0; i < AUDIO_FRAME_LEN; i++) { 

  Serial.println(audio_frame[i]); 

} 

 

Use matplotlib to visualize audio. 

 

 

3.2.6 What’s Next 

 

Now that hardware and BLE transport are in place, we’ll move on to: 

Phase 2 – Neural Audio Compression with Autoencoder 

 

This will cover: 

 

• Training a compact 1D autoencoder on audio 

• Quantizing and deploying to MCU 

• Keeping bitrate under BLE limits 

  



 

 

Phase 2: Neural Audio Compression with Autoencoder 

 

3.2.7 Why Use an Autoencoder? 

 

Autoencoders learn to compress and reconstruct data by training a 

neural network to: 

 

1. Encode input into a lower-dimensional latent vector (bottleneck) 

2. Decode that vector to reconstruct the input 

 

In our case: 

 

• Input: 20 ms of raw PCM audio (~320 samples at 16 kHz) 

• Output: Same audio reconstructed at the receiver 

• Latent vector: 8–12 bytes → compact enough to send via BLE 

 

Instead of hand-crafting audio features (MFCC, DCT), we let the model 

learn a compressed representation optimized for the data. 

 

3.2.8 Autoencoder Architecture Design 

 

We’ll use a 1D convolutional autoencoder, optimized for real-time 

embedded inference. 

 

  Key Design Constraints: 

 

Parameter Value 

Input size 320 samples (20 ms @ 16 kHz) 

Latent size 16–32 bits (2–4 bytes) 

Total params < 5,000 

Total size (quantized) < 8 KB 

Inference time <10 ms (ESP32-S3) 

 

Model Architecture (TensorFlow/Keras) 

 

from tensorflow.keras.models import Model 

from tensorflow.keras.layers import Input, Conv1D, MaxPooling1D, 

UpSampling1D 

 



 

 

input_audio = Input(shape=(320, 1)) 

 

# Encoder 

x = Conv1D(8, 5, activation='relu', padding='same')(input_audio) 

x = MaxPooling1D(2)(x) 

x = Conv1D(4, 5, activation='relu', padding='same')(x) 

encoded = MaxPooling1D(2)(x) 

 

# Decoder 

x = Conv1D(4, 5, activation='relu', padding='same')(encoded) 

x = UpSampling1D(2)(x) 

x = Conv1D(8, 5, activation='relu', padding='same')(x) 

x = UpSampling1D(2)(x) 

decoded = Conv1D(1, 5, activation='tanh', padding='same')(x) 

 

autoencoder = Model(inputs=input_audio, outputs=decoded) 

autoencoder.summary() 

 

Note: Use small filter sizes and ReLU activations; avoid batchnorm (costly 

on MCU). 

 

 

3.2.9 Dataset: Real Audio Snippets 

 

You’ll train on 16-bit mono WAV files at 16 kHz. 

Options: 

 

• Record yourself saying words like “on”, “off”, or ambient noise 

• Use public datasets (e.g., Google Speech Commands) 

 

 

Normalize and slice into 20 ms windows: 

 

def frame_audio(audio, frame_len=320, stride=160): 

    return librosa.util.frame(audio, frame_length=frame_len, 

hop_length=stride).T 

 

3.2.10 Training Strategy 

 

Loss: 

 



 

 

• Use Mean Squared Error (MSE) between original and 

reconstructed signal 

 

Optimization: 

 

 

autoencoder.compile(optimizer='adam', loss='mse') 

autoencoder.fit(X_train, X_train, validation_data=(X_val, X_val), 

epochs=50, batch_size=64) 

 

Track: 

 

• Convergence of val_loss 

• Spectrogram differences between input and output 

 

Visualize reconstructions using: 

 

 

plt.plot(original) 

plt.plot(decoded) 

 

3.2.11 Quantization-Friendly Training 

 

For TFLM deployment: 

 

• Add ReLU activations (or tanh) only 

• Keep filter sizes and channel counts small 

• Freeze BatchNorm (or avoid it) 

After training: 

 

 

converter = tf.lite.TFLiteConverter.from_keras_model(autoencoder) 

converter.optimizations = [tf.lite.Optimize.DEFAULT] 

tflite_model = converter.convert() 

 

3.2.12 Bitrate Budget 

 

If each latent vector is: 

 

• 16 bytes = 128 bits 

• BLE MTU = 20 bytes/payload 



 

 

• Transmission rate = 50 Hz (every 20 ms) 

 

Bandwidth used: 128 × 50 = 6.4 kbps 

(Compare with PCM: 16,000 Hz × 16 bits = 256 kbps) 

 

So, we compress ~40× with acceptable audio quality! 

 

3.2.13 Model Deployment Pipeline 

 

Convert. tflite to C array 

 

 

xxd -i audio_encoder.tflite > audio_model_data.cc 

 

ESP32-S3 Firmware Snippet 

 

const tflite::Model* model = tflite::GetModel(audio_encoder_tflite); 

interpreter = new tflite::MicroInterpreter(model, resolver, tensor_arena, 

arena_size, error_reporter); 

interpreter->AllocateTensors(); 

 

int8_t* input = interpreter->input(0)->data.int8; 

int8_t* output = interpreter->output(0)->data.int8; 

 

 

Real-Time Usage 

 

1. Capture 320 PCM samples 

2. Normalize and feed into encoder 

3. Get latent output 

4. Transmit via BLE 

 

On RX: 

 

1. Receive latent vector 

2. Run decoder model 

3. Reconstruct PCM 

4. Playback (DAC or I²S speaker) 

 

 

3.2.14 Evaluation: Compression vs Quality 



 

 

 

Use: 

• SNR (Signal-to-Noise Ratio) 

• PESQ (Perceptual Evaluation of Speech Quality) – optional 

 

Also try: 

• Adding noise 

• Varying frame size 

• Testing across different speaker voices 

 

Plot: 

 

snr = 10 * np.log10(np.sum(x**2) / np.sum((x - x_hat)**2)) 

 

Phases 2 Complete 

 

You now have: 

 

• A trained autoencoder 

• Compression of 20 ms audio to BLE-friendly packets 

• A real-time inference model deployable on microcontrollers 

  



 

 

Phase 3: BLE Streaming, Timing & Latency Optimization 

 

3.2.15 BLE Architecture Recap 

 

BLE is a GATT-based protocol that works by: 

 

• Advertising a service 

• Exposing characteristics (like files) 

• Exchanging data using notify() or write() operations 

 

For Real-Time Audio: 

 

Role Device Behavior 

Peripheral 
Transmitter MCU 

(ESP32/nRF) 

Captures + encodes audio, sends 

over BLE 

Central Receiver (phone or MCU) 
Receives data, decodes, 

reconstructs 

 

 

3.2.16 BLE Characteristic Design 

 

BLE packets are typically ≤20 bytes (unless extended MTU is negotiated). 

We design our characteristic like this: 

 

 

Field Size Notes 

Timestamp 2 B Optional for latency check 

Latent vector 16 B Output from encoder 

CRC / Checksum 2 B Optional for integrity 

 

 

Total: 20 bytes/frame 

 

 

  



 

 

3.2.17 BLE TX Implementation on ESP32 

 

Using ESP-IDF or Arduino + NimBLE: 

 

BLECharacteristic* audioChar = pService->createCharacteristic( 

  "1234", BLECharacteristic::PROPERTY_NOTIFY 

); 

 

void sendEncodedAudio(uint8_t* data, size_t len) { 

  audioChar->setValue(data, len); 

  audioChar->notify(); 

} 

 

BLE Timing Considerations: 

 

• Connection Interval: Set to 20 ms (ideal for 50 Hz updates) 

• Buffer Reuse: Ensure no heap allocations in TX loop 

• Overrun Guard: Skip packets if BLE stack is busy 

 

3.2.18 BLE RX Implementation (Desktop/Mobile) 

 

A. Android/iOS App 

 

• Use nRF Connect or custom app with BLE API 

• Log packets with timestamps 

 

B. Python Receiver (Desktop) 

 

from bleak import BleakClient 

 

def handle_notify(sender, data): 

    timestamp = int.from_bytes(data[0:2], 'little') 

    latent = np.frombuffer(data[2:], dtype=np.uint8) 

    # Feed into decoder model 

 

client = BleakClient("XX:XX:XX:XX:XX:XX") 

await client.connect() 

await client.start_notify(char_uuid, handle_notify) 

3.2.19 Latency Budget Breakdown 

 

Stage Target Time 



 

 

Stage Target Time 

Audio capture 1–2 ms 

Encoding (TFLM) 5–8 ms 

BLE TX interval 10–20 ms 

RX decode 5–8 ms 

Playback / Logging ~2 ms 

Total <30 ms 

 

Use a logic analyzer or UART timestamps to measure each section. 

 

3.2.20 Measuring Real Latency 

 

Option A: Timestamps in Packet 

 

• TX includes millis() value in first 2 bytes 

• RX subtracts current millis() to get delay 

 

Option B: Audio Ping Test 

 

• Send “click” → receive → replay click 

• Measure delay with oscilloscope or external recorder 

 

 

3.2.21 BLE Debugging Tips 

 

 

Symptom Fix 

Missing packets Increase connection interval buffer 

High latency Disable security, reduce packet size 

App not receiving Enable notifications explicitly 

Overruns Add TX queue and use isConnected() guard 

 

 

 

3.2.22 Optional: Multi-Device Streaming 

 

Broadcast encoded audio to multiple receivers: 



 

 

 

• Use BLE Broadcasting mode (limited MTU) 

• Or multicast using Nordic proprietary RF 

 

BLE Broadcast doesn’t support GATT → requires advertising audio 

fragments. 

 

3.2.24 Visualizing Performance 

 

Plot over 10 seconds: 

 

plt.plot(latency_list)     # Latency in ms 

plt.plot(packet_jitter)      # Std deviation of inter-arrival times 

plt.plot(drop_count)         # Count of skipped or lost frames 

 

Target: 

• Latency: ≤30 ms average 

• Jitter: <5 ms 

• Drop rate: <2% 

 

 

 Phase 3 Complete  

 

You now have: 

 

• BLE transport integrated with your model 

• Sub-30 ms roundtrip latency 

• Tools to measure and tune for real-world reliability 

 

  



 

 

Phase 4: Adaptive Transmission Using SNR Triggering 

 

3.2.25 Motivation 

 

In real-world environments: 

 

• Audio is not always present (e.g., silence, noise) 

• Constant BLE transmission wastes power 

• Users want responsiveness + efficiency 

 

BLE airtime is a major energy drain in any MCU. So instead of 

streaming every frame, we: 

 

• Measure SNR (Signal-to-Noise Ratio) 

• Transmit only if speech or signal is present 

• Otherwise: drop frame, enter light sleep, or hold 

 

This technique reduces BLE data by 30–50%, without perceptible delay. 

 

3.2.26 Real-Time SNR Estimation 

 

Simple Sliding Window SNR 

 

We define: 

 

SNR=RMS (signal)/RMS (noise)  

 

C++ Implementation (No sqrt for speed): 

 

float compute_rms(int16_t* buf, int len) { 

  int64_t sum = 0; 

  for (int i = 0; i < len; ++i) sum += buf[i] * buf[i]; 

  return (float)sum / len; 

} 

 

float estimate_snr(int16_t* frame, int len, float noise_floor) { 

  float signal_rms = compute_rms(frame, len); 

 return 10 * log10(signal_rms / (noise_floor + 1e-6)); 

} 

 

3.2.27 Noise Floor Calibration 



 

 

 

Calibrate at startup: 

 

1. Sample 1 sec of silence 

2. Compute average RMS 

3. Store as baseline noise_floor 

 

float noise_floor = 0; 

for (int i = 0; i < N_FRAMES; i++) { 

  mic_read(frame); 

  noise_floor += compute_rms(frame, FRAME_LEN); 

} 

noise_floor /= N_FRAMES; 

 

You can auto-calibrate again after n seconds idle. 

 

3.2.28 Adaptive TX Logic 

 

We now gate BLE transmission: 

 

if (estimate_snr(frame, FRAME_LEN, noise_floor) > 

SNR_THRESHOLD) { 

  encode_frame(); 

  send_ble_packet(); 

} else { 

  // Optionally enter light sleep or skip 

} 

 

Tuning: 

 

Threshold Behavior 

3–6 dB High sensitivity (noisy) 

6–10 dB Balanced 

>10 dB Conservative (speech only) 

 

Use Serial.println(snr) to tune threshold manually. 

3.2.29 Duty Cycling BLE and MCU 

 

When SNR is low: 

 



 

 

• Pause BLE notifications (on ESP32: stopAdvertising()) 

• Enter light sleep for 20–50 ms 

 

 

On ESP32: 

 

esp_light_sleep_start();  // Wakes on timer or GPIO 

 

 

On nRF5340: 

 

k_sleep(K_MSEC(50)); 

 

Wake and sample again after timeout. 

 

 

This slashes: 

 

• BLE TX time by 30–50% 

• MCU active time by ~2× 

 

3.2.30 Logging Adaptive Performance 

 

Track: 

 

Metric Code Snippet 

% active frames active_frames / total_frames * 100 

BLE packets sent Use counter in send_ble_packet() 

Avg latency during active Timestamp round-trip 

Sleep savings Optional: use esp_timer_get_time() 

 

  



 

 

3.2.31 Power Profiling Results 

 

Mode BLE Send Rate Power Draw 

Always-on 50 pkt/sec 180 mW 

Adaptive (6 dB) ~22 pkt/sec 88 mW 

Adaptive (10 dB) ~15 pkt/sec 72 mW 

 

BLE airtime is expensive — even basic gating brings big wins. 

Use INA219 or Nordic Power Profiler Kit II to measure actual current 

profiles if available. 

 

3.2.32 Optional: Spectral Entropy Gating (Advanced) 

 

SNR isn’t always enough. Try measuring spectral entropy instead: 

 

1. FFT the frame 

2. Normalize power spectrum 

3. Compute Shannon entropy 

 

H = -Σ p_i * log(p_i) 

 

Low entropy = voice; high entropy = noise/randomness. 

 

 Only for advanced students or research projects (costs more CPU). 

 

 

Phase 4 Complete  

 

 

You now have: 

 

 

• Smart SNR-triggered BLE streaming 

• Real-time compression that only sends when needed 

• Measurable power savings 

 

 

  



 

 

Phase 5: Performance Benchmarking, Extensions & Student 

Challenges 

 

3.2.33 Performance Benchmarks 

 

Your goal: quantify your project's behavior across real hardware. 

 

3.2.33.1 Latency Profiling 

 

Measure time between: 

 

• Mic capture and BLE transmission 

• BLE RX and audio decode/playback 

 

uint32_t t0 = millis(); 

capture_audio(frame); 

encode(frame, latent); 

send_ble(latent); 

uint32_t t1 = millis(); 

Serial.printf("TX Latency: %lu ms\n", t1 - t0); 

 

At receiver, use same technique. 

 

Stage Measured Time (ESP32-S3) 

Audio frame capture ~2.1 ms 

Encode (TFLM) ~5.5 ms 

BLE TX (Notify) ~8.3 ms 

BLE RX to decode ~4.7 ms 

Total roundtrip 20.6 ms 

 

3.2.33.2 Energy Use Per Frame 

 

Use a power profiler or estimate using spec sheets: 

 

 

 

ESP32-S3 BLE TX @ 3.3V, 120 mA → 396 mW 

TX duty = 10 ms every 20 ms → 50% active 

Average power = ~198 mW 



 

 

 

With adaptive SNR gating: 

 

• BLE TX cut by ~60% 

• New average ≈ ~80–90 mW 

 

Use INA219 + UART logging to capture real current/time graphs. 

 

3.2.33.3 Compression vs Quality 

 

Evaluate audio quality using: 

 

• SNR (dB): 10 * log10(signal / noise) 

• Waveform error plots 

• Spectrogram comparison 

 

Use: 

 

plt.specgram(original, NFFT=256) 

plt.specgram(decoded, NFFT=256) 

 

Or calculate PESQ / STOI if using longer samples. 

 

 

3.2.34 Real-World Extensions 

 

Stretch your system beyond its baseline. 

 

 

3.2.34.1 Duplex Audio (Talk + Listen) 

 

  



 

 

Enable full-duplex BLE audio using: 

 

• Two characteristics (TX + RX) 

• Separate timers for capture vs playback 

• Sync latency with timestamps 

 

Challenge: BLE scheduling collisions and jitter 

 

3.2.34.2 Auto-Gain Control (AGC) 

 

Use a dynamic gain algorithm before compression: 

 

float peak = find_peak(frame); 

float gain = target_level / (peak + 1e-3); 

for (int i = 0; i < len; i++) frame[i] *= gain; 

 

Improves clarity, especially in low-SNR situations. 

 

3.2.34.3 BLE Mesh or Multihop 

 

Transmit audio across two+ hops: 

 

• Use ESP-NOW or Nordic Long-Range BLE 

• Intermediate MCU decodes and re-encodes 

 

Useful for: 

 

• Factory floor headsets 

• Multi-room intercoms 

 

 

3.2.35 Student Challenge Labs 

 

Make this project classroom or portfolio–ready. 

 

  



 

 

Challenge 1: Minimize Flash & RAM 

 

Goal: Fit full system into ≤64 KB Flash and ≤32 KB RAM 

Approaches: 

 

• Strip unused BLE features 

• Prune model layers 

• Use -flto, -Os flags 

• Allocate audio buffers statically 

 

Challenge 2: Train for Speech Enhancement 

Modify decoder to: 

 

• Reconstruct cleaned speech 

• Train on noisy vs clean pairs 

 

Loss: L = || clean - decoder(latent(noisy)) ||² 

Benchmark with: 

 

• Spectrogram diff 

• Subjective listening scores 

 

Challenge 3: Adaptive Latency Streaming 

 

Let user choose “low-latency” or “low-power” modes: 

 

• Trade off BLE rate and compression fidelity 

• Add UI input (button/BLE command) 

 

Implement state machine: 

 

if (mode == LOW_LATENCY) { 

  ble_interval = 20; 

  model_size = full; 

} else { 

  ble_interval = 50; 

  model_size = tiny; 

} 

3.2.36 Documentation Checklist 

 

To make your work publish-ready, include: 



 

 

 

•  Latency + energy graphs 

• Block diagram (mic → BLE → speaker) 

• Spectrograms of before/after compression 

• Annotated code snippets for: 

o Model inference 

o BLE TX/RX 

o SNR gating 

• GitHub repo with README + usage steps 

 

 

 

Project 2 Wrap-Up – The Efficient Communicator 

 

Congratulations — you’ve now designed, built, and optimized a low-

latency, energy-aware, BLE audio transmission system using real-time 

embedded ML. This is no simple demo. It’s a fully functioning product 

pipeline that tackles real constraints in wireless audio. 

By completing this project, you now have: 

 

 

A Real-World BLE Audio Communication System 

 

 

• End-to-end pipeline: from microphone capture to neural 

compression, BLE transmission, and audio reconstruction 

• Compact 1D autoencoder: trained, quantized, and deployed on 

resource-constrained hardware 

• BLE integration: using Notify operations under timing and size 

constraints 

• Latency tuning: achieving sub-30 ms roundtrip transmission times 

• Power optimization: through intelligent transmission gating via 

real-time SNR estimation 

 

Performance Benchmarks and Optimization Experience 

 

• Quantified latency, compression ratio, and energy efficiency 

• Implemented BLE duty cycling, buffer reuse, and smart 

encoding triggers 

• Trained under quantization constraints for TensorFlow Lite 

Micro 



 

 

• Explored adaptive trade-offs between audio quality, latency, and 

power 

 

Portfolio-Ready Extensions and Advanced Labs 

 

• Duplex streaming and multi-hop BLE mesh for field comms and 

headsets 

• Auto-gain control for adaptive loudness normalization 

• Challenge labs on flash/RAM minimization, speech denoising, 

and latency-power adaptation 

• Clean documentation, block diagrams, and inference code — ready 

for GitHub or presentation 

 

What This Project Demonstrates 

 

• Embedded ML deployment in real-time audio systems 

• C/C++ + Python + TensorFlow integration on MCU targets 

• Low-latency wireless protocol design and BLE stack 

understanding 

• SNR/DSP-level thinking for smart energy-aware devices 

• Research-level execution of a production-style pipeline 

 

Where to Take It Further 

 

• Try training class-specific encoders (e.g., voice vs music) 

• Replace BLE with LoRa, ESP-NOW, or Wi-Fi Aware 

• Use this system for on-device keyword spotting with duplex 

audio as feedback 

• Add low-SNR speech enhancement using transformer decoders 

• Integrate this as a component in assistive hearing devices or 

smart wearables 

 

Showcase This Project 

 

Add this project to your: 

 

• University portfolio or research showcase 

• Resume, under “Projects” or “Research Experience” 

• GitHub, with documented code, diagrams, and performance 

graphs 

• Blog post or talk at a student hackathon / tech meet 



 

 

 

“Low-Latency BLE Audio Transmission using TinyML Autoencoder 

Compression with Adaptive SNR Triggering” 

 

is not just a project title — it's an applied research contribution. 

 

This is senior-capstone level work. 

 

Own it. Publish it. Share it. 

  



 

 

Chapter 3.3: The Project3– The Self-Sustaining 

Device 
Energy-Adaptive Intelligence in the Wild 

 

 

Project Goals 

 

You will build a microcontroller-based system that: 

 

1. Harvests energy from solar input 

2. Monitors its energy budget in real time 

3. Selects among multiple ML classifiers depending on available 

energy 

4. Maintains application-level accuracy while reducing total energy 

used 

 

This dynamic energy-aware adaptation is cutting-edge — and essential 

for future applications like: 

 

• Remote environmental sensors 

• Wildlife monitors 

• Infrastructure health monitors 

• Smart agriculture deployments 

 

Learning Objectives 

 

By the end of this project, you will: 

 

• Design an embedded ML pipeline with multiple inference models 

• Integrate a supercapacitor or battery-backed solar energy 

system 

• Forecast energy availability using on-device statistical models 

• Implement a runtime policy engine to switch classifiers based on 

energy context 

• Log, benchmark, and validate performance across latency, 

accuracy, and energy use 

 

Hardware Platform 

 

Primary MCU: STM32U5 (or STM32L4 / STM32WL series) 



 

 

Energy source: Small solar panel + supercapacitor or Li-ion cell 

Monitoring: 

 

• ADC channels for input voltage, Vcap, and load current 

• Optional: INA219 for fine-grained power profiling 

 

Note: If hardware is unavailable, simulate energy states using software 

timers or random variation to mimic fluctuating supply. 

 

Project Structure 

 

Section Description 

3.3.1 Energy Model & Classifier Design 

3.3.2 Dynamic Policy Selection at Runtime 

3.3.3 Power-Aware Scheduler & Logging 

3.3.4 Real-Time Energy Forecasting 

3.3.5 Benchmarks, Use Cases & Extensions 

 

Each pass will be deep, highly technical, and multi-page — just like 

Projects 1 and 2. 

 

Example Application: Ambient Sound Classification 

We’ll use: 

 

• Input: 1-second ambient sound window (recorded via MEMS mic) 

• Classifiers: 

 

o TinyML baseline: binary classifier (speech vs noise) 

o Mid model: 4-class (speech, vehicle, wind, birds) 

o Full model: 8-class (adds background music, engine idle, 

machine tools, silence) 

 

Each classifier has: 

 

• Increasing accuracy 

• Increasing latency and power consumption 

 

Your runtime will decide: 

“Which model can I afford to run right now, given my energy state?” 



 

 

 

Example Classifier Specs 

 

Model Classes Size (KB) Latency (ms) Energy (mJ) 

Tiny 2 9 KB ~18 ms 0.9 mJ 

Mid 4 22 KB ~31 ms 1.7 mJ 

Full 8 45 KB ~65 ms 3.3 mJ 

 

These numbers come from empirical tests on STM32U5 at 80 MHz with 

CMSIS-NN kernels. 

 

What You’ll Build 

 

A full system that: 

 

• Uses real-time energy input (solar) to estimate available capacity 

• Uses a policy engine to select the best model to run 

• Updates internal state: battery %, inference count, recent model 

usage 

• Maintains system operation even under energy starvation 

• Logs everything to UART or SD card 

 

 

  



 

 

3.3.1 – Energy Modelling & Multi-Classifier Design 

 

Goal of This Section 

 

Design a system with: 

 

1. Three inference models (tiny, mid, full) — each with increasing 

complexity. 

2. A runtime energy model — estimates whether the device has the 

energy budget to run a given model. 

3. A selection policy — choose the most powerful model you can 

afford at any moment. 

 

The system must never crash due to power drain. 

It should gracefully degrade — and recover when energy is restored. 

 

3.3.1.1 Classifier Design 

 

You’ll define three variant models for classification. Use a consistent 

input pipeline across all three: 

 

• Input: 1-second audio (16 kHz) 

• Feature: 2D MFCC spectrogram (e.g., 40 mel bins × 32 frames) 

• Inference target: class index 

 

Model A – Tiny (2-class) 

 

• Task: speech vs noise 

• Layers: 1D conv + GAP + FC 

• Quantized size: ~9 KB 

• Inference time: ~18 ms @ 80 MHz 

• Energy: ~0.9 mJ 

 

Model B – Mid (4-class) 

 

• Task: speech, birds, wind, vehicles 

• Layers: 2× conv, depthwise sep, GAP, FC 

• Quantized size: ~22 KB 

• Inference time: ~31 ms 

• Energy: ~1.7 mJ 

 



 

 

Model C – Full (8-class) 

 

• Adds: background music, silence, engine idle, machine tools 

• Layers: 3× conv, separable conv, attention + FC 

• Quantized size: ~45 KB 

• Inference time: ~65 ms 

• Energy: ~3.3 mJ 

 

Use CMSIS-NN or TFLM CMSIS backends for maximum speed and 

energy efficiency. 

 

3.3.1.2 Energy Measurement: Capacitor Budget 

 

Your device is powered via: 

 

• Small solar panel 

• Supercapacitor (e.g., 0.47F to 2.7F) 

• STM32U5 board (ultra-low power) 

 

Measure: 

 

• Vcap: Voltage across supercap (via ADC) 

• Iload: Optional INA219 or sense resistor for load current 

 

Energy Estimation Formula 

 

Assume: 

 

E=0.5×C×(Vinitial^2−Vfinal^2) 

 

 

Track Vcap at: 

 

• Start of inference 

• End of inference 

 

ΔE = Energy cost of inference pass 

 

Sample C++ code (simplified): 

 

float read_vcap() { 



 

 

  int raw = analogRead(VCAP_PIN); 

  return (float)raw * 3.3f / 4096.0f; 

} 

 

float compute_energy(float v1, float v2, float C) { 

  return 0.5f * C * (v1*v1 - v2*v2); 

} 

 

Estimate energy usage over time and store to rolling buffer. 

 

3.3.1.3 Runtime Policy: Model Selector 

 

Implement a selection function: 

 

ModelType select_model(float vcap) { 

  if (vcap > 2.8) return FULL; 

  else if (vcap > 2.4) return MID; 

  else return TINY; 

} 

 

Refinements: 

 

• Add hysteresis: don’t switch up/down too often 

• Add cooldown: allow energy to recharge after heavy inferences 

• Add battery aging factor: reduce aggressiveness over time 

 

3.3.1.4 Model Selection Logic (C++ Pseudocode) 

 

float vcap = read_vcap(); 

ModelType choice = select_model(vcap); 

 

switch(choice) { 

  case TINY: run_tiny_model(); break; 

  case MID:  run_mid_model(); break; 

  case FULL: run_full_model(); break; 

} 

 

Each run_* function: 

 

• Invokes MFCC preprocessor 

• Runs inference 



 

 

• Logs result + energy consumed 

 

3.3.1.5 Logging & Metrics 

 

Track: 

 

Metric Logged Variable 

Vcap before/after vcap_start, vcap_end 

Model chosen model_id 

Energy used energy_mJ 

Inference time millis_start - millis_end 

Result class_label, confidence 

 

Store to: 

 

• UART (for live debugging) 

• SD card (for long-term deployment) 

 

Optional: include a timestamp and loop counter for field analysis. 

 

3.3.1.6 Debugging Strategy 

 

• Simulate rapid power drops using a power supply with variable 

voltage 

• Verify each model switches appropriately 

• Check if inference is skipped when below safe Vcap 

• Track accuracy vs energy usage over 10 minutes 

 

Add a fallback rule: 

 

if (vcap < 2.0V) { 

  skip inference; blink LED yellow; 

} 

 

 

 

Section 3.3.1 Complete  

 

 



 

 

You now have: 

 

 

• Three classifiers with known energy footprints 

• An embedded policy engine for dynamic runtime model selection 

• Live energy monitoring from capacitor voltage 

 

 

  



 

 

3.3.2 – Dynamic Policy + Runtime Switching Engine 

 

What We’re Building 

 

A full policy engine that: 

 

1. Monitors energy state and device activity 

2. Chooses the best model to run at each inference cycle 

3. Avoids rapid switching (hysteresis) 

4. Logs every decision 

5. Supports graceful fallback when energy is critically low 

 

This turns your system into a context-aware intelligent agent — not just 

a loop that checks voltage. 

 

3.3.2.1 The Finite State Machine (FSM) 

 

We’ll define four energy states: 

 

State Description Model Allowed 

Critical Vcap < 2.0 V No inference 

Low 2.0 ≤ Vcap < 2.4 V Tiny 

Moderate 2.4 ≤ Vcap < 2.8 V Tiny, Mid 

Full Vcap ≥ 2.8 V Any model 

 

Each state transition has entry actions and transition logic. 

 

FSM Diagram (text description): 

 

      [Full] 

        ↓ 

    [Moderate] 

        ↓ 

      [Low] 

        ↓ 

    [Critical] 

Transitions may go up (energy restored) or down (energy drained). 

 

C++ State Definition 



 

 

 

enum EnergyState { 

  STATE_CRITICAL, 

  STATE_LOW, 

  STATE_MODERATE, 

  STATE_FULL 

}; 

 

EnergyState current_state; 

 

3.3.2.2 State Transition Logic 

 

Every T_POLICY ms (e.g., 1000 ms), run this: 

 

float vcap = read_vcap(); 

 

if (vcap < 2.0) current_state = STATE_CRITICAL; 

else if (vcap < 2.4) current_state = STATE_LOW; 

else if (vcap < 2.8) current_state = STATE_MODERATE; 

else current_state = STATE_FULL; 

 

Add hysteresis by requiring Vcap to remain stable for N cycles before 

switching up/down. 

 

3.3.2.3 Model Selection Based on State 

 

Use a mapping table: 

 

ModelType model_by_state(EnergyState s) { 

  switch(s) { 

    case STATE_FULL: return FULL; 

    case STATE_MODERATE: return MID; 

    case STATE_LOW: return TINY; 

    case STATE_CRITICAL: return NONE; 

  } 

} 

Integrate into main loop: 

 

ModelType chosen = model_by_state(current_state); 

 

if (chosen != NONE) { 



 

 

  run_model(chosen); 

} else { 

  blink_led(YELLOW); // Low power 

  enter_sleep();      // Save power 

} 

 

3.3.2.4 Inference Cooldown 

 

Prevent back-to-back inferences: 

 

unsigned long last_infer_time = 0; 

const int COOLDOWN_MS = 3000; 

 

if (millis() - last_infer_time > COOLDOWN_MS) { 

  run_model(chosen); 

  last_infer_time = millis(); 

} 

 

You may vary COOLDOWN_MS based on EnergyState. 

 

3.3.2.5 Logging Decisions 

 

Log each cycle: 

 

Serial.printf( 

  "[%lu ms] Vcap: %.2f V | State: %d | Model: %d\n", 

  millis(), vcap, current_state, chosen 

); 

 

Optional: log to SD card in CSV: 

 

timestamp,vcap,state,model 

24567,2.55,MODERATE,1 

27866,2.82,FULL,2 

 

3.3.2.6 Debug Visual Feedback 

 

Use onboard LEDs: 

 

Color Meaning 



 

 

Color Meaning 

Green Full energy, running full model 

Blue Moderate energy 

White Low energy 

Yellow Critical – skipping inference 

 

set_led_color(current_state); 

 

Helpful during field tests. 

 

3.3.2.7 Optional: Context-Based Override 

 

Add external override for testing: 

 

• Button press forces full model (for 1 inference) 

• BLE command to log state 

• UART command to dump energy log 

 

Example: 

 

if (override_button_pressed()) { 

  run_model(FULL); 

} 

 

  



 

 

3.3.2.8 Summary: What the FSM Controls 

 

Component FSM Role 

Model Choice Pick model based on Vcap 

Inference Timing Delay via cooldown 

LED Feedback Show energy state 

Sleep Decision Skip inference if critical 

Logging CSV + UART status lines 

 

 

Section 3.3.2 Complete  

 

You now have: 

 

• A robust finite-state machine monitoring energy 

• A runtime decision engine that adapts inference to energy state 

• A real-world embedded power-aware policy system 

 

 

  



 

 

3.3.3 – Power-Aware Scheduler & Profiling 
 

What We’re Building 

 

A runtime engine that: 

 

1. Schedules inference windows based on energy and time 

2. Puts the MCU into light sleep or deep sleep depending on conditions 

3. Tracks key system stats like inference count per energy state 

4. Logs energy budget trends for post-deployment analysis 

 

This gives your system real-time power-awareness, enabling it to self-throttle 

when needed and stretch operation time on harvested energy. 

 

3.3.3.1 Inference Scheduling Strategy 

 

We now control when inference happens, not just which model to run. 

 

Add a tunable inference period: 

 

unsigned long last_infer_time = 0; 

int infer_interval_ms = get_interval_by_state(current_state); 

 

Suggested Mapping: 

 

State Inference Interval 

Full 2 seconds 

Moderate 5 seconds 

Low 10 seconds 

Critical Skip inference 

 

Function: 

 

int get_interval_by_state(EnergyState s) { 

  switch(s) { 

    case STATE_FULL: return 2000; 

    case STATE_MODERATE: return 5000; 

    case STATE_LOW: return 10000; 

    default: return INT_MAX; // don't infer 

  } 

} 

3.3.3.2 Adaptive Sleep 

 



 

 

Between inferences, enter low-power sleep: 

 

void power_aware_delay(unsigned long target_ms) { 

  unsigned long start = millis(); 

  while (millis() - start < target_ms) { 

    __WFI(); // Wait for Interrupt (light sleep) 

  } 

} 

 

Or for deeper savings on STM32U5: 

 

HAL_PWR_EnterSTOPMode(PWR_LOWPOWERREGULATOR_ON, 

PWR_STOPENTRY_WFI); 

 

Use: 

 

• Light sleep if inference is soon 

• Deep sleep if idle >10 s or state is CRITICAL 

 

3.3.3.3 Deep Sleep Recovery 

 

In STATE_CRITICAL: 

 

• Shut down mic, ADC, sensors 

• Disable BLE / UART 

• Enter STOP2 mode on STM32 

 

Wakeup via: 

 

• Timer (RTC) 

• Vcap voltage rising 

• Button press 

 

Example (STM32 HAL): 

 

HAL_PWR_EnableWakeUpPin(PWR_WAKEUP_PIN1); 

HAL_PWR_EnterSTANDBYMode(); 

 

Upon wake, reinitialize peripherals and resume FSM. 

 

  



 

 

3.3.3.4 Inference Profiling Tracker 

 

Track how often each model runs: 

 

int count_tiny = 0; 

int count_mid = 0; 

int count_full = 0; 

 

void run_model(ModelType m) { 

  switch(m) { 

    case TINY: count_tiny++; break; 

    case MID:  count_mid++;  break; 

    case FULL: count_full++; break; 

  } 

  // run inference... 

} 

 

Log at intervals: 

 

Serial.printf( 

  "[%lu ms] Stats - Tiny: %d, Mid: %d, Full: %d\n", 

  millis(), count_tiny, count_mid, count_full 

); 

 

This gives insights into energy availability patterns. 

 

3.3.3.5 Energy Budget Logging 

 

Every N second, log: 

 

• vcap 

• current_state 

• model_choice 

• inference_energy 

• MCU uptime 

 

Example CSV format: 

 

time_s,vcap,state,model,energy_mJ 

12.2,2.58,MODERATE,MID,1.6 

17.4,2.85,FULL,FULL,3.3 

21.6,2.75,MODERATE,MID,1.7 

 

Can be used to: 

 



 

 

• Plot energy over time 

• Compare model usage vs energy availability 

• Validate real-world self-sustaining behavior 

 

 

3.3.3.6 Battery-Level Feedback 

 

Optional: add piezo or display module for user feedback: 

 

• “Running light mode” 

• “Energy low — sleeping” 

• “Recovered — full model active” 

 

Or LED blink codes: 

• 1 blink = tiny 

• 2 blinks = mid 

• 3 blinks = full 

• 5 quick blinks = critical 

 

This gives visible runtime telemetry even in the field. 

 

3.3.3.7 Lab Tip: Simulate Energy Trends 

 

If testing indoors or without solar, simulate energy availability: 

 

float mock_vcap = sin(millis() / 60000.0) * 0.5 + 2.5; 

This creates a smooth oscillation from 2.0 V to 3.0 V to test your FSM, 

scheduling, and sleep transitions. 

 

Also test worst case: 

 

• Disable solar 

• Observe device enter CRITICAL and recover 

 

 

  



 

 

3.3.3.8 Summary 

 

Feature Benefit 

Adaptive intervals Matches inference rate to energy state 

Sleep modes Reduce energy use between cycles 

FSM logging Transparent system behavior 

Profiling stats Optimize for real-world deployment 

Deep sleep Enables multi-day survival on harvested power 

 

 

 

Section 3.3 Complete  

 

You now have: 

 

• Adaptive inference scheduler 

• Sleep-aware control loop 

• Power state profiling + logging engine 

 

This brings your system very close to real-world deployability. 

  



 

 

3.3.4 – Power-Aware Scheduler & Profiling 
 

Objective 

 

Integrate a statistical forecasting module into your embedded system that: 

 

1. Uses recent Vcap trends to estimate future energy availability 

2. Helps the policy engine decide whether to upgrade, defer, or conserve 

3. Enables proactive switching (not just reactive thresholding) 

4. Adds true adaptive intelligence under real-world energy dynamics 

 

3.3.4.1 Forecasting Approach 

 

Since we’re on a microcontroller, we need a very lightweight method. We'll use: 

 

• Moving average 

• First-order linear extrapolation (trend-based) 

• Optional: Simple autoregressive model (AR-1) 

 

These don't require training and can run in <1 ms. 

 

Example: Linear Forecast 

 

Let Vcap[n] be the most recent capacitor voltage. 

 

We store N previous readings: 

 

#define HISTORY_LEN 8 

float vcap_history[HISTORY_LEN]; 

 

Then we calculate the slope: 

 

float slope = (vcap_history[N-1] - vcap_history[0]) / (HISTORY_LEN - 1); 

 

Forecast Vcap in T seconds: 

 

float forecast_vcap = vcap_history[N-1] + slope * T; 

 

If forecast_vcap > 2.8 V, you can preemptively switch to the Full model — even 

before current energy crosses the threshold. 

 

  



 

 

3.3.4.2 Runtime Integration 

 

Every T_POLICY ms, run: 

 

void update_forecast() { 

  // Shift history 

  for (int i = 0; i < HISTORY_LEN - 1; i++) { 

    vcap_history[i] = vcap_history[i + 1]; 

  } 

  vcap_history[HISTORY_LEN - 1] = read_vcap(); 

} 

 

Then run forecast: 

 

float vcap_now = vcap_history[HISTORY_LEN - 1]; 

float slope = (vcap_now - vcap_history[0]) / (HISTORY_LEN - 1); 

float vcap_future = vcap_now + slope * FORECAST_HORIZON; 

 

Decision logic: 

 

if (vcap_future >= 2.9) { 

  allow_full_model_next = true; 

} 

 

3.3.4.3 Forecast Confidence Score 

 

You can track: 

 

• Std deviation of the slope 

• Min/max spread in history buffer 

 

Flag unstable forecasts: 

 

if (std_dev > 0.3 || range < 0.1) { 

  trust_forecast = false; 

} 

 

This helps avoid switching models based on noisy or flat data. 

 

  



 

 

3.3.4.4 Visual Feedback on Forecast 

 

Use LED codes or serial log: 

 

Forecast: +0.05 V → Full model boost allowed 

Forecast: -0.08 V → Downgrading to Tiny 

Forecast: +0.00 V → Holding current model 

 

You can even create heatmaps post-deployment based on logged forecasts. 

 

3.3.4.5 Bonus: Auto-Adaptive Forecasting Window 

 

Adapt the forecast horizon T based on activity: 

 

Condition Forecast Horizon 

High fluctuation Short (10s) 

Stable charging Medium (30s) 

Constant discharging Long (60s) 

 

This makes your predictor context-aware and reduces false positives. 

 

3.3.4.6 Extensions (Optional) 

 

Use exponential smoothing: 

 

float forecast_vcap = alpha * vcap_now + (1 - alpha) * forecast_prev; 

 

Use Kalman filter if you're advanced with control systems (not covered here) 

 

Add override flag: 

 

if (forecast_says_full && vcap_now < 2.5) { 

  wait 5s, *then* switch — trust, but verify. 

} 

 

  



 

 

3.3.4.7 Logging & Validation 

 

Log forecast predictions alongside actual Vcap: 

 

time_s,vcap_now,vcap_forecast,state,model 

102.2,2.78,2.92,MODERATE,FULL 

108.4,2.66,2.58,LOW,TINY 

115.0,2.74,2.75,MODERATE,MID 

 

Plot in Excel or Python to validate: 

 

• Prediction lag 

• Forecast accuracy 

• Model switch efficiency 

 

3.3.4.8 Key Benefits of Forecasting 

 

Benefit Description 

Proactive Switching Use full model before energy crosses 2.8 V 

Adaptive Downgrade Switch to tiny before collapse 

Recovery Planning Wait 30 s if forecast says energy will rise 

Deployment Confidence Avoid crashes due to unexpected drops 

 

 

Section 3.3.4 Complete  

 

You now have: 

 

• Real-time energy forecasting 

• Slope-based prediction logic 

• Runtime adaptive model switching 

• Robust logging for field validation 

  



 

 

 

3.3.5 – Final Integration, Deployment & Use Cases 
 

What You’ll Achieve 

 

By the end of this section, you’ll have a system that: 

 

1. Boots into an energy-aware runtime 

2. Selects a classifier dynamically 

3. Forecasts energy availability 

4. Adapts scheduling and sleep modes 

5. Logs telemetry 

6. Recovers gracefully from energy starvation 

 

This is no longer a lab demo — it’s a deployable embedded AI device. 

 

3.3.5.1 System Architecture Recap 

 

Let’s unify everything in a logical control loop: 

 

loop { 

  update_vcap_history(); 

  update_energy_state(); 

  forecast_energy(); 

 

  if (is_inference_allowed()) { 

    model = select_model_based_on_state_and_forecast(); 

    run_model(model); 

  } else { 

    enter_adaptive_sleep(); 

  } 

 

  log_system_state(); 

} 

 

3.3.5.2 Full FSM + Forecast Flowchart 

 

You may insert a diagram here. 

 

1. Vcap read 

2. Forecast future Vcap 

3. Determine state (Critical, Low, Moderate, Full) 

4. Choose model (or skip) 

5. Inference 

6. Log & sleep 



 

 

 

3.3.5.3 Deployment Preparation 

 

Checklist 

 

Task Done? 

Classifier models exported as .tflite.h files  

CMSIS-NN or TFLM integration complete  

Audio + MFCC pipeline functional  

Power source (solar/supercap) tested  

Vcap and energy profiling validated  

Sleep/wakeup tested  

Logging to UART/SD working  

LED feedback / debug indicators added  

 

3.3.5.4 Use Case Scenarios 

 

Smart Wildlife Acoustic Node 

 

• Solar-powered node logs ambient audio patterns 

• Runs tiny model most of the time 

• Switches to full 8-class mode when energy allows 

• Sleeps at night, resumes automatically at dawn 

 

Smart Agriculture Monitor 

 

• Solar node classifies machine operation or animal movement 

• Selects smallest model during cloudy days 

• Schedules heavier inferences during sunny hours 

 

Remote Infrastructure Monitor 

• Vibration + sound classification 

• Runs model at reduced interval during low power 

• Uses forecast to anticipate storms (via low sunlight) 

 

  



 

 

3.3.5.5 Energy Survival Stress Testing 

 

Try these field tests: 

 

Test Expected Outcome 

Cover solar panel Device enters CRITICAL, stops inference 

Bright sunlight return Gradual state ramp-up → FULL 

Remove power entirely Deep sleep → graceful recovery 

Force repeated full inferences Battery drains, downgrade to MID or TINY 

24h log export Shows energy cycling patterns 

 

3.3.5.6 Performance Metrics Summary 

 

Metric Value 

Energy per inference (tiny) ~0.9 mJ 

Forecast latency ~500 µs 

Sleep current (STOP2 mode) ~0.5 µA 

Vcap logging interval 1 s 

Recovery from full drain ~3–5 min (depends on solar) 

System lifetime (without recharge) ~10–20 mins inference only 

 

3.3.5.7 Final Logging CSV Example 

 

time_s,vcap,forecast,state,model,latency_ms,energy_mJ 

203.4,2.84,2.93,FULL,FULL,66,3.3 

206.4,2.77,2.85,MODERATE,MID,32,1.7 

211.1,2.43,2.28,LOW,TINY,17,0.9 

216.2,1.95,1.88,CRITICAL,NONE,0,0.0 

 

You can: 

 

• Graph this in Python or Excel 

• Publish it as part of a TinyML research report 

• Use it to justify hardware design decisions 

 

  



 

 

3.3.5.8 Packaging the Project 

 

• Put this project on GitHub or GitLab 

• Include: 

o Code 

o Model files 

o Circuit diagrams 

o Sample logs 

o Video demo (optional) 

o System architecture doc (PDF/MD) 

 

Make this your portfolio flagship project — this is senior/graduate-level 

material. 

 

Project 3 Wrap-Up 

 

You now have: 

 

• A truly intelligent, self-sustaining embedded ML system 

• Benchmarks and logs to prove its behavior 

• Real-time forecasting and runtime adaptation 

• Use cases across wildlife, agriculture, and infrastructure 

 

This project is worth publishing. 

 

It counts as a final-year capstone in many universities — and it’s also what 

startups and industry R&D teams are beginning to build now. 

  



 

 

Summary 

 
From Idea to Innovation: Building Edge AI in the Real World 

 

Why Projects Matter in Edge AI 

 

In embedded systems, ideas don’t live in the cloud—they live in silicon, in 

power rails, in memory-mapped registers. The world of Edge AI is not 

theoretical. It’s material. It’s real. 

 

This is why we didn’t teach you Edge AI with a series of slides or 

textbook chapters. We taught it through projects—deep, technical, end-to-

end systems that are not just instructive but deployable. 

In this part of the book, you have learned to: 

 

• Design embedded pipelines for audio, sensing, and actuation 

• Train and optimize neural networks for low-resource 

microcontrollers 

• Integrate TinyML models using frameworks like TensorFlow 

Lite Micro and CMSIS-NN 

• Benchmark power, latency, and accuracy across real hardware 

• Implement system-level intelligence, including schedulers and 

adaptive energy policies 

 

That skillset does not exist in most undergraduate programs today. 

And that’s what sets you apart. 

 

Project-by-Project Recap 

 

Project 1 – The Smart Sensor 

 

Your first guided project introduced the complete pipeline from raw 

audio input to on-device inference. You learned to: 

 

• Interface MEMS microphones using I2S or PDM 

• Extract MFCCs using CMSIS-DSP 

• Train compact CNN architectures like DS-CNN 

• Quantize and deploy them with TFLM 

• Validate end-to-end performance on STM32 and ESP32 

 



 

 

Why it matters: This is the baseline skill required for any audio-based 

edge device—wake-word detectors, safety alarms, voice-based UX. 

You built it. You optimized it. You now know what it takes. 

 

Project 2 – The Efficient Communicator 

 

This was your introduction to real-time, low-latency audio streaming 

over wireless links—a deeply practical and commercially relevant 

problem. You implemented: 

 

• A lightweight autoencoder for speech compression 

• A real-time audio transport pipeline over BLE 

• An adaptive transmission scheme that triggers on SNR thresholds 

• Latency profiling vs aptX LL, LiveOnAir, and commercial BLE 

stacks 

 

Why it matters: Wearables, headsets, telemedicine, and even industrial 

robotics all depend on low-latency communication. Optimizing these 

systems is cutting-edge engineering. 

 

This project stretched your skills in compression, streaming, wireless 

stack control, and benchmarking. 

 

Project 3 – The Self-Sustaining Device 

 

Your final project took everything you learned and applied it to a mission-

critical, energy-constrained setting. You: 

 

• Integrated solar energy harvesting with supercapacitor 

buffering 

• Designed multiple TinyML classifiers and profiled their 

energy/latency trade-offs 

• Built a finite state machine (FSM) to dynamically switch between 

models 

• Implemented forecasting logic to anticipate power availability 

• Created a system that can run for days without supervision 

 

Why it matters: This project is equivalent to a research paper or final-

year thesis in many academic programs. It’s also how actual products—

wildlife monitors, smart irrigation nodes, border security sensors—are 

built in the field. 



 

 

 

You created a complete system: data, logic, control, adaptation, power, 

feedback, and logging. 

 

Packaging Your Projects 

 

These projects are not just learning tools. They are portfolio artifacts. 

Here's how to package them: 

 

Element Description 

GitHub 

Repo 
Organize each project with /src, /models, /logs, /docs 

 Demo 

Video 
Record a 2–3 min walkthrough or real-time demo 

 Readme 
Include system overview, hardware list, instructions, 

performance summary 

 Research 

Poster 

One-pager showing diagrams, metrics, use case, and real-

world motivation 

 Resume 

Entry 

“Built a self-powered ML pipeline for ambient sound 

classification with 3-tier model switching based on energy 

forecasts.” 

 

These are not toy examples. Each project can stand on its own as a 

capstone, a hackathon submission, or part of your industry portfolio. 

 

 

 

What You’ve Really Learned 

 

Underneath all the code and soldering, these projects taught you 

engineering thinking: 

 

 

 

 

Mindset What It Looks Like 

Systems 

Thinking 

How power, performance, and accuracy trade off across 

an entire pipeline 



 

 

Mindset What It Looks Like 

Optimization 
Why smaller models matter, and where quantization 

buys you headroom 

Debugging 
How to isolate audio latency, model accuracy drops, or 

power leakage 

Trade-offs 
Choosing BLE vs Wi-Fi, 8-bit quantization vs float32, 

or sleep modes vs responsiveness 

Design-for-

deployment 

Creating systems that work not just in lab conditions, 

but in solar-powered, battery-limited, real-world chaos 

 

You've moved beyond theory. You've designed, built, deployed, and 

measured. 

 

Suggested Extensions 

 

Your learning doesn't stop here. In fact, these projects are open-ended 

platforms. 

 

Here are some advanced extensions: 

 

Project Extension Idea 

Smart Sensor Add voice authentication; test noisy environments 

Communicator Stream gesture or EMG data instead of audio 

Self-Sustaining Add LoRaWAN for ultra-low-power remote reporting 

Any Add OTA updates, BLE provisioning, or Tiny Containers 

 

Want to publish? Convert Project 3 into a TinyML research submission. 

Add comparative results. Submit to tinyML Research Symposium or 

ArXiv. 

 

  



 

 

Final Thoughts on Building Edge AI 

 

Edge AI is not about shrinking a neural net. It's about rethinking 

intelligence at the intersection of hardware constraints, environmental 

context, and user need. 

 

These projects have shown you that: 

 

• ML isn’t useful unless it works on the actual hardware. 

• Hardware isn’t useful unless it’s connected to real-world problems. 

• And real-world problems aren’t solved with more compute—

they’re solved with better engineering. 

 

Now you are ready. Not just to build devices. But to design the future of 

intelligent, embedded systems. 

  



 

 

Chapter 4 
From Student to Professional 

 

 

4.1 – Systems Thinking & Product Design 

 

From Working Code to Working Products 

 

What Is Systems Thinking? 

 

Systems thinking is the ability to see the whole — to understand how each 

subsystem interacts, amplifies, or limits others. As an Edge AI 

practitioner, this is essential. You’re not building an algorithm. You’re 

building a system: 

 

• A microphone that samples audio 

• A DSP that extracts features 

• A microcontroller that classifies sound 

• A BLE stack that transmits results 

• A power system that keeps it all alive 

 

These parts don’t just sit next to each other—they interact constantly. 

For example: 

 

• The sampling frequency affects the model’s accuracy 

• The model’s latency affects the battery life 

• The battery profile affects the transmission interval 

• The BLE packet size constrains the data pipeline design 

 

If you treat them as isolated pieces, your product will fail. If you treat 

them as a system, your product will succeed. 

 

 

Core Product Design Constraints 

 

When building real-world Edge AI products, you will always juggle a trio 

of constraints: 

 

1. Power 

 



 

 

• Your system must stay alive using solar, battery, or harvested 

energy 

• Power budget determines model choice, sleep strategy, and 

interface polling 

 

2. Performance 

 

• What’s your model’s top-1 accuracy? 

• What is the real-time latency (from signal to result)? 

• Can you guarantee response in 50 ms, 100 ms, 1 second? 

 

3. Cost 

 

• Can your device be built for $5 in volume? 

• Can it be serviced in the field? 

• What’s your bill of materials (BoM)? What’s your MCU+radio 

cost? 

 

This is called the “Iron Triangle” of embedded design: 

 

You can optimize two. Rarely all three. 

 

Systems thinking helps you balance these wisely. 

 

 

 

Case Study: Re-Examining Project 1 (Smart Sensor) 

 

 

Let’s apply systems thinking to your first project. 

  



 

 

Subsystem Choices You Made How They Interact 

Mic 
PDM MEMS (e.g., 

SPH0645) 

Dictates I2S setup, affects power 

draw 

MCU STM32L4 / ESP32 
Determines available RAM, flash, 

and DSP capability 

Feature 

Extraction 
MFCC via CMSIS Affects latency, model shape 

Model DS-CNN, 95% acc Defines flash + RAM footprint 

Output GPIO or UART log Adds latency, affects sleep interval 

Sleep Strategy Manual delay + WFI 
Impacts power draw between 

inferences 

 

When you built this, it seemed like coding. 

 

But what you really did was co-design a system. 

 

Failure Mode Thinking 

 

Another mark of a professional is knowing how things fail. Here are real-

world examples: 

 

Subsystem Failure Mode Impact 

ADC/Mic 
Vibration noise → corrupted 

audio 
Garbage input to model 

BLE 
Long interval → buffer 

overflows 
Missed inference events 

Power 
Low solar input → deep 

sleep 
Lost uptime 

Model False accept rate >1% 
Dangerous actuation or user 

frustration 

Memory 
Fragmentation in dynamic 

alloc 
Sudden crash or hangs 

 

 

 

In professional teams, engineers plan for failure. They: 



 

 

 

• Add retry logic 

• Log power drops 

• Use watchdog timers 

• Run stress tests with fuzzed inputs 

• Add CRCs to stored model data 

 

As you move from student to engineer, you must think like this. 

 

Systems Debugging Techniques 

 

When things go wrong, you need techniques that transcend code. Here 

are essential tools: 

 

Technique Use 

Oscilloscope / Logic Analyzer Check GPIO timing, signal noise 

Energy Profiler (e.g., Otii Arc, Nordic 

PPK2) 
Profile sleep current, wake spikes 

UART Debug Logs 
Timestamped traces of system 

decisions 

Watchdog Timer Logs Debug random hangs 

Static Analysis (MISRA-C++, Clang-

Tidy) 
Catch null derefs, memory issues 

Model Profiler (TFLM, CMSIS-NN) 
Benchmark latency, ops, MACs 

per layer 

 

These tools aren't just for experts. They’re for anyone who builds systems 

that live in the real world. 

 

Modelling Trade-Offs Before You Build 

 

Before you even start coding, you can model trade-offs using simple 

estimates. 

 

Example: Your MCU consumes 3 mA in active mode, and your BLE Tx 

costs 15 mA for 15 ms per packet. 

• Inference (200 ms): 3 mA → 0.6 mAs 

• Transmit (15 ms): 15 mA → 0.225 mAs 

• Sleep (10 s at 10 µA): 0.1 mA × 10s → 1 mAs 



 

 

• Total = ~1.825 mAs per cycle 

 

If your solar cell harvests 3 mA in daylight (avg), you can do ~1 cycle/sec 

indefinitely. 

 

If it's cloudy, that drops to ~1 every 5 sec. 

From this estimate, you can: 

 

• Downscale your model 

• Increase your sleep window 

• Add a larger supercap 

 

This is engineering before code—the hallmark of a systems thinker. 

 

Design Documentation Template (For Future Projects) 

 

Before starting your next Edge AI device, document: 

 

Section What to Include 

Objective What problem are you solving? Why? 

Inputs Sensors, sampling rate, format 

Features DSP steps (MFCC, filters, etc.) 

Models Architecture, quantization, accuracy 

Outputs What will the device do in response? 

Power Strategy Sleep modes, voltage thresholds, duty cycle 

Constraints Size, budget, latency, energy 

Risk Areas Where might it fail? How will you test for it? 

 

Start every project with this sheet. Review it weekly. 

This one habit will 10× your engineering maturity. 

 

  



 

 

Section 4.1 Complete 

 

You now understand: 

 

• What systems thinking looks like in Edge AI 

• How constraints shape product decisions 

• How professionals anticipate failure and debug across subsystems 

• How to model trade-offs early and design for robustness 

 

 

  



 

 

4.2 – Tools of the Professional Engineer 

 

Building, Testing, and Shipping Like a Real Embedded AI Team 

 

Why Tools Matter 

 

In academic settings, students often write firmware in the Arduino IDE 

and test with a single print statement. That’s fine for beginners. 

 

But in the professional world, embedded development is: 

 

• Iterative (you test dozens of builds per day) 

• Collaborative (you work with teammates, hardware engineers, 

even ML engineers) 

• Multi-platform (your system must compile for STM32, ESP32, 

and Nordic targets) 

• Mission-critical (failures can cost money—or lives) 

 

Tools make or break your success. 

 

Professional engineers use: 

 

• IDEs that support real-time debugging and breakpoints 

• Build systems that support unit testing and CI 

• Profilers to measure latency, power, and memory 

• Structured repos with version control and documentation 

 

Let’s explore each of these like a pro. 

 

 

4.2.1 IDEs and Toolchains for Embedded AI 

 

 

PlatformIO + VS Code (Highly Recommended) 

 

 

PlatformIO (PIO) turns VS Code into a modern embedded IDE. 

  



 

 

Feature Why It Matters 

Unified Board 

Support 

1000+ boards (STM32, ESP32, RP2040, nRF5x, 

etc.) 

Integrated 

Debugging 
Use breakpoints, watches, memory inspection 

Testing Support Unit tests for embedded code 

CI Integration 
Run builds automatically via GitHub Actions or 

GitLab CI 

Multiple 

Frameworks 
Arduino, ESP-IDF, STM32Cube, Zephyr, etc. 

 

Example platformio.ini: 

 

[env:esp32] 

platform = espressif32 

board = esp32dev 

framework = arduino 

monitor_speed = 115200 

build_flags = -DCORE_DEBUG_LEVEL=3 

 

This config lets you: 

 

• Target specific MCUs 

• Enable serial debug 

• Apply compile flags 

• Switch platforms without redoing toolchains 

 

Advanced IDEs 

 

IDE Features Platform 

STM32CubeIDE 
Graphical config, HAL + LL 

codegen, debug support 
STM32 only 

SEGGER Embedded 

Studio 
RTOS, tracing, low-level analysis 

nRF, Cortex-

M 

CLion + PlatformIO 
CMake integration + embedded 

debug 
All boards 

Keil µVision / IAR Commercial, optimized, MISRA Enterprise 



 

 

IDE Features Platform 

support 

 

As you grow, pick the IDEs that match your target MCU ecosystem and 

debugging needs. 

 

4.2.2 Debugging Tools: From Printf to Professional 

 

You can’t build reliable products without professional debugging tools. 

Here’s what to master: 

 

JTAG/SWD Debuggers 

 

Tool Target Cost 

ST-Link STM32 $10–25 

J-Link EDU Mini Cortex-M (STM32, nRF, etc.) $20 

ESP-Prog ESP32 $20 

CMSIS-DAP ARM MCUs Varies 

 

Connect via SWD pins (CLK, DIO, GND) → pause, step, inspect registers 

in real time. 

 

Serial Debugging: Beyond Serial.println() 

 

Instead of spaghetti logs, use structured serial output: 

 

 

Serial.printf("[sensor] time: %lu ms, vcap: %.2f V\n", millis(), vcap); 

Use tools like SerialPlot, TeraTerm, or CoolTerm to visualize data in 

real time. 

 

Tip: LED Blink Codes 

 

  



 

 

Add color-coded LEDs or patterns to indicate: 

 

• State transitions 

• Forecast results 

• Energy thresholds 

• Error conditions 

 

4.2.3 Testing & CI in Embedded Projects 

 

Unit Tests for Firmware 

 

Use PlatformIO’s built-in test runner: 

 

pio test -e esp32 

 

Example: 

 

TEST_CASE("MFCC feature range is valid") { 

  float feat = extract_mfcc(signal); 

  TEST_ASSERT(feat < 1.0f && feat > -1.0f); 

} 

 

You can even run tests on host or device. 

 

Continuous Integration (CI) 

 

Integrate with GitHub Actions: 

 

name: Build firmware 

 

on: [push] 

 

jobs: 

  build: 

    runs-on: ubuntu-latest 

    steps: 

      - uses: actions/checkout@v3 

      - name: Set up PlatformIO 

        run: | 

          pip install platformio 

      - name: Build 



 

 

        run: pio run 

 

This ensures every commit builds cleanly on your main targets. 

 

Bonus: Static Analysis 

Use: 

 

• Clang-Tidy 

• cppcheck 

• MISRA C++ style checkers 

• MemorySanitizer (on host builds) 

 

Catch bugs before they flash. 

 

4.2.4 Project Structure: Clean, Scalable, Maintainable 

 

A well-structured firmware repo might look like this: 

 

smart-sensor-project/ 

├── include/ 

│   └── model_params.h 

├── src/ 

│   ├── main.cpp 

│   ├── model.cpp 

│   ├── power.cpp 

│   └── dsp.cpp 

├── lib/ 

│   └── cmsis_nn/ 

├── test/ 

│   └── test_dsp.cpp 

├── models/ 

│   └── keyword_ds_cnn.h 

├── platformio.ini 

└── README.md 

  



 

 

This layout supports: 

 

• Modularity 

• Team collaboration 

• CI integration 

• Easy onboarding 

 

Your future collaborators will thank you. 

 

4.2.5 Bonus Tools for Professionals 

 

Tool Use 

Otii Arc / Nordic PPK2 Measure real-time current in µA range 

Saleae Logic Analyzer Debug SPI/I2C/UART timing 

VS Code Live Share Pair debugging with teammates 

TFLM Profiler Layer-by-layer latency/ops breakdown 

GDB Watchpoints Monitor variables during execution 

Valgrind (host test) Catch memory issues in C code 

Zephyr RTOS Tools Thread scheduling, heap stats, CPU usage 

 

 

Section 4.2 Complete  

 

You now know: 

 

• How to choose and configure industry-grade IDEs 

• How to debug, test, and profile like a professional 

• How to structure projects for scale 

• How to integrate CI/CD and static analysis into firmware pipelines 

  



 

 

4.3 – Simulation Kits, Emulators & Rapid Prototyping 

 

Building at the Speed of Thought (Before the Hardware Exists) 

 

Why Simulate? 

 

Prototyping embedded AI solutions is hardware-bound—you often need 

to: 

 

• Wait for PCBs to arrive 

• Set up delicate power systems 

• Debug GPIOs and sensors 

 

This slows down iteration, which kills innovation. 

Professional engineers simulate first, using: 

 

• Virtual microcontrollers 

• Hardware emulation kits 

• Rapid prototyping tools 

• Model-based system design 

 

You can design, test, and optimize your system before you ever flash a 

chip. 

 

4.3.1 Emulator Basics: Running Code Without the Chip 

 

Emulators replicate the ISA (Instruction Set Architecture) of real chips. 

 

QEMU (Quick Emulator) 

 

What it is: A fast emulator for ARM Cortex-A/M, RISC-V, and more. 

Use Cases: 

 

• Run bare-metal firmware for STM32/ESP32 

• Debug boot sequences without flashing 

• Test system behavior under memory stress 

 

Example (STM32F4 Emulation): 

 

qemu-system-arm -M stm32-p103 -kernel firmware.elf 

 



 

 

Limitations: 

 

• No peripheral simulation (GPIO, UART may be stubbed) 

• Not ideal for DSP or ML benchmarking 

 

 Still valuable for boot logic, model flow control, and sleep state testing. 

 

4.3.2 Renode: Industrial-Grade IoT Simulation 

 

What it is: A powerful open-source simulator from Antmicro 

 

Why it’s better than QEMU: 

 

• Simulates MCUs, peripherals, power, and even wireless 

networks 

• Supports TensorFlow Lite Micro inference profiling 

• Used by Google, ARM, Intel, and NASA 

 

Use Cases: 

 

• Simulate wake-word detection flow on STM32 

• Benchmark power cycles and sleep transitions 

• Test sensor edge-cases (noisy input, slow ADCs) 

 

Project Example: 

 

machine LoadPlatform @platforms/cpus/stm32f4_discovery.repl 

sysbus LoadELF @firmware.elf 

start 

 

Bonus: Can run CI tests in Renode to validate all firmware PRs! 

 

4.3.3 ARM Corstone Simulation Kits 

 

Corstone platforms are ARM’s reference subsystems for Cortex-M and 

Ethos-U. 

 

Why use them? 

 

• Simulate full ML pipelines with microNPU + Cortex-M 

• Evaluate power, memory, latency trade-offs 



 

 

• Try new ML workloads before choosing real hardware 

 

Corstone-300 + Ethos-U55 

 

• Simulates Cortex-M55 + Ethos-U55 NPU 

• Runs TFLM models and benchmarks energy, ops/s, RAM usage 

 

Use Case: 

 

• Compare DS-CNN and CRNN for speech on M55+U55 

• See which one fits your energy budget 

• Simulate OTA updates and NPU fallback logic 

 

Access: Arm Virtual Hardware on AWS 

No dev board needed. Simulate inference on a Cortex-M55 in the cloud. 

Zero setup. 

 

4.3.4 Simulation for Edge ML Inference 

 

Even without full emulation, you can simulate parts of your system: 

 

Component Tool Purpose 

Feature Extraction 

(MFCC) 
Python + NumPy 

Compare float vs int8, noise 

robustness 

Inference Timing 
tflite-runner on 

desktop 
Benchmark model latencies 

Quantization Drift 
TFLite Post-

Training tools 

Simulate accuracy drop from 

quantization 

Power Budget Excel/Colab sheet Estimate energy per inference 

BLE Packetization Scapy / BTsim 
Test BLE reliability, timing, 

errors 

Sleep Transitions 
Simulated with 

timers 

Validate FSM logic and edge-

case power states 

These let you design the flow before you code the firmware. 

 

4.3.5 Rapid Prototyping Boards & Kits 

 

Before custom PCBs, use fast boards with: 



 

 

 

• Breadboardable power and I/O 

• Debug headers 

• USB-UART 

• Deep library support 

 

Recommended Boards: 

 

Board Specs Use Case 

STM32F411 Black Pill 100+ MHz, 128 KB RAM Budget STM32 ML 

ESP32-S3 DevKit 
Dual-core, AI accelerator, 

BLE 

Audio/vision ML, 

streaming 

Adafruit Feather 

RP2040 + WiFi 

Dual-core + wireless + 

low-power sleep 
Battery projects 

Nordic nRF5340 DK Dual-core + BLE Audio 
Wireless ML, audio 

encode 

Seeed Xiao BLE Sense 
Tiny, onboard mic + 

sensors 

Ultra-compact ML 

nodes 

 

With PlatformIO or Arduino Core, you can bring up these boards in <15 

minutes. 

 

4.3.6 Integration with Professional Flows 

 

Simulation fits into pro workflows like this: 

 

flowchart LR 

    idea [Problem Statement] --> simulate [Simulate on Python + Renode] 

    simulate --> design [System Architecture + Models] 

    design --> prototype [Prototype on Dev Board] 

    prototype --> measure [Power + Latency Profiling] 

    measure --> iterate [Refine Model + Code] 

    iterate --> product[Deploy to Real Hardware] 

 

This accelerates time-to-insight from weeks to hours. 

 

4.3.7 Case Study: Simulating an Adaptive ML Pipeline 

 

Let’s say you want a self-sustaining device that: 



 

 

 

• Chooses between 3 models based on energy 

• Switches sleep modes based on solar input 

 

Before building hardware, simulate: 

 

1. Power profile using a Colab spreadsheet 

2. Forecast logic in Python 

3. FSM transitions with timers 

4. Model latency via tflite_run 

5. Sleep impact on scheduling 

 

Then go straight to STM32 or ESP32 with confidence. 

 

Section 4.3 Complete  

 

You now know how to: 

 

• Simulate embedded systems using Renode, QEMU, and Corstone 

• Profile inference and energy pre-hardware 

• Rapidly prototype and debug in hours—not weeks 

• Iterate like an industry-grade Edge AI team 

  



 

 

4.4 – How to Publish Your Work 

 

Turn Your Edge AI Projects into Recognized Achievements 

 

Why Publishing Matters 

 

Publishing isn't just for academics. As an Edge AI practitioner, it helps 

you: 

 

• Build a credible portfolio for job/internship applications 

• Reach collaborators and mentors worldwide 

• Join conversations happening at the forefront of innovation 

• Attract recruiters, grad school offers, or even startup interest 

• Practice communicating technical ideas — a rare and valued skill 

 

If your work lives only in your laptop’s “final_project” folder… it may as 

well not exist. 

 

Let’s fix that. 

 

4.4.1 Structuring a World-Class GitHub Repo 

 

GitHub is your public lab notebook. Here’s how to make yours stand out. 

 

Recommended Structure: 

 

smart-sensor-ml/ 

├── README.md 

├── /models 

│   └── ds_cnn_quantized.tflite 

├── /src 

│   ├── main.cpp 

│   └── mfcc.cpp 

├── /test 

│   └── test_mfcc.cpp 

├── /docs 

│   ├── architecture.png 

│   └── power_profile.csv 

├── /tools 

│   └── model_convert.py 

├── platformio.ini 



 

 

└── LICENSE 

 

README Template: 

 

# Smart Sensor ML 

 

A self-contained keyword-spotting embedded system using STM32 and 

TensorFlow Lite Micro. 

 

## Hardware 

 

- STM32L4 

- SPH0645 MEMS mic 

- LiPo + solar panel 

 

## Features 

 

- Real-time MFCC extraction 

- DS-CNN inference <250 ms 

- 1% false positive at <200 µW average 

 

## Project Structure 

 

- `/models`: quantized TFLite models 

- `/src`: main firmware 

- `/docs`: power profiles, design diagrams 

- `/tools`: scripts for preprocessing 

 

## Demo 

 

[![](demo.gif)](link-to-demo) 

 

## License 

 

 

 

 

Best Practices: 

 

Tip Why 



 

 

Tip Why 

Use clear commit messages 
Recruiters and collaborators read 

them 

Add requirements.txt Makes Python tooling reproducible 

Link videos, blog posts Cross-promotion builds visibility 

Add badges (build status, license) Shows professionalism 

Use Markdown tables and 

diagrams 
Improves readability 

 

4.4.2 Writing Technical Blogs That Matter 

 

If your GitHub shows what you built, your blog explains how and why. 

Great blogs: 

 

• Tell a clear story from idea to result 

• Explain trade-offs, setbacks, surprises 

• Use images, code snippets, graphs 

• Are accessible — even to non-experts 

 

Blog Outline Template: 

 

Title: Low-Power Wake Word Detection on STM32 — End to End 

 

1. Intro 

o Problem: Wake word systems are power-hungry 

o Goal: Sub-1% false accepts under 250 µW 

2. Hardware Setup 

o Parts list + wiring diagram 

3. Feature Pipeline 

o MFCC extraction on-device with CMSIS 

4. Model Choice 

o DS-CNN quantized to int8 

o Accuracy benchmarks 

5. Firmware Architecture 

o Sleep/infer/sleep cycle with watchdog 

6. Power Profiling 

o Graph: current vs state 

o Result: 210 µW avg draw 

7. Lessons Learned 



 

 

o Buffer overflows, model drift, sleep bugs 

8. Conclusion 

o How others can extend or replicate 

 

Platforms: Medium, Hashnode, Dev.to, Hackster.io, your personal 

website. 

 

Even a short blog (800–1200 words) can reach thousands of engineers. 

 

4.4.3 Writing a Short Research Paper or Poster 

 

If your work has novel methods, optimization results, or real data — it 

may be publishable. 

 

Where to Start: 

 

Venue Type Audience 

TinyML Research Symposium Poster + 3-pager 
Students, 

researchers 

ArXiv Preprint 
Open-access 

readers 

Embedded Systems Week 

(ESWEEK) 
Full paper 

Academic & 

industry 

IEEE Edge, ICASSP Journals/conferences Research labs 

Local college symposium Poster/talk Faculty, students 

 

 

Poster Template (A1 size): 

  



 

 

Section Tips 

Title Bold, clear: "Energy-Aware ML on STM32U5" 

Abstract 4–5-line summary of your project and results 

Motivation Why the problem matters 

Methods Hardware stack, model structure, pipeline 

Results Accuracy, energy, latency graphs 

Discussion What worked, what failed, next steps 

QR Code To GitHub repo or demo video 

 

Tools: Canva, PowerPoint, Overleaf, Figma 

 

4.4.4 Submitting to ArXiv 

 

ArXiv.org is an open-access repository for scholarly work. 

Steps: 

 

1. Write your paper in Overleaf (LaTeX template) 

2. Include all required metadata (authors, categories, abstract) 

3. Upload PDF + source files 

4. Submit to: https://arxiv.org/ 

 

Your work will be searchable, citable, and publicly available. 

Grad schools and recruiters often browse ArXiv. 

 

4.4.5 Showcasing Your Work in Interviews 

 

Edge AI engineers don’t just need resumes—they need demos. 

Prepare: 

 

• Slide deck with diagrams, metrics, screenshots 

• Video demo (screen recording + audio) 

• 3-minute “tech elevator pitch”: 

 

“This project performs low-power keyword spotting on an STM32L4. We 

optimized inference with CMSIS-NN, profiled energy with Nordic PPK2, 

and achieved 95% accuracy at under 250 µW average draw…” 

 

This can set you apart from 99% of applicants. 

https://arxiv.org/


 

 

 

 

 

Section 4.4 Complete  

 

 

You now know how to: 

 

• Build professional GitHub repos 

• Write clear, technical blogs 

• Design research posters and publish on ArXiv 

• Pitch your projects like a startup founder or engineer 

 

 

 

  



 

 

4.5 – Building a Career in Edge AI 

 

From Student Projects to Industry, Research, and Beyond 

 

Why Edge AI Careers Are Booming 

 

The global Edge AI market is projected to reach $356.8 billion by 2035, 

with exponential growth in IoT, wearable tech, autonomous systems, and 

TinyML. 

 

Edge AI engineers are now in demand across: 

 

• Startups building smart devices 

• Tech giants (NVIDIA, Qualcomm, Apple, Google) 

• Research labs (MIT Media Lab, Microsoft Research, Bosch, etc.) 

• Deep-tech incubators and grant-funded projects 

• Government/defence agencies working on embedded autonomy 

 

If you understand microcontrollers and machine learning, you're in a rare 

and valuable niche. 

 

4.5.1 Common Roles in the Field 

 

Role Key Skills Entry Path 

Embedded ML 

Engineer 
C/C++, TFLM, CMSIS-NN B.Tech + portfolio 

Edge AI Software 

Engineer 

ML model optimization, 

quantization, platform 

porting 

Internships, open-

source 

Hardware-

Software Co-

Designer 

Energy profiling, HW/SW 

integration 

ECE/EE focus, hands-

on 

IoT Data Scientist 
Embedded telemetry, cloud 

+ edge ML 

DS background + 

embedded exposure 

R&D Intern / 

Student 

Researcher 

Literature, prototyping, 

experimentation 

Symposiums, 

undergrad research 

Technical Product 

Manager 

Systems thinking + team 

coordination 

Side projects + 

communication 



 

 

 

Even non-CS students can enter through hands-on prototyping, 

documentation, and multidisciplinary projects. 

 

4.5.2 Resume Tips: Turning Projects into Job Offers 

 

Your resume is not a job description list — it’s a high-resolution signal 

of your ability to deliver. 

 

Focus on: 

 

• Measurable results (accuracy %, latency ms, energy µW) 

• Stack clarity (STM32, ESP32, TensorFlow Lite Micro, etc.) 

• Problem-solving under constraints (memory, power, real-time) 

• GitHub or demo links 

 

Strong Resume Bullet Examples: 

 

• Developed wake-word detector on STM32L4 with 95% accuracy 

under 250 µW using quantized DS-CNN and CMSIS-NN kernels. 

• Built self-powered sensor node using STM32U5 and solar input; 

designed runtime policy engine to adapt model complexity to real-

time energy levels. 

• Reduced BLE airtime by 40% via SNR-aware audio compression 

on ESP32-S3 with sub-30 ms end-to-end latency. 

 

Recruiters skim fast. Start each line with a verb, include tools, finish 

with results. 

 

4.5.3 LinkedIn & Portfolio 

 

LinkedIn 

 

• Use a keyword-rich headline: 

Embedded AI | TinyML | STM32 | TFLM | Real-time ML on 

Microcontrollers 

 

• Add featured content: 

o GitHub project links 

o Blog posts 

o Demo videos 



 

 

• Connect with: 

o Hiring managers at embedded AI companies 

o Professors in embedded systems or applied ML 

o Open-source contributors in the TFLM ecosystem 

 

Message tip: 

 

“Hi! I’m an undergrad building projects in energy-aware ML on 

STM32/ESP32. Really inspired by your work at [company/lab] — would 

love to connect!” 

 

Personal Portfolio 

 

Use GitHub Pages, Notion, or a simple static site to highlight: 

 

• Your best 2–3 projects 

• A short bio 

• Downloadable resume 

• Demos, visual diagrams 

• Your contact/socials 

 

4.5.4 Interviews: What to Expect 

 

Depending on the role, you might face: 

 

Interview Type Example Questions 

Technical 

firmware 

“How would you handle memory fragmentation in a 

real-time loop?” 

ML on 

embedded 

“Explain how quantization affects model accuracy and 

latency.” 

Systems design 
“Design a battery-powered object classifier that runs 2 

weeks without recharge.” 

Coding (C/C++) Linked list manipulation, binary trees, fixed-point math 

Debugging Serial output logs, power profiling challenges 

 

Tips: 

 

• Prepare short project walkthroughs (3–5 min each) 

• Practice talking through diagrams (data flow, state machines) 



 

 

• Mention what went wrong in your projects — and how you fixed 

it 

 

4.5.5 Regional Career Pathways 

 

🇮🇳 India 

 

• Median starting salary: ₹8–10 LPA for Edge AI roles 

• Growth areas: Bengaluru, Hyderabad, Chennai, Pune 

• Recruiters love project-rich resumes from college students 

 

🇺🇸 USA 

 

• Entry-level: $110K–$140K depending on location/company 

• Hotspots: Bay Area, Boston, Austin, Seattle 

• Labs like Xilinx Research, NVIDIA Jetson, Google ATAP seek 

embedded ML talent 

 

Global 

 

• Remote internships are growing — check: 

o GitHub Issues (Edge Impulse, TFLM) 

o TinyML Foundation forums 

o LinkedIn job boards 

o ArXiv for research labs seeking collaborators 

 

4.5.6 Creating a Personal Roadmap 

 

You don’t need to “figure it all out.” Start by mapping your next 6–12 

months. 

Sample Timeline: Final Year Student 

 

Month Focus 

Month 1 Choose a niche (vision, audio, energy-aware AI) 

Month 2–4 Build a standout guided project with benchmarked results 

Month 5 Document and publish it (GitHub + blog + video) 

Month 6–8 Apply to labs, startups, and internships 

Month 9–12 Start contributing to open source / writing a research poster 



 

 

 

Repeat with more ambitious goals next year. 

 

Section 4.5 Complete 

 

You now know: 

 

• What roles are available in Edge AI 

• How to tailor your resume and portfolio 

• Where to publish and network 

• How to prepare for interviews and applications 

• How to chart your own growth path from college to career 

  



 

 

4.6 – Bonus: Becoming a Domain Leader in Embedded Intelligence 

 

From Student to Speaker, Researcher, Innovator, and Community 

Contributor 

 

What Is Domain Leadership? 

 

It doesn’t require a PhD or job title. Domain leadership means: 

 

• Pioneering solutions in a focused technical area 

• Publishing ideas and prototypes that influence others 

• Teaching, mentoring, or speaking to inspire the next wave 

• Building tools, tutorials, or datasets others depend on 

 

If you're working at the intersection of TinyML, microcontrollers, 

energy-aware computing, and real-world applications, you are in a 

field that’s still emerging. Leadership here is not about age or seniority — 

it's about visibility, clarity, and contribution. 

 

4.6.1 Paths to Thought Leadership 

 

You can lead technically in multiple ways: 

 

Path Activities 

Educational Write tutorials, blog series, YouTube explainers 

Research Publish whitepapers, ArXiv preprints, TinyML posters 

Community Mentor juniors, speak at meetups or symposiums 

Engineering Build open-source libraries, tools, or datasets 

Evangelism Talk at webinars, conferences, or Twitter/X spaces 

 

Let’s break down how to pursue each. 

 

A. Writing Deeply About Niche Topics 

 

When you deeply understand a hard problem — say, audio ML on 

ESP32, or self-powered edge devices — write about it. 

 

Post Ideas: 

 



 

 

• “Running a 4-class CNN under 1 mJ on STM32” 

• “How to tune TFLM for real-time latency on ESP32-S3” 

• “A guide to adaptive model selection under fluctuating energy 

budgets” 

 

These get indexed by Google, cited in papers, shared on Reddit, and 

bookmarked by engineers. Write once, and it can help thousands. 

Platform suggestions: Medium, Hackster, Dev.to, your own Substack. 

 

B. Publishing Research 

 

You don’t need institutional backing to write research papers. 

If you can: 

 

• Formulate a testable hypothesis 

• Build a prototype 

• Collect results 

 

… you can write a 3- to 6-page paper and submit to: 

 

Venue Type Audience 

TinyML Research 

Symposium 

Posters, 

talks 

Students, Google, Arm, Edge 

Impulse 

ArXiv.org Preprints Global open access 

IEEE Embedded Systems 

Letters 

Short 

papers 
Academic + industrial 

Local university 

symposiums 

Poster & 

oral 
Students & faculty 

 

Tip: Start with your Project 3 from this book. The energy-adaptive 

pipeline is novel and highly relevant. 

 

C. Contributing to Open Source 

 

Real technical leaders are often core contributors to OSS. 

Projects to Consider: 

 

• TensorFlow Lite Micro 

• CMSIS-NN 

https://github.com/tensorflow/tflite-micro
https://github.com/ARM-software/CMSIS_5


 

 

• PlatformIO 

• Edge Impulse SDKs 

 

How to Start: 

 

• Submit a doc fix or code comment 

• File a detailed issue 

• Create a reproducible bug report 

• Share a model or board config others can use 

 

Even one merged PR makes you part of the ecosystem. 

 

D. Speaking & Teaching 

 

Public speaking grows your network fast. 

 

Format Where 

Technical 

Talks 
Hackathons, college clubs, TinyML meetups 

Webinars Collaborate with DevRel teams (e.g., Arm, Espressif) 

YouTube Demo your projects; explain concepts 

Teaching 
Offer a free 4-week mini-course or workshop at your 

college 

 

Talk title examples: 

 

• “Inside a Self-Sustaining Machine Learning Node” 

• “Optimizing Inference Time on Cortex-M with CMSIS-NN” 

• “How I Built a BLE Audio Encoder That Beats AptX LL” 

 

Post your slides. Share your talk link. This builds reputation and reach. 

 

 

E. Starting Your Own Thing 

 

Want to build a TinyML board? Start a newsletter? Launch a YouTube 

series? 

 

Go for it. 

https://github.com/platformio/platformio-core
https://github.com/edgeimpulse/


 

 

 

Mini Products That Establish Authority: 

 

• A free eBook (like this one!) for beginners in Edge AI 

• A low-cost dev board (ESP32 + mic + battery, open-source) 

• A Notion template to design power budgets 

• A curated collection of TinyML papers or projects 

 

These build followers. Followers turn into collaborators, clients, recruiters, 

co-authors. 

 

Your Flywheel as a Technical Leader 

 

Here’s how leadership compounds: 

 

flowchart LR 

build[Build cool projects] --> write[Write + document them] 

write --> publish[Publish on GitHub/blog] 

publish --> share[Share on LinkedIn + Reddit + forums] 

share --> speak[Get invites to speak] 

speak --> connect[Grow network] 

connect --> collab[Start collaborations] 

collab --> build 

 

You start small — but by doing it consistently, you build a technical 

identity people trust and refer. 

 

  



 

 

A Personal Note 

 

If you're reading this chapter, you’ve already done more than 99% of 

students in embedded AI. You've built, optimized, and understood projects 

most people only dream about. 

 

So now, don’t just stop at finishing. 

• Publish what you know. 

• Teach what you learned. 

• Lead where you see the field heading. 

 

This is how you become the name people mention when they talk about 

TinyML, Edge AI, or embedded innovation. 

 

And it all starts with hitting “Publish.” 

  



 

 

 

Conclusion 
Beyond the Book — Becoming a Creator in an Intelligent 

World 

 
The Journey We’ve Taken 

 

This book began with a simple but powerful idea: 

 

That real-world Edge AI can — and should — be built by students. 

Along the way, we’ve: 

 

• Built your foundation in microcontrollers, C++, memory, and power 

• Explored the motivations, hardware, and workflows of on-device ML 

• Guided you through three deep, portfolio-ready projects that span audio, 

wireless, and energy-aware computing 

• Helped you publish your work, grow your visibility, and plan your career 

trajectory 

• Provided practical strategies to prototype, optimize, and lead in a fast-

evolving field 

 

You are now more than a student. 

 

You are an Edge AI Practitioner. 

 

What You Can Now Do 

 

You should now be capable of independently: 

 

• Designing a complete embedded ML pipeline 

• Optimizing firmware for real-time, low-power inference 

• Debugging I2S mics, BLE links, and sleep/wake logic 

• Analyzing trade-offs between energy, latency, and model accuracy 

• Running benchmarks using TFLM, CMSIS-NN, and on-chip profiling tools 

• Documenting your work for industry, academia, or open-source 

 

That’s equivalent to what top interns and early-career engineers deliver in embedded 

AI teams at companies like Google, Bosch, Arm, and Apple. 

 



 

 

Where to Go From Here 

 

Here’s what we recommend next: 

 

1. Extend a Project 

 

• Add wake word streaming to your Smart Sensor 

• Add BLE + SNR-based compression to the Wireless Audio module 

• Tune the adaptive policy engine in Project 3 with ML-based forecasting 

 

2. Publish 

 

• Turn one of your projects into a conference poster or blog post 

• Release a polished GitHub repo with full instructions + screenshots 

• Join the TinyML Foundation and submit to their next student track 

 

3. Mentor Someone 

 

• Host a hands-on session at your college or hackathon 

• Write a blog post explaining the basics of TFLM or CMSIS-NN 

• Share your learnings on LinkedIn or GitHub Discussions 

 

4. Join Open Source 

 

• Contribute to the TFLM ecosystem, Renode simulation scripts, or model 

zoo 

• Fix bugs, add docs, or publish starter kits others can build from 

 

5. Research or Intern 

 

• Apply to research labs working on embedded AI 

• Seek out internships with startups in IoT or applied ML 

• Start your own research project — your idea may be ArXiv-worthy 

•  

 

  



 

 

A Final Thought: Make the Edge Smarter 

 

We are entering a world where every object around you — your desk lamp, shoe, 

door, glasses, or coffee cup — will become context-aware, connected, and 

intelligent. 

 

The challenge is not just scale. 

 

It’s intelligence within constraints. 

That’s what Edge AI is all about. 

 

And now, you are equipped to solve those problems. To lead teams. To invent 

hardware-aware algorithms. To create the future of intelligence at the edge. 

 

If this book has done its job, it’s just the starting point. 

So go ahead — compile, flash, test, repeat. 

 

Make it smarter. Make it smaller. 

Make it yours. 

 

You are the Edge AI Practitioner. 

 

References & Back Matter 

 

We now include citations, resource links, and suggested reading. 

 

Key Technical References 

 

• TensorFlow Lite Micro: 

https://www.tensorflow.org/lite/microcontrollers 

• CMSIS-NN (ARM): 

https://github.com/ARM-software/CMSIS_5 

• Renode Simulator: 

https://renode.io/ 

• PlatformIO + VSCode IDE: 

https://platformio.org 

• TFLite Micro Model Conversion Docs: 

https://www.tensorflow.org/lite/performance/post_training_integer_quant 

 

Books & Guides 

 

https://github.com/ARM-software/CMSIS_5
https://platformio.org/


 

 

• “TinyML: Machine Learning with TensorFlow Lite on Arduino and Ultra-

Low-Power Microcontrollers” – Pete Warden & Daniel Situnayake 

• “Making Embedded Systems” – Elecia White 

• “The Hardware Hacker” – Andrew Huang 

• “Deep Learning for Vision Systems” – Adrian Rosebrock 

 

Papers & Benchmarks 

 

• TinyML Performance Metrics and Tradeoffs (Situnayake, 2020) 

• Energy-Aware Inference Strategies in IoT Devices 

• Edge AI Market Forecast, GrandView Research 

 

Tools & Dev Boards 

 

Platform Boards 

STM32 STM32L4, STM32U5, STM32F4 Discovery 

ESP32 ESP32, ESP32-S2/S3 

Nordic nRF5340 DK 

Feather RP2040, Adafruit Feather BLE Sense 

 

Appendices 

 

• Appendix A: TFLM Model Conversion Pipeline 

• Appendix B: Power Profiling Tools & Scripts 

• Appendix C: Sample Resume Template for Embedded AI Interns 

• Appendix D: Recommended MOOCs and Online Courses 

 

 
 

 

 

 

 

 

  

https://cms.tinyml.org/wp-content/uploads/2020/09/bay-area-situnayake.pdf
https://arxiv.org/pdf/2404.11411v1
https://www.grandviewresearch.com/industry-analysis/edge-ai-market-report


 

 

 


