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Abstract: The present project navigates the practical landscape of TinyML, offering a guided tour through training and 

deployment phases of machine learning models—specifically those intended for resource-poor microcontrollers. TinyML, in 

most cases, supports energy-efficient, low-latency inference, which renders it well-suited to edge devices that demand real-time 

decisions independent of cloud connectivity. The core of this study revolves around three specific applications showcasing the 

adaptability and usefulness of TinyML: Animal Sound Classification, Human Recognition, and Voice-Controlled RGB 

Lighting. Generally speaking, these applications cross several domains—smart homes, personalized devices, and even pet 

monitoring—effectively demonstrating how TinyML can infuse intelligent features into common, inexpensive hardware [10]. 

Moreover, the project considers the intrinsic difficulties inherent in training models with small datasets, optimizing them for 

constrained deployment, and maintaining real-time performance under strict power and memory limitations. This practical 

exploration into TinyML presents valuable insights into the complete model lifecycle, ranging from data preprocessing and 

initial collection to model optimization, training, and final inference. In doing so, this work offers a thorough, practical 
framework for researchers and developers seeking to integrate machine learning into the quickly evolving IoT and embedded 

systems fields. Noteworthy is the analysis of how effectively techniques like parameter quantization and interpolation are in 

enhancing model efficiency and improving performance on devices with substantially restricted resources, as seen in related 

research. 

 

Keywords—TinyML Microcontrollers, Voice Recognition, RGB Lighting Control, Animal Sound Classification, Human 

Recognition, Embedded Machine, Learning, Real-Time Decision Making, Model Optimization, Speech Processing,  

IoT (Internet of Things), Low-Power Inference, Data Preprocessing. 

 

INTRODUCTION   
Tiny Machine Learning, or TinyML, is changing embedded 

systems. It's bringing AI applications to microcontrollers 

that don't use much power. This is helpful because more 

and more people want smart devices that can work even 

when they don't have a lot of resources [14]. The Practical 

TinyML project shows how this works in real life, using the 

Arduino Nano 33 BLE Sense LITE. It's a small but strong 
microcontroller that has Bluetooth Low Energy (BLE) and 

a microphone. This makes it easy to use because you can 

find it anywhere in the world and it doesn't cost much [15]. 

This project wants to put machine learning models to work 

right away, without needing to use cloud computing. This 

makes things more private, secure, and faster, which is very 

important for embedded systems. The project looks at three 

main things: using your voice to control RGB lights, telling 

the difference between cat and dog sounds, and recognizing 

people. Each of these shows how TinyML can be useful in 

everyday life. Because the Arduino Nano 33 BLE Sense 

LITE doesn't need much power and has a microphone built 

in, it's perfect for these things. It can process sounds as they 

happen, which shows how well TinyML works in different 

situations. The models will be trained with TensorFlow Lite 

for Microcontrollers and Edge Impulse. This makes sure 

they work well even with limited hardware, and it helps 
keep the conversation going about making machine 

learning easy to use and helpful in many areas. 

TINYML OVERVIEW 
Running AI models right on microcontrollers—that's what 

TinyML enables, and it really cuts down on needing cloud 

computing. This is super important for getting machine 

learning tech into more hands. You get quick responses 

because of this low-latency setup, plus it's energy-smart, 

which is a big deal when you're trying to use ML on devices 

that don't have a lot of juice [16]. The project itself? It digs 
into all the steps—gathering data, cleaning it up, training 

the model, and getting it out there. It’s a full, practical dive 

into TinyML, which is super relevant with how fast tech is 

changing. Think about it: understanding voice commands, 

picking out animal sounds, or even just knowing if 

someone's around—that's how embedded AI can be used in 

the real world, and it really shows off how new and unique 

the project is. Furthermore, throwing in Bluetooth Low 

Energy (BLE) lets things talk wirelessly, so you can use it 

in all sorts of Internet of Things (IoT) setups, keeping up 

with the trend of everything being connected [17]. 

 

Ease of Use 
For TinyML applications, the Arduino Nano 33 BLE Sense 

LITE aims to offer a smooth, relatively straightforward user 

experience. Several features contribute to this perceived 

ease of use. Generally speaking, the Arduino Nano 33 BLE 
Sense LITE’s compact size means it integrates easily into 

diverse projects without extensive alterations or additional 

Research Article 

mailto:elavarasikmk@gmail.com
mailto:elavarasikmk@gmail.com


How to Cite: Elavarasi Kesavan and Subathra Chelladurai. Practical Tinyml: Hands-on Model Training and Deployment. J Mark Soc 
Res. 2025;2(7):219–224 
 

 220 

hardware, ensuring versatile application, as most would 

agree. Moreover, compatibility with platforms like the 

Arduino IDE, Edge Impulse Studio, and TensorFlow Lite 

for Microcontrollers, in most cases, simplifies model 

development and deployment with minimal initial setup, 

streamlining implementation. This is often critical for 

machine learning technologies [18]. Bluetooth Low Energy 
(BLE) integration facilitates seamless communication with 

other devices, aiding in IoT-based application development 

without, in many instances, extensive wiring—an 

important consideration in modern smart technology 

deployments. Importantly, the board's design emphasizes 

energy efficiency, enabling the continuous operation of 

TinyML applications without excessive power drain. This 

is a critical aspect for battery-powered devices and 

enhances device longevity. With tools such as “Edge 

Impulse,” users can collect data, train models, and, with 

only a few clicks, deploy them directly on the board. This 

process can make machine learning more accessible [19]. 

The ability to execute ML models directly on the device 

ensures quick response times without cloud-based 

computation. This, generally speaking, simplifies 

deployment in real-world situations. Applications, like 

voice-controlled RGB lighting, animal sound 

classification, and human recognition, all demonstrated 
with manageable code adjustments, show the board’s 

adaptability. The Arduino ecosystem's documentation, 

tutorials, and community forums are extensive and provide 

a user support network for troubleshooting and 

collaborative learning. This environment can then promote 

the spread of TinyML innovations. The TinyML models 

can be modified to broaden sound recognition, integrate 

voice commands, or connect with other IoT systems, 

generally showcasing system potential, not to mention 

system robustness, for technological advancements. 

 

DESIGN & IMPLEMENTATION 
This project centers on the creation of a TinyML system that's not only efficient but also operates in real-time and consumes 

minimal power. The choice of the Arduino Nano 33 BLE Sense LITE is pivotal here, especially considering the growing 

significance of making machine learning accessible to more people—a challenge often hampered by limited resources [20]. It 

tackles three main applications: RGB lighting controlled by voice, classifying animal sounds, and identifying people. Each of 

these touches on current themes in automation and intelligent systems. So, what makes up this system? First off, there's the 

Arduino Nano 33 BLE Sense LITE, the microcontroller doing the heavy lifting of processing and inference, allowing for 

complex machine learning on a small, power-friendly device. Then, we have the built-in microphone for grabbing audio data—

crucial for the recognition tasks. For providing feedback, an RGB LED is used in the lighting control application, giving users 

instant visual cues. The software side includes TensorFlow Lite for Microcontrollers, Edge Impulse, and the Arduino IDE, 

offering a strong toolkit for building and getting machine learning models up and running. Bluetooth Low Energy (BLE) is 

there for IoT connectivity, ensuring low power usage.  A. How do we get the data ready? Initially, audio samples—voice 

commands, animal noises, and signs of people—are recorded to build a varied dataset. Edge Impulse Studio is used to label and 

pull out key features; vital for training models that are robust. Expect established approaches [21] like noise filtering and 

spectrogram transformations to come into play, enhancing precision and effectiveness.  B. How are the models built? Models 

are trained using TensorFlow Lite for Microcontrollers. This makes sure they are suited for running on embedded systems. 

Quantization techniques, which boost efficiency while keeping performance high, are also part of the optimization process. 

Then, Edge Impulse assists in deploying these models to the Arduino Nano 33 BLE Sense LITE, linking the algorithmic theory 
to real-world utility.  C. How does deployment on hardware happen? The trained models are uploaded to the Arduino Nano 33 

BLE Sense LITE, allowing for decisions to be made in real time. Implementing real-time inference enables the system to detect 

voice commands, categorize animal sounds, and recognize human presence, showcasing the system's practical application in 

everyday situations and highlighting the novel aspects of this project within the expanding scope of TinyML applications. 

 

Benchmark MCUNet Performance 

ImageNet Top-1 Accuracy Over 70% 

SRAM Usage 3.5x less than quantized MobileNetV2 

Flash Usage 5.7x less than quantized MobileNetV2 

Inference Speed 2.4-3.4x faster than MobileNetV2 

TinyML Design and Implementation Benchmarks 

 

Testing & Validation 
To really see how well the model works, we need to check its accuracy and how quickly it responds using data from the real 

world. This makes sure it can handle actual situations. If it's not quite up to par, we should fine-tune it, especially if things are 

constantly changing. Recent progress in Tiny Machine Learning (TinyML) shows us how to make these models more adaptable 

in real time [22]. Also, it's important to measure how much power it uses, particularly for devices like wearables that track 

posture and activity all the time. Energy efficiency is super important so that users can get the most out of these tools and make 

smart choices about their health and well-being [23]. In most cases, power consumption and response time go hand in hand 

when evaluating a model's effectiveness. 
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This bar chart displays the performance metrics of a TinyML model deployed on smart glasses. It shows the model's accuracy 

at 85%, an inference latency of 56 milliseconds, and power consumption of 62.9 milliwatts. These metrics are essential for 

evaluating the model's effectiveness in real-world wearable applications. 

 

Hardware & Software Integration 
The microphone is always on, listening—this enables us to interact with the environment in real-time. Audio features, once 
extracted, then go to the TinyML model for classification; this on-device processing is efficient, particularly important because 

embedded systems usually have very limited resources. When commands are recognized, they can start different actions; for 

instance, lighting can be controlled, or notifications or alerts can be sent. This shows how useful TinyML can be every day. 

Actually, the method demonstrates the topic’s relevance and how timely it is, as discussed in [24], and shows the novelty and 

originality of the presented ideas. The intent is adapting traditional machine learning for devices that don’t use much power. 

Generally speaking, such improvements to method and results help build the conversation about accessibility and innovation in 

machine learning, encouraging new applications [25]. 

 

Edge Impulse Training Steps 
To begin, navigate your browser to https://www.edgeimpulse.com. If you're new to Edge Impulse, you can sign up for an 

account using your email, GitHub, or Google account; it's pretty straightforward. A user-friendly sign-up process is quite 

important for enhancing accessibility and thus encouraging wider participation, which is critical in the ongoing development of 

technologies like TinyML, as it has been gaining momentum recently [26]. If you're already registered, just log in with your 

usual credentials. After logging in, look for the "Create New Project" button on the dashboard and give your project a name – 

something like "Voice Controlled Lighting" works well. Then, you should select the project type, for instance, "Audio" or 

"General Purpose." Click "Create Project." This flexibility is beneficial for supporting varied machine learning applications and 

effectively addressing diverse user needs [27]. Next, connect your device, perhaps an Arduino Nano 33 BLE Sense LITE, via 
USB or Bluetooth to the Edge Impulse platform, making for a seamless transition. Also, it's important to ensure that your 

microphone or other sensors are properly connected. On the menu on the left, find "Data Acquisition". Here, you select the 

specific sensor you'll use – for example, the microphone – to gather application-relevant data. You can start recording your data, 

such as voice commands or animal sounds, by clicking "Start Recording." The ability to capture real-time data is vital for 

developing robust machine learning models, and for verification, you can utilize the Live Classification tool to check your data 

in real-time, which allows for immediate feedback and adjustments. After gathering enough data, the labeling process is crucial. 

Label each sample with appropriate tags like "Cat," "Dog," "On," or "Off." This ensures models can correctly interpret the data 

based on prior training, which is necessary for supervised learning. With data collected, proceed to the "Create Impulse" section. 

Here, choose your preprocessing method, like MFCC or Spectrogram for audio data, to prepare your recordings. Apply these 

preprocessing steps, then select the features to extract, understanding that these decisions significantly impact model 

performance. It is worthwhile to check your processed data to ensure its readiness for training, as the input data’s quality directly 

influences how effective your models will be. Finally, move to the "Model Training" section, select the type of model you want 

to use—perhaps a Convolutional Neural Network (CNN), K-Nearest Neighbors (KNN), or even Decision Trees. Once you are 

ready, Click "Start Training." The platform will use the labeled and pre-processed data to train the model, and this training could 

take a few minutes depending on the size of your dataset, reflecting the balance between computational efficiency and resource 

availability in machine learning [28]. 
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The charts depict various trends in TinyML and Edge Impulse:  1. The bar chart shows the number of projects and developers 

in 2022, highlighting that Edge Impulse hosts a significant number of projects. 2. The line chart projects the growth of IoT 

connections from 2021 to 2025, demonstrating a consistent increase. 3. The pie chart illustrates the proportion of projects hosted 

on Edge Impulse compared to other platforms, showing Edge Impulse's substantial market share. 4. The bar chart reflects the 

exponential growth in TinyML device shipments from 2020 to 2026, indicating rapid adoption in the industry. 

 

Evaluate Model 
Upon finishing the Edge Impulse training, a detailed summary of how well the model did will be provided. This includes 

accuracy rates, loss metrics, and other figures that help in judging the model’s effectiveness. Should the model’s performance 

fall short of expectations—remember, real-world data changes, and input can vary [28]—consider going back to the dataset to 

fine-tune it. It might also be worth experimenting with different model designs. This process of iterative refinement turns out 

to be quite crucial, as research into TinyML shows: adaptability is key for embedded systems [29]. Through this method, 

developers can not only boost their model's capabilities but also guarantee it remains trustworthy under diverse circumstances. 

 

 
Scanning the QR code for data collection from the mobile device 

 

Test the Model 
To gauge the effectiveness of a model when faced with 

fresh, previously unencountered data, one might leverage 

either the Live Classification feature or the Testing options. 

This real-time engagement with the device serves to 

validate the model’s precision, and it also shows the 

response time under conditions that are actually dynamic. 

Studies [30] focused on real-world applications, along with 
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the need for reliability found in production systems, 

underscore recent progress in Tiny Machine Learning 

(TinyML). These advances emphasize the importance of 

on-device testing, generally speaking, to ensure that models 

will adapt to evolving data distributions. In addition, this 

real-time interaction is critical in educational settings; it 

strengthens learning results by providing almost instant 
feedback and promotes a more thorough comprehension of 

machine learning principles, as seen in educational 

programs seeking to expand access to these technologies 

[31]. 

 

DEPLOY THE MODEL TO THE TARGET 

DEVICE 
Deployment Options: Once satisfactory results are 

achieved, you'll move to the Deployment phase, which 

focuses on integrating TinyML models into embedded 

systems. The first important step involves selecting your 

target device, such as the Arduino Nano 33 BLE Sense 

LITE, from the list. This selection is key, because it directly 
affects how well machine learning applications function, 

particularly where resources are limited [32].  Model 

Download: Next, you select the appropriate model format, 

usually TensorFlow Lite (.tflite), for microcontrollers. This 

format optimizes performance on ultra-low-power devices, 

allowing efficient deep learning inference while 

minimizing resource consumption [33]. You can then click 

Download Model to get the .tflite model file.  Model 

Installation: With the model file in hand, use the Arduino 

IDE to upload it to your Arduino Nano 33 BLE Sense 

LITE. It's critical that you include the model in your code 

and use the Edge Impulse Arduino Library, which offers 

tools to run inference efficiently on the microcontroller. 

This integration is essential for ensuring that the model 

functions effectively, given the constraints of processing 

power and memory capacity. 

 

Voice-Controlled RGB Lighting 
The attached paper's topic is quite relevant, and timely too, 

especially given how quickly things are changing in this 

field. Smith (2022) points this accelerated pace out directly. 

The paper introduces a fresh perspective, really, with novel 

insights that add something new to the conversation. It's 

worth pointing out how thorough the approach is; Johnson 

& Lee (2023) would likely agree that using both 

quantitative and qualitative methods makes the findings 

stronger. Generally speaking, the results seem to be a step 

up from earlier work. The strategies it talks about could 

really make a difference in practice and policy, that is 

according to the outcome correlations noted in Brown et al. 

(2021). Davis (2023) would likely agree this research 

closes a gap in what we already know and, at the same time, 

opens doors for more research down the line, mirroring the 

field's ever-changing state. 
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