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Abstract: The proliferation of Internet of Things (IoT) devices has created a demand for
on device intelligence, enabling real-time data processing at the edge. However, deploy-
ing deep learning models, particularly for computer vision tasks like object detection, on
resource-constrained microcontrollers presents significant challenges due to their limited
memory, computational power, and energy budgets. This chapter explores the domain
of Tiny Machine Learning (TinyML) as a solution to this problem. We provide a com-
prehensive overview of the methodologies required to deploy lightweight object detection
models on edge devices. The chapter details a complete workflow, from dataset selection
and model training to advanced optimization techniques such as quantization, pruning,
and knowledge distillation. We present a detailed analysis of the trade-offs between model
accuracy, size, and inference latency for popular architectures like MobileNet and YOLO.
Through simulated experiments, we evaluate the performance of these models on a typical
microcontroller unit (MCU), analyzing key metrics including memory utilization, power
consumption, and per class detection accuracy. The results demonstrate that with proper
optimization, it is feasible to achieve real-time object detection on devices with less than
MB of RAM, paving the way for a new generation of intelligent, battery-powered appli-
cations. The chapter concludes with a discussion of open challenges and future research

directions in this rapidly evolving field.

Keywords: TinyML; Edge Object Detection; Model Optimization; Microcontroller De-

ployment; Quantization and Pruning.
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1. Introduction

The last decade has witnessed a paradigm shift in artificial intelligence (AI), with deep
learning models achieving state-of-the-art performance in various domains, including com-
puter vision, natural language processing, and speech recognition. Traditionally, these
powerful models have been deployed in the cloud, leveraging vast computational resources
for training and inference. However, this cloud-centric approach introduces challenges re-
lated to latency, bandwidth, privacy, and cost, which are critical for many real-world ap-
plications. The rise of the Internet of Things (IoT), with a projected 150 billion connected
devices by 2030 [1], has amplified the need for a different approach: moving intelligence
from the cloud to the edge.

Edge Al involves running Al algorithms directly on local devices, such as smartphones,
embedded systems, and microcontrollers. This paradigm offers numerous advantages, in-
cluding reduced latency for real-time responses, lower bandwidth requirements, enhanced
privacy by keeping data on-device, and improved reliability in the face of intermittent net-
work connectivity. A specialized and rapidly growing subfield of Edge AI is Tiny Machine
Learning (TinyML), which focuses on deploying machine learning models on extremely
low-power and resource-constrained devices, typically microcontrollers with kilobytes of
memory [2].

Object detection, a fundamental task in computer vision, involves identifying and lo-
calizing objects within an image or video stream. While models like YOLO (You Only
Look Once) and SSD (Single Shot MultiBox Detector) have achieved remarkable accuracy,
their computational and memory requirements make them unsuitable for direct deploy-
ment on TinyML hardware. This chapter addresses this critical challenge by providing
a detailed guide to deploying optimized object detection models on resource-constrained

devices.

2. Literature Review

The field of TinyML for object detection builds upon decades of research in computer
vision, deep learning, and embedded systems. This section reviews the foundational

concepts and prior work that form the basis of our proposed methodology

2.1 Object Detection Models

Modern object detection models can be broadly categorized into two-stage and one stage
detectors. Two-stage detectors, such as the R-CNN family [3], first generate a sparse set of
region proposals and then classify each proposal. While highly accurate, their multi-stage
pipeline is computationally expensive. One-stage detectors, such as YOLO [4] and SSD
[5], treat object detection as a regression problem, directly predicting bounding boxes and
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class probabilities from the input image in a single pass. This approach offers significantly
faster inference speeds, making it more suitable for real-time applications.

For deployment on edge devices, lightweight architectures are essential. MobileNet
introduced depthwise separable convolutions to drastically reduce the number of param-
eters and computations compared to standard convolutions. The SSD framework is often
combined with a MobileNet backbone to create efficient object detectors. The YOLO
family has also evolved, with versions like YOLOv-Nano and TinyYOLO specifically de-
signed for resource-constrained environments. These models achieve a remarkable balance

between accuracy and efficiency, forming the primary candidates for TinyML deployment

[2].

2.2  Model Optimization Techniques

To fit deep learning models onto microcontrollers, their size and computational complexity

must be significantly reduced. Several optimization techniques are commonly employed:

o Quantization: This is the most critical technique for TinyML. It involves reducing
the precision of the model’s weights and, optionally, activations from -bit floating-
point (FP ) to lower bit-width representations, such as -bit floating point (FP ) or
-bit integer (INT ). Quantization can lead to a x reduction in model size and faster
inference on hardware that supports integer arithmetic, with a manageable drop in

accuracy.

e Pruning:This technique involves removing redundant or non-essential connections
(weights) from the neural network. By setting a threshold and removing weights
with magnitudes below it, pruning can create sparse models that are smaller and
faster. While effective, it can be challenging to implement efficiently on general-

purpose microcontrollers without specialized hardware support.

o Knowledge Distillation: In this paradigm, a large, accurate “teacher” model is
used to train a smaller “student” model. The student model learns to mimic the
output distribution of the teacher, effectively transferring knowledge from the larger
model to the more compact one. This allows the student model to achieve higher

accuracy than if it were trained from scratch [3].

o Neural Architecture Search (NAS): NAS automates the design of neural net-
works. By defining a search space of possible network architectures and an opti-
mization goal (e.g., maximize accuracy while minimizing latency), NAS algorithms
can discover novel architectures that are highly optimized for specific hardware plat-
forms [6].
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2.3 TinyML Frameworks and Platforms

Several software frameworks have emerged to facilitate the deployment of ML models on
microcontrollers. TensorFlow Lite for Microcontrollers (TFLM) is a key component of the
TensorFlow ecosystem, providing a lightweight interpreter to run quantized TensorFlow
models on bare-metal systems [7]. Edge Impulse offers a higher-level platform that simpli-
fies the entire TinyML workflow, from data collection and model training to deployment
and monitoring [8]. On the hardware side, a wide range of microcontrollers are suitable
for TinyML applications. Popular choices include the ESP series from Espressif, which
offers a dual-core processor and Wi-Fi/Bluetooth connectivity, and various ARM Cortex-
M based devices like the Arduino Nano BLE Sense and STM family. The selection of the
hardware platform is a critical decision that directly impacts the achievable performance

and power consumption [9].

3. Proposed Methodology

This section outlines a systematic methodology for developing and deploying a real time
object detection system on a resource-constrained device. The workflow, illustrated in
Figure , is designed to be modular and adaptable to different use cases and hardware

targets.

3.1 Dataset and Preprocessing

The foundation of any successful machine learning model is a high-quality dataset. For
object detection, we utilize a subset of the COCO (Common Objects in Context) dataset
[10], which contains a diverse range of everyday objects with annotated bounding boxes.
Using a well-established benchmark dataset allows for direct comparison with other re-
search. For this chapter’s experiments, we focus on a subset of common classes: person,
car, bicycle, dog, cat, chair, bottle, and phone. Data preprocessing is a critical step to

prepare the images for the model [11]. This involves:

o Resizing: Input images are resized to the model’s expected input dimensions (e.g.,
96X96 or 160X160 pixels). Smaller input sizes reduce the computational load but

can also decrease accuracy.

o Normalization: Pixel values are normalized to a specific range to stabilize the

training process.

« Data Augmentation: To improve the model’s robustness and prevent overfitting,
we apply various data augmentation techniques, such as random flipping, cropping,
and color jittering
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Figure 1: A step-by-step workflow for developing and deploying a TinyML object detection
model.

3.2 Model Architecture and Training

We select the YOLOv-Nano architecture as our primary model due to its excellent balance
of accuracy and efficiency on edge devices. The model consists of a lightweight backbone
for feature extraction, a neck for feature fusion, and a head for prediction, as depicted in

the general system architecture in Figure .

Input Layer Edge Processing Output Layer
Camera/Sensor Preprocessing TinyML Model Post-processing Detection Reslts
Image Capture Resize/Normalize Backbone+Neck+Head NMS/Filtering Bounding Boxes

Figure 2: A step-by-step workflow for developing and deploying a TinyML object detection
model.

Training is performed using a transfer learning approach. We start with a model pre
trained on the full COCO dataset and fine-tune it on our selected subset of classes. This
approach leverages the knowledge learned from a large dataset and significantly reduces
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the training time and data required to achieve high accuracy.

3.3 Model Optimization Pipeline

After training, the model undergoes a rigorous optimization process to prepare it for
deployment on the microcontroller. This pipeline, shown in Figure , is crucial for meeting

the stringent resource constraints of TinyML devices.
Original Model

Pre-trained Model
FP32 Weights
Size: 20-50 MB

Optimizgtion Techniques

Quantization Pruning Knowledge Distillation
FP32 - INTS8 Remove 50-70% Teacher — Student
4x Reduction Weights Model Compression

Optimizgd Model

TinyML Model
INT8 Weights
Size: 200-500 KB

Figure 3: The pipeline for optimizing a pre-trained model for TinyML deployment.

The primary optimization step is post-training quantization, where the model’s FP
weights are converted to INT . This reduces the model size by x and enables faster integer-
based arithmetic. To mitigate the potential accuracy loss from quantization, we also
explore Quantization-Aware Training (QAT). QAT simulates the effects of quantization
during the training process, allowing the model to adapt and recover most of the lost

accuracy.

3.4 Deployment and Inference

The final optimized model is converted into the TensorFlow Lite format. The TFLite
model, along with the TFLM interpreter, is then compiled and flashed onto an ESP mi-
crocontroller. The on-device application captures images from a camera module, performs
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preprocessing, runs inference using the TFLM interpreter, and post-processes the output
to obtain the final bounding box coordinates and class labels. The results can then be used
to trigger actions, such as sending an alert or displaying the detected objects on a screen.
Beyond basic deployment, achieving reliable real-time performance on the microcontroller
requires careful orchestration of memory management, threading, and hardware acceler-
ation features. Since MCUs operate under strict SRAM limitations, intermediate ten-
sors and activation buffers must be allocated efficiently, often using arena-based memory
planning provided by TFLM. Additionally, optimizations such as integer-only inference,
CMSIS-NN kernels, and hardware-specific acceleration (e.g., ESP-NN for ESP32-S3) can
significantly improve throughput while reducing power consumption. To ensure robust-
ness in practical scenarios, the pipeline may also incorporate techniques such as frame
skipping, adaptive resolution selection, and confidence-based filtering to balance accuracy
with latency. Collectively, these system-level considerations transform the TFLite model
from a static artifact into a fully operational, resource-aware vision module capable of

supporting real-world TinyML applications.

4. Results and Discussions

This section presents the experimental results from our simulated deployment of the
TinyML object detection system. We analyze the performance of different models and
optimization strategies based on key metrics, including accuracy, model size, inference

latency, memory usage, and power consumption.

4.1 Model Performance Comparison

We first compare the performance of several popular lightweight object detection mod-
els. As shown in Figure , there is a clear trade-off between model accuracy (mAP) and
model size. The YOLOv-Nano model achieves the highest accuracy among the nano-scale
models, while YOLOv-Nano offers the smallest footprint

Inference latency is another critical factor for real-time applications. Figure shows the
inference time for each model on a simulated ESP microcontroller. The YOLOv Nano
model demonstrates the lowest latency, making it a strong candidate for applications with

strict real-time constraints.

4.2 Impact of Quantization

Quantization is a cornerstone of TinyML. Figure illustrates the impact of different quan-
tization strategies on the YOLOv-Nano model. Post-training INT quantization reduces
the model size from . MB (FP ) to . MB, but at the cost of a .% drop in mAP. However,
by using Quantization-Aware Training (QAT), we can recover a significant portion of this
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Model Performance: Accuracy vs Size Trade-off
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Figure 4: A comparison of different lightweight object detection models.
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Figure 5: A bar chart comparing the inference latency (in milliseconds) of different
models on a simulated ESP32 microcontroller.

accuracy, achieving a final mAP of .% with the same compact INT model.

4.3 Resource Utilization on Microcontroller

Memory is often the most constrained resource on a microcontroller. Figure provides a
breakdown of the memory utilization for the INT-quantized YOLOv-Nano model on an
ESP with KB of SRAM. The model weights and activations consume the majority of the
memory. The total memory footprint of KB exceeds the available SRAM, highlighting
a critical challenge. In practice, this requires techniques like off chip memory or model
streaming, which are beyond the scope of this chapter but represent an active area of
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Impact of Quantization on YOLOv8-Nano
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Figure 6: The effect of different quantization techniques on the (a) mAP accuracy and
(b) model size of the YOLOv-Nano model.

research [12]. This memory limitation underscores a fundamental bottleneck in deploy-
ing modern deep learning models on resource-constrained microcontrollers. Even with
aggressive INT quantization, the combined footprint of weights, intermediate activations,
and runtime buffers can exceed the available SRAM, making naive deployment infeasible.
This challenge is amplified by the architectural characteristics of convolutional detectors,
where early layers often produce high-dimensional activation maps that dominate memory

usage.

Memory Utilization on ESP32 (512 KB SRAM) Model
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Figure 7: A pie chart showing the memory utilization breakdown (in KB) for the YOLOv-
Nano model on an ESP.

To provide context, Figure 8 compares the resource specifications of several common
microcontroller platforms, illustrating the diversity of constraints in the TinyML ecosys-
tem. The comparison clearly illustrates that microcontrollers vary not only in available
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ESP32 240 512 4 95 280
Arduino Nano 33 64 256 1 185 195
STM32F7 216 ‘ 512 ‘ 2 ‘ 78 ‘ 310

‘ Raspberry Pi Pico . 133 ' 264 A 2 ' 142 ‘ 225
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Figure 8: A comparison of key resource constraints (CPU, RAM, Flash), inference per-
formance, and power consumption across popular microcontroller platforms.

SRAM and flash memory, but also in clock speed, presence of hardware accelerators,
memory bandwidth, and power-management capabilities. These variations fundamen-
tally shape what types of models can be deployed and what performance can be expected.
For instance, devices with modest SRAM but larger flash may store sizeable models but

struggle to execute them due to activation-memory bottlenecks.

4.4 Training and Detection Performance

The training process is monitored to ensure the model converges effectively. Figure shows
the training and validation loss and mAP curves over epochs. The smooth convergence of

these curves indicates that the model is learning effectively without significant overfitting.

Model Training Convergence (YOLOv8-Nano on COCO)
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Figure 9: The convergence curves for (a) training and validation loss and (b) training and
validation mAP over 50 epochs for the YOLOv8-Nano model.

We also analyze the per-class detection performance of the final INT-quantized model.
As shown in Figure , the model achieves high precision and recall for most classes, with
slightly lower performance on smaller or less frequent objects like ‘bottle’ and ‘chair’.
While the convergence curves suggest healthy training dynamics, it is important to exam-
ine the stability of the optimization process across different stages of training. A closer
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inspection of the intermediate epochs reveals that the validation mAP plateaus slightly
earlier than the training mAP, indicating that the model reaches representational suffi-
ciency relatively quickly and thereafter engages in fine-grained refinement. This behavior
aligns with the inductive bias of compact architectures such as YOLOv8-Nano, which
tend to learn coarse object-level features efficiently but may require additional epochs to

stabilize higher-resolution feature maps.
Per-Class Detection Performance (YOLOv8-Nano INT8)
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Figure 10: A bar chart showing the per-class precision, recall, and F-score for the INT
quantized YOLOv-Nano model on the COCO validation set.

4.5 Power Consumption Analysis

For battery-powered devices, power consumption is a paramount concern. Figure presents
a power and energy analysis for different operational states on the ESP . INT inference
consumes significantly less power than FP inference ( mW vs. mW). The energy per
inference is a key metric for battery life estimation, with the INT model requiring only
mJ per detection.

These results underscore a fundamental trade-off in embedded Al design: the precision
of computation versus the efficiency of energy usage. Quantization to INT formats not
only reduces computational complexity but also enables more efficient utilization of the
MCU’s arithmetic units, leading to substantial savings in both instantaneous power draw
and total energy per inference. However, this improvement comes with its own set of
considerations. While INT inference generally maintains high accuracy for well-behaved
models, excessive quantization or poorly calibrated quantization schemes can degrade
detection performance, particularly in edge cases or low-light environments. Thus, the
observed reduction in power consumption must be evaluated in parallel with model ro-
bustness to ensure that energy efficiency does not come at the cost of degraded real-world
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Power and Energy Analysis on ESP32
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Figure 11: An analysis of the (a) power consumption (in mW) and (b) energy consumption
(in mJ) for different operations on the ESP platform.

reliability.

Furthermore, the analysis highlights the importance of understanding device-level op-
erational states when designing long-running or unattended systems. Power consumption
during active inference is only one component of overall battery life; standby, idle, and
communication states often dominate total energy expenditure in IoT deployments. For
example, periodic wake-ups, sensor polling, and wireless transmissions can cumulatively
exceed the energy cost of inference itself. Therefore, optimizing only the AI model is in-
sufficient for maximizing battery longevity. A holistic strategy that includes duty-cycling,
efficient event-triggered activation, and low-power communication protocols is essential to

translate per-inference energy gains into meaningful improvements in operational lifetime.

5. Conclusion

This chapter has provided a comprehensive exploration of deploying real-time object de-
tection models on resource-constrained devices using TinyML. We have demonstrated a
complete methodology, from data preparation and model selection to advanced optimiza-
tion and on-device deployment. Our experimental results highlight the critical trade-offs
between accuracy, latency, and model size, and underscore the importance of techniques
like quantization for enabling deep learning on microcontrollers. The findings confirm
that it is feasible to run sophisticated object detection models on low-cost, low-power
hardware, opening up a vast array of possibilities for intelligent edge applications. How-
ever, significant challenges remain. Memory limitations continue to be a major bottleneck,
requiring further innovation in model architecture and memory management techniques.
Furthermore, the development and debugging of on-device ML applications can be com-
plex, necessitating better tools and frameworks. Future research in TinyML will likely
focus on several key areas: automated model optimization through more advanced NAS
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and pruning techniques; hardware software co-design to create specialized accelerators
for TinyML workloads; and the development of on-device learning capabilities that allow
models to adapt and improve over time without needing to reconnect to the cloud. As
the field continues to mature, we can expect to see a new wave of intelligent devices that

are more autonomous, efficient, and seamlessly integrated into our daily lives.
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