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Abstract—The advancement of technology has revolutionized
the agricultural industry, transitioning it from labor-intensive
farming practices to automated, AI-powered management sys-
tems. In recent years, more intelligent livestock monitoring
solutions have been proposed to enhance farming efficiency and
productivity. This work presents a novel approach to animal
activity recognition and movement tracking, leveraging tiny
machine learning (TinyML) techniques, wireless communication
framework, and microcontroller platforms to develop an efficient,
cost-effective livestock sensing system. It collects and fuses
accelerometer data and vision inputs to build a multimodal
network for three tasks: image classification, object detection,
and behavior recognition. The system is deployed and evaluated
on commercial microcontrollers for real-time inference using
embedded applications, demonstrating up to 270x model size
reduction, less than 80ms response latency, and on-par perfor-
mance comparable to existing methods. The incorporation of
the wireless communication technique allows for seamless data
transmission between devices, benefiting use cases in remote
locations with poor Internet connectivity. This work delivers a
robust, scalable IoT-edge livestock monitoring solution adaptable
to diverse farming needs, offering flexibility for future extensions.

Index Terms—Tiny machine learning (TinyML), sensors, mi-
crocontroller unit (MCU), Internet of Things (IoT), livestock be-
havioral recognition, embedded systems, wireless communication.

I. INTRODUCTION

N the traditional livestock industry, constant human at-

tention is essential for animal activity observation and
condition assessment. In some cases, domain experts are also
required to secure product safety and quality. However, the
shortage of labor due to urbanization have increased opera-
tional cost, prompting farmers to explore more profitable al-
ternatives. The rapid development of IoT devices and machine
learning techniques has made it feasible for rural farms to
adopt intelligent farming practices at a lower cost [1], [2].
Therefore, edge Al applicationswith sensors and cameras are
integrated to automate agricultural processes through real-time
decisions, enabling efficient livestock monitoring with minimal
human intervention [3], [4].

Ranging from computer vision to natural language pro-
cessing, modern Al algorithms have become more powerful
and accurate, at the expense of increased size, computational
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requirements and carbon footprint. Dedicated hardware such
as GPU acts as the primary choice for training complex
large models, but with a price proportional to its processing
capability, making it barely affordable for most farms. While
cloud computing offers another possible solution, model per-
formance might be degraded due to unreliable Internet cover-
age in rural areas, resulting in high latency and low throughput.
Therefore, given the financial constraints and communication
restrictions in agricultural environments, relying on cloud
servers or high-end hardware is challenging [5]. To overcome
these difficulties, TinyML has emerged as a promising solution
to design an affordable and efficient system. It allows for
real-time data processing and on-device inference without
connecting to cloud services, thereby preserving data security.
With integrated sensors and embedded systems, TinyML can
achieve performance comparable to cloud and fog computing
on resource-constrained hardware, while reducing latency,
energy consumption and privacy risks [6]-[9].

To enhance livestock health, boost farming productivity, and
reduce operational cost in rural farms with minimal energy
consumption, we propose a low-budget, wireless-enabled, and
automated sensing system for reliable animal monitoring and
tracking, offering a novel IoT solution to smart livestock
management. The system features three key contributions:

1) TinyML model development and optimization: We de-
signed and fine-tuned several highly efficient TinyML
models tailored for complex vision and sensor-based
tasks, achieving up to 270x model size reduction in
model size while preserving comparable detection and
classification accuracy.

2) Multimodal behavior recognition framework: We devel-
oped a robust multimodal model that fuses image inputs
and accelerometer signals to produce accurate livestock
behavior recognition results under various farm condi-
tions. By incorporating both image classification model
and sensor-based behavior recognition model through
late fusion technique, the system achieves improved
robustness against sensor failure or occlusion.

3) Multicore embedded edge deployment on microcon-
trollers: The models were deployed and evaluated on
resource-constrained microcontrollers (dual-core Google
Coral Dev Board Micro). The M7 core accelerated with
Edge TPU (Tensor Processing Unit) enabled on-device
inference with <80ms end-to-end latency, supporting
real-time responsiveness with minimal power consump-
tion. The M4 core handled wireless communication to
broadcast messages, eliminating the reliance on constant
cloud connectivity.



II. BACKGROUND
A. State-of-the-Art TinyML Models

Common cloud deep learning models of today are evident
with their large size, which leads to excessively long comput-
ing time and extensive hardware requirements, making relevant
applications unfeasible for budget-restricted use cases such
as farming. To relieve the computation burden and enable
efficient algorithm execution, TinyML has been introduced
to compress large models for deployment on low-power and
resource-constrained platforms, such as microcontrollers and
IoT devices. In recent years, various model compression tech-
niques have been developed to improve efficiency and maintain
accuracy, including pruning [10], quantization [11], [12], neu-
ral architecture search (NAS) [13], and knowledge distillation
[14]. These fundamental methods are widely applicable for
optimizing all types of complex machine learning models to
fit diverse memory constraints. However, designing a viable
TinyML architecture from scratch is still computationally and
time-consuming, which raises the demand for models tailored
to MCUs and edge devices.

The lightweight MobileNet family [15]-[17] was designed
to run efficient CNN vision models on mobile devices. Its
architecture and classic building blocks were progressively
adopted in different TinyML models, serving as the basis
for TinyML development. Nevertheless, directly deploying
them on commercial MCUs typically does not function as
expected due to the strict memory limit. To address this,
researchers then proposed various neural network architectures
for running TinyML models on MCUs. ProxylessNAS [18]
introduced hardware-aware neural network specialization, op-
timizing model based on explicit hardware objectives such as
latency and memory restrictions. Another prominent model
is MCUNet [19], a system-algorithm co-design framework
that jointly performs two-stage neural architecture search
and memory-efficient inference scheduling, enabling large-
scale inference on strictly power-constrained MCU. Moreover,
MCUNetV2 [20] offered patch-based inference strategy to
further reduce the memory footprint in TinyML models. How-
ever, prior studies mainly focused on theoretical model design
while paying less attention to the actual deployment scenario.
In practice, executing models on the MCU often encounters
special obstacles given hardware constraints and inference li-
brary complexities [21]. Although MicroNets [22] successfully
deployed TinyML applications on commodity microcontrollers
(STM32 MCUs), reproducing this work on other edge devices
remains difficult due to compatibility issues.

B. Al Applications in Farm Sensing

Al applications have been embraced to advance farming
through sensor data accumulation, rapid data transmission and
remote monitoring. The integration of sensors and cameras
enables running optimized machine learning algorithms on
different devices based on farming demands, thereby reducing
human labor and improving the overall profit.

Wearable sensors are the main tool in animal behavior clas-
sification due to their affordable, energy-efficient, and reliable
nature [23]. The hybrid CNN-LSTM model outperformed pure

CNN networks in sensor-based activity recognition, as RNNs
are more effective in capturing the temporal dependencies in
time series inputs [24]. Due to the scarcity and inconsistent
quality of inertial sensor datasets, data augmentation is essen-
tial to improve model performance and generalization ability
[25]. Common methods include perturbation in the time and
frequency domain, such as time reversal, temporal flipping
[26], and Gaussian noise injection [27].

In terms of camera-integrated algorithms, most existing
studies leverage object detection models to track animals in
captured images. The classic R-CNN [28] model used a two-
stage region proposal network for classification, generating
more accurate results but with a longer runtime. To improve ef-
ficiency, subsequent research focused on single-stage detectors
to reduce inference time, such as SSD [29] and YOLO [30].
Their rapidity, scalability and flexibility make them suitable
for real-time applications on resource-restricted devices.

Additionally, various IoT applications for livestock moni-
toring have been developed to enhance farm productivity. The
infrastructure involves several modules to function, including
sensors or cameras to collect key parameters from the environ-
ment, microcontrollers to process inputs, and wireless com-
munication components to transmit information [31]. Some
advanced systems exploit machine learning algorithms such as
SVM and DNNs to classify animal activities and predict health
outcomes, further improving the accuracy and utility of these
10T solutions [32]. For instance, Manikanta et al. presented
a holistic cloud IoT-based animal surveillance system using
sensors and Arduino UNO [33]. However, data analytics was
conducted on the cloud server rather than local device, as
the models were not optimized for MCU-based inference.
As a result, the effectiveness of the system hinges on cloud
computing capabilities offered by the service provider, making
it heavily dependent on stable internet connectivity.

C. Discussion

Although the literature makes evident the benefits of
TinyML models and farming-related Al applications, there
still exist cavities to be filled. For example, the majority
of applications rely on high-end hardware such as GPU or
personal computers, since they can offer strong computational
power to enhance system performance. Meanwhile, many IoT-
based solutions tend to involve cloud services, which can be
unreliable in rural areas with poor connectivity. In addition,
the optimized TinyML models are usually evaluated on the
cloud rather than deployed on the actual microcontrollers.
Therefore, this work places extra emphasis on optimizing
TinyML models and inferencing them on the MCU to evaluate
their performance using embedded processors (e.g. M4, M7
CPU and TPU). We aim to develop an integrated, MCU-
based smart livestock monitoring solution that does not require
constant Internet connectivity, contributing to an efficient
sensing system with minimal cost.

III. SYSTEM DESIGN

A. Structural Overview

We propose a novel design for monitoring and tracking
animals on the farm in Figure 1, which consists of two types



of devices that work collaboratively to track livestock behavior
and health condition across a wide area. Users can leverage
this system to manage a group of animals or individual ones
depending on specific needs.

The static Type 1 devices are positioned on the farm’s fence,
integrating Google Coral Dev Board Micro to run a multicore
application for real-time monitoring and communication. The
M7 core employs an object detection model to track a group
of animals through the built-in Himax color camera, lever-
aging the Edge TPU for efficient inference. Additionally, the
M4 core is responsible for wireless communication with a
wireless add-on module, which processes messages received
from M7 and Type 2 devices to determine a notification level
and transmit customized alerts to user mobile phone when
abnormal behavior is detected. The two cores communicate
through an inter-process communication (IPC) framework,
allowing synchronized data exchange for the object detection
and wireless communication tasks.

In the meantime, the Type 2 devices (Raspberry Pi Pico)
mounted on the animal’s neck employ the fused model to
generate detailed activity information. An Arducam Mini 2MP
Plus camera and ADXL345 accelerometer are attached to
collect data from the environment. By combining both vision
and accelerometer inputs, the system remains robust even
under restricted conditions such as partial occlusion or sensor
bias. Upon identifying any concerning patterns, the device
broadcasts messages to the nearby Type 1 unit to notify users
through the Bluetooth module, promoting the overall efficiency
and reliability.

In terms of the hardware cost, each Type 1 device com-
prises a Google Coral Dev Board Micro with an Edge TPU
accelerator and a wireless add-on board, at a unit price of
approximately $100. The Type 2 device utilizes the Rasp-
berry Pi Pico board, combined with Bluetooth, camera, and
accelerometer modules, costing around $25 — $30 per unit.
Therefore, for a large farm managing 100-200 animals, the
overall budget would range from $3000 — $6000, depending
on the deployment density and communication coverage.

B. Technical Details and Methodologies

Figure 2 provides an in-depth illustration of the TinyML
models utilized in system, outlining the expected inputs and
outputs of each network. Their results are then combined and
processed to generate real-time notifications through the wire-
less communication framework. All operations are deployed
on the microcontrollers to minimize power consumption and
enhance system efficiency, contributing to a reliable and cost-
effective design for modern livestock management. The system
comprises the following key components:

1) Movement Tracking: The system employs an efficient
object detection model to track animal movement, which is
responsible for identifying and locating livestock within the
camera frame. The MCUNet-YOLO network is optimized for
low-latency inference and detection on resource-constrained
devices. It outputs bounding box, class label, and confidence
score for each detected object in real time, enabling continuous
tracking and labeling of every animal in the frame. In addition,
the detailed animal activities identified by the fused model are
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Fig. 1: Structural overview of the monitoring system prototype
with two types of device.
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Fig. 2: Detailed system architecture with movement tracking,
activity recognition and wireless communication function.

recorded in the device’s flash memory, providing a practical
solution for retrieving the livestock’s actions over time and
benefiting the movement tracking process. For example, the
system labels a tracked animal as confined to a specific area
if it feeds mostly in a stanchion without engaging in grazing
activity. Conversely, if the data shows frequent grazing and
moving behaviors, the animal is categorized as free-ranging.

2) Activity Recognition: The system integrates both sensor
and camera for animal behavior recognition. The sensor-
based approach serves as the primary method to classify
animal activities in real-world farm environments due to its
cost-effective, power-efficient and robust characteristics. A
hybrid CNN-LSTM model is designed and optimized as a
TinyML solution to process the time-series data collected by



the accelerometer, which leverages the strengths of CNN for
feature extraction and LSTM for capturing temporal depen-
dencies in sequential data. Meanwhile, a customized image
classification model, MCUNet, is employed to fully utilize
vision information from the surrounding environment. Finally,
the two modalities are fused at the decision level to generate
more detailed and accurate activity categorizations, enhancing
the overall performance and reliability of the system.

3) Wireless Communication: To transmit and receive mes-
sages between devices, a wireless communication framework
is established by leveraging the capabilities of the existing
hardware. Currently, Bluetooth Low Energy (BLE) supported
by most commercial MCUs is adopted. It offers a communica-
tion range of up to 200m outdoors and is specifically optimized
for low power consumption, enabling operation for months to
years with a small battery.

4) Embedded System Development: Embedded applications
are developed to deploy the TinyML models on the MCU,
supporting on-device inference and other additional features
such as results visualization and history storage. Since the
Google Coral Dev Board Micro encompasses two CPUs (M7
& M4), single-core and multicore designs are constructed to
execute complex tasks by fully utilizing its computational
capability. Google also provides the coralmicro APIs for
FreeRTOS project development, enabling TPU acceleration
and TensorFlow Lite for Microcontrollers (TFLM) usage on
the MCU. Overall, the development process requires exten-
sive C++ programming, CMake configuration for building
and compilation, and TensorFlow Lite (TFLite) interpretation,
integrating both hardware resources and software frameworks
into a complete embedded solution.

IV. TINYML MODELS DEVELOPMENT

The essential part of the project is TinyML model explo-
ration and optimization, aiming to train efficient and accurate
models with minimal memory consumption to fit in the
constrained memory of existing hardware. The primary work
focuses on building and optimizing individual deep learning
models for three distinct tasks.

A. Image Classification

In the context of pasture-based farming, accurately recog-
nizing various livestock species and their surrounding envi-
ronment is critical for effective livestock management. This
involves constructing a robust multi-class classification model
to properly categorize images captured through on-site cam-
eras. Additionally, depending on the location of the micro-
controllers and cameras, different networks are available to
provide context-aware information and enhance the system’s
ability. For instance, with a static camera installation on the
fence, the model primarily focuses on animal identification. In
contrast, when the camera is mounted on moving animals, the
task shifts toward classifying the surrounding environments.

1) Model Design: The open-source MCUNet [19] is se-
lected as the backbone of the multi-class classification model,
which is designed to enable large-scale image classification
jobs on resource-constrained microcontrollers. Compared to

traditional lightweight model such as MobileNetV2 or Prox-
ylessNAS, MCUNet provides a superior trade-off between
accuracy, memory footprint, and inference latency due to its
hardware-aware NAS and highly optimized inference engine,
making it suitable for real-time deployment on the MCU.

As shown in Figure 3 and Figure 4, the main architecture
of the model originates from the core building blocks in
MobileNetV2 [16]. To reduce the computational load, the
input images were preprocessed to a resolution of 176x176
for feature extraction. A series of expansion ratios and kernel
sizes was selected in the structure based on the widely-used
mobile search space [18] and optimization results. The size of
the two models is parameterized by the number of FLOPs and
trainable parameters, as shown in Table 1.
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Fig. 3: Architecture of the MCUNet model with MB block
details.
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Fig. 4: Details of the operations in MCUNet MB blocks.

TABLE I: Image classification models size.

Models #FLOPs  #Params
MCUNet (Mini-ImageNet) 81.64M 0.5925M
MCUNet (Custom Dataset)  81.64M 0.5769M

The MCUNet model was optimized by leveraging the two-
stage NAS method (TinyNAS [19]), which involves automated
search space optimization and resource-constrained model
specialization. First, based on the microcontroller resources,
a broad range of width multipliers (') and input resolutions
(R) were selected as the possible search space (S). The best
configurations S for different SRAM and Flash combinations
(Figure 5) can be efficiently retrieved by estimating the Cu-
mulative Distribution Function (CDF) of FLOPs, since higher
FLOPs generally indicate greater model capacity and accuracy






