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Abstract

With advances in chip technology and edge computing, deep learning methods for Human Activity
Recognition have been deployed on various devices, outperforming conventional machine
learning methods. Microcontroller units are ideal candidates for deep learning model deployment,
as they usually contain one or more sensors, making them ideal for the deep learning model to
perform classification. This on-device classification guarantees the privacy of users. However,
neural network-based methods are computationally heavy, for which their integration into
microcontroller units have not yet been evaluated comprehensively. With the recent
improvements in neural network optimisation techniques, there is an increased demand to
leverage these techniques to implement deep learning models on microcontroller units. In this
project, a set of models based on convolutional neural network architecture were trained and
assessed in terms of accuracy, latency, memory usage and power consumption. Models were
trained using TensorFlow 2 library, while TensorFlow Lite library was used for model conversion,
optimisation and deployment on the Arduino Nano 33 BLE board. From the measurement, the
quantised models were up to 14.6x faster and 3.9x more memory efficient compared to non-
guantised models. Such optimisation results ensured the feasible implementation of deep learning

models on low-power microcontroller units for fast on-device inference.
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1. Introduction

1.1. Motivation

Connected embedded devices, collectively referred to as the Internet of Things (loT), are pervasive
in people’s daily lives. The omnipresence of microcontroller units (MCUs) with embedded sensors
such as accelerometers and gyroscopes has created an ideal environment for the mass collection
of raw data [1]. Currently, MCU sensor data is transmitted to a cloud server for processing, which
then enables numerous applications in various domains, from healthcare to smart homes [2].
However, this transmission often requires a stable internet connection, which adds latency to the
transmission’s overall execution. One solution to this issue is performing the task at the data’s
source, also known as edge computing. Edge computing reduces transmission latency and saves
network bandwidth, enhancing performance in areas with limited internet connection [3].

Moreover, edge computing prevents the unauthorised exploitation of user data [4].

MCUs have limited memory capacity, ranging from tens to a few hundred kilobytes, and poor
computing capability which has made them inadequate for use as deployable targets for deep
learning [3]. However, recent optimisation advancements have now made on-device
implementation of deep learning models possible. A deep learning model implemented on edge
computing MCUs might overcome the limitations of cloud-based transmission and carry further
benefits such as rapid real-time inference and low-power usage. This would accelerate

development of data-driven applications in various areas [1].

Deep learning methods are highly proficient at solving complex classification problems, and deep
learning architectures such as Recurrent Neural Networks (RNNs) and Convolutional Neural
Networks (CNNs) exploit the sequential, hierarchical nature of sensor data to perform
classification tasks. Deep learning models therefore can extract abstract features automatically,
without human intervention, and reduce time spent on data pre-processing [2]. Human Activity
Recognition (HAR), a task that classifies a user’s ongoing physical activity based on time-series
sensor data, is a significant deep learning use case [5]. HAR is used in various critical applications
such as chronic disease management, ambient assisted living and physical workload tracking
[6],[7]. HAR applications have traditionally used conventional machine learning classifiers such as
Support Vector Machine (SVM), Decision Trees and Naive Bayes (NB). These classifiers are unable
to process raw data and therefore require manual feature extraction, leading to reduced accuracy

and problems with overfitting [7]. A recent work, however, suggests that deep learning models
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perform better than conventional methods in classification task when trained with a large dataset
[8]. As such, deep learning models implemented on MCUs have become the most promising
solution for HAR issues. For real-world applicability, however, many aspects must be considered

besides prediction accuracy, such as latency and power and memory consumption.

1.2, Aim & Objectives

Given recent advancements in optimising neural networks and an increased demand for applying
on-device neural network-based solutions to real-life scenarios, this project aims to implement
deep learning models for HAR on a MCU then evaluate the relationship between on-device

performance and overhead. An evaluation of real-life implementation will then be provided.

The following objectives must be met to accomplish this research project’s aim:

1) Conduct a literature review of related research focusing on methods used for HAR tasks.

2) Identify state-of-the-art deep learning methods for HAR, selecting a suitable model
architecture.

3) Select an off-the-shelf Al accelerator MCU to be the target device, justifying its selection.

4) Select an open-source machine learning framework to train models and run inference on MCU.

5) Implement the selected model architecture with different configurations to obtain a set of
trained models to be evaluated.

6) Develop an embedded software to feed accelerometer data to the model, run inference and
return inference results.

7) Convert and optimise models to suit the MCU, using the selected framework.

8) Deploy and run the models on the selected MCU and record their performances in terms of
accuracy, latency, power consumption and memory usage.

9) Discuss the overall performance and the practicability of on-device deep learning for HAR.

1.3. Report Structure

The contents of this report are arranged as follows. Section 2 is a literature review of popular deep
learning methods with relevant background knowledge; information on the constraints and
methods for deployment on MCUs will also be explored. Section 3 introduces the selected dataset,
target device and proposed model architecture with different configurations; details on the model
design, testing and deployment will be provided. Section 4 presents the performance results of all

tested models analyses these findings. Section 5 gives a general discussion about the project and
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draws conclusions concerning the overall practicability and limitations of on-device deep learning

methods for HAR. The Conclusion contains recommendations for future study.

2. Literature Review

2.1. Machine Learning for Human Activity Recognition

Given the technological advancements and accompanying behavioural changes made over the last
two decades, the amount of data in circulation has grown exponentially. Human intelligence is
often incapable of understanding this data, so machine learning, a rapidly growing subset of the
field of artificial intelligence (Al), may offer a way to make this data more accessible to human use.
Machine learning refers to methods which allow machines to learn automatically from input data
by identifying inherent statistical patterns and making evidence-based decisions on newly input

data, all without human intervention.

Machine learning algorithms are divided into three paradigms: supervised learning, unsupervised
learning and reinforcement learning. Supervised learning refers to a model trained with a labelled
dataset consisting of pairs of input and desired output data [9]. Supervised learning methods have
been successfully adopted for solving classification and regression tasks. In contrast, unsupervised
learning uses an unlabelled training dataset, instead relying on grouping output data with
common attributes into clusters. Finally, reinforcement learning algorithms rely on a closed-loop
feedback scheme in which the algorithm’s interactions with the environment produce qualitative
feedback that provides either rewards or punishments. The ultimate goal of the feedback scheme

is to maximise the reward, or minimise the punishment, received [9].

Human Activity Recognition (HAR) has been an active research field for the past two decades and
is crucial to many prominent applications in various critical domains such as healthcare, human-
centred computing and ambient assisted living [10]. HAR is used to classify people’s ongoing
physical activity using sensor data from an individual’s environmental or body-worn sensors. As
such, supervised machine learning algorithms are potentially ideally suited to HAR fields. While
traditional machine learning algorithms used for classification tasks, such as Decision Trees (DT),
Bayesian Network (BN), Support Vector Machine (SVM) and K-Nearest Neighbour (K-NN), have
demonstrated relatively high accuracy in predicting human activities [10], they can hardly be
implemented in a real world context because they learn from data described by shallow manual

techniques [11]. In contrast, representation learning (or feature learning) methods may streamline
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raw data transmission by extracting abstract features automatically [12].

2.2, Deep Learning Methods

Deep learning methods are forms of representation learning whose bioinspired hierarchical
architecture enables the automatic extraction of complex and abstract features. Deep learning
architectures consist of multiple stacked non-linear layers, each represented by numerous
neurons with weighted connections, associated bias term and activation function. In gradient-
based deep learning models, a backpropagation algorithm automatically tunes the weights and
optimises the objective function to evaluate a model’s performance. Thus, the objective function
(often referred to as a “loss function”) measures the error between predictions and desired
outputs. In a stacked deep learning model, each layer is capable of transforming a previous layer’s
input into representation with a greater level of abstraction. This transformative process repeats
throughout all intermediate, or hidden, layers until reaching the output layer, where the final

outputs are represented in a human-understandable result [13].

Deep learning methods have clear advantages when compared to more conventional methods of
extracting raw data, especially for HAR. Manual data collection tasks generally have lengthy
durations, ranging from tens of seconds to a few minutes, which is reduced with deep learning
methods. Meaningful predictions of ongoing activity for HAR require an analysis of sensor data
using fixed-length time windows, which may be interrupted by manual data collection [10]. Deep
learning methods, therefore, have been widely applied to HAR classification tasks. Typical neural
network methods used for HAR include Convolutional Neural Network (CNN) and Recurrent
Neural Network (RNN), both of which exploit spatial and temporal information from time series

data.

2.2.1. Convolutional Neural Network: Evolution of Architectures

The first CNN architecture for pattern recognition, called Neocognitron, was developed by
Kunihiko Fukushima in 1980 [14]. The main drawback to this architecture was its lack of a
supervised learning algorithm (for example, an error backpropagation algorithm). In 1989, Yann
LeCun proposed a series of new architectures, called LeNet, to improve these early CNN
weaknesses. The latest version of LeNet, LeNet-5, has been trained with a backpropagation
algorithm maintaining concepts similar to Neocognitron: local connectivity, shared weights and

down-sampling. Figure 2.1 illustrates LeNet-5’s architecture for digits recognition [15].

Department of Electrical and Electronic Engineering Page 5



INPUT C1: feature maps

— = |
| | Full connection Gaussian connections
Convolutions Subsampling Convolutions ~ Subsampling Full connection

Figure 2.1: LeNet-5 for digits recognition [15]

LeNet-5 has two central building blocks, convolutional layers (C1 and C3) and down-sampling
layers (S2 and S4), which are followed by two fully-connected layers (C5 and F6) and a final output

layer.

In a convolutional layer, each unit is connected to a fixed-size local patch of a previous layer’s
output through a vector of weights called filter, comprising a set of trainable parameters. The
collection of such units forms a feature map. One layer may contain multiple filters, each
producing a feature map by computing dot product with input data. These feature maps then pass
through a tanh activation function, adding non-linearity to the output:

eX—e™*

eX+e™*

f(x) = tanh(x) =

(1)

All units within a feature map share the same filter bank, and there may be multiple filter banks

producing an equal number of feature maps within one layer.

In a down-sampling layer, also called a Max-Pooling layer, each unit covers a patch of the previous
layer, through which several features are merged into a single feature by taking the local patch’s
maximum value. Advantages of Max-Pooling layers include reduced input size for the next layer,

reduced computational cost and increased tolerance to small positional changes.

Actual classification is done in the last three layers. Each C5 neuron is connected to all the feature
maps from S4, forming a vector of 120 units. F6 is fully connected to C5, which narrows the vector
dimension to 84. The output layer uses a Euclidean RBF classifier to perform its final classification

[15].

LeNet-5 has been more successful than other conventional methods in recognising patterns of

small-scale images (32 x 32 pixels) [15]. However, it also suffered from various limitations,
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including long training time and heavy computational overhead for large-scale image recognition

tasks.

Consequently, CNN architectures were generally ignored by the computer vision community until
2012, when the ground-breaking CNN architecture AlexNet overcame these drawbacks and won
the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) 2012 [16]. AlexNet classified 1.2

million large scale images with a top-5 error rate of 15.3%, far lower than any competing methods.

AlexNet is a variant of LeNet that contains an increased number of layers and filters per layer,
resulting in around 60 million trainable parameters (around 1000 times more than LeNet-5). Such
a huge network was made possible with the implementation of several new features, such as
dropout regularisation technique, ReLu activation functions and hardware accelerators. Dropout
regularisation techniques are used in the last two fully-connected layers and reduce overfitting by
randomly setting the output of a certain percentage of neurons to zero for each input batch so
that these neurons will not participate in training. RelLu, an abbreviation of Rectified Linear Unit, is

mathematically simpler than tanh used in LeNet.

f(x) = max(0, x) (2)

(2) prevents gradients from approaching zero during backpropagation since its derivative is 1 even
for large x. Finally, AlexNet is trained on two graphics processing units (GPUs) optimised to
accelerate the calculation of 2D convolution. AlexNet initially used a normalisation layer, Local
Response Normalisation (LRN), to aid with generalisation, but this layer has recently been replaced
by a more effective layer named Batch Normalisation (BN). BN enhances generalisation and

reduces training time by normalising an input batch’s internal distribution [17].

The general structure and features of LeNet and AlexNet are used widely in computer research
and applications. For multi-class classification problems, the softmax function is generally used in
the output layer to map each class’s output scores into a numerical vector, ranging from 0 to 1 and

summing to 1, which represents its probabilities.

2.2.2. Recurrent Neural Networks: Long Short-Term Memory

Although the first RNN architecture was introduced by John Hopfield in 1982, it has gained
widespread attention only in the last two decades thanks to increased computational power and

advancements to RNN architecture. RNNs demonstrate outstanding performance in various tasks
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with sequential input data, such as natural language processing, as their architecture allows them

to exploit temporal correlations in input sequences [18].

Figure 2.2 illustrates a simple RNN and its unfolded workflow. For forward computations, current
input x; and past state s;_, determine the current state s; of neurons in the hidden layer, upon
which output o, is dependent (t indicates discrete time step). The matrices U, V and W contain

parameters used for forward computation, which can be updated using backpropagation [12].

(]
O Ut—f ar o,

+1
VT Vv VT \2
s o M W T 5, Ste1

Unfold L4 W
U u U
.’Ct X X

U

t
-1 [ I+1

Figure 2.2: Architecture of a simple unidirectional RNN [12]

Training RNNs was initially challenging, for gradients in long sequences either explode or vanish
during backpropagation [19]. In 1997, Sepp Hochreiter and Jiirgen Schmidhuber overcame these
issues with Long Short-Term Memory network (LSTM), a variant of RNN. LSTM introduced a special
unit, the memory cell, which retained long-term memory. Figure 2.2 illustrates the structure of a
typical memory cell, which uses three internal gates to control the flow of information [12]. The
forget gate, f;, controls what information taken from the previous step’s memory cell time step,
c¢_1, should be kept in the current memory cell, ¢;. The input gate, i;, controls how much of the
new input data should flow into ¢;. The output gate, o;, controls how much information from ¢,

should flow into hidden state, h;.

Memory e i el = Memory cell
cell input N Long term memory . output
g ocC, Cr
AL .

TN
LoCer
|
|
|
Hidden state |
input from 7-1

h.; —l_:_

Current data

state
. output at /

Sigmoid 4
activation

xf

Figure 2.3: Memory cell structure [21]
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As described by Figure 2.3, all three gates are multiplicative and attached to a sigmoid (o)

activation function with an output ranging from 0 to 1:

o(x) = (3)

The mathematical formulae for the three gates are as follows:

fe=0Ws- [he-1, %] + bs) (4)
iy = (Wi [he—q,x] + by) (5)
0, = oW, [he—q,x¢] + by) (6)

[Wr, W;, W, ] and [bg, by, b,] are the weights and biases of the forget, input and output gates,
respectively. Note that the candidate memory cell, C;, which participates in updating the current

memory cell’s information, has its own associated weight and bias:
Ce = tanh (W, - [he_q, %] + bc) (7)

The output value of the candidate memory cell lies between -1 and 1, as its activation function is

(2). Finally, (4), (5) and (7) may be used to update the memory cell:
¢t =feoca+ ioCy (8)

Note that new information received from the input gate and candidate memory cell is linearly
accumulated in the current memory cell. Using (6) and (8), the hidden state of the current memory

cell is calculated as follows:
h, = o, o tanh (c;) (9)

As with CNNs, stacked-LSTMs use LSTM layers to extract features from raw data, while actual

recognition tasks are performed by multiple fully-connected layers.

2.3. Edge Machine Learning

The proliferation of the loT and increased capability of edge devices has created a new computing
paradigm known as edge computing. In contrast to cloud computing, edge computing performs
computations directly at data sources. Edge computing particularly improves applications

requiring real-time responses and/or data privacy, as no data transmission is needed outside the
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edge device [22]. HAR is an ideal task for edge computing, as a user’s privacy may be undermined
if the personal data required for recognition is transmitted to a third party. Moreover, deep
learning methods are ideal candidates for HAR tasks, since they learn directly from raw data
generated by embedded sensors. However, implementing deep learning models on edge devices
is challenging, as these models are relatively large and complex for resource-constrained edge
devices, especially MCUs. These problems can be addressed by optimising either the device’s

performance or neural network architecture.

2.3.1. Overview of Al accelerators

Different hardware manufacturers are currently producing Al accelerators to enhance deep
learning-based tasks from the hardware perspective. These accelerators are based on GPUs, field-
programmable gate arrays (FPGAs) and application-specific integrated circuits (ASICs), which allow
more efficient computation than generic CPUs. In recent years, vendors have begun developing Al
accelerators for edge implementation. For example, the Coral Dev Board by Google is a single-
board computer with Tensor Processing Unit (TPU), an ASIC designed by Google itself [23]. These
devices, however, are not yet popular, and their cost is relatively high when compared with typical

embedded processors.

Current off-the-shelf chips are often leveraged to develop supporting software kernels for Al
acceleration. For example, Arm Cortex-M series processors can now accelerate common neural
networks by leveraging kernels that accelerate typical neural network layers (see details in section
2.3.2). Hardware manufacturers such as Arduino and Sparkfun Electronics have developed MCUs

for deep learning-based tasks using Arm Cortex-M processors.

Figure 2.4: Arduino Nano 33 BLE Sense (left) and SparkFun Edge Development Board (right) [24][25]

Arduino Nano 33 BLE Sense is an Arduino product designed for Al acceleration. The board is based
on the nRF52840 MCU, with a 32-bit Arm Cortex-M4F processor with 64MHz clock speed [24]. The

board features a direct memory access module (DMA) and an inertial memory unit (IMU)
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consisting of one 3D accelerometer, one 3D gyroscope and one 3D magnetometer. The board’s
size (45mm X 18mm) and weight (5g) are ideal for unobtrusive applications. In addition to its
IMU, the Arduino Nano has a variety of embedded sensors such as a microphone, pressure sensor
and temperature sensor. These sensors provide abundant data used for a variety of neural
network-based applications. Additionally, a power management unit (PMU) allows one to
automatically switch between different operational modes to achieve the lowest power

consumption.

The SparkFun Edge development board is a counterpart to the Arduino Nano, manufactured by
SparkFun Electronics. The board is based on the Apollo3 Blue MCU, which also has an Arm Cortex-
M4F processor. The nominal CPU clock frequency is 48MHz, which can be doubled in burst mode.
SparkFun Egde features an ultra-low power MCU, consuming 6uA per MHz when running and only
1uA when asleep [25]. The board contains one 3D accelerometer, one microphone and a camera

connector.

There are many other off-the-shelf MCUs that share similar features and constraints, such as the
STM32F746, Adafruit EdgeBadge, Espressif ESP-32 etc. Comparison of these MCUs is beyond the

scope of this project.

2.3.2. Optimisation for Deployment on Edge

Edge device optimisation is achieved by developing specific low-level computation kernels for
generic processors to speed up common operations in neural networks. For example, Arm Cortex-
M CPUs have a set of kernels, CMSIS-NN, designed specifically to enhance performance and
reduce memory footprint when running neural networks [26]. The general structure of a CMSIS-

NN neural network kernel shown in Figure 2.5:

Neural Network Application Code

) !

Convolution Pooling Data type conversion ‘
—
Fully-connected Activations Activation tables
NNFunctions NNSupportFunctions

Figure 2.5: General structure of a neural network kernel in CMSIS-NN [26]
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The kernel consists of NNFunctions and NNSupportFunctions. NNFunctions are designed to
implement common neural network operations such as convolution and max pooling, while
NNSupportFunctions complement NNFunctions with utilities such as data type conversions.
According to [26], CMSIS-NN increases the throughput and energy efficiency of neural networks by

4.6x and 4.9x, respectively.

Neural network optimisation is currently an active research topic. Howard et al. [27] have recently
proposed a parameter-efficient CNN architecture, MobileNet, for use in embedded applications.
MobileNet utilises a new technique called depthwise separable convolution, which splits standard

convolution into two distinct operations, depthwise convolution and pointwise convolution.

7
DKl e (] M/ / E;///

DK 4—M—-b

]. N e

Figure 2.6: Depthwise convolutional filters [27] Figure 2.7: Pointwise convolutional filters [27]

In a depthwise convolution layer for M input channels, each input channel is convolved using a
single filter sized Dy, X Dy, producing M feature maps. The output of depthwise convolutions is
combined in the pointwise convolution layer by applying N filters sized 1 X 1 X M, where N is the
number of output channels. Such architecture has been shown to significantly reduce computation

and model size with minimal impact on accuracy [27].

Another active research direction is the precision reduction of neural networks, also known as
guantisation. Generally, deep-learning model parameters are trained using 32-bit floating-point
data representation. Studies demonstrate that low-precision fixed-point data representation
achieves similar performance to benchmark results [28]-[30]. Quantisation may be applied during
training, known as quantisation-aware training, or afterwards, known as post-training quantisation.
Quantisation-aware training requires a consistent procedure from design phase to
implementation phase [28],[31], while post-training quantisation converts pre-trained floating-

point models to fixed-point models.

Jacob et al. [31] have proposed a quantisation scheme, Integer-arithmetic-only inference
guantisation, which allows performing inference with 8-bit integer input, output, weights and

activations; only the bias vector is in 32-bit integer format. Figure 2.8 provides an illustration of
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this scheme.

ReLUS '—»“j“‘s output

uintd

Figure 2.8: Integer-arithmetic-only quantisation [31]

2.3.3. Frameworks for Model Development

There are various open-source machine learning frameworks for the development of deep
learning models, including Caffe, Caffe2, PyTorch, Keras and TensorFlow. Caffe2 has recently
merged with PyTorch, while Keras has been integrated into TensorFlow 2.0. For edge
implementation, TensorFLow and PyTorch offer lightweight solutions, namely TensorFlow Lite and
PyTorch Mobile [32],[33]; the latter, however, does not support embedded systems without file

systems.

TensorFlow was released by Google in 2015, aiming to facilitate the development process of large-
scale machine learning models [34]. The libraries come in the form of Python libraries to provide
high-level abstraction, but the kernels are written in C++ for better performance. TensorFlow
supports a wide range of target devices, including generic processors, as well as edge devices.
With the integration of Keras library into TensorFlow 2.0 released in 2019, the development
process became even easier. TensorFlow Lite is the framework released by Google to provide
support for model conversion and optimization for edge devices, e.g., conversion and optimization
APIs [32]. For resource constrained MCUs, Google offered TensorFlow Lite for Microcontroller
(TLFM), which is the state-of-the-art open-source framework for running inference on MCUs.
TLFM uses a unique approach based on an interpreter that simulates and live neural network
model. The interpreter-based approach increases portability and flexibility [35]. Other frameworks
for inference on embedded devices include: the open-source Embedded Learning Library (ELL) by
Microsoft [36], which is a cross-compiler that generate machine code to run on the device;
STM32Cube.Al, which could convert and optmise the pre-trained model for STM32-series MCUs
[37].
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2.4. Related Works

There have been many research and works being conducted to evaluate the on-device
performance of deep learning methods. This review of literature aimed to identify the state-of-
the-art methods for HAR and aid the model architecture selection. Besides, previous works with

similar research scope were also reviewed to help design the testing process.

[38]-[40] are early works conducted using classical machine learning algorithms, such as Decision
tree, Naive Bayes, K-Nearest Neighbors and Hidden Markov Models. Despite that high
classification performance were achieved, these conventional algorithms suffered from a common
drawback, as these algorithms only learn from data described by manually engineered features.
Since the success of AlexNet in 2012, there have been a rise in the number of research using CNN
architecture. Ronao and Cho [1] proposed a multi-layer CNN architecture with the attempt to
apply convolutional kernels along the time axis. The proposed model showed the capability of
exploiting the temporal correlation between time series data, achieving an overall accuracy of
94.79%. Ordonez and Roggen [41] proposed a classifier architecture consisting of Deep CNN
(DCNN) and LSTM, achieving F1 scores of 0.93 and 0.958. F1 score is described later (section 3.5.1).
This classifier worked by applying convolutional kernels to the input sensor signal image to extract
abstract features and use LSTM to extract temporal dependencies in the feature maps. In a more
recent work by Zebin et al. [5], a stacked CNN model was proposed, which obtained an accuracy of
96.4%. The effect of quantisation was evaluated in this work, which achieved 4x+ mode size

reduction.

Zhang et al. [42] investigated the performance of various neural networks by deploying them on
MCUs. This work evaluated the on-device performance by setting out three memory constraints.
The model accuracy was measured under each of the constraint. The best performing model
architecture was depthwise separable convolutional neural network (DS - CNN), which obtained
94.4% accuracy. Novac et al. [6] conducted a similar research on the relationship between the
performance and memory usage of on-device deep learning model. This work compared the
performance of supervised learning, unsupervised learning and semi-supervised learning
algorithms. This work achieved an accuracy of 92.88% for supervised learning (CNN) and 84% for
unsupervised learning (Self Organising Map). This work attempted to evaluate the models using
battery run-time as a metric. A 19 hour batter run-time was reported for its best performing

supervised model. A detailed review of other deep learning related works is available in [43]-[45].
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3. Methods

In this section, the experimental method for on-device HAR performance evaluation is described in
detail. Figure 3.1 is a flowchart illustrating the key experimental procedures. Python 3.8 and its
built-in third-party libraries were used to pre-process the dataset, while TensorFlow 2.3.1,
available as a Python library, was the framework used to train the model. The APIs from

TensorFlow Lite were used for model conversion and optimisation.

The embedded device used for evaluation was Arduino board, which is highly compatible with
TensorFlow Lite. TFLM, available as an Arduino library, was used for on-device inference. Arduino
IDE and its built-in helper functions were used to develop the embedded software. Details of the
experimental procedures are given in the following sub-sections. All code used in this project

could be found in the GitHub repository link in Appendix Al.

[ Deploy Model on MCU ]

* Latency
* Power & Memory Usage

i Record Performance:
[ Run Inference on Test Set ]_. * Overall Accuracy

Next
Configuration?

Figure 3.1: Experimental procedures for on-device performance evaluation

3.1. Dataset Selection

The dataset used to train a model determines its functionality and performance, and it is ideal to
train a model using a dataset produced specifically for that model’s requirements. Unfortunately,
collecting and processing a large amount of raw data is usually costly, and due to this project
constraints, a public dataset for HAR was selected for training and testing purposes. Several

datasets, including Opportunity [46], Pamap2 [47], WISDM [48] and the dataset donated by

Department of Electrical and Electronic Engineering Page 15



Anguita et al. (referred to as UCI-HAR dataset hereinafter) [49], were available on the UCI

Machine Learning Repository.

The desired dataset had several important requirements. Since the goal of this project was to
perform HAR on a body-worn device, the dataset had to originate from unobtrusive wearable
devices with embedded sensors. The dataset also had to be balanced in terms of sensor quantity
and activity types. A high number of sensors provide great amounts of data from which to learn,
improving classification accuracy. However, some datasets have an excessive number of sensors
for training a model meant to be implemented on devices with a limited amount of sensors.
Therefore, the Opportunity dataset, which contains five sensors, was excluded. Moreover,
datasets Pamap2 and WISDM dataset were also excluded due to having too many activities types,
which could lead to inefficient classification [5]. Ultimately, the UCI-HAR dataset was selected for
training and testing because it collected data from only two sensors, an accelerometer and a

gyroscope, which was then classified into six basic daily activities.

3.2. Dataset Description & Pre-Processing

Data from a UCI-HAR dataset was collected from a group of 30 subjects wearing a smartphone
(Samsung Galaxy S IlI) on their waist. The accelerometer and gyroscope, embedded in the
smartphone, sample the triaxial total acceleration and triaxial angular velocity at a constant rate of
50 Hz. The body’s estimated acceleration was obtained using a Butterworth low-pass filter with
0.3 Hz cut-off frequency, eliminating the low frequency gravitational component of total
acceleration. Both total acceleration and estimated body acceleration were recorded in gravity
unit ‘g’ (equivalent to 9.80665 m/s?), while angular velocity was measured in rad/s. Each axis
corresponds to one input channel, so the three triaxial measurements give nine channels. Time
series data from each channel is segmented into fixed-width sliding-windows (128
samples/window), with a 50% overlap. The dataset classifies six activity types which are associated

with numbers ranging from 1 to 6, as shown in Table 3.1.

Table 3.1: Activity types and their associated number

Activity type Walking  Walking  Walking Sitting  Standing Lying
upstairs  downstairs
Activity number 1 2 3 4 5 6

The dataset contains 10,299 labelled activities and was split into a training set and a test set,
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accounting for 70% and 30% respectively. A 20% samples in training set was hold as validation set,

which were used during training. The test set was used for post-training model evaluation. Before

starting the training process, the dataset has to be pre-processed by applying the following

methods:

1)

2)

3)

Scaling: All values in the dataset are scaled to lie within a small range of value, in order to
accelerate computation and avoid training bias caused by large outliers in the dataset. Scaling
is accomplished using the “MinMaxScaler” function from Python Library’s scikit-learn class.
This function acts as a scaler for each input channel, normalising all values into a predefined
range according to the channel’s minimum and maximum numbers. The selected range is [-1,

1], since the dataset contains negative values. Scaling is represented by the following function:

(X—Xmin)(Mmax—min) .
Xscatea (X) = Comax—Tmin) +min (10)

Where x is the scaled value, x,,,4 and x,,;, are a channel’s maximum and minimum values

and max and min represent the scaling range.

Segmentation, Combination and Reshaping: Raw data from the time series must be
segmented into a fixed-width sliding window, enabling the CNN model to exploit the temporal
correlation between samples. As mentioned, samples from each channel are segmented into
windows of 128 samples, with sample windows from 9 channels combined together to create a
matrix sized 128x9. Since 2D convolutional layers require 3D input sensors, input data is
reshaped to 128x9x1. The “dstack” and “reshape” functions in Numpy library were used to

combine and reshape the samples.

One-Hot Encoding for Activity Labels: the activity labels provided in the UCI-HAR dataset
consist of integer numbers between 1 and 6, each represents an activity as shown in Table 3.1.
These activity labels are categorical data which should be converted to One-Hot encoded
labels. Since there are 6 categories, One-Hot encoding will create a binary label vectors of size
6, and the correct activity label is represented by 1 (Figure 3.2). Since index of arrays starts
from 0, and the activity labels should be subtracted by one before encoding. One-Hot encoding

could be done by using ‘to_categorical’ function from Keras library.
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Figure 3.2: One-Hot encoding for activity labels

3.3. Proposed Model Architectures

As discussed in the Introduction, deep learning neural networks outperform traditional methods
of HAR classification when dealing with large amounts of data. Convolutional Neural Network
(CNN) and Recurrent Neural Network (RNN) architectures have often been used to develop HAR
classification models. CNN architecture has been selected due to its high performance in previous
cases [50] and its ability to handle small positional changes. Data segmentation allows CNN to

exploit temporal correlations between data within one window of activity [5].

Conv2D layer 1 " 2D Max-Pooling1 B
M filters: size=4x4 _ Pool size: 2x2 ]
stride=2x4 % Stride: 2x2 )

'

|
v

Conv2D layer N | 2D Max-Pooling N |

N Stacked Conv2D + MaxPool2D layers

M filters: size=4x4 |—“' Pool size: 2x2
stride=2x4 ) Stride: 2x2
¥ _
‘ Flatten layer
— v
(" Fully-connected | Setting:
‘ layer Optimizer = Adam
16 neurons (Learning rate =
0.0005)
 F Loss function =
Fully i ‘ o categorical
connected ‘ e crossentropy
classifier L . Validation split: 0.2
Output layer \ Batch size: 64
6 neurons Epochs: 30

Activation: Soft-Max

Figure 3.3: Stacked-CNN architecture and specifications
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A stacked-CNN model consisting of stacked 2-D convolutional (Conv2D), 2-D max-pooling
(MaxPool2D), flatten, dropout and fully-connected layers has been proposed. The general model
architecture and setting specifications used in this project are illustrated in Figure 3.3. Conv2D is
used instead of the 1-D convolution neural network (ConvlD), the usual selection for sensor
signals, because TensorFlow Lite, which deploys models on MCUs, only supports TensorFlow 2
operational subsets; these subsets do not include ConvlD. The combination of sample windows
from 9 channels are figured as an image with the dimensions 1x128x9. Each Conv2D layer is
followed by a MaxPool2D to reduce the model complexity and increase model robustness. The
output feature map of the last max-pooling layer feeds into the flatten layer, where feature maps
are flattened into a 1-D tensor for further export. A dropout layer with dropping rate of 0.1 is

inserted between the flatten and output layers to improve model generalisation.

The training setting will contribute to the performance variation of the model; however, the
model size will not be affected. Therefore, some parameters in the setting were set to constant
values to facilitate the training process. The optimiser algorithm chosen for the model was Adam,
which needs minimal computational overhead [51]. The categorical cross-entropy loss function
was selected and used for backpropagation, as it is ideal for HAR tasks, multi-class problems with a
single output label. The activation function used for feature extracting-layers is Relu, selected for
its computational simplicity, while ‘softmax’ activation fucntion is used in the output layer to
produce a vector containing the probabilities of each class. Learning rate is set to 0.0005 to

prevent training loss from diverging sooner than intended.

Batch size refers to the number of samples fed into the model during each iteration, while number
of epochs signifies the number of times the entire training dataset passes through the model. The

number of batches is set to 64, the number of epochs is set 30.

The performance and computational budget of a CNN model is associated with its parameters,
including number of layers, number of filters per layer, filter size and stride. To ease the evaluation
of the relationship between performance and overhead, several architecture configurations are
proposed by varying the number of stacked CNN layers N and the number of filters per layer M,
while keeping filter size and stride constant. The details of these configurations are summarised in

Table 3.2.
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Table 3.2: CNN architecture configurations

Model Constants Conv2D : filter size =4 x 4; stride=2x4

MaxPool2D: filter size =2 x 2; stride=2x 2
Configuration Name L1F16 L1F32 L2F16 L2F32 L3Fl16 L3F32 L4F16 LA4F32
No. of Layer (N) 1 1 2 2 3 3 4 4

No. of Filter per Layer (M) 16 32 16 32 16 32 16 32

3.4. Model Training, Conversion and Optimisation

The proposed model configurations have been trained on a standard personal computer with an
Intel Dual Core i5 CPU (1.8 GHZ) and 4 GB memory, using TensorFlow library version 2.3.1. The
sequential model and the Conv2D, MaxPool2D, Dropout, Flatten and Dense (Fully-Connected)
layers are taken from the Keras library. After the building and training process, the TensorFlow
models are saved as a protocol buffer with filename extension “.pb’. For edge implementation, the
model must be converted to TensorFlow Lite, which employs the FlatBuffer format. FlatBuffer is
more memory efficient, so a size reduction is expected after this conversion. The conversion is
performed using the converter APl provided by TensorFlow Lite. The converted model (hereafter
referred to as the TFlite model) is then stored with the extension ‘.tflite’ with an approximate 4x

size reduction. Figure 3.4 illustrates the workflow for exporting a TensorFlow Lite model.

TensorFlow Training Environment TensorFlow Lite Exporter TensorFlow Lite
Flatbuffer File

Training Inference
(- Graph

&

Figure 3.4: Workflow for exporting TensorFlow Lite model [35]

Before deploying the model on the target device, optimisation techniques, also known as post-
training quantisation, may be used to reduce model size and latency. The model uses 32-bit
floating point data representation as a default, but such high precision is often unnecessary for
inference. Therefore, quantisation techniques are used to convert the model’s weights and
activations to fixed-point data representations (8-bit or 16-bit integers), which will facilitate
computations and reduce memory footprint. Several quantisation schemes are provided by

TensorFlow Lite that are suited to different scenarios: dynamic range quantisation, full integer

Department of Electrical and Electronic Engineering Page 20



guantisation and float16 quantisation.

Table 3.3: Quantisation scheme specifications [32]

Scheme Expected optimisation Recommended for
Dynamic range 4x smaller; 2x-3x faster Generic CPUs
Full integer 4x smaller; 3x+ faster Generic CPUs and MCUs
Floatl6 2x smaller; GPU acceleration Generic CPUs and GPUs

Dynamic range quantisation scheme act by reducing the precision of weights, from single-
precision floating-point (float32) to 8-bit integer (int8). However, the weights are converted back
to floating-point at inference, and the outputs are also stored using floating-point representation.
Thus, dynamic range-quantised models are expected to be 4x more memory efficient, and 2x-3x
faster. In contrast, full integer quantisation converts all tensors into 8-bit integer, including
activations. Therefore, it is recommended for devices using int8 data representation, e.g., MCUs.
Full integer should give a greater latency reduction due to its simplified computation. Lastly,
float16 is the quantisation scheme recommended for GPUs, which use 16-bit data representation.
The size reduction effect is halved compared to 8-bit quantisation, but floatl6 enables GPU
acceleration. The quantisation was applied the TFlite model using the provided API. For Full
integer quantisation, a representative dataset was required to calibrate the variable tensors, e.g.,
activations, input and output tensors. Therefore, 100 samples from the training set were selected
to be the representative dataset. Note that by applying quantisation, insignificant or small

accuracy loss is expected [32].

After being quantised, the TFlite model was converted into a C source file containing a char array
using the ‘xxd’ command [32]. This C source file was then incorporated in the embedded software

developed for the target device to handle the input sensor data and output inference outcomes.

3.5. Model Deployment & Measurement setup

The target device selected for model deployment is the Arduino Nano 33 BLE (hereafter referred
to as Arduino Board) described in Section 2.3.1. The Arduino Board was selected for two reasons:
first, Arduino Nano hosts a MCU based on the Cortex-M4 chip supported by Al acceleration
kernels, which accelerate typical computations in neural networks; second, the Arduino platform
provides many useful built-in functions that can be used for performance evaluation, reducing

software development time.
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TensorFlow Lite library version 2.1.0-Alpha is used to implement the on-device inference. An
embedded software is developed under Arduino IDE using the library in order to provide an
interface for the TFlite model. The software is designed to: 1) incorporate the C-source file
containing the model, which is then used to instantiate an interpreter object; 2) feed data into the

interpreter, run inference and return the results to the PC for further analysis.

The most intuitive way to evaluate the performance of an on-device deep learning model is to test
it, using data collected from the device’s embedded sensors. Unfortunately, if the sensors
embedded in the MCU differ from those used to collect the training dataset, the newly collected
data has a different pattern and thus cannot evaluate the model’s performance. As such, an
alternative approach has been conceived: rather than collecting raw data from the environment,
test data from the UCI-HAR dataset is streamed directly into Arduino Board via USB, easing the
measurement process. The models were measured and evaluated for four aspects: classification

performance, latency, energy and memory usage.

3.5.1. Classification Performance

The classification performance of models in Table 3.2 are measured on both PC and Arduino Board,
for comparison. TensorFlow provides an APl to evaluate the model’s overall accuracy on a given
test set. The test set, consisting of 2,947 sample windows, was used for accuracy measurement. If
the dataset has an unbalanced sample distribution — for example, if there are too many samples
for one class and too few for others — accuracy might be compromised. It is therefore worth

evaluating the model’s performance using additional metrics.

Confusion matrix is a tool used to evaluate classifier models. Given the model’s six activity classes,
a 6x6 matrix is utilised (Figure 3.5) in which rows represent actual class (desired class) and columns
represent predicted class. Every cell in the matrix is labelled; to introduce cell definitions it is
necessary to reduce the 6x6 matrix into six 2x2 confusion matrices to enable a binary classification
(True or False) problem. For example, Figure 3.6 shows a 2x2 confusion matrix for the class
labelled ‘Walking’: True Positive (TP) and False Positive (FP) correspond to the number of correct
and incorrect predictions of ‘Walking’ class; True Negative (TN) and False Negative (FN)

correspond the number of correct and incorrect predictions of the remaining classes.
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Figure 3.5: Confusion matrix for performance evaluation

_ Prediction: Walking Prediction: No Walking

Actual: Walking TP
Actual: No Walking FP TN

Figure 3.6: Confusion matrix for class ‘Walking’

With the aid of the confusion matrix it is possible to calculate key metrics for performance
evaluation. These metrics include overall accuracy, precision, recall (True Positive rate) and F1

score:

1) Overall accuracy. Overall accuracy is the most intuitive metric for performance evaluation,
which is also used during training. It is calculated by dividing the total number of correct

predictions (TP + TN) to the total number of data entries (TP + TN + FP + FN):

TP+TN

Overall accuracy = ——
TP+TN+FP+FN

(11)

2) Precision. Precision indicates how much positive predictions are correct. It is calculated by
dividing the number of correct positive prediction (TP) to the total number of positive

prediction (TP + FP):

TP
TP+FP

Precision = (12)
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3) Recall (True Positive Rate). Recall is concerned with how many correct positive predictions
have been made, when it is actually positive. It is computed by dividing correct positive

prediction (TP) to the total number of actual positive data entries (TP + FN):

TP
TP+FN

Recall(True Positive Rate) = (13)

4) F1 score. F1 score acts as the harmonic mean of precision and recall, and it ranges from 0 to 1.
It is commonly used to measure the robustness of the model, as it analyses the results in a

comprehensive manner:

2 X Precision X Recall __ 2TP
Precision + Recall ~ 2TP+FP+FN

F1 score = (14)

Overall accuracy and F1 score were calculated for each of the trained models. The confusion

matrix was plotted using the “confusion_matrix” function from scikit-learn Python library.

3.5.2. Latency and Energy Consumption

Latency refers to time elapsed while processing one data sample and receiving an inference result.
The Arduino built-in function “millis()” is used to evaluate latency. “Millis()” returns time passed
since a program’s execution in milliseconds [52]. For input data entry i, time tg.,, ; is recorded as
soon as input data is fed into the interpreter, and t,, 4 ; is recorded when the interpreter returns

an output. Average latency in milliseconds can be computed using the following equation:

156 tend i~tstart i
= end_l start_t
=0 A = (15)

tiatency = n

This approach is easy to implement and avoids the need for an external timer, which may
introduce error due to signal transmission time. Since Arduino is single-threaded, this approach

should give a reliable estimation of the execution time taken by the interpreter to run an inference.

Power consumption for running inference is estimated using the product specification nRF52840
MCU hosted by Arduino Board, and the reason is given in Appendix A2. The MCU has a PMU that
automatically switches the device between different modes depending on the demand of any
given moment. A constant voltage IV of 3.3V is supplied to the MCU, while current consumption
varies depending on the MCU’s execution mode. The power consumption for each case can be

calculated using the power equation (16).

Department of Electrical and Electronic Engineering Page 24



P=V x1 (16)

where I could be Isystem ons Isystem_tate aNd Lsystem off, the current consumption in different
modes. The specifications for this project and power consumption calculated from (16) are

summarised in Table 3.4.

Table 3.4: Electrical specifications of nRF52840 in three modes[53]

MODE Description Current Cons. (u4) Power Cons. (mW)
System On CPU running inference 6300 20.790

System Idle CPU idle, DMA running  1202.35 3.968

System Off CPU off, RAM retained 1.86 0.006

Note that the startup time for the CPU to wake up from Idle (3us) or Off (16.5 us) modes are
ignored, as they are insignificant to the calculation. Calculated power consumptions are used to
provide an estimation of energy consumption. Energy is consumed in mWh during different

phases of a complete activity cycle.

tlatency
E. .=P —_— 17
inf system_On 3600 ( )
_ tsampling
Eidle — lsystem_Idle 3600 (18)
tsleep
= X
Eoff Psystem_Off 3600 (19)

where Ei, ¢, Ejqic and E, ¢ signify energy consumed during inference phase, idle phase and sleep
phase, respectively. The length of the inference phase depends on the computation speed of the
target device and the model’s complexity. The Idle phase is the period of time taken before
running inference, during which a full sample window is collected in “System Idle” mode, with
the CPU awakened when data is ready. According to [49], the sampling rate of UCI-HAR dataset is
50 Hz and the sampling time tggmpiing for a 128-sample window is 2.56s. The sampling rate
should be kept constant, as variations would change the collected signal pattern. Assuming a
window overlap of § (ranging from 0 to 1), tsgmpiing Can be expressed with the following

equation (20):
tsampling = 2.56 X (1-19) (20)

Sleep phase is the period of time between each activity recognition. Sleep phase is used to reduce
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energy consumption, since continuously running inference is unnecessary in real life scenarios.

Taking ty g as the total time needed to perform one complete activity recognition, tgeep is

tsleep = lyar — tlatency - tsampling (21)

where tgtency is calculated from (15) and tg.p is specific to application settings. The overall

energy consumption in mWh for a complete activity recognition cycle is the sum of the results of

(17)-(219):
Enar = Eing TEiqie + Eofr (22)

In a real-life setting, ongoing physical activity usually lasts for at least tens of seconds; therefore, a
time interval may be inserted between each recognition of activity, during which the device may

be turned off to extend battery life.

Table 3.5: Application settings for different scenarios:

Setting inference per min(ipm) tuar(s) Overlap (%) Lsampling (S)
s1 30 2 50 1.28
S2 10 6 50 1.28
S3 1 60 0 2.56

Three HAR application settings are proposed in Table 3.5. S1 assumes cases where continuous
activity recognition is required to ensure prompt and accurate inference. S2 makes a trade-off
between promptness and energy efficiency by inserting a few seconds of interval between
inferences; this should provide satisfactory results in most cases. S3 concerns scenarios in which
distant activity recognition is needed to determine user status, e.g., determining whether a user
has been in one position for a certain period of time. Given a standard coin battery capacity
Epqee = 100 mWh and using information from Tables 3.6 and 3.7, as well as results calculated
from (15) and (22), expected battery run-time is calculated as follows:

Ebattery (23)

t =
battery (ipmXx60)XEgaR

3.5.3. Memory Usage

TFlite models do not rely on dynamic memory allocation while running inference [35]. Rather, a
fixed RAM area called the Tensor Arena is allocated beforehand to store input and output tensors,

and any intermediate arrays. The overall memory usage of a TFlite model is the sum of the Tensor
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Arena’s memory and that of the model itself (ROM):
Overall Memory Usage = Tensor Arena Size(RAM) + TFlite Model Size(ROM) (24)

The size of a model could be directly observed on a PC. However, the size of the Tensor Arena
depends on both the TFlite model and the target device’s architecture, which makes providing a
quick and accurate estimation of memory needed for the Tensor Arena impossible. This project,
therefore, sets the Tensor Arena size to 100KB, which is big enough to accommodate all evaluated
models, and only takes the TFlite model size into consideration. This approach ensures that the

evaluation of smaller-sized models, which need less of the Tensor Arena’s memory, is not biased.

4. Result and Discussion
Confusion Matrix
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Figure 4.1: Confusion matrix for performance measurement of model L1F16

The results obtained during the implementation of models proposed in Table 3.2 of Section 3 are
given in this section. The models were evaluated both on PC and on Arduino board for different

aspects during different stage of implementation.
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4.1. Model Evaluation on PC

4.1.1. Classification Performance of Proposed Models

After the building and training process, a set of TensorFlow models were obtained using the
proposed architecture configurations in Table 3.2 of Section 3, which were measured using two
metrics: overall accuracy and F1 score. Confusion matrices were plotted for each of the proposed

models.

Figure 4.1 shows the 6x6 confusion matrix for model L1F16. The overall accuracy of the model was
shown at the right bottom cell and it was calculated using (11). The precision and recall of each
class were calculated using (12) and (13), and they were shown at the lowest row and right-most
column respectively. Then, the class-wise F1 score was computed using (14), and an average F1
score of the model was recorded in Table 4.1, which summarises the measurement results and the

size of TensorFlow models.

Table 4.1: Performance and memory usage of proposed models

Model Accuracy (%) F1 score Model Size (KB)
L1F16 84.93 0.849 319
L1F32 86.73 0.865 509
L2F16 90.46 0.904 224
L2F32 92.26 0.923 395
L3F16 90.19 0.901 283
L3F32 91.18 0.911 581
L4F16 85.65 0.856 358
L4F32 89.79 0.900 797

As shown in Table 4.1, there was no big discrepancies between overall accuracy and the F1 score
of each model, meaning that the models were robust, and the dataset was balanced. Thus, the
overall accuracy could be reliably used as the metric of performance evaluation in the remaining
part of project. For models with same number of layers, the model with a greater number of filters
had better performance and bigger size. For example, L2F32 outperformed L2F16 by 1.8% in
accuracy at the cost of an increased model size of 171KB. Generally, the models with two-layer

configuration performed better and used less memory, as Figure 4.2 suggested.
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Figure 4.2: No. of Layer vs Model Size vs Model Accuracy

To evaluate further the relationship between model size and performance of two-layer models,

three additional models, L2F8, L2F64 and L2F128 were trained and tested in addition to L2F16 and

L2F32.
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Figure 4.3: Effect of increasing number of filters per layer on model size

As shown in Figure 4.3, the increased complexity of a model enhanced model accuracy. However,
as filter numbers grew exponentially, the upward trend of accuracy decreased: from 32 to 64,
filters accuracy increased by 1.26% and model size increased by 606 KB, indicating that 100 KB
would bring about 0.2% of accuracy growth. However, from 64 to 128 filters, 100 KB of model size

growth only brought about a 0.025% accuracy increase. Since the two-layer models tested
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exhibited promising performance and there was a positive correlation between their performance

and size, they were brought to the next stage of implementation for further evaluation.

4.1.2. Effect of TensorFlow Lite Optimisation

TensorFlow Lite provides model optimization via conversion and quantisation. The two-layer
models were converted to the “.tflite’ format using the converter API, provided by TensorFlow Lite.
These TFlite models were then further optimised through quantisation techniques. The effects of
the conversion and quantisation were measured by testing the converted models. Model size and

accuracy are provided in Tables 4.2 and 4.3, respectively.

Table 4.2: Optimisation effects on the model size

TFlite Size Before No Quantisation Float16 Full integer Dynamic range

Model conversion (KB) Size (KB) Size (KB) Size (KB) Size (KB)
L2F8 174 13 10 8 7

L2F16 224 29 18 13 12

L2F32 395 86 47 27 26
L2F64 1001 297 155 83 78

L2F128 3358 1075 554 288 279

The conversion to the “.tflite’ format showed significant improvement for model size, especially for
smaller models. The size of L2F8 went from 174 KB to 13 KB, more than a 13x reduction. Less size
reduction was observed for more complex models like L2F64 and L2F128, which were reduced by
around 3x in size. The TFlite models were further compressed with quantisation techniques: TFlite
models were 1.3x to 1.9x smaller with float16 quantisation, 1.6x to 3.7x smaller with full integer
guantisation and 1.9x to 3.9x smaller with dynamic range quantisation. Notably, TFlite model size

was positively correlated to the effect of size reduction when applying quantisation.

Table 4.3: Optimisation effects on the model accuracy

TFlite  Accuracy Before = No Quantisation Floatl16 Full integer Dynamic range
Model conversion (%) Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%)
L2F8 84.09 84.09 84.09 82.97 83.85
L2F16 90.46 90.46 90.46 90.26 90.3
L2F32 92.26 92.26 92.26 92.26 92.3
L2F64 92.94 92.94 92.94 92.53 92.84
L2F128 93.52 93.52 93.52 93.45 93.59
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According to the results in Table 4.3, model accuracy was unchanged after conversion to TFlite
model and application of float16 quantisation, while insignificant accuracy loss was observed with
full integer and dynamic range quantisation. After being quantised with a full integer scheme, L2F8,
L2F16, L2F64 and L2F128 lost 1.12%, 0.2%, 0.41% and 0.07% accuracy, respectively. Dynamic
range quantisation caused accuracy losses of 0.24%, 0.16% and 0.1% to L2F8, L2F16 and L2F64,
respectively. Intriguingly, L2F32 and L2F128 gained small accuracy improvements (0.04% and

0.07%, respectively) after dynamic range quantisation.

4.2. Model Evaluation on Device

The TFlite models from the previous section, both quantised and non-quantised, were deployed
on Arduino Board for an on-device performance evaluation. Three key aspects of on-device

implementation were evaluated: accuracy, inference latency and energy consumption.

In terms of accuracy, the PC measurement results from the previous section should have remained
valid for any target device, assuming the correct implementation. After repeated accuracy
measurements on Arduino Board, the same inference results were returned. In contrast, a model’s
latency is dependent on the target device due to different computational speeds. Latency was
measured for TFlite models before and after quantisation. Only full integer quantisation was
supported for implementation on MCUs, as other quantisation schemes would cause the board to

crash. Results of latency measurements are shown in Table 4.4.

Table 4.4: Latency comparison between non-quantised and full integer-quantised models

TFlite Model No Quantisation Latency (ms) Full integer Latency (ms)
L2F8 82 14
L2F16 204 22
L2F32 569 46
L2F64 1782 122
L2F128 N/A 393

Only L2F8 had an average latency below 100 milliseconds, while the latency of the remaining
models far exceeded an acceptable range for real-time HAR applications. The effect of a full
integer quantisation on latency was significant, with the models’ average latency reduced by 5.9x
to 14.6x+. It was not possible to evaluate the latency reduction effect of L2F128, which was too

large to fit in the board without quantisation. High latency would invoke high energy consumption,
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which is not ideal for embedded devices. Therefore, only full integer-quantised models were
evaluated for energy consumption. Using (17), the estimated energy consumption of quantised

models was computed:

Table 4.5: Estimation of energy consumed by full integer-quantised models to run one inference

TFlite Model Eins (UWh)
L2F8 0.081
L2F16 0.127
L2F32 0.266
L2F64 0.705

L2F128 2.270

Einsis a critical indicator used to determine whether a specific neural network could be
reasonably implemented on embedded devices. Due to the low-power characteristic, embedded
devices exclude any power intensive application. Considering the three application settings
proposed in Table 3.5 of Section 3, the expected battery lifespan tj,g¢¢0r, could be calculated using

(23).

Table 4.6: Summary of estimated energy and expected battery run-time under different settings

TFlite Model Ebattery in S1 () Epattery in S2 () Ebattery in S3 (h)
L2F8 37 111 556
L2F16 36 108 547
L2F32 33 99 523
L2F64 26 78 460
L2F128 15 45 321

According to the results in Table 4.6, even L2F128, the most computationally intensive model,
would be able to run continuously on board for at least 15 hours in S1 setting, which implies that
the run-time of the recognition system would cover the most part of the day, without the need to
recharge or replace the battery. For many real-life applications, such as elderly monitoring, the S3
setting is the most reasonable choice. The best performing model, L2F32, was estimated to have

around three weeks of run-time.
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5. Discussion and Conclusion

5.1. General Discussion

The proposed models were successfully implemented and measured on the target device, and the
relationship between model performance and computational budget was evaluated. The state-of-
the-art optimisation techniques for embedded devices were applied to the models, and the effects
were assessed. These techniques exhibited promising effects on model speedup and size
reduction at the cost of minimal accuracy loss. These techniques would enable the deployment of
more complex and accurate network on low-power devices for fast and reliable on-device
inference. Moreover, the lightest model tested in this project was only 7 KB in size, and its
accuracy was 84.09%. This implies that the lightweight deep learning methods could be

implemented on devices with an extremely low computational resource.

Another contribution of this project is the evaluation of energy consumption at different
guantisation levels and neural network complexity was measured, using which an evaluation of
battery lifespan was done to approach real-life settings. The aim of this battery lifespan evaluation
was to offer guidance for future works, which might make use of the above evaluation procedures
as reference. The application settings could vary greatly depending on the real-world
requirements, and it was impossible to provide an exhaustive list of settings. Three representative
settings were proposed and evaluated. Results from the S1 setting demonstrated that complex
neural networks are now able to meet real-life requirements. On the other hand, results from the

S3 setting proved the practicability of neural network-based HAR solutions.

5.2. Conclusion

In this project, a review of literature was conducted to aid the selection of software tools and
hardware platform for on-device implementation. A set of CNN models of different complexities
were proposed, trained and tested on PC using TensorFlow. These models achieved performance
similar to previous works, with be best performing model obtained an overall accuracy of 93.52%.
The models were then converted to a memory efficient format to be integrated into the
embedded software developed using TensorFlow Lite. The converted models showed a size
reduction of 3x to 13x, and then were deployed on Arduino board. Then the models were further
optimised and measured. Overall, quantised models achieved latency reduction for up to 14.6x,

and size reduction for up to 3.9x. The overall performance of the tested models was discussed in
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the previous section, concluding that deep learning methods for HAR on MCU are highly

practicable.

5.3. Limitations and Future Works

This project was subject to several limitations. Firstly, the models were not trained using self-
collected data. As such, even if they displayed high accuracy on the chosen dataset, it is not
possible to perform human activity recognition using the on-device models, as the data collected
by the embedded sensor are strange for the model. This limited the possibility of testing the whole
HAR system in real-life settings. Secondly, TensorFLow Lite is still in phase of development, and

LSTM operators were not fully supported.

For future works, it is recommended to work on self-collected dataset so that the overall system
could be evaluated in a comprehensive manner. In addition, with the advances in unsupervised
learning algorithms, it might be worth to investigate what could be done using unsupervised

learning.
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7. Appendices

7.1. Appendix 1 - Code

All code used during this project can be found in the following GitHub repository:

https://github.com/laiweng/CNN on Arduino Nano

The repository contains: 1) Python code used to pre-process dataset, build, train and test model
on PC; 2) Scripts used to communicate with Arduino board via USB; 3) Embedded software

developed for Arduino board to run inference, return inference result and latency.

7.2. Appendix 2 — Covid19 statement

Ideally, a laboratory power analyser should be used to measure the electrical quantities required
for the energy evaluation. Unfortunately, due to the ongoing circumstance and export control, this
was not possible. Therefore, an alternative approach was to look at the product specification. This
document provided electrical specification for every possible scenario, which could be used in the
estimation. This approach of might not be very accurate, but it guarantees that the estimation will

not diverge too much from the true value.
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