B UCLouvain

Ecole polytechnique de Louvain

Low-cost edge computing using
upcycled smartphones

in collaboration with Swarn

Author: Corentin LIBERT

Supervisors: Peter VAN ROy, Tom BARBETTE
Readers: Jean-Brieuc FERON, Donatien SCHMITZ
Academic year 2023—-2024

Master [120] in Computer Science




Abstract

Smartphone users often replace their devices prematurely for newer models, contributing
to the growing issue of waste electrical and electronic equipment (WEEE). Repurposing
these devices to extend their life cycle by assigning them new roles can help mitigate
this problem. This thesis explores the feasibility of creating a cluster using upcycled
smartphones deployed with the K3S framework. We developed an image classification
application capable of handling HT'TP requests, utilizing the TensorFlow Lite and Crow
frameworks. The devices, operating system, and framework were adapted for compatibility.
Preliminary networking evaluations indicate that these devices can effectively be part
of a cluster across various networking mediums. Performance evaluations of the image
classification application running on this cluster indicate that performance scales effectively
up to a medium-specific threshold with Ethernet and Wi-Fi 5.0GHz, confirming that
upcycled devices are viable for a K3S cluster design aimed at low-cost edge computing.
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Chapter 1

Introduction

Smartphones have become essential for an ever-growing number of people, serving
various purposes such as communications, work, social media, entertainment and daily
activities. As they become more and more present, their performance also keeps improving.
Each smartphone generation comes with better capabilities and new functionalities, such
as better communication capabilities, more powerful CPU and GPU chips, cameras and
screens with better resolutions and always more sensors of various kinds. As a result,
current phones have nothing more to do with their ancestors limited to communication
purposes . Instead, they are now small embedded computers with strong wired and
wireless communication capabilities, as well as a broad range of sensing features.

Every year, phone manufacturer companies advertise new smartphone models. More
than mere communication tools, today’s smartphones are essential devices for everyday
life, fashion accessories, and, for some, even an addiction . Due to socio-economic
factors, people tend to replace their phones prematurely for more recent models or due to
a lack of software support , as shown by |Figure 1.1

Reasons
mmm \Vant latest phone model
mmm \Want latest software
B Existing phone not functioning

Figure 1.1: Reasons for smartphones replacement ]|

Even if they are still operational, those electrical and electronic equipment (EEE)
become waste electrical and electronic equipment (WEEE). As WEFEE is part of the waste
streams with the fastest growth , several ways to handle them exist, depending on the



state of the equipment.

Recycling is the most known one. Recycled devices will be dismantled to recover
various materials such as polymers, metals and precious metals |5], ceasing to exist. These
materials or components are then processed and reused for other purposes [6]. Recycling
is ultimately the final solution for totally broken or outdated devices, working ones, even
partially may have their life cycle extended through refurbishment and repurposing.

Refurbishment extends the device’s life cycle by giving it a new life for the same purpose.
If broken slightly, the device can be restored to a similar, the same or a better state than a
new unit [6]. When a device is refurbished, it retains its original purpose and functionality,
those of a smartphone. Refurbishment has its limits that can be at the physical level, the
device is too broken, at the software level, the device is outdated and lacks support, or
even at the psychological level, with psychological obsolescence and mental depreciation [7].

In this case, repurposing may still be a possibility. It extends the life cycle of the
device by giving it a different purpose than the previous. Repurposing has the advantage
of reusing devices for tasks where their eventual damages or outdated features don’t have
much importance.

In this master thesis, we focus on the repurposing of smartphones. Previous works have

already demonstrated some of the possibilities and capabilities of repurposed smartphones
in various application cases, as part of a cluster or not. For example, [8] demonstrates
the potential of repurposed smartphones for elementary school education, emphasizing
their multimedia capabilities which are argued to lead to better student achievement.
They show that their evaluated device, the HTC Nexus One, satisfies the requirements for
this use case, even after degradation due to previous utilisations. Focusing on the sensor
capabilities of smartphones, [9] shows the feasibility of using upcycled smartphones as such
for various campus application cases such as door indicators in real-time and a prediction
system, Wi-Fi signal detectors or GPS balizes in a shuttle monitoring system. On a more
scientific aspect, [10] proposes the utilization of LIDAR sensors from smartphone cameras
to determine physical fluid properties for both biomedical and rheology applications. Also
using the phone’s camera, [11] demonstrates the possibility of detecting photons and
muons, present in the air showers induced by ultra-high energy cosmic rays, using the
CMOS sensors of the smartphone’s cameras to observe such cosmic rays. By creating a
cluster using a large number of smartphones, they palliate the small size and low efficiency
of each sensor.
Previous works have shown the implementations and evaluations of clusters of recycled
smartphones or other kinds of embedded devices, such as Raspberry PI, for various common
application cases. Some focus on Al applications, such as the distributed training of
deep learning models using smartphones [12] or image processing inference for agriculture
purposes using Raspberry Pi |13]. Others discuss the use of such clusters for cloud
computing applications [14] [15] [16]. There is also some work on data management using
smartphone clusters [17].

This work focuses on the repurposing of smartphones in a cluster for low-cost edge
applications. With the fast development of the Internet of Things (IoT), the number of
smart devices and sensors is continually increasing. Placed on the edge of the network,



they collect local data that are then sent to data centers, owning the computing power,
to be processed. In some cases, results are then sent back to the edge to be displayed to
the user. However, the time needed for the transfer of the data and results may be too
long for some application requirements, such as real-time applications. Edge computing
appears as a solution to this problem, by deploying small-scale storage and computing
installations closer to the edge [1§].

In this work, we demonstrate the capabilities of repurposing smartphones as a low-cost
cluster that uses the TensorFlow Lite framework to perform image processing at the edge
of the network. The case study is inspired by smart surveillance cameras that can detect
what is happening in real time [19]. We’ve built two cluster variants, one using only
Fairphone 2, and the other using a Raspberry Pi 5 to manage the cluster. This work can
be composed of two important parts, the creation of the image processing application
using TensorFlow Flow that has been adapted to be compatible with our devices and the
creation of the cluster.

This master thesis was elaborated and made possible by Swarn, which provided all the
Fairphones 2.

Both the files required to set up the cluster and compile the TensorFlow Lite application,
as well as the scripts and notebooks used for performance evaluation, are available on the
GitHub repository, which can be found here:

https://github.com/CorentinLibert/Cluster-of-upcycled-smartphones

This manuscript is divided as follows:

Chapter |2} starts by giving background knowledges. It first goes deeper into some of
the previously listed related works that focus on repurposing smartphones as clusters. It
then describes the selected operating system (OS) and technologies for this work and why
those have been selected. It characterizes the devices that will be used in this project and
some adaptations that have been made.

Chapter |3} evaluates the networking performances of the devices that will be used in
the cluster, i.e. the smartphones and the Raspberry Pi 5. This evaluation is crucial as
networking capability is a key aspect of clustering performances.

Chapter [4; presents two designs and architectures of the cluster, one only composed
of smartphones, while the other uses a Raspberry Pi 5 for cluster management.

Chapter [5} presents an adapted version of the image classification example given by
TensorFlow Lite, to which HT'TP requests handling capabilities have been added.

Chapter [6} evaluates the performance of the TensorFlow Lite application, as well as
the scaling of those performances when the application is run on the cluster.


https://github.com/CorentinLibert/Cluster-of-upcycled-smartphones

Chapter [7; concludes this thesis by summarizing the work done. Some future works
ideas are also discussed.



Chapter 2

Background

This chapter gives some background information before going further. We begin by
reviewing a selection of relevant related works that appear to be most pertinent to
the direction chosen in this work. We then briefly describe the operating system and
frameworks that have been used for this project. Finally, we shortly describe and give
the specifications of every device, hardware and adapter that has been used to build the
cluster.

2.1 Related work

The idea of repurposing outdated or partially damaged smartphones is not recent. Previous
work has already proposed several approaches to reuse this kind of device for different
purposes. We can observe two kinds of approaches.

On one hand, some approach proposes using smartphones individually. It does not
mean that a smartphone may not be part of a larger system with other smartphones,
but rather that it is considered a self-sufficient component capable of performing its
role independently. For example [§] explores the potential of repurposed smartphones
for educational and academic purposes, demonstrating that outdated smartphones still
meet the requirements to be used by students. Through their multimedia capabilities,
they offer a new range of possibilities that classic educational materials cannot. [9]
proposes a different approach, focusing more on the sensor capabilities of the devices. This
work proposes several applications using the sensing capabilities of smartphone sensors
with a view to deployment on campus. In these applications, smartphones are used as
GPS beacons to monitor shuttles, Wi-Fi signal detectors in study areas or even as door
indicators to determine and monitor the availability of lab workspaces. In all these cases,
smartphones are considered full-fledged components of the system, which fully accomplish
their assigned mission.

On the other hand, some research proposes a different kind of approach, where
smartphones are used as part of a collective system. Here, a single smartphone may lack
the performance needed for specific tasks, so multiple smartphones are grouped together
in a cluster to enhance their combined performance. As this master thesis follows the
latter approach, we will concentrate on related works that also follow this method.



Cluster of smartphones for cloud purposes

[14] proposes to reuse discarded smartphones as an affordable cloud-computing alternative.
As they warn of the lack of support for end-of-life Android devices, Jennifer Switzer and al.
propose to replace the operating system with Ubuntu Touch, an Ubuntu open-source OS
designed for mobile devices [20], allowing the device to be considered as a simple Linux
machine. The design of their cluster consists of a phone bank, composed of repurposed
smartphones that are responsible for performing general computational tasks. A Raspberry
Pi is used to manage smartphones and to distribute the task among them. The cluster
used a custom-made management system implemented as a Python-based server running
on the Raspberry Pi. A corresponding management API working with HTTP requests
and socketIO events has been developed for device and job management inside the cluster.

In their next work |15], they confirm their previous work by focusing on the energy
consumption aspect of the cluster. They also improve their testing benchmark suite
with some general computing tasks, like image resizing or k-nearest neighbors (KNN)
classifier training. They conclude their work by reaffirming the viability of such a cluster
as a cost and energy-efficient alternative to Function-as-a-Service (FaaS) provider for
general-purpose tasks.

In their latest work [16], their main line of work was the environmental impact of their
cluster, specifically its carbon footprint. In particular, they developed a new ideal carbon
metric that could capture four points that they deemed as important. About the cluster
design, they explain how to transform discarded phones into a general-purpose computing
node, mainly by focusing on the cooling, networking and powering aspects. Finally, they
continue along the same lines as their previous works by proposing a cloudlet that they
compare in terms of performance, using the DeathStar benchmark suite, and in terms
of carbon footprint, with their ideal metric, to old servers and current cloud provider
solutions like AWS EC2 instances. They concluded that for some types of workloads, their
cluster is cheaper and more carbon-efficient than traditional servers.

Cluster of smartphones for AI purposes

[12] demonstrates the performance of a huge cluster of 138 Samsung Galaxy S10+ to
train deep neural networks. They kept the native Android OS of their devices. After a
preliminary analysis, they observed that Wi-Fi 5.0 GHz has a reduced communication
speed with the number of connected devices and that connecting more than 30 devices
resulted in a high rate of disconnection. Therefore they decided to connect phones to
three 48-port Ethernet switches, using muli-ports adapters supporting data transfer and a
supply of power.

They implemented a program based on OpenMPI, a message passing interface (MPI)
library, and Caffee, a deep learning library supporting OpenCL, to train deep neural
networks. They showed that their cluster performance was comparable to that of general-
purpose GPUs.

Instead of repurposed smartphones, [13] proposes to use a cluster made of Raspberry Pi
3 Model B to apply image processing to the field of agriculture. The design of their cluster
is rather simple. It consists of a four-node cluster, one head node and three workers,
connected to a public LAN through Ethernet. Raspberry operates under Raspian while
the cluster is based on the MPI concept.



2.2 Operating system and frameworks

In this section, we briefly describe the selected operating system (OS) and frameworks that
will be used in this project. We will also give some of their advantages and limitations.

2.2.1 postmarketOS

postmarketOS (pmOS) |21] is a free open-source operating system designed for smartphones
and other mobile devices [22]. Tt allows running a Linux distribution on smartphones with
a kernel as close as possible to the mainline Linux kernel, in comparison with Android
which has a downstream kernel with a lot of patches [23]. Based on the lightweight
distribution Alpine Linuz [24], postmarketOS tries to keep a minimal version, lightweight
and security-oriented. As Alpine Linux, postmarketOS is based on musl libc, a “lightweight,
fast, simple and free” implementation of the C standard library [25] and BusyBoz, a small
executable combining tiny versions of common UNIX utilities [26].

The biggest advantage of postmarketOS is that it can be easily modified, increasing
the ease of contributing to the project and making it evolve faster. Thanks to that,
postmarketOS now supports, at different levels, more than 250 devices. In comparison,
Ubuntu Touch [20] only support currently 26 devices. While most of the device ports are
still in the testing phase, which is the case for the devices used in this project, it still
allows the reuse of these devices to a certain point.

However, postmarketOS has also some disadvantages and limitations. The biggest one
is the lack of compatibility, which is the result of its desire to be lightweight and its design
based on Alpine Linux, using musl libc and BusyBox. While it has its advantages, musl
libc is not as popular as other implementations of the C standard library, such as glibc
[27]. Therefore to ensure compatibility, software and applications have to be compiled
against musl libc (and the corresponding architecture) into a package that can then be
installed. While most common Linux software has already a compiled package, it’s not
the case for all existing software and frameworks that may require still compilation, and
even adaptation to ensure compatibility, from the developer.

Another drawback is the lack of support for legacy versions. Alpine’s repository
generally contains only the latest stable versions of packages, making it difficult to use older
versions and sometimes leading to compatibility issues between packages. postmarketOS
itself also decreases the support for previous versions by forcing the installation of new
kernel versions once they have been upgraded. This makes it challenging, if not impossible,
to maintain multiple devices running the same Linux kernel version if it has been updated
between different flashing cycles.

2.2.2 TensorFlow Lite

TensorFlow [28] is a free end-to-end open-source machine learning platform developed
by Google. It can be used for a broad number of tasks but is specialized in the training
and inference of deep neural networks. Currently, like PyTorch, TensorFlow is one of the
most popular frameworks in ML. Mainly written in C++ and Python, it provides a stable
Python API, APIs without stability promises for C++, Java and JavaScirpt, as well
as community supported package for others languages. Since version 1.14, TensorFlow
only supports 64 bits systems, making 32 bits only able to run outdated versions of the
framework.



Fortunately, since a few years ago, a lightweight version of TensorFlow has made its
appearance, TensorFlow Lite [29]. Unlike the complete version of TensorFlow, the Lite
version only supports inference, using adapted versions of trained TensorFlow models.
TensorFlow Lite is designed for embedded devices, such as smartphones and Raspberry Pi,
which is compatible with both 32 bits and 64 bits systems. While some compiled packages
exist for common devices, like Raspberry Pi, TensorFlow Lite comes with building scripts
for a broad range of devices. It can be built for Android, i0S and other ARM devices such
as Raspberry Pi.

2.2.3 Crow

Crow is a lightweight micro-framework for the web written in C++. As it’s based on Flask,
a well-known similar framework written in Python, for its routing mechanism, it makes
it easy to use. Crow allows the creation of HI'TP and WebSocket web services with
ease. While particularly fast, Crow is still less known than other similar C++ or non-C++
frameworks that may offer a broader range of functionalities and support.

2.2.4 K3S

K3S is a lightweight certified Kubernetes distribution built for IoT & Edge computing.
It is perfect for edge and is optimized for ARM processors, including both ARM64 and
ARMv7. It is thus compatible with the ARMv7I processor of the Fairphone 2, as well as
the ARMG64 of the Raspberry Pi 5. K3S allows to create and manage a fleet of nodes on
which containerized applications can be deployed.

As for Kubernetes, machines, either physical or virtual, being part of the cluster are
called nodes. A node is assigned one of two possible roles, either it becomes a server
node or it becomes a agent nodes (called a worker node in Kubernetes). Server
nodes are responsible for the cluster management, i.e. manage other nodes, deployments,
services, etc., they have control-plane and datastore components managed by K3S. On
their part, agent nodes do not have such components and are designed to host pods that
run containers with some application. Pods are considered to be the smallest deployable
unit that we can create and manage. By default on K35, a server node also runs an
agent node, meaning that it can host pods running applications.

Compared to Kubernetes, K3S is simpler to install. It provides a single script available
online that can be run using a curl command. The script installs a K35 and configures a
server node on the device. Once installed, a token can be retrieved from the server node
and used as a flag to install K3S and configure an agent node that will join the cluster
through the server.

Once a cluster is set up, applications can deployed. A deployment manages a set of
pods that run containerized applications. They may be configured to run only on certain
nodes or not. K3S allows to rescale of a deployment by creating new pods or destroying
existing pods. A service can be linked to a set of pods, to offer networking service, for
example, load balancing.

One reason K3s is easy to use is its configuration; it includes default plugins that can
be replaced with others if needed. The four main plugins used are:

e Flannel, the container network interface (CNI).



Traefik, the Ingress controller and for routing the HTTP/HTTPS traffic to the

appropriate service with the cluster.

ServiceLB, as the load balancer for LoadBalancer service.

Containerd, as the container manager.

2.3 Machines and adapters specifications

In this section, we will list and give every technical specification relevant to this work of
all machines and adapters that will be part of the cluster. We will also briefly explain
their purpose and define some equivalent terms by which they will be called in the rest of
this document.

2.3.1 Fairphone 2

The Fairphone 2 is the second model of smartphone manufactured and released in 2015
by the Dutch company Fairphone [30]. With a more ecological approach, it is designed to
be modular, allowing for easy disassembly and replacement of defective parts.

The relevant technical specifications of the Fairphone 2 are the following [31]:

System-on-chip: Snapdragon 801, Qualcomm MSM8974AB-AB
CPU: Quad-Core 2.26 GHz Qualcomm

Processor architecture: armv7l

GPU: Qualcomm Adreno 330 GPU 578 MHz, 2 GB LPDDRS3
RAM: 2 GB LPDDR3

Flash storage: 32 GB eMMC5H

Connectivity:

— Wi-Fi: IEEE 802.11 b/g/n/ac, 2.4GHz and 5.0GHz, with 1x1 antenna
— USB port: USB Port: Micro-B 2.0 with OTG support

Battery and Power: Removable Battery Pack: 2420 mAh at 3.8V (9.2 Wh),
Lithium-Ion

This smartphone model is the one that will be used in this work as a reference to
demonstrate the possibility of repurposing upcycled smartphones.

In the rest of this document, the terms smartphone, Fairphone 2 and device may be
used equivalently.



Setup, configuration and power supply

Fairphones 2 used in this work have been provided by Swarn [32].

For convenience reasons, we kept most of the default configuration and adapted it
when needed. Therefore, the phones operate under postmarketOS, with version 6.9.1
of the Linux kernel. The postmarketOS port for this phone model is still a port under
testing developed by the community. Therefore, only a part of the device functionalities
are completely functional, while others are partial or not working at all [33].

We also used the provided adapters for the Ethernet connection of the phones. This is
done by plugging a micro-USB (male) to USB (female) adapter to the micro-USB port
of the Fairphone 2, then connecting it to a USB (male) to Ethernet (female) adapter.
An Ethernet cable can then connect the adapter to any device having an Ethernet port.
Figure 2.1| shows the setup on one smartphone.

Figure 2.1: Photo representing the micro-USB to Ethernet connection setup using two
adapters.

Note that the USB (male) to Ethernet (female) is only compatible with USB 2.0 and
is limited to 100 Mbit/s.

As the micro-USB port of the smartphones may be used for Ethernet communication,
some adjustments have been made to power the phone without using it. The solution
implemented by Swarn is to remove the phone’s battery and to connect the internal cable
of a USB cable to the battery connectors. A 3D printed support allows to keep the pins in
contact with the battery connectors. A hole has been made in the back cover to allow the
cable to pass. The other side of the cable is a USB (male) connector. The power supply

setup is represented in [Figure 2.2]

10



- YOURS TO OPEN,
YOURS TO KEEP

Figure 2.2: Photo representing the power supply adjustments made on the Fairphone 2.

2.3.2 Raspberry Pi 5

The Raspberry Pi 5 is the last model of Raspberry released on October 2023. Well-known,
Raspberry Pis are small embedded computers at a relatively low price. It is designed for a
large range of tasks, such as smart home automation, loT applications, low-power servers,

The relevant technical specifications of the Raspberry Pi 5 are the following [34]:

o Processor: Broadcom BCM2712 2.4GHz quad-core 64-bit Arm Cortex-A76 CPU,
with Cryptographic Extension, 512KB per-core L2 caches, and a 2MB shared L3
cache

« GPU: VideoCore VII GPU, supporting OpenGL ES 3.1, Vulkan 1.2
« RAM: 8 GB LPDDR4X-4267 SDRAM

« Storage: 128 GB micro SD card, U3 (UHS Speed Class), V30 (Video Speed Class),
A2 (Application Performance Class)

o Connectivity:

— Wi-Fi: IEEE Dual-band 802.11 b/g/n/ac Wi-Fi (2.4GHz and 5.0GHz), with

1x1 antenna

— Ethernet: Gigabit Ethernet, with PoE+4 support (requires separate PoE+
HAT)

— USB: 2 x USB 3.0 ports, supporting simultaneous 5Gbps operation; 2 x USB
2.0 ports

« Battery and Power: 5V/5A DC power via USB-C, with Power Delivery support

11



In this work, the Raspberry Pi 5 operates under Debian GNU/Linux 12 (bookworm)
OS with the Linux kernel version 6.6.31-v8-16k+.

This model of Raspberry has better specifications than the Fairphone 2, more precisely,
it has an Ethernet port, four times more RAM and a more performant CPU. Its purpose
is to be used as a server node of the cluster, where the Fairphone 2 may be lacking in
performance. As we only have a single smartphone model available for this work, we can
see the Raspberry Pi 5 as a temporary necessity that could be replaced by a more recent
smartphone model later.

In the rest of this document, the terms Raspberry Pi 5 and device may be used
equivalently.

2.3.3 Mikrotik cAP ac

The Mikrotik cAP ac is a powerful wireless access point with routing capability manufac-
tured by Mikrotik [35]. It supports dual-band wireless radio for both 2.4GHz and 5.0GHz,
with support for 802.11b/g/n protocols and 802.11a/n/ac protocols. Therefore, the Wi-Fi
2.4GHz is of the Wi-Fi 4 generation while Wi-Fi 5.0GHz is of the Wi-Fi 5 generation.

It also possesses two Ethernet ports with 10/100/1000 support. The power is supplied
through one of the Ethernet ports.

In the rest of this document, the terms Mikrotik cAP ac and router may be used
equivalently.

2.3.4 HP 2530-48G J9775A Switch

The HP 2530-48G J9775A Switch is a layer 2 switch with 48 ports manufactured by HP.
Each port has 10/100/1000 support.

In the rest of this document, the terms HP 2530-48G J9775A Switch and switch may
be used equivalently.

2.3.5 HP Probook 450 G6

The HP Probook 450 G6 is a laptop manufactured by HP. The relevant technical specifi-
cations of the model used are the following [36]:

e Processor: Intel Core i5-8265U processor. 1.6 GHz base frequency, up to 3.9 GHz
with Intel Turbo Boost Technology. 6 MB L3 cache and 4 cores

« GPU: Intel UHD Graphics 620
« RAM: 2 x 16 GB SODIMM DDR4 Synchronous 2667 MHz
o Connectivity:

— Wireless LAN (WLAN):

* Intel Dual Band Wireless-AC 9560 802.11ac (2x2) WLAN and Bluetooth
5 Combo, non-vPro

* Realtek RTL8821CE 802.11ac (1x1) WLAN and Bluetooth 4.2 Combo
« Realtek RTL8822BE 802.11ac (2x2) WLAN and Bluetooth 4.2 Combo

— Ethernet: Realtek RTL8111HSH-CG 10/100/1000 GbE NIC

12



In this work, this laptop will act as a server. Therefore, in the rest of this document,
the terms HP Probook 450 G6, laptop and server may be used equivalently.
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Chapter 3

Preliminary network evaluation

In this chapter, we will show and analyze the results of several networking experiments that
have been performed to determine the global networking capabilities of the devices that will
be used in the cluster, i.e. Fairphone 2 and Raspberry Pi 5. The network communication
capabilities are a key component in a cluster, which is based on communication between
nodes. Therefore performing a preliminary analysis of the devices that will be part of
it is a necessity and will allow us to better analyze further evaluations of the cluster
performance. The rest of this chapter is sctuctured as follows. First, we present the
metrics on which we will focus during the experiments. We then describe the measurement
scripts and the default settings common to both experiments. Afterward, we describe
each experiment, explaining their purpose, showing their respective topology setup and
giving the results of it and their interpretation. Finally, we give a short conclusion of the
networking capabilities of smartphones based on the analyzed results of both experiments.

3.1 Experiment metrics

In the following experiments, we are interested in the bandwidth, more particularly the
goodput, and the latency:

o Goodput: The goodput corresponds to the average amount of data correctly trans-
mitted per unit of time on the application-level of a network communication. In
contrast to the throughput, goodput only takes into account useful data for the
application, excluding things like protocol overhead, retransmission of packets due
to loss, and other layer control messages. The higher the goodput, the better. As
we work with devices that have common to poor networking performance, the unit
of measure will be Mbit/s. Through this measure, we aim to determine how much
data our device will later be able to send in the cluster. We determined the good-
put of communications using the software iperf3 [37] that creates a client-server
communication between two devices and measures its goodput.

o Latency: The latency of a network communication corresponds to the time taken
for data packets to travel from one place to another. It is a synonym for the delay
of the transmission. The lower the latency, the better. We use milliseconds (ms)
as the unit for the latency. Through this measure, we aim to analyze the average
delay of communications between the devices that will later compose the cluster.
We determine the latency using the command ping [38].
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3.2 Testbed

We’ve performed two experiments to determine the previously defined network capabilities
of the devices over several networking mediums. This section describes the measurement
script and default settings that are common to both experiments. As the topologies
are different for each experiment, they will be described in their respective experiment
sections.

3.2.1 Measurement scripts

We implemented two bash scripts that allow us to perform goodput and latency measure-
ments respectively, on several remote devices and at the same time. Both scripts consist
of creating a remote workspace on the given devices through SSH, performing the measure
and then retrieving the results to the host machine with the scp command.

The goodput script performs measurements by setting up client-server communication
between pairs of sender-receiver devices, given as arguments, using iperf3. The script’s
arguments allow the configuration of the duration of the iperf3 communication, as well
as the number of first results that should be omitted.

The latency script works with the ping command, pinging from the sender device
to the receiver device. Furthermore, the latency script allows the simulation of network
traffic between the pairs of devices using iperf3. Similarly to the goodput script, the
latency script arguments allow to determine the number of measures taken by the ping
command, with an interval of one second between pings, as well as the number of first
results that should be omitted.

3.2.2 Terms definitions and default settings

Both experiments use the same machines and adapters to form their topology. Hereby,
we remind you of some equivalent terms for each machine used in the rest of this chapter.
These have already been defined in where their relevant specifications were

also given.

« Device: corresponds to either Fairphone 2 or Raspberry Pi 5 (or both).

Server: corresponds to the HP Probook 450 G6 that will acts as one.
o Switch: corresponds to the HP 2530-48G J9775A Switch.

« Router: corresponds to the Mikrotik cAP AC.

Each experiment measures the goodput and latency performance over the commu-
nication(s) in both ways, over several networking mediums, using the scripts described
previously. The selected networking mediums and their configuration are the following:

o Wi-Fi 2.4GHz: The wireless medium Wi-Fi 2.4GHz with 20/40MHz channel width,
only authorizing the Wi-Fi protocol 802.11n (Wi-Fi 4).

« Wi-Fi 5.0GHz: The wireless medium Wi-Fi 5.0GHz with 20/40/80MHz channel
width, only authorizing the Wi-Fi protocol 802.11ac (Wi-Fi 5).
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o Ethernet: The wired medium Ethernet. Note that adapters are used to adapt the
micro-USB port of the smartphones to the Ethernet port of the switch.

Each run of the goodput or latency script lasts for 15 seconds. The interval between
measures is one second, resulting in a total of 15 measures per run. The 5-first results of
each run, corresponding to the connection setup time, are omitted.

3.3 Experiment 1: Maximal networking performance
of the devices

In this experiment, we aim to determine the maximal networking performance, i.e. goodput
and latency, that are reachable by each device, i.e. Fairphone 2 and Raspberry Pi 5,
on the selected networking mediums. Knowing such performance is crucial for further
experiments and analysis.

The experiment consists of measuring the goodput and the latency between the
measured device and the server, over each medium. These measures are done both ways,
i.e. with the device being the sender and then the receiver.

We measure the performance between the device and a server because our router does
not allow us to easily measure the good output between itself and the device. However,
to minimize the impact of the transmission between the router and the server, we directly
connected the latter to the router through an Ethernet cable. Therefore, as this part of the
transmission is estimated negligible, we’ve decided to take it as part of the performance
of the measured devices.

Topology
The topology for this experiment is shown in

\ Wi-Fi Setup
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Wi-Fi Ethernet
Device Router with access point Server
Ethernet Setup
O
R =3 =)
—>
Ethernet l:l I:I C] ‘:\ Ethernet - Ethernet —

7 7 _

Device Switch Router Server

Figure 3.1: Experimental wired and wireless setups to determine maximal networking
performance of measured devices, over different networking mediums.

The topology varies depending on whether the medium is wireless or wired. In both
cases, the server is directly connected to the router via an Ethernet connection. Given
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that Ethernet offers significantly better performance compared to other mediums, and
based on the hardware specifications of the devices in the topology, we assume that the
communication between the router and the server has a negligible impact. We also assume
that no machines in the topology, other than the devices being tested, would act as a
bottleneck in the measurements.

For the wireless topology variant, the device is directly connected to the router through
the access point of the latter. For the wired topology variant, the device is connected to
the switch, connected to the router, through Ethernet. The adapters ensure compatibility
between the micro-USB port of the Fairphone 2 and the Ethernet port of the switch (see
Section 23.1).

Based on their specifications (as seen in , neither the router, the switch
nor the server should act as a bottleneck and therefore should not limit the performance
of the measured devices.

Results and interpretation

We will now present and analyze the maximal network performance of the devices for each
medium. We will regroup the results by goodput and latency. We will do a per-medium
analysis before ending by giving a small conclusion on the results of this experiment.

Goodput

Starting with the wireless medium, shows the results of the goodput for Wi-Fi
2.4GHz.
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(Receiver) (Sender) (Receiver) (Sender)
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Figure 3.2: Maximal goodput for Fairphone 2 and Raspberry Pi 5 over Wi-Fi 2.4GHz
with 20/40MHz channel width using the 802.11n protocol.

The first observation is that the Fairphone 2 outperforms the Raspberry Pi 5. The
latter being more recent than the smartphone, we would’ve expected better performance
from the it. After more analysis, the reason is that the Raspberry Pi 5 does not support
40MHz channel width for Wi-Fi 2.4GHz. This issue was already reported on previous
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Raspberry Pi versions . More precisely, since the chip is compatible with 40MHz,
it seems to be a problem with firmware, not allowing channel bonding.

We also observe that the goodput is quite stable, with still some outliers due to the
wireless nature of the medium. Both devices seem to perform a little better when sending
than receiving.

For Wi-Fi 5.0Ghz, we can see on that the Raspberry Pi 5 outperforms the
Fairphone 2, as we would expect.
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Figure 3.3: Maximal goodput for Fairphone 2 and Raspberry Pi 5 over Wi-Fi 5.0GHz
with 20/40/80MHz channel width using the 802.11ac protocol.

As for Wi-Fi 2.4GHz, the goodput of the Raspberry Pi 5 is still slightly better when
sending than when receiving. However, this is not the case for the Fairphone 2 whose
goodput is around 100 Mbit /s higher when receiving than when sending. We explain this
difference by the age of the device and suppose that it is a manufacturer device design
since smartphones are more likely to receive than send on Wi-Fi. While the goodput
difference is particularly visible between senders, both devices perform similarly when
receiving. The goodput is also quite stable, with still some outliers, as for the Wi-Fi
2.4GHz.

Finally, for Ethernet, we observe an important difference in goodput between both

devices, as shown in [Figure 3.4l Note the broken y-axis on the figure.
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Figure 3.4: Maximal goodput for Fairphone 2 and Raspberry Pi 5 over Ethernet. Micro-
USB to Ethernet adapters have been used for Fairphone 2.

While the Raspberry Pi 5 nearly achieves 1 Gbit/s, with around 940 Mbit /s for both
sending and receiving, the Fairphone 2 does not exceed 100 Mbit/s in either direction.
This disparity can be attributed to the hardware differences: the Raspberry Pi 5 has a
built-in Ethernet port, while the Fairphone 2 relies on a micro-USB 2.0 Type B connection.
The theoretical maximum throughput of USB 2.0 is 480 Mbit/s, but in practice, this is
much lower and depends on the quality of the USB cable used.

Additional measurements indicated that when connecting the smartphone directly
to the server via Ethernet over USB, without a router, we achieved 175 Mbit/s for
sending and 140 Mbit /s for receiving. The difference in performance with the values in
are explained by the USB-Ethernet adapter that limits the throughput to 100
Mbit /s (see . Consequently, the goodput was lower than the theoretical
throughput. Compared to the wireless mediums, the Ethernet medium has even more
stability. However, some outliers are still present and some random disconnections from
the medium were rarely observed.

Latency

Starting again with the wireless mediums, [Figure 3.5/ and |[Figure 3.6/ show the latency for
Wi-Fi 2.4GHz and Wi-Fi 5.0GHz respectively.
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Figure 3.5: Maximal latency for Fairphone 2 and Raspberry Pi 5 over Wi-Fi 2.4GHz with
20/40MHz channel width using the 802.11n protocol.
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Figure 3.6: Maximal latency for Fairphone 2 and Raspberry Pi 5 over Wi-Fi 5.0GHz with
20/40/80MHz channel width using the 802.11ac protocol.

Both results are quite similar. We observe that the Fairphone 2 has a quite low
latency of less than one millisecond, for both sending and receiving, while the latency of
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the Raspberry Pi 5 is greater, near the four milliseconds. These results show that the
Fairphone 2 may be a better choice for applications requiring a shorter response time.
While the variance of the results is low, we still observe some outliers that can be explained
by interferences, common in wireless mediums.

shows that the Ethernet medium gives different results.
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Figure 3.7: Maximal latency for Fairphone 2 and Raspberry Pi 5 over Ethernet. Micro-
USB to Ethernet adapters have been used for Fairphone 2.

In comparison with the wireless mediums, for the Ethernet medium, the Raspberry Pi
5 outperforms the Fairphone 2. While the latter has a latency slightly lower than before,
around 0.4 to 0.5 milliseconds, the Raspberry drops from around four milliseconds to less
than 0.2 milliseconds. Globally latency is stable with few outliers, which is common for
wired mediums.

Conclusion

These results demonstrate that the wireless networking performance of old smartphones
may be comparable to or even better than those of more recent embedded devices, be it
in latency or goodput. While behind sometimes, smartphones still are a viable alternative
from a networking point of view for IoT applications.

In the case of wired networking performance, Fairphone 2 is not a match at all for
Raspberry Pi 5. While the difference is small when looking at the latency, the difference
in goodput is way too important. Fairphone 2 may still be an interesting option for IoT
applications with a low amount of data transferred. However, it is important to note that
the current performance is limited by both the adapters and the maximal throughput of
the USB 2.0 standards. With better adapters, not limited to 100 Mbit/s, and smartphones
supporting the USB 3.0 standard, with a maximal theoretical throughput of about 1
Gbit/s, we may reach similar wired networking performance to the Raspberry Pi 5.
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3.4 Experiment 2: Evolution of the networking per-
formance of the devices for an increasing number
of devices

In this experiment, we observe the evolution of the networking performance of devices
between them for an increasing number of active devices connected to the medium. By
active devices we mean a device that sends data to or receives data from a connection with
another device. We limit the number of connections to one by device, where it is either
the sender or the receiver. We start the experiment with two devices, with one connection
between them, to end with 16 active devices, with a total of 8 connections. We increase
the number of active devices by two so that the number of connections increases by one.

The final purpose of this experiment is to determine how the performance of the
communication between devices evolves when their number increase, in the prevision of
them being part of a cluster later. Therefore, we analyze three types of communication
that would be present in it:

o From Fairphone 2 (sender) to Fairphone 2 (receiver)
« From Fairphone 2 (sender) to Raspberry Pi 5 (receiver)

« From Raspberry Pi 5 (sender) to Fairphone 2 (receiver)

For the latency, we’ve performed two variants of the experiment. The first one is the
classic one, we measure the latency between active devices that are having a workload
generated by iperf3. In the second one, the latency is measured with idle devices, which
are devices connected to the medium but without any workload being generated. Each
variation of this experiment has its purpose. While the first one shows latency when
we simulate a working cluster, the second one demonstrates the possible impact on the
latency of the number of idle devices simply connected to the same medium.

Topology
The topology for this experiment is shown in
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Figure 3.8: Experimental wired and wireless setups to determine the evolution of net-
working performance of devices for an increasing number of connected devices with active
connections, over different networking mediums.

As for the first experiment, depending on whether the medium is wireless or not the
topology differs. The topology’s variants are similar to the ones of the first experiment,
except for the server that is not used and thus present anymore. Notice in the figure that
annotations between devices were added. These represent the connections created during
the experiment, at the transport layer level, between pairs of sender-receiver devices.

Results and interpretation

We will now present and analyze the networking performance of the devices for an
increasing number of them, for each medium. Results will be regrouped by goodput and
latency and we will do a per-medium analysis. We then terminate with a small conclusive
interpretation of the results.

Goodput

The goodput for wireless medium decreases with an increasing number of active devices
connected to the medium. |Figure 3.9| and [Figure 3.10] have a similar a similar hyperbolic
curve form.
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Figure 3.9: Evolution of the goodput per connection between different pairs of active
devices for an increasing number of active devices, with a single connection between two
active devices, over Wi-Fi 2.4GHz with 20/40 channel width using the 802.11n protocol.
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Figure 3.10: Evolution of the goodput per connection between different pairs of active
devices for an increasing number of active devices, with a single connection between
two active devices, over Wi-Fi 5.0GHz with 20/40/80 channel width using the 802.11ac

protocol.

We observe that with the increase of active devices, and thus of connections, the
goodput per connection decreases with the following behavior:

maximal__goodput

goodput__per__connection < -
2 x number__of connection
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where:

o maximal__goodput corresponds to the mean between the maximal goodput of the
sender and the maximal goodput of the receiver.

o number_of_connection corresponds to the total number of corrections, i.e. half of
the number of active devices connected to the medium.

The maximal goodput is divided by two since one connection corresponds to 2 devices
connected to the medium, one has to send, and the other has to receive. The goodput per
connection is less than the computed value because the latter does not take into account
things like retransmission or the increasing number of guard intervals.

Each box on the figure represents the aggregation of the measures taken on each
connection with the same endpoints. Therefore, the variance and outliers are more than
variations of the goodput along the same connection, it also corresponds to unequal
division of the total goodput across connections.

For the Ethernet medium, the goodput per connection is much more stable with the

increase of active devices, as shown on [Figure 3.11]
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Figure 3.11: Evolution of the goodput per connection between different pairs of active
devices for an increasing number of active devices, with a single connection between
two active devices, over Ethernet. Micro-USB to Ethernet adapters have been used for
Fairphone 2.

Depending on the connection endpoints, the goodput per connection varies between
80 and 95 Mbit/s, and stays the same with the increase in connected active devices. This
is explained by the fact that for Ethernet, unlike for Wi-Fi, all devices can transmit at
the same time. The only limitations are the maximal throughput of the Ethernet cable,
around 40 Gbit/s, the maximal throughput of the switch’s ports, around 1 Gbit/s, and
the maximal throughput of the router’s port, around 1 Gbit/s, and its processing speed.
In the worst case in our experiment, the cumulated goodput would be 760 Mbit/s (= 95
Mbit/s x 8), far from the 1 Gbit/s. Finally, the goodput is equally distributed between
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the connections. We still observe some outliers which can be considered measurement
errors.

Latency

We will first analyze the latency results without workload, i.e. with idle devices, then the
ones with the workload, i.e. with active devices.

show the latency per connection over Wi-Fi 2.4GHz.
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Figure 3.12: Evolution of the latency per connection between different pairs of idle devices
for an increasing number of idle devices over Wi-Fi 2.4GHz with 20/40 channel width
using the 802.11n protocol.

While the latency per connection stays globally constant with the number of idle
devices, we still observe an increasing number of outliers that are always more distant
from the median value. This is the result of a higher level of contention between the
devices, increasing the latency. Moreover, Wi-Fi 2.4GHz is known to have a low number of
frequencies, from 2401 to 2484 MHz, divided into 14 channels of 20MHz width spaced every
5MHz. There is thus overlapping between channels. As the Wi-Fi 2.4GHz frequencies are
overcrowded, it is globally accepted that using channels 1, 6 and 11, that do not overlap,
leads to less interference between different Wi-Fi. However, in our case, to increase
the throughput we have bonded together two channels, leading to more possibilities of

interference with other devices and Wi-Fi.
The latency results for Wi-Fi 5.0GHz are similar, as shown on
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Figure 3.13: Evolution of the latency per connection between different pairs of idle devices
for an increasing number of idle devices over Wi-Fi 5.0GHz with 20/40/80 channel width
using the 802.11ac protocol.

In contrast with Wi-Fi 2.4GHz, outliers appear later, when 10 idle devices or more are
connected. We also observe some extreme outliers for connections between Fairphone 2
and Raspberry Pi.

Without surprise, shows that for the Ethernet medium, the latency is way
more stable and with fewer outliers. It also stays constant with the number of idle devices
connected.
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Figure 3.14: Evolution of the latency per connection between different pairs of idle devices
for an increasing number of idle devices over Ethernet. Micro-USB to Ethernet adapters
have been used for Fairphone 2.

When adding workload between devices, we globally observe an important increase in
latency. This is an expected result since the contention and retransmissions will increase
when devices become active, i.e. transmit data.

[Figure 3.15| and [Figure 3.16| show that this increase in latency is even more visible
for wireless mediums. For both of them, the latency has passed from 2 5 milliseconds to
around 250 milliseconds or more. The global behavior shows that with the increase in
connections, the latency increases even more and that more outliers appear. We can notice
that most extreme outliers are present on connections between Fairphone 2, showing that
they are less robust in environments with higher traffic and interferences. Moreover, Wi-Fi
5.0 counts more and higher outliers than Wi-Fi 2.4, which was not expected as Wi-Fi 5.0
should be more stable. We explain this behavior by the fact that the Fairphone 2 chipset,
or its firmware, may not be as performant as the recent chipset when more interference
is present. Furthermore, some strange behavior was observed on the Fairphone 2 when
connected to Wi-Fi 5.0, such as disconnections or very slow connection of less than one
Mbit /s.
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Figure 3.15: Evolution of the latency per connection between different pairs of active
devices for an increasing number of active devices over Wi-Fi 2.4GHz with 20/40 channel
width using the 802.11n protocol.
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Figure 3.16: Evolution of the latency per connection between different pairs of active

devices for an increasing number of active devices over Wi-Fi 5.0GHz with 20/40/80
channel width using the 802.11ac protocol.

Finally, for the Ethernet medium with the workload, shows a less important

increase in latency than for wireless mediums.
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Figure 3.17: Evolution of the latency per connection between different pairs of active
devices for an increasing number of active devices over Ethernet. Micro-USB to Ethernet
adapters have been used for Fairphone 2.

We can also notice a clear increase in latency when the Raspberry Pi 5 is the sender.
This is explained by the fact that the Raspberry Pi 5 sends data way faster than the
Fairphone 2 is capable of receiving, leading to more contention and an increase in latency.

Conclusion

This experiment demonstrates that the network performance of the devices is way more
sensible to the increase of connected devices, whether active or inactive, over wireless
mediums than over wired mediums. The goodput per connection becomes extremely
reduced and the latency becomes higher, less stable and shows large peaks occurring at
random.

In comparison, the wired medium didn’t show any loss of goodput and only a moderate
increase in latency, compared to wireless mediums, which stay stable. However, these
results were only possible because the hardware limits of the devices composing the
experimental setup were not reached during the experiment.

3.5 Conclusion

This preliminary network evaluation shows that old smartphones, such as the Fairphone 2,
have enough networking capabilities to be reused for IoT applications or cluster applications.
They can compete with other recent embedded devices, such as the Raspberry Pi 5, over
wireless mediums such as Wi-Fi 2.4GHz and Wi-Fi 5.0GHz. However, they are not as
performant as them over Ethernet, mainly due to the use of outdated technologies like
USB 2.0 which has been replaced by USB 3.0, offering better performance. By using the
correct adapters, it may still be a viable alternative for applications that do not require
significant data transmission.
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Increasing the number of devices and connections results in an important diminution
of the per-connection performance over wireless mediums; the goodput is significantly
reduced while the latency greatly increases, becomes less stable and shows random peaks.
Furthermore, disconnections and slow connections of less than one Mbit/s were randomly
observed, in particular for Wi-Fi 5.0GHz. The latter may have been resolved with more
recent technologies. Over the Ethernet medium, devices have kept the same goodput, but
their latency has increased, moderately in comparison with wireless mediums. However,
the Ethernet results must be treated with caution, as the hardware limits of the equipment
have not been reached. A similar behavior as the one for wireless medium could have
been observed if it had been the case.

Finally, we've observed differences in goodput and latency depending on the connection
endpoints and the medium used. These are the results of differences in goodput and
latency between the Fairphone 2 and the Raspberry Pi 5 depending on the networking
mediums. This could have an impact on the cluster, depending on its architecture.
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Chapter 4

The cluster

This chapter is about the cluster design and architecture. We’ve designed and built two
variations of the cluster, one using only Fairphone 2 while the other uses a restrained
number of Raspberry Pi 5 for key roles in the cluster. The chapter is structured as follows.
First, we start by talking about K3, its requirements and the limitations encountered.
We then give a preliminary analysis of the impact of running it on the devices. Finally,
we describe the two variations of the cluster, their topology and how they are configured.

4.1 Devices setup

Before creating the cluster, the first step is to set up and configure the devices that will
be part of it. Two kinds of devices will be used, the Fairphone 2 and the Raspberry Pi 5.
PostmarketOS offers a community port under testing adapted for Fairphone 2 but only
allowing partial functionalities of the device. Therefore the smartphones operate under a
postmarket0S edge image with the Linux kernel version 6.9.1. Furthermore, we had
to recompile the given kernel to add the Multiple port match support kernel module,
the reasons for this are discussed in the next section. For Raspberry Pi 5, we opt for the
Debian GNU/Linux 12 (bookworm) with the Linux kernel version 6.6.31-v8-16k+.

For the networking part, we have deactivated the firewalls on each device to avoid
messing with the K3S framework. As we kept the project in a development and testing
phase, this simplification could be done. For a deployment, the firewall should be activated
and adapted.

Furthermore, as discussed in [chapter 3| we ensure that the powersave mode for the
Wi-Fi was disabled, ensuring better Wi-Fi performance.

To power the smartphone, we removed the battery and connected the pin of it to a
USB cable. The phones being powered through the battery pin allows the micro-USB port
to stay available for an Ethernet connection. This avoids the need for a USB-Ethernet
adapter with powering.

4.2 K3S on devices

In this work, we use the K3S to build the cluster of smartphones. While being a lightweight
version of Kubernetes, the framework still has some kernel and hardware requirements
that should be met. In this section, we will discuss such requirements and how they apply
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to our devices. We will also analyze the impact it has on each device, depending on its
role in the cluster, i.e. server or agent.

Kernel requirements

K3S depends on several optional and mandatory kernel modules to run correctly. The
Multiple port match support [41] is a mandatory kernel module to K3S, required for
Traefik and ServicelLB to run. This module allows writing rules where TCP or UDP
packets are matched based on a series of source or destination ports instead of a single
one. However, this kernel module was not part of the Linux kernel provided in the
postmarketOS port of the Fairphone 2.

Fortunately, postmarketOS allows us to easily change the kernel configuration to add
a missing module and rebuild the kernel. The missing module was therefore added to the
smartphone.

This issue highlights that compatibility is not ensured between the OS and frameworks,
indicating that modifications and adaptations may be necessary to meet our needs.

Hardware requirements

The hardware requirements to run K3S are not too restrictive. For a small cluster of some
nodes, it is recommended to have at least a two-core CPU and 1 GB RAM. However, for
bigger or high-availability clusters, the minimum CPU and memory requirements increase

as shown in [Table 4.1]

Deployment Size | Nodes | VCPUS | RAM
Small Up to 10 2 4 GB
Medium Up to 100 4 8 GB
Large Up to 250 8 16 GB
X-Large Up to 500 16 32 GB
XX-Large 500+ 32 64 GB

Table 4.1: K3S minimal CPU and memory requirements for server nodes depending on
the size of the cluster [42].

If a Fairphone 2, which only has 2 GB of memory, is used as the server node, the
cluster should not be able to reach a size of 10 nodes. This is an important theoretical
limitation of K3S in our case, as we are limited to the Fairphone 2 phone model in this
work. To solve this limitation, we use Raspberry Pi 5, with 8 GB of memory, to replace
Fairphone 2 in the role of the server node. Doing so should allow us to reach a cluster
of medium size, with around 100 nodes. Even if not an upcycled device, the Raspberry
Pi 5 can be considered a substitute for more recent upcycled smartphones with higher
specifications.

For agent nodes, Fairphones 2 are used in both variants.

4.3 Cluster design

Let’s now deep into the cluster design. We've designed two variants of the cluster, one
is using a Fairphone 2 as server node, while the other is using a Raspberry Pi 5. Both
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variants only use Fairphone 2 as agent nodes. In this section, we will give the cluster
architecture, explaining how the nodes are connected. We then give the details on the
K3S configuration used to deploy our application on the cluster.

4.3.1 Architecture

Due to the low computing power of the Fairphone 2, we assume that a cluster with
this smartphone model wouldn’t be adapted for applications with too high requirements.
Therefore, we opt for a simple cluster architecture, without multiple server nodes that
would ensure high availability, nor internal or external databases.

Unlike Kubernetes, K35 comes with a set of default services that can or not be replaced
by others if desired. In this work, we kept all default services, that are:

 Flannel as the container network interface (CNI).

o Traefik as the Ingress controller and for routing the HTTP/HTTPS traffic to the
appropriate service with the cluster.

e ServiceLB as the load balancer for LoadBalancer service.
o Containerd as the container manager.

As we do not implement a high-availability cluster, a single server node is needed.
Agents node, connected to the same networking medium, join the cluster through the
server. The routing between devices is managed by an external router while routing inside
the cluster is managed by the server node (and then by the external router).

The represents the architecture used for this cluster, without any device
needed for network communications such as the router or the switch.

K3S Agents
(Workers)

——>| Agent Node

Application Legend
K3S Server
K3S Node
Server Node [ ) r
SoerTeTE e
Control Plane o ‘ Load Balancer o Abstraction
K3S Admin [ J External

Traffic of K3S pods

Traffic

| AgentNode source

o [|[]

Application

Y
Application running on the K3S cluster

Figure 4.1: Architecture of the cluster. Abstraction of K3S pods corresponds to pods
deployed for the corresponding purpose. The Application Load Balancer is not part of
any nodes for a representative purpose. In reality, this service has one pod running inside
each node that is part of the linked deployment. This architecture was inspired by one of
the architecture setups proposed by K35 [43].

External traffic destined for the application is handled by ServiceLB. Each node that
is part of the application deployment runs a pod of the load balancer service. These pods
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are responsible for updating the internal routing table of the node to forward requests to
other nodes of the deployment. It also exposes the IP address of the nodes that are part
of the deployment, the one of server nodes and any additional provided IP. As a result,
any node that is part load balancer service, even if they can not run deployment pods,
can receive incoming external traffic and forward it to other nodes.

We did not change this principle as it is the default behavior of ServiceL B. However,
for the rest of this document, we will consider the server node IP as the only way inside
the cluster. It can be considered as the gateway of the cluster by which all the external
traffic passes.

As Flannel, Traefik and Containerd are managed implicitly by K3S and as their
configuration is not part of the design, we won’t detail them more than what was
explained in the background section (subsection 2.2.4)).

4.3.2 K3S Configuration

We will now discuss the K35 configuration used for the deployment of the application
and its load-balancing service. This step takes place once the cluster is formed; that is
when agent nodes have joined the cluster through the server node.

Let’s first take a look at the YAML configuration file of the application deployment on

listing [2]

35



1 apiVersion: apps/vl

2 kind: Deployment

s metadata:

4 mname: k3s-tflite-app-deployment
5 spec:

¢ replicas: 1

7 selector:

8 matchlLabels:

9 app: k3s-tflite-app-pod

10 template:

1 metadata:

12 labels:

13 app: k3s-tflite-app-pod

14 sSpec:

15 containers:

16 - name: k3s-tflite-app-container
17 image: k3s-tflite-app-image
18 imagePullPolicy: Never

19 ports:

20 - containerPort: 18080

21 affinity:

22 nodeAffinity:

23 requiredDuringSchedulingIgnoredDuringExecution:
2 nodeSelectorTerms:

25 - matchExpressions:

26 - key: disallow-deployment
27 operator: NotIn

28 values:

29 - "true"

Listing 1: YAML configuration file of the application deployment.

It corresponds to a Kubernetes Deployment named k3s-tflite-app-deployment with
a single replica by default. It runs pods identified as part of the deployment, i.e. labeled
k3s-tflite-app-pod.

This pod is configured to run a container, named k3s-tflite-app-container, running
the image k3s-tflite-app-image and exposing the port 18080, which corresponds to
the port used by the server of our application. Notice on line 18 that the image is pulled
from anywhere, instead a local image should be imported to the agent nodes, from a tar
archive for example. This was done for convenience but can be changed if desired. The
Dockerfile from which the image was built can be found in

Lastly, an affinity was added to the pods, such that they would only be scheduled and
deployed on nodes that do not have the label disallow-deployment to true. This was
done to prevent application pods to be running on the server node, as per our design, by
labeling it with disallow-deployment=true.

A service was also configured to work with the deployment and allow load balancing of the
HTTP/HTTPS requests between the nodes/pods. Listing [2| shows its YAML configuration
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file.

1 apiVersion: vl

2 kind: Service

s metadata:

4+ name: k3s-tflite-app-service
5 spec:

¢ type: LoadBalancer

7 selector:

8 app: k3s-tflite-app-pod
9 ports:

10 — protocol: "TCP"

11 port: 18080

12 targetPort: 18080

Listing 2: YAML configuration file of the load balancing service for the application deploy-
ment.

It corresponds to a load balancing service named k3s-tflite-app-service. It will ex-
pose the application externally, listening on port 18080 for TCP connections to redirect the
external traffic to port 18080 inside the pods labeled k3s-tflit-app-pod. Furthermore,
it will distribute the external traffic between nodes running those pods.
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Chapter 5

TensorFlow Lite application

This chapter chapter is about the TensorFlow Lite application that will be running on
the cluster and used as a validation of its capabilities. We start by discussing some
compatibility issues that were encountered when compiling TensorFlow Lite for the phones
under postmarketOS. We then describe the application and how we have adapted it for
our needs, especially by adding networking capabilities to it using the Crow framework.

5.1 Compatibility with musl libc

TensorFlow Lite, the lightweight version of TensorFlow, is designed to only perform
inference on edge devices. TensorFlow Lite does not have a pre-compiled package available
for each device. Instead, they provide a compilation toolchain to compile the framework to
your own iOS, Android or ARM device. Like TensorFlow, TensorFlow Lite is implemented
based on the glibc, an implementation of the C standard library, which is different than
musl libc, another implementation used by postmarketOS. Musl libc follows strictly the
C standards, while glibc allows itself to add some new function on top of the standard
for convenience. These additional functions result in compatibility issues when running
software and frameworks implemented with glibc on musl libc platform, as some of these
additional functions are not recognized.

As the Fairphone 2 is running with postmarketOS, based on musl libc, we add to
resolve this issue. To do so, we lightly modify the TensorFlow and TensorFlow Lite codes
to remove or change parts that used unknown functions to musl libc. We did not test if
the entire framework was compatible with musl libc but restricted ourselves to the parts
used by our application. We used the release 2.16.1 of TensorFlow, for which we had to
adapt around 50 lines of code across the project. The difficulty of such an adaptation does
not reside in the number of lines that have to be changed, but rather in determining which
lines should be modified and how they should. As modifications are version-dependent,
they will not be described here but instructions can be found on the GitHub repository of
this project. After cross-compilation of TensorFlow Lite with the flags adapted for the
Fairphone 2, we obtain a C/C++ static library. It can be added, with the corresponding
headers, to any C/C++ projects that require TensorFlow Lite.
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5.2 Label image application

More than just showing the capabilities of a smartphone cluster, this work also aims to
demonstrate the use of frameworks and software, particularly TensorFlow Lite, for edge
applications on devices that are not especially suited for such tasks. Our application is
based on the already implemented image classification example provided by TensorFlow
Lite [44]. It consists of inferring the most plausible objects present on a bitmap image, in
the limit of the labels that can be recognized by the model.

The provided implementation is a monolith design for a single complete run. The
main function first sets up the interpreter by loading the tflite model used for inference,
then configures and builds the interpreter, the profiler and the delegations. After the
setup phase, the running phase starts by reading and resizing the bitmap image to be
compatible with the model. The interpreter can be warmed up, which is optional, before
performing the inference on the image. Finally, results are retrieved and processed to
match labels before being displayed.

We’ve adapted the given implementation to make it runnable on the cluster. On the
one hand, we’ve made the application more modular by dividing the main function into
two functions, one to set up everything, and the other to perform the inference. Doing
that allows the interpreter, the profiler and the delegations to be built only once at the
start, and not before each inference. On the other, we've added networking capability
by including a web server using the lightweight framework Crow. As it is also written
in C++, it can easily be integrated into our code. Adding this allows the application to
handle HTTP POST requests containing the bitmap image on which the inference should
be performed. Since Crow lacks the functionality to handle requests containing images,
we had to implement it ourselves. The implementation of this function can be found in
Appendix B|

In the final version of our application, we added a web server phase between the setup
phase and the running phase. The flow is as follows. The application sets up everything
a single time at the start, by configuring the interpreter, profiler, delegations and crow
webserver from the given parameters. The tflite model used for inference, as well as
the text file containing the corresponding labels should be available locally on the device.
Once the setup phase is over, the inference part works by receiving HT'TP POST requests
containing an image that should be labeled. The request is handled by the Crow web
which temporarily stores it locally during the inference. The inference is then performed
on the image and the resulting labels, as well as their respective confidence score, are
returned in response to the HTTP request.

The application takes as argument a JSON file containing the configuration settings for
the TensorFlow Lite part and for the Crow server part. We disable most of the parameters
and only consider the number of threads used for inference and the number of threads
used for the Crow web server. Furthermore, we only perform inference using the CPU of
the Fairphone 2, as the postmarketOS port only renders the GPU partially functional
and in any case, GPU acceleration is not supported by TensorFlow Lite for our device.
We also disable the profiler and the warm-up of the interpreter and reduce the number
of inference loops to a single one. Our application has been designed to validate the
feasibility of a cluster of smartphones using K3S. It also demonstrates the possibility of
running TensorFlow (Lite) on upcycled smartphones under Linux. Therefore, it was not
designed nor parametrized to be as performant as possible.
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Chapter 6

Evaluation

In this chapter, we evaluate the performance of the cluster using the TensorFlow Lite
application. The chapter is divided into 3 sections. First, we define the testbed with the
common parametrization used in all the experiments. We then evaluate the performance
of the TensorFlow Lite image classification application as the cluster depends on it.
Afterward, we evaluate the performance of both cluster variants, for different networking
mediums and cluster size. Finally, we conclude with a discussion about the results of the
evaluation.

6.1 Testbed

As some of the following experiments are similar, we will define, in this section, parts,
default settings as well as performance metrics common to several experiments.

Starting with the script and tools, the two first experiments of the evaluation of the
TensorFlow Lite Application measure the response time of the application, in microseconds.
In these experiments, the client, i.e. the HP Probook G6 450, sends a HTTP POST request
containing a bitmap image to the Crow web server of the TensorFlow Lite application
using curl. The measurement of the response time is done with the time Linux function,
which measures the execution time of a command. To measure the execution time of
some of the application parts or subparts, the execution_duration flag can be set to
add execution information to the result of the requests.

The last experiment of the TensorFlow Lite application evaluation, as well as the
experiment of the cluster evaluation, measures the number of requests that are handled
per second. This time the client, i.e. the HP Probook G6 450, simulates a workload of
HTTP requests using the modern HTTP benchmarking tool wrk [45].

We configure wrk to be run with 8 threads, as the laptop is limited to 8. The workload
lasts for 20 seconds during which up to 10 * #agents_nodes. As you can observe, the
number of connections is dynamic and depends on the number of agent nodes currently
in the cluster. We made this choice because having a fixed number of connections does
not represent correctly the scaling of the cluster. If the number of connections is too high,
the Crow web server is saturated, leading to bad performance. On the other hand, if
the number of connections is too low, some threads of the application won’t have any
work, also leading to bad performance. The dynamic value of connection is based on the
number of connections for which a single agent running the application performs the best,
multiplied by the number of agents in the cluster. Therefore, it should represent the best
number of connections for the current cluster size. If the number of requests per second
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decreases, it means that the cluster did not scale properly.
Finally, we've added a lua script that allows wrk to create HTTP POST request that
includes a bitmap image. This script is given in listing

1 —— Post request inspired of:
<~ https://gist.github.com/tonytonyjan/d2a612f2b3f37837fc4dbc1409acOble

3 —— Load image data from file
4 local filename = "grace_ hopper.bmp"
5 local file_path = "./assets/grace_hopper.bmp" -- relative to the

- experiment notebook
6 local file = io.open(file_path, "rb")
7 local file data = file:read("*all")
s file:close()

10 —— Generate the multipart body

1 local boundary = "-—-————- YouShallNotPassBondary";
12 local part_name = "image"

13 local content_type = "application/octet-stream"

12 local crlf = "\r\n"

15

16 local content_disposition = 'Content-Disposition: form-data; name="'
— .. part_name .. '"; filename="' .. filename .. '"'

17 local content_type = 'Content-Type: ' .. content_type

18

19 —— Create the HTTP request

20 wrk.method = "POST"

21 wrk.body = "--" .. boundary .. crlf .. content_disposition .. crlf
— content_type .. crlf .. crlf .. file data .. crlf .. "--"
-~ boundary .. "--" .. crlf

22 wrk.headers["Content-Type"] = "multipart/form-data; boundary="

— boundary

Listing 3: 1lua script to generate an HTTP POST request containing a bitmap image.

For all experiments, the same bitmap image was used, a picture of Grace Hopper
of dimension 517x606 with a color depth of 24 bits/pixel, for a total size of 940,650 bytes.
All experiments have been run over the three same networking mediums as in [chapter 3|

o Wi-Fi 2.4GHz: The wireless medium Wi-Fi 2.4GHz with 20/40MHz channel width,
only authorizing the Wi-Fi protocol 802.11n (Wi-Fi 4).

« Wi-Fi 5.0GHz: The wireless medium Wi-Fi 5.0GHz with 20/40/80MHz channel
width, only authorizing the Wi-Fi protocol 802.11ac (Wi-Fi 5).

o Ethernet: The wired medium Ethernet. Note that adapters are used to adapt the
micro-USB port of the smartphones to the Ethernet port of the switch.
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All experiments in the TensorFlow Lite application evaluation have been performed
20 times for each networking medium. The application was restarted after each run to
ensure that no requests from the previous run remained.

The experiment of the cluster evaluation is performed two times, once per cluster
variant, overall the three networking mediums. For each networking medium, we performed
10 runs per cluster size, from 2 to 9, resulting in a total of 80 runs per medium. Between
each run, all application pods are restarted and the next run only started when all previous
pods were deleted and new ones are running. As for the previous experiment, this was
done to ensure that no previous requests remained. Furthermore, when not part of the
cluster, all devices are shut down to reduce the risk of interference.

Each agent nodes only run a single application pod, as it uses mostly all resources of
the device.

6.2 TensorFlow Lite Application

The evaluation of the TensorFlow Lite application consists of a total of three experiments.
These experiments have for purpose of characterizing the application, by determining
the execution time of each time. They also show the evolution of performance when we
vary the two selected parameters, i.e. the number of threads used for the inference and
the number of threads used by the Crow web server. Globally, they provide a basis for
benchmarking the cluster.

6.2.1 Experiment 1: Execution time of each application part
and subpart

In this experiment, we analyze the execution time of each part of the modified image
classification application with networking capability, described in The experi-
ment consists of sending HT'TP requests for inference of an image to a single Fairphone
2 running the TensorFlow Lite image classification application directly, i.e. not in a
container or a cluster. The experiment has been performed over each networking medium
defined in the testbed section . For each medium, 20 iterations were performed
instead of the 10 default ones. An iteration consists of starting the application through
SSH and sending an HTTP request to it using curl. Execution times are measured by the
application itself and added to the results when started with the execution_duration
flag set to 1.

As the variation of medium is of poor interest for this experiment, we will only show
and discuss the results for the Fthernet medium here. Anyway, the experiment was done
for the three mediums and shows similar results that can be found in [Appendix C|

shows in detail the execution time, in microseconds, for each subpart of
the three main parts of the application. Even if five subparts particularly stand out, the
interpreter ivnvocation takes the most time. It corresponds to the time taken by the
interpreter to perform all inference loops, a single one in our case. Other time-consuming
subparts are the three ones working with the bitmap image, handle POST request
with image, read imagefrom file from the file and resize and copy image to the
input tensor. Finally, the configuration and build interpreter takes the less amount
of time between the 5 discussed subparts.
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Figure 6.1: Comparison between the execution time in microseconds of each subpart of
the TensorFlow Lite image classification application over the Ethernet medium. Subparts
have been grouped according to the part of the application to which they belong and have
been sorted in execution order.

A summarized view of the execution time, in microseconds, per part and compares
them to the total execution time is given in |Figure 6.2 while shows the ratio
of the total execution time of each part.

Response Time

Run Inference

Parts

Crow Webserver

Setup Interpreter

0 200000 400000 600000 800000
Execution Time (in us)

Figure 6.2: Comparison between the execution time in microseconds of each part of the

TensorFlow Lite image classification application and the total execution time, over the
Ethernet medium.
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Figure 6.3: Ratio of the total execution time for each part of the TensorFlow Lite image
classification application over Ethernet

We can observe that while setting up the interpreter only takes around 1.6% of the
total execution time of a request, for an important number of requests it may still result
in an important loss of time.

6.2.2 Experience 2: Evolution of response time with different
number of inference threads

The number of threads used by the image classification application is one of the two
parameters that we've kept. In this experiment, we analyze, over each medium, how the
response time evolves for an increasing number of threads.

The experiment measures in microseconds the response time of a single HT'TP request.
shows a comparison of the response time, per medium and the number of
inference threads. We observe that the lowest response time is for a single inference thread.
For a greater number of inference threads, the response time is higher. This may sound
counter-intuitive as we would expect the inference time to go faster with more threads.
However, in our case, we limited the number of inference loops to one, meaning that
instead of parallelizing the loop executions between a greater number of inference threads,
we lose time with useless threads.
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Figure 6.4: Evolution of the response time in microseconds for an increasing number of
inference threads, over different networking mediums.

6.2.3 Experiment 3: Evolution of the number of requests per
second for different numbers of server threads

Our application is designed to be a web server that handles requests by performing
inference on the images that they contain. In this experiment, we will analyze the impact
of the number of threads allocated to the server on the number of requests per second that
it can handle. As by default the Crow server is already two-threaded, with an acceptor
and a worker thread, we will make the number of threads vary from two to four. This
increases the number of worker threads from one to three, and the same should happen
from the number of requests that can be handled in parallel.

The results of the experiment can be seen on [Figure 6.5l We observe a linear increase
in the number of requests handled by second with the increase of the number of server
threads. More specifically, the number of handled requests per second is multiplied by the
number of worker threads. This is expected since it corresponds to the number of requests
treated in parallel. Globally, the networking medium does not have a huge impact on the
results.
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Figure 6.5: Evolution of the number of requests per second for different numbers of server
threads, over different networking mediums.

6.3 Cluster

Now that we have evaluated the performance of the TensorFlow Lite application that will
run on the cluster, let’s evaluate the performance of the cluster itself.

6.3.1 Experiment 1: Evolution of the number of requests per
second for different cluster size

This experiment consists of determining the evolution of the number of requests per second
depending on the cluster size, for the two cluster variants over the three mediums. The
parameters of the TensorFlow Lite application running on the cluster are the ones that have
shown the best results in the previous experiments (subsection 6.2.2 and [subsection 6.2.3]),
which are a single inference thread and four server threads. As per the cluster design,
we made its size increase by adding new agent nodes. The cluster size varies from two,
one server node and one agent node, to nine, one server node and eight agent nodes. We
limited our cluster to nine nodes, due to hardware limitation of the Fairphone 2 for the
use of K35. We do the same for the Raspberry Pi 5 variant for compliance.

Fairphone 2 variant

The results for the Fairphone 2 cluster variant are shown in

For each medium, the number of requests handled per second increases with the
number of agent nodes at first, until reaching a medium-specific threshold after which
the performance decreases. The Ethernet medium shows the best performance, with a
threshold of around 7.5 requests/s for four to five agent nodes. It is also the medium with
the sharpest increase and the slower decrease.
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On the other side, wireless mediums show more moderate performance. The Wi-Fi
5.0GHz displays relatively good performance in comparison to the Ethernet medium. Its
threshold is around 6.5 requests/s for 4 agent nodes. However, it decreases faster than
the wired medium once the threshold is reached.

Finally, the cluster over Wi-Fi 2.4GHz shows very poor performance. Its threshold is
less than 3 requests/s, and it responds to almost no request when the cluster has 7 and 8
agent nodes.
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Figure 6.6: Evolution of the number of requests per second for an increasing number of
agent nodes in the Fairphone 2 cluster variant over different networking mediums.

The observed results correspond to what was expected from the previous evaluations.
The preliminary evaluation of the networking performance of the Fairphone 2 has shown
that Ethernet was the best medium, as the goodput stable and the latency stays relatively
low when the number of connections and devices increases. In contrast, Wi-Fi mediums
had shown an important diminution in goodput per connection and an increase in latency
when the number of connections and devices increased.

As the wireless mediums have to take turns to send and receive, the total goodput has
to be divided between the connections. The server node receives with greater difficulty
the HTTP requests from the router and has more difficulty forwarding them to the
agent nodes. Furthermore, as wireless mediums are more vulnerable to interferences, the
performance of the cluster over them is more prone to decrease with the cluster size. This
is particularly the case for Wi-Fi 2.4GHz which, on top of being overloaded by other
devices, uses 40MHz that are more prone to interference due to co-channels.

Raspebrry Pi 5 variant

The results for the Raspberry Pi 5 cluster variant are shown in As we look at
the behaviors per medium, we observe some significant differences with the Fairphone 2
variant. First, for the Ethernet medium, the number of requests per second only increases
with the number of agent nodes, which can be explained by looking at the preliminary
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networking results (see . The Raspberry Pi 5 has a maximal goodput of around
950 Mbit /s, much better than the 90 Mbit/s of the Fairphone 2. Therefore, it can receive
way more data but also send way more data. Furthermore, Ethernet is capable of sending
and receiving at the same time, meaning that the Raspberry Pi 5 can send at 950 Mbit /s
while receiving at the same speed. In contrast, the Fairphone 2 is quickly at its limit,
because of the lower goodput but also because it only has a single data transfer channel,
meaning that it must alternate between sending and receiving.

For the wireless mediums, Wi-Fi 5.0GHz has a similar behavior similarly to the
Fairphone 2 cluster variant, but with a lower number of requests per second. This is
explained by the lower goodput from a Raspberry Pi 5 to a Fairphone 2 in comparison to
the goodput between Fairphone 2, as observed on

Finally, the Raspberry Pi 5 cluster variant over Wi-Fi 2.4GHz shows rather disap-
pointing performance, worse than those of the Fairphone 2 variant. We assume that it is
for the same reason that for the other cluster variant, combined with the lack of support
for 40MHz channel width over this medium, leading to lower performance as seen in

igure 3.
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Figure 6.7: Evolution of the number of requests per second for an increasing number of
agent nodes in the Raspberry Pi 5 cluster variant over different networking mediums.

6.4 Conclusion

Through the evaluation, we’ve seen that the clusters of upcycled smartphones built using
the K3S framework show an improvement in performance with the number of agent nodes
for Ethernet and Wi-Fi 5.0GHz. Clusters over Wi-Fi 2.4GHz show very poor performance.
These were expected from the preliminary networking evaluation.

The results demonstrate the viability of such clusters, mainly over Ethernet, but Wi-Fi
5.0GHz may be a viable option for small-sized clusters since this medium does not require
a switch.
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6.5 Threats to validity and limitations

The results observed in this evaluation may be subject to several factors that influence
positively or negatively the results. The measurements have not been made in a sanitized
environment. The presence of other devices may have led to some additional interferences,
reducing the performance over wireless mediums. Although it better represents a real-life
use case, it makes the reproducibility of the experiment more difficult in a different
environment.

It was also observed that the phone’s power supply may have an impact on the perfor-
mance. When powered up through its USB port, the device showed better performance
than when powered only through the battery pin. We assume that this is due to a
power-saving mode on the device to improve or not performance when it is plugged in or
not.

In addition to the threats, the evolution has also some limitations. A main limitation is
that all the experiments that required inference were done with the same image. While
it shows the capability of the Fairphone 2 and cluster, the performance may change
significantly for other image sizes and different workloads.
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Chapter 7

Conclusion

In this thesis, we've demonstrated the possibility of creating a cluster of smartphones
using the framework K3S. We've also shown that TensorFlow Lite could be used for image
processing applications and run on devices with low computing power.

After a preliminary evaluation of the networking capabilities of the Fairphone 2 and
Raspberry Pi 5, we determined that Ethernet would be more adapted for clusters with
several connections. On wireless mediums, the devices show weaker results. Wi-Fi 5.0GHz
could be viable as long as the number of connections stays low, but Wi-Fi 2.4GHz should
be avoided because of the low goodput of the connections and the high risk of interference.

We’ve made a modular version of the image classification application provided by
TensorFlow Lite with the capability of handling HTTP POST requests containing bitmap
images using Crow. We characterized its global performance and determined the best
parameters.

Finally, we’ve built two cluster variants using upcycled smartphones, one only composed
of Fairphone 2 and another using a Raspberry Pi 5 for the server node. We configure it to
deploy our application and analyze its performance. We’ve proven its viability for our
application case over some networking mediums, such as Ethernet and Wi-Fi 5.0GHz. We
also showed that Wi-Fi 2.4GHz was not adapted for this purpose at all.

We also discuss some threats of validity and limitations that may have influenced the
results.

Future work

Complete device port Current port device port was still in testing with partial or
missing functionalities. Even working functionalities may not be optimized. As the device
port can be considered the foundation of any application that includes the device, making
sure that it works correctly and that it is optimized would allow real development of the
project using upcycled smartphones.

More recent devices This work used Fairphone 2 devices, which are already 9
years old. In addition to their poor specifications (only 2 GB of RAM), the device uses
outdated technologies such as USB 2.0 while USB 3.0 is way more performant. Using
slightly newer devices could significantly improve performance and provide enhanced
support, such as enabling OpenCL support for the GPU.

A more advanced/complex application This work demonstrates the possibility
of developing a simple cluster of upcycled smartphones using the K35 framework. We
also deployed a rather basic and unoptimized TensorFlow Lite application on it. Now

20



that we’ve proved the possibility of such a thing, it could be interesting to create a more
complex and advanced cluster and/or application that could be used in a real production
environment.
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Appendix A

Dockerfile to build pod image

The Dockerfile displayed in listing [4] was used to build the image run in the container of
the pod of the deployed application. It runs, the Crow version of the TensorFlow Lite
application implemented in this work for validation.

1+ FROM alpine:latest

> COPY ./label image with_crow_app /app
3 WORKDIR /app

4+ RUN apk update && \

5 apk add \

6 libstdc++ \
7 bash \

8 nano

10 EXPOSE 18080
1 ENTRYPOINT ["./label_image with_crow"]
12 CMD ["-c", "config.json"]

Listing 4: Dockerfile use to build the container image run inside K3S pod of the
application deployment.
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Appendix B

Crow: HTTP POST request handling

function

The implementation of the Crow web service function handling images from HTTP requests.

crow: :response handle_image(const crow::request& req, std::string& file) {
// Check if request's content-type is multipart
const std::string& req _content_type = req.get_header_value("Content-Type");
const std::string& multipart_content type = "multipart/form-data";
if (req_content_type.find(multipart_content_type) == std::string::npos) {
return crow: :response(crow: :status::BAD_REQUEST,

3

"Invalid content type: multipart/form-data expected.\n");

// Check if the request contains an image

crow: :multipart::message msg(req);

crow: :multipart::part image_part = msg.get_part_by_name("image");
std::string img content_ type = image_ part

.get_header_object("Content-Type") .value;

const std::string& octet_stream_content_type = "application/octet-stream";
if (img_content_type.find(octet_stream_content_type) == std::string::npos) {

return crow::response(crow: :status::BAD_REQUEST, "Missing image data.\n");

}

// Save the bitmap image locally
std::string image data = image_part.body;
std: :ofstream out(file, std::ios::out | std::ios::binary);
if (lout.is open()) {
return crow::response(crow: :status::INTERNAL_ SERVER_ERROR,

¥

"Could not save the image: output file not opening.\n");

out.write(image_data.c_str(), image_data.length());

out.close();

return crow: :response(crow: :status: :0K);

Listing 5: Implementation of the Crow function handling HTTP POST requests with

image.
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Appendix C

TensorFlow Lite application
evaluation: Execution time results
for wireless mediums

This annex regroups additional measures of the first experiment on execution time by
subparts and parts for the two wireless mediums, i.e. Wi-Fi 2.4GHz and Wi-Fi 5.0GHz.

Wi-Fi 2.4GHz

800000
Parts
700000 1 Setup Interpreter
> Crow Webserver
z 600000 Run Inference
o 500000
£
— 400000
c
o
‘5 300000
S
3
x 200000
i
100000 1 - i
0 : — : [ : : .
o) ie} e} + [} > = - (o)} n u
¢ 3 §_ 8% = 83 g 85 £ §, £ %
o 2 c =] = o2 < = = =g o @
= o3 ¥S fy s vtz & 88 8 w3 ¢ ¢
° co =] A & cC9o a0 9] a9 a =c 0 >
© © & oo O ©+ c =] 2 S0 ) ©
o 08 =] 0 E ] 0V O £ =§ D+ o =
= L= o o= o Y os o e} [=
59 -3 a< © n © = v3a <] 2
oc =0 ) = e RS 2 > 8 o [a)
E= 3 - £ 25
c m o o = = O
(o] c © © [}
O g CqC) = o4
Subparts

Figure C.1: Comparison between the execution time in microseconds of each subpart of
the TensorFlow Lite image classification application over the Wi-Fi 2.4GHz. Subparts
have been grouped according to the part of the application to which they belong and have
been sorted in execution order.
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Figure C.2: Comparison between the execution time in microseconds of each part of the
TensorFlow Lite image classification application and the total execution time, over Wi-Fi

2.4GHz.
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Figure C.3: Ratio of the total execution time for each part of the TensorFlow Lite image

classification application over Wi-Fi 2.4GHz
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Figure C.4: Comparison between the execution time in microseconds of each subpart of
the TensorFlow Lite image classification application over the Wi-Fi 5.0GHz. Subparts
have been grouped according to the part of the application to which they belong and have
been sorted in execution order.
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Figure C.5: Comparison between the execution time in microseconds of each part of the
TensorFlow Lite image classification application and the total execution time, over Wi-Fi
5.0GHz.
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Figure C.6: Ratio of the total execution time for each part of the TensorFlow Lite image
classification application over Wi-Fi 5.0Hz
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